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ABSTRACT

As the decline in Arctic sea ice extent makes this region more accessible, the need
is increasing for effective seasonal sea ice forecasting to facilitate operational plan-
ning. Recently, coupled global climate models (CGCMs) have been used to address
the need for effective sea ice forecasting on seasonal time scales. This thesis assesses
the operational utility of the Canadian Seasonal to Interannual Prediction System
(CanSIPS) for seasonal sea ice forecasting. This assessment consists of two separate
studies. The first uses hindcasting to analyze the skill of two versions of CanSIPS,
as well as an intermediate version, on the pan-Arctic as well as regional scales. This
approach allows for an overall assessment of the system’s skill in addition to providing
insight with regards to the features in each version which improved that skill. This
study finds that the use of a new initialization procedure for sea ice concentration
and thickness improved forecast skill on the pan-Arctic scale as well as in the Central
Arctic, Barents Sea, Laptev Sea, and Sea of Okhotsk. This study also shows that the
substitution of one of the constituent models in the system improved forecast skill on
the pan-Arctic scale as well as in the GIN, Barents, Kara, East Siberian, Chukchi,
Bering, and Beaufort Seas. Overall, the new version of CanSIPS was found to be
generally more skillful than previous versions. The second study conducts a potential
predictability experiment on CanCM4, the constituent CGCM common to all versions
of CanSIPS considered in this study. This study follows the methodology introduced
by Bushuk et al. (2018) which allows for a more complete assessment of the depen-
dency of potential predictability on initialization month than previous studies and for

comparisons to be made between potential predictability and operational skill. This
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analysis is again done on both the pan-Arctic and regional scale. The findings of this
experiment show that CanCM4 has relatively low potential predictability relative to
other models and explains results previously presented in a multi-model study by
Day et al. (2016). Further, the characteristics of CanCM4’s potential predictability
share similarities with other models including greater predictability at longer lead
times for winter target months than summer target months, greater predictability in
the Atlantic sector than the Pacific sector, and the presence of the spring predictabil-
ity barrier on the pan-Arctic scale as well as in several regions. The comparison of
operational skill to potential predictability provides a general overview of the “skill
gap” which may be closed with improvements in initialization procedures and model
physics. This comparison does, however, come with some caveats due to differences
in the statistical characteristics of the perfect model and the climate system it repre-
sents. Together, the operational skill assessment of different versions of CanSIPS and
the potential predictability experiment conducted on one of its constituent models,
CanCM4, demonstrate that while room for improvement exists, the recent develop-
ment of this forecast system has clearly increased its operational utility as a seasonal

sea ice forecasting tool.
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Chapter 1
Introduction

The past decades have seen a historically unprecedented decline in the extent of sea
ice in the Arctic Ocean. The resulting increase in accessibility to the region has
led to widespread interest in high latitude operations from numerous stakeholders in
both the private and public sectors (Eicken, 2013). Given the prohibitive cost of ice
breaking vessels, many of these new Arctic stakeholders will be increasingly dependent
on sea ice forecasting to understand the seasonal navigability of Arctic waters and thus
conduct timely and effective operational planning. Further, anthropogenic climate
change has changed the nature of the environments which the Indigenous peoples
of the North have forecast using traditional knowledge since time immemorial (Lee
et al., 2020). The need for effective seasonal forecasting of sea ice for both original,
modern, and prospective stakeholders will therefore only increase with the rapidly
changing Arctic.

Efforts to produce skillful forecasts on seasonal timescales have been underway for
over half a century. Early efforts utilized an anomaly persistence forecast (Namias,
1964). This approach is still used by some for seasonal sea ice prediction (Walsh
et al., 2019) and is particularly effective for predicting phenomena whose time series
feature substantial autocorrelation. Other seasonal forecasting strategies have relied
on more advanced statistical methods (Wang et al., 2012; Kéméréinen et al., 2019).
With the capabilities of modern computing, however, forecasting systems that use
climate models implemented on supercomputers are increasingly used for seasonal
sea ice forecasting. This thesis will assess the forecast skill with regards to seasonal

sea ice extent of one such system.



1.1 The Canadian Seasonal to Interannual Predic-
tion System (CanSIPS)

The Canadian Seasonal to Interannual Prediction System (CanSIPS) is a forecast sys-
tem developed at Environment and Climate Change Canada. This system leverages
the benefits of a multi-model forecasting system by combining two Coupled Global
Climate Models (CGCMs) in order to provide dynamical seasonal and interannual
forecasts. Of specific importance to the present study, CanSIPS was one of the first
dynamical seasonal forecast systems with an interactive sea ice component which al-
lowed its use as a seasonal sea ice forecasting tool. Two versions of CanSIPS have
been developed and released, version 1 (Merryfield et al., 2013a) and version 2 (Lin
et al., 2020), with version 2.1 set to be released in November 2021 (Lin and Muncaster,
2021; Merryfield, 2021).

There have been several previous analyses of the sea ice forecasting skill of various
versions of CanSIPS. Sigmond et al. (2013) presented the first operational skill as-
sessment of CanSIPS version 1 which found that the dynamical system’s forecast skill
was greater than that of an anomaly persistence forecast. This study also highlighted
the important role of the long-term trend and the system’s need for sea ice thickness
initialization. Merryfield et al. (2013b) analyzed the detrended forecast skill of Can-
SIPSvl and NCEP CFSv2 individually and combined (as a multi-model ensemble)
and found that despite the generally higher skill of CFSv2, the multi-model system
of the two models combined was more skillful in forecasting pan-Arctic sea ice area.
Sigmond et al. (2016) was the first regionally-focused assessment of CanSIPS and
considered prediction of advance and retreat dates of sea ice using CanSIPSv1. This
study found on average, CanSIPSv1 is able to skillfully predict advance dates with
a lead time of 5 months and retreat dates with a lead time of 3 months. Dirkson
et al. (2017) developed three separate initialization procedures for CanCM3, one of
the constituent models of CanSIPSv1, to provide synthetic “real-time” observations
of sea ice thickness. One of these three methods, Statistical Model version 3 (SMv3),
was integrated into CanSIPSv2. Dirkson et al. (2019) developed probabilistic sea
ice concentration forecasts and Dirkson et al. (2021) developed probabilistic ice-free
date and freeze-up date forecasts both using CanSIPSv1 with the SMv3 initialization
procedure using different post-processing calibration methods. This thesis builds on

this previous work to provide an assessment and analysis of the sea ice extent forecast
skill of CanSIPS.



1.2 Objectives

This thesis will assess the operational utility of CanSIPS as a seasonal sea ice forecast-
ing tool by addressing the following objectives. First, an operational skill assessment
will be conducted on the three versions of CanSIPS. This analysis will provide a skill
assessment of the current version on the pan-Arctic scale as well as in various Arctic
regions and, through analyses of previous versions of CanSIPS, identify sources of
skill improvement in the new versions. Second, a potential predictability experiment
using one of the constituent models of CanSIPS, CanCM4, will be presented. This
experiment aims to estimate the upper limit of predictability of seasonal sea ice as
represented in CanCM4. Further analysis will illustrate features of predictability both
on the pan-Arctic scale and in various Arctic regions. Finally, comparison of poten-
tial predictability to operational skill of CanCM4 can be used to assess any “skill
gaps” between the operational model and a theoretical perfect model which could be
addressed through improved model physics or initialization.

These proposed objectives will provide multiple novel contributions to the liter-
ature. This analysis will be the first comprehensive analysis of the seasonal sea ice
extent forecast skill of CanSIPSv2. It will also be the first CanSIPS sea ice extent
forecast skill assessment to compare skill between Arctic regions and to compare
skill between different versions of CanSIPS. The potential predictability experiment
represents the second use of the potential predictability methodology developed by
Bushuk et al. (2018). It will further be the first perfect model experiment of a con-
stituent CanSIPS model which analyzes the predictability of forecasts from a variety
of initialization months and which compares the operational skill of the model to the
potential predictability. These findings will both quantify the skill of CanSIPSv2 as
an operational sea ice forecasting tool and inform the development of future versions

of this forecasting system.

1.3 Terms and Abbreviations

The following terms and abbreviations are commonly used in the study of sea ice and
will be used repeatedly in this thesis. They are included here with definitions for

reference:

Pan-Arctic refers to all sea ice in the Northern Hemisphere. It should be noted

that this deviates from some definitions of the boundaries of the Arctic and



especially the Arctic Ocean particularly around the lower latitudes of the GIN,
Barents, Labrador, and Bering Seas as well as with the inclusion of the Sea of

Okhotsk.

SIC refers to “Sea Ice Concentration” which is the fraction of a defined area covered

by sea ice.

STA refers to “Sea Ice Area” which is the area of the sea covered by sea ice. STA
is calculated from gridded SIC data by taking the sum of the products of each
grid cell’s area and its SIC.

SIE refers to “Sea Ice Extent” which is the area of all grid cells with an SIC greater
than 0.15.

SIT refers to “Sea Ice Thickness” and is a vertical measure of sea ice including

freeboard (ice above the waterline) and draught (ice below the waterline).

SIV refers to “Sea Ice Volume” which is the three-dimensional measure of sea ice
and is thus pointwise the product of SIA and SIT.

1.4 Outline

This thesis is organized into four chapters (including the current chapter) with Chap-
ters 2 and 3 representing two analyses of the forecast skill of CanSIPS with regards

to sea ice as follows:

Chapter 2 analyzes the operational skill of different versions of CanSIPS in predict-
ing SIE both on the pan-Arctic and regional scales.

Chapter 3 presents a potential predictability experiment conducted on one of the
constituent models of CanSIPS, CanCM4, in order to quantify the upper bound
of sea ice predictability on both the pan-Arctic and regional scales and compare

the model’s operational skill against this boundary.

Chapter 4 will provide a summary of these assessments of operational skill and
potential predictability, consider avenues of further inquiry, and discuss the

overall conclusions of this work.



Chapter 2

Assessment of the Seasonal
Forecast Skill of Arctic Sea Ice in

CanSIPS Versions 1 and 2

This chapter presents an assessment of the forecast skill of the Canadian Seasonal
to Interannual Prediction System versions 1 and 2 in predicting Arctic sea ice extent
on both the pan-Arctic and regional scales. Forecast skill is primarily quantified as
the anomaly correlation coefficients of detrended time series for each target month of
the year with initialization lead times of up to eleven months. The forecast skill is
also compared to the skill of a much simpler anomaly persistence forecasting method.
By comparison of the skills of CanSIPSv1 and CanSIPSv2 to that of an intermediate
version of CanSIPS, CanSIPSv1b, we can attribute differences between CanSIPSv1
and CanSIPSv2 to two main sources. First, the new procedure for initializing sea
ice thickness developed by Dirkson et al. (2017) markedly improves forecast skill on
the pan-Arctic scale as well as regionally in the Central Arctic, Laptev Sea, Sea of
Okhotsk, and Barents Sea. Second, the change in model combination from CanSIPSv1
to CanSIPSv2 (exchanging CanCM3 for GEM-NEMO) improves forecast skill in the
Bering, Kara, Chukchi, Beaufort, East Siberian, Barents, and GIN Seas. In the more
constrained waters of Hudson and Baffin Bay, as well as the Labrador Sea, there is
limited and unsystematic improvement in forecasts of CanSIPSv2 as compared to
CanSIPSv1. Overall, there is a net increase of forecast skill due to the changes made
in the development of CanSIPSv2. The most notable improvements are for forecasts

of late summer and autumn target months that have been initialized in the months



of April and May which, in previous studies, have been associated with the spring
predictability barrier (Day et al., 2014b).

2.1 Introduction

The forecast skill of prediction systems is generally assessed through the comparison
of forecasts initialized by, and compared to, past observations — a method known
as hindcasting. The analysis of hindcasts has been used to assess the skill of several
seasonal sea ice forecasting systems (Bunzel et al., 2016; Krikken et al., 2016; Dirkson
et al., 2017; Bushuk et al., 2017). The first hindcast analysis of the skill of CanSIPS
in forecasting Arctic SIE was done by Sigmond et al. (2013) using CanSIPSv1. Other
hindcast analyses of sea ice in CanSIPS with different objectives include Sigmond
et al. (2016), Dirkson et al. (2017), and Dirkson et al. (2021). One known issue
with CanSIPSv1 was the use of a fixed monthly SIT climatology for initialization
which lacked both the decreasing trend in SIT and any interannual variability. Since
Sigmond et al. (2016), a new version of CanSIPS, CanSIPSv2 (Lin et al., 2020), has
been developed as well as an intermediate version, CanSIPSv1b (Dirkson et al., 2021),
which was used during the transition between operational systems. This chapter will
present an assessment of the forecast skill of each these three versions as well as
notable changes in forecast skill which emerge in the transition from CanSIPSv1 to
CanSIPSv1lb and again from CanSIPSvlb to CanSIPSv2. This assessment will be
done by analysing each system’s skill in forecasting SIE in the Arctic from hindcasts
initialized at the beginning of every month from January 1980 to December 2018 on
both the pan-Arctic and regional scales.

Certain features of dynamical sea ice forecasting systems which appear to be
common among multiple systems have appeared in the past decade. These include
the presence of a “melting season” or “spring” predictability barrier affecting forecasts
initialized in the spring, a growing consensus regarding the importance of SIT initial
conditions, and a move towards analyzing forecast skill at a regional scale in an
attempt to work toward greater utility of these systems for end users. The following

subsections will provide more detailed discussion of these topics.



2.1.1 The Spring Predictability Barrier

The term “spring predictability barrier” refers to a substantial decline in forecast
skill of sea ice conditions when predicted at certain lead times, often associated with
a sharp drop in skill between June- and May-initialized forecasts. This phenomenon
was first described as a “melt season predictability barrier” by Day et al. (2014b) in
which the authors identified its presence in five CGCMs by contrasting the superior
skill in predicting September SIE of forecasts initialized in July with those initialized
in May. This same barrier was also found in analyses of other models (in some cases
retrospectively) including CanSIPSv1 (Sigmond et al., 2013), NCEP CFSv2 (Wang
et al., 2013), and GFDL-FLOR (Bushuk et al., 2017).

The spring predictability barrier has also been identified in a perfect model ex-
periment involving the GFDL-FLOR model (Bushuk et al., 2018) and a correlation
analysis of SIV and SIA in CMIP5 models (Bonan et al., 2019). The presence of
the spring predictability barrier in perfect model experiments suggests that it may
be inherent in the climate system itself and thus may not be entirely eliminated by
improvements in initialization procedures or model physics (Bushuk et al., 2018).
Despite the inherent nature of this barrier, however, the difficulty in observing SIT,
as compared to SIA, causes the SIT dimension to often be a source of error in the
initialization of SIV in sea ice models. The findings of Bonan et al. (2019) indicate
that SIV is an important predictor of summer sea ice conditions and thus can help
to partially overcome the decline in skill associated with the spring predictability
barrier.

To identify the physical mechanism of the spring predictability barrier, Bushuk
et al. (2020) decomposed the regional sea ice mass budget into growth, melt, and ex-
port terms in two models: CESM1 and GFDL-FLOR. The study concluded that the
lack of predictability of sea ice concentrations prior to the spring melt is caused by the
variability of sea ice export between regions. Synoptic-scale atmospheric processes,
which are mostly unpredictable on seasonal timescales, export variable amounts of sea
ice into warmer waters increasing the unpredictability of SIC and SIT prior to the be-
ginning of the melt season. Once melting begins, the seasonal export-driven anomaly
is effectively determined and persists as well as amplifies through the melt season,
partially due to positive ice-albedo feedbacks, resulting in a corresponding anomaly
in September STA. This change in predictability that occurs across the melt season as

a result of this persisting anomaly is the spring predictability barrier. In this study,



Bushuk et al. (2020) further underscored the potential for increased predictability

with improved initialization of SI'T after the onset of melting.

2.1.2 The Importance of Sea Ice Thickness Initialization

Day et al. (2014a) identified the requirement of accurate SIT initialization as of par-
ticular importance in predicting September SIE. The perfect model forecast skill of
a set of runs initialized with near-perfect initial conditions presented lower errors
than those initialized with only a SIT climatology (such as is used for CanSIPSv1).
The long-term decline in SIT is among many cryospheric indicators of climate change
(Johannessen et al., 1999). Holland et al. (2019) found that SIT made a substantial
contribution to summer sea ice predictability in the Arctic noting that the decline
of SIT in a warming climate reduced the growth rate of SIT-related forecast errors
thereby increasing predictability. These gains are counterbalanced by the fact that
a warming climate was found to increase the impact of early summer SIT anomalies
on September sea ice conditions. These two factors together result in an optimal
thickness for predictability, found to occur around the year 2010 in the Community
Earth System Model Large Ensemble (CESM-LE).

Despite substantial advances in remote sensing, accurate large-scale measurements
of SIT sufficient to initialize CGCMs do not yet exist (Mu et al., 2018). Further, even
with increased observational coverage of SIT, the lack of historical datasets prevent
initialization of the hindcasts required for model skill assessment and calibration.
Currently, the most commonly used substitute for SIT observations is the Pan-Arctic
Ice Ocean Modeling and Assimilation System (PIOMAS) first described by Zhang
and Rothrock (2003) which has proven effective when compared to various in situ
observations obtained in the Atlantic sector of the Antarctic Ocean through drilling
(Wadhams et al., 1987) and data from a 1993 submarine track in the Beaufort Sea and
Central Arctic (Zhang and Rothrock, 2003). Despite these successes and open access
to regular updates of SIT fields, availability of PIOMAS information is not sufficiently
timely to be used for the initialization of real-time forecasts. In light of this unmet
need, Dirkson et al. (2017) developed a variety of statistical models to provide real-
time SIT initialization fields by using PIOMAS SIC and SIT values up to one year
prior to the initialization date to predict the required SIT. This study’s Statistical
Model version 3 (SMv3) was subsequently used to provide SIT initialization fields to
CanSIPSv1lb and CanSIPSv2, as described in Section 2.2.1.



The statistical models outlined in Dirkson et al. (2017) are estimated from a 15-
year training period using known predictors x,, (either SIC from PIOMAS or sea
level pressure from the ERA-Interim reanalysis (Dee, 2011)) and predictand y,, (SIT
from PIOMAS) with the subscript m indexing month. The predictors are chosen due
to their availability in real-time unlike SIT. These parameters are then applied to the
real time predictor (x,,(t.)) to obtain a real time estimate of the predictand (y,,(t.))
for that month.

SMv3 was found to be the most skillful of the three statistical SIT models in
reconstructing PIOMAS especially for boreal summer predictions and in the Marginal

Ice Zone (Dirkson et al., 2017). This statistical model adds the local detrended SIC

SIC

SIC(1,) — %3C(¢,)) multiplied by a proportionality constant « to a linear

anomaly (x

extrapolation of the local SIT ¥,,(t.):

Ym(te) = Jm(te) + Oé[Xfﬁc(te) - }AQS;zIC(tfz)] (2.1)

This statistical model aimed to improve the forecast skill of various dynamical
models by better representing the SIT field during initialization. Dirkson et al. (2017)
showed that on the pan-Arctic scale, SMv3 used in CanCM3 primarily improves
March- and May-initialized forecasts. Regionally, the largest increases in skill of
the May-initialized forecasts were seen in the Central Arctic and extended to the
Kara Sea. In its application to CanSIPSv1 and CanSIPSv2 (as outlined in Section
2.2.1), SMv3 is applied in the creation of initial conditions of each of the systems’ two
underlying models. The present analysis will expand the initial assessment in Dirkson
et al. (2017), which assessed the skill of CanCM3 forecasts initialized in March, May,
June, and September out to six months, by considering the forecast skill of CanSIPS,
a multi-model system (versions of which include CanCM3), out to 11 months for

every initialization month.

2.1.3 Regional Analyses

Few assessments of sea ice forecast skill on the regional scale for the entire Arctic have
been reported in the literature. Previous regional analyses include Day et al. (2014b)
which considered the predictability of sea ice in various regions and Sigmond et al.
(2016) which demonstrated the ability of CanSIPSv1 to predict local sea ice advance
and retreat dates in various regions (with significant skill generally seen for lead times

of five months and three months respectively). The assessment of EC-Earth v2.3 by
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Krikken et al. (2016) represents the first analysis of regional sea ice forecast skill for
all regions in the Arctic in the literature followed by the regional analysis of GFDL-
FLOR by Bushuk et al. (2017) — the broad features of which will be compared to
CanSIPS in Section 2.3.

Although there are few comprehensive assessments of operational SIE forecasts
considering all Arctic regions, there is a significant body of research focusing on
predicting sea ice in individual regions. In one such study, Babb et al. (2020) studied
the variety of physical processes in the Beaufort Sea, with particular attention to
2017 when despite high SIV in the winter, substantial melting led to a near ice-free
September. Their conclusion, after a set of case studies, was that the region’s sea ice
cover was most heavily affected by synoptically-driven convergence or divergence of
sea ice in a given year. Similar studies considered the predictability of sea ice in the
Chukchi Sea with Petrich et al. (2012) considering the sources of predictability for
thermal and mechanical breakup of landfast ice and Serreze et al. (2016) identifying
ocean heat inflow from the Bering Strait as the single most important predictor of sea
ice advance and retreat in the region. Additionally, Koenigk et al. (2008) found in an
analysis of the Barents Sea that regional sea ice anomalies are primarily driven by sea
ice import from the Central Arctic. These anomalies were found to normally persist
for two years after their first occurrence. Finally, Bushuk et al. (2017) noted regional
differences in the importance of ocean temperature initialization for winter regional
skill and SIT initialization for summer regional skill. In particular, Bushuk et al.
(2017) found similarities in target month/lead time structures of SIE forecast skill
and the magnitude of the (negative) correlation between regional SIE and oceanic
temperatures, especially in the Barents and Labrador Seas. Further, Bushuk et al.
(2017) found a consistency between SIE forecast skill in the East Siberian, Chukchi,
and Laptev Seas and the strength of SIE-SIT correlation in these regions. Regionally-
focused analyses of drivers of sea ice conditions such as these can provide context to

forecast skill analyses.

2.2 Experimental Design

This study presents an analysis of the seasonal SIE forecast skill of three different
versions of CanSIPS. This section will describe the models used in these systems,
the observations used to initialize these models and to assess the hindcasts, the skill

metrics used in this assessment, and the approach to determine regional skill. The
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Model CanCM3 CanCM4 GEM-NEMO
Atmosphere | 31 levels, 2.8° x 2.8° | 35 levels, 2.8° x 2.8 | 79 levels, approx. 155 km
Ocean 40 levels, 1.4° x 0.94° | 40 levels, 1.4° x 0.94° | 50 levels, 1° x 1°

Sea Ice cavitating fluid cavitating fluid CICE

Table 2.1: Specifications (including vertical and horizontal resolutions) of the atmo-
sphere, ocean, and sea ice components of all the constituent models of the various
versions of CanSIPS.

specifications of the components of the systems’ constituent models are summarized
in Table 2.1 while a summary of the initialization products used for each model can
be found in Table 2.2.

2.2.1 The Models

The model physics and initialization of CanSIPSv1 are described in Merryfield et al.
(2013a). This system combines ten ensembles each of the Third (Scinocca et al.,
2008) and Fourth (Arora et al., 2011) generations of the Canadian Coupled Model
(CanCM3 and CanCM4). The atmospheric components of these models are, respec-
tively, the Third and Fourth Generation Atmosphere General Circulation Model and
the ocean component of both models is the Fourth Generation Ocean General Cir-
culation Model. Sea ice is represented as a cavitating fluid as described in Flato and
Hibler (1992).

The atmosphere and ocean components of each CanSIPSv1 model are initialized
using the output of assimilation runs, one conducted for each ensemble member,
as detailed in Merryfield et al. (2013a). The SIC in the CanSIPSvl assimilation
runs is relaxed towards the 1980-2012 Hadley Centre Sea Ice and Sea Surface Tem-
perature (HadISST) version 1.1 SIC fields (Rayner, 2003) and the SIT is relaxed
towards a seasonally-varying climatological mean due to a lack of time-varying and
geographically-distributed SIT field observations. SIC after 2013 is nudged towards
the Canadian Meteorological Centre (CMC) analysis used to initialize real-time pre-
dictions (Dirkson et al., 2021) and is derived from the assimilation of several datasets
(Buehner et al., 2012, 2013, 2014).

In CanSIPSv1b, the CanSIPSv1 SIT initialization was changed using the SMv3
procedure outlined in Dirkson et al. (2017) which extrapolates trends from the local
SIC and applies them to the local SIT as described in Section 2.1.2. Further, the
SIC field in CanSIPSv1b is initialized using Had2CIS data (Lin et al., 2020) which is



12

comprised of observations of SIC from the HadISST version 2.2 dataset (Titchner and
Rayner, 2014) combined with available digitized charts of the Canadian Ice Service
(Tivy et al., 2011). Note that in this analysis, the CanSIPSvl system with this
initialization procedure is referred to as “CanSIPSv1b” in contrast to Dirkson et al.
(2021) where it is referred to as “Mod-CanSIPS”.

The model physics and initialization of the system’s current operational version,
CanSIPSv2, are described in Lin et al. (2020). Like CanSIPSv1b, CanSIPSv2 utilizes
CanCM4 with the SMv3 initialization method (referred to by Lin et al. (2020) as
CanCM4i), but CanCM3 is replaced with the GEM-NEMO model. GEM-NEMO uses
the GEM atmospheric model (Girard et al., 2014), which has an evenly spaced 256 X
128 grid, coupled with the NEMO ocean model (Gurvan et al., 2019). The resolutions
of these models are specified in Table 2.1. Sea ice is represented in GEM-NEMO
using the Community of Ice Code (CICE) model (Hunke et al., 2010) which has five
thickness categories. The initial SIC and SIT conditions are nudged to Had2CIS
and ORAPS5 (Zuo et al., 2017) conditions, respectively, from 1980-2010. From 2011-
2018, both the initial SIC and SIT conditions are from the Canadian Centre for
Meteorological and Environmental Prediction Global Ice Ocean Prediction System
(CCMEP GIOPS) analysis (Smith et al., 2016). Both GEM and NEMO run on finer
resolutions than CanCM3 and CanCM4.

2.2.2 Observations

The Had2CIS dataset is used throughout the present analysis as the observations
against which the operational forecast system is compared. This dataset provides
SIC which, in addition to being used to initialize CanSIPSvlb and CanSIPSv2 as
described in Section 2.2.1, was for this analysis interpolated to a 1° x 1° grid to
match the regional mask as described in Section 2.2.4 and then used to calculate
both pan-Arctic and regional mean SIE. The SIC trends in HadISST version 2.2
were found to be more accurate than those underestimated in HadISST version 1.1
(Sigmond et al., 2013) and thus provide a better assessment of SIC (Lin et al., 2020).

2.2.3 Forecast Skill Metrics

The forecast skill of each system is assessed using a hindcast of K = 39 sample years
from 1980 to 2018. Forecast skill in this analysis is defined for the forecast of a
given target month and lead time (7) as the Anomaly Correlation Coefficient (ACC)
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System Model SIC initialization SIT initialization Reference
CanSIPSvl | CanCM3 HadISSTv1.1 (1980-2012) fixed monthly climatology Merryfield et al. (2013a)
CMC analysis (2013-2018)
CanCM4 HadISSTv1.1 (1980-2012) fixed monthly climatology
CMC analysis (2013-2018)
CanSIPSvlb | CanCM3 Had2CIS (1980-2012) SMv3 (Dirkson et al., 2017) Dirkson et al. (2021)
CMC analysis (2013-2018)
CanCM4 Had2CIS (1980-2012) SMv3
CMC analysis (2013-2018)
CanSIPSv2 | CanCM4 Had2CIS (1980-2012) SMv3 Lin et al. (2020)
CMC analysis (2013-2018)
GEM-NEMO | Had2CIS (1980-2010) ORAP5 (1980-2010)
CCMEP GIOPS analysis (2011-2018) | CCMEP GIOPS analysis (2011-2018)

Table 2.2: Products used to initialize SIC and SIT fields in each of the consituent
models of the CanSIPS versions.

between the time series of the ensemble means of the modelled predictions (p) and
the time series of the target month from the Had2CIS observations dataset (o) with

overbars denoting time averaging and angled brackets denoting ensemble averaging:
K, (i) = (7)) (05— 0)
N2
V= (e —30) B (o, o

The long-term historical decline in Arctic sea ice as a result of climate change can

ACC (1) = (2.2)

be seen in a consistent decline in mean SIE for each individual month throughout the
observed period. As this trend is also present in the initial conditions of CanSIPS, the
forecast skill of the system as represented by the ACC may be dominated by this trend
and not be strongly affected by how well the forecast system captures the interannual
variability of SIE (Sigmond et al., 2013). The present study will consider the forecast
skill of the operational systems independent of trend and thus both the prediction
and observation time series were subjected to linear detrending before computing the
ACC. While many previous studies implement detrending using the entire time series
(Sigmond et al., 2013; Guemas et al., 2016; Dirkson et al., 2017), this detrending
method is inconsistent with the constraints of an operational forecast where future
information is not known (and thus can not be used to remove the trend). In order
to better frame this analysis in the context of operational forecasting, the detrending
conducted in this analysis for any given year removes only the trend from 1980 to the
year previous to the given forecast. A further benefit of this approach is that it allows
for the trend to evolve over time with the increasing rate of sea ice decline. The first
three years have only the past mean removed — the linear trend is assumed to be
zero. This method was first presented in Bushuk et al. (2017) and fully described in
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Bushuk et al. (2018). Some minor differences were found between this method and
traditional detrending; a representative example is provided as Figure A.1.

All statistical significance tests provided in this study are computed using a boot-
strapping methodology. This procedure creates a distribution by randomly sampling
with replacement the forecast and model outputs 1000 times and calculating the
ACC for each random pair. This distribution is then used to determine the p-value,
or probability that the null hypothesis can be rejected, with statistical significance
being defined as the 95% confidence level (a p-value of less than 0.05). In considering
differences in ACC, the distribution of the differences of the 1000 ACCs is used for
the hypothesis test. The null hypotheses in this study are, for the skill assessments
of each version, that there is zero or smaller correlation between the forecasts and
observations if the ACC is positive or that there is zero or greater correlation between
the forecasts and observations if the ACC is negative. Further, in considering the skill
differences between versions, the null hypothesis is that the two versions have equal
correlation between forecasts and observations.

An anomaly persistence forecast is a long-used seasonal prediction methodology
(Namias, 1964). It is created by applying the anomaly of a variable from the present
period’s climatological mean to the climatological mean of the period being forecasted.
Due to the trivial effort required for such a forecast with modern computers, the
anomaly persistence forecast is often used as a baseline from which to assess the
merits of far more computationally expensive forecast systems such as CanSIPS (e.g.
Sigmond et al. (2013)). As shown in Figure 2.1, this method can have both high
and significant skill (relative to a null hypothesis of zero ACC) in seasonal sea ice
prediction due to the substantial autocorrelation present in these time series. As
with CGCM predictions, much of this skill is derived from the downward trend in sea
ice. The right plot of Figure 2.1 demonstrates the drop in skill of a persistence forecast
with trend removed and also how initialization months with persistent anomalies can
be seen by following the cells diagonally up and to the right. For example, in the
case of a February-initialized forecast, the persistent anomaly can be seen beginning

at February lead 0 and continuing to March lead 1, April lead 2, etc.

2.2.4 Regional Analysis

While pan-Arctic analyses can provide insight into broad features of forecast skill, a

more detailed picture can be provided by regional analyses. Further, the changing
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Figure 2.1: Pan-Arctic anomaly persistence forecasts using Had2CIS observations
including the trend (left) and detrended (right). Dots represent forecasts whose skill
is significant at the 95% confidence level (relative to a null hypothesis of zero ACC).

nature of the Arctic climate continues to drive the need for increased regionalization
of seasonal sea ice forecasting for both current stakeholders such as government and
Indigenous peoples, as well as future stakeholders who may be drawn by the region’s
increased accessibility (Ficken, 2013). While the regional scale presented here is
not sufficiently fine for maritime navigation, regional predictions can inform better
operational planning for activities in the Arctic Ocean.

The regions defined in this analysis (Figure 2.2) are the same as those defined in
Day et al. (2014b) and also used in a number of other studies (eg. Bushuk et al.
(2018, 2020); Bonan et al. (2019)). These regions are defined on a 1° x 1° grid. Some
interpolations of the regional mask and model outputs were conducted to create a

common grid for the mask, model outputs, and observations used in the analysis.
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Arctic Regions from Day et al. (2014b)

."‘

Open Ocean

Labrador Sea

Baffin Bay

Hudson Bay

FCanadian Archipelago

- Beaufort Sea

I Sea of Okhotsk

I Bering Sea

+Chukchi Sea

+East Siberian Sea

I Laptev Sea

Kara Sea

Barents Sea

GIN Seas

Central Arctic

Land

Figure 2.2: Arctic regions considered in this study.
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2.3 Results

This section presents the results of the analysis of SIE forecast skills of CanSIPSv1,
CanSIPSv1b, and CanSIPSv2 on the pan-Arctic and regional scales. First, a summary
of the pan-Arctic and regional forecast skill of CanSIPSv1 will be presented in order
to provide a baseline of the dynamical system’s forecast skill. The improvements
seen in the system’s forecast skill at the pan-Arctic and regional scales as a result of
the improved initialization procedure first implemented in CanSIPSv1b and the new
model combination used for CanSIPSv2 are then discussed.

In these comparisons, the skill of a forecast of SIE is shown as a function of
target month and lead time. For the target month of September, for example, a
forecast of lead 0 represents a forecast of September mean SIE that was initialized
on September 1st while lead 1 represents a September forecast that was initialized
on August 1st. Further, the skill of the forecast initialized in a certain month can
be followed diagonally such as for September-initialized forecasts which would begin
at September lead 0 and then continue to October lead 1, November lead 2, out
to August lead 11. Skill is quantified as the ACC between the times series of the
forecast and observations from Had2CIS as described in Section 2.2. Forecast skill
values determined to be statistically significant at the 95% confidence level through
bootstrapping are denoted with markers. Triangles indicate statistically significant
forecast skill (relative to a null hypothesis of zero ACC) which is also higher than
the corresponding anomaly persistence forecast, while dots represent significant skill
which is not more skillful than persistence (Section 2.2.3). All results are presented
for detrended forecasts. Analyses of the ACCs between forecasts and observations for
target months where regions are nearly open waters or almost completely covered by
sea ice are excluded in part to focus this study on prediction of sea ice variability.
Forecast skill for a target month is therefore not calculated if the observed interannual
standard deviation of the region’s SIE for that month is less than 0.8% of the area of
the region. It should be noted that a forecast of completely covered or completely ice-
free waters during these months would indeed be a highly skillful forecast, although
the ACC would be undefined if this occurs for all years.

A complete set of plots showing the skill of each of the three CanSIPS versions for
each region is presented in the Appendix along with plots illustrating the differences
in skill between versions (CanSIPSv1b-CanSIPSvl, CanSIPSv2-CanSIPSvlb, and
CanSIPSv2-CanSIPSv1) (Figures A.2-A.14). While the Canadian Arctic Archipelago
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region is included in Day et al. (2014a) and other studies, it is not included here as
CanCM3 and CanCM4 do not operate at sufficent resolution to properly represent

this region.

2.3.1 CanSIPSv1 prediction skill

The detrended skill of CanSIPSv1 on the pan-Arctic and regional scales is presented in
Figure 2.3. Without exception, the forecasts with trend (not shown) are more skillful
than the detrended forecasts. Pan-Arctic SIE was previously considered by Sigmond
et al. (2013) for a shorter hindcast period (1979-2010 in contrast to the 1980-2018
in the present analysis) and was obtained using a different detrending technique (see
Section 2.2.3). Three notable features can be seen in several regions: two lobes of
elevated forecast skill for target months that are roughly coincident with the sea ice
melt and growth seasons, a spring predictability barrier visible as a pronounced drop
in skill from forecasts initialized in June to those initialized in earlier months, and
notably high skill in the seas connected to the North Atlantic, with significant skill
for lead times as long as 11 months in the GIN, Barents, and Labrador Seas.

In the pan-Arctic forecast of CanSIPSv1 (Figure 2.3), we see the presence of two
seasonal lobes of skill in the target months of April and October, which were also noted
in Bushuk et al. (2017), corresponding approximately with the beginning of the ice
melt and growth seasons, respectively. These lobes are also visible in various regions
although for the majority of regions only one lobe falls within a period of partial ice
coverage. The first skill lobes for predictions of target months in early spring is most
prominent at the beginning of the retreat in the Sea of Okhotsk in April and can
also be seen to a lesser extent in the Bering Sea in April. It is not discernible in
the Barents and Labrador Seas due to the presence of substantial skill for forecasts
of January through to May and it is notably interrupted in the GIN Seas by low
skill of October-, November-, and December-initialized forecasts. The second lobe,
associated with the beginning of the season’s sea ice growth, is visible in all regions
which regularly have sea ice coverage in October. In most regions, the October skill
is limited to approximately four months because of the spring predictability barrier,
with skill generally much smaller for May- (lead 5) than June-initialized (lead 4)
forecasts.

The spring predictability barrier described by Day et al. (2014b) is evident in

most regions with summer sea ice coverage with Hudson and Baffin Bay being the
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Figure 2.3: CanSIPSv1 forecast skill of detrended sea ice extent shown as functions
of target month and lead time for 13 different regions, for a period spanning 1980 to
2018. Markers indicate statistical significance of the skill at the 95% confidence level,
such that a triangle (dot) indicates a statistically significant forecast with greater
(less) skill than an anomaly persistence forecast. The observations used to assess this
skill are from the Had2CIS dataset and forecast skill is masked out for target months
if the observed interannual standard deviation of the region’s SIE for that month is
less than 0.8% of the area of the region.

two major exceptions. It can often be seen by noting the substantially lower skill
of May-initialized forecasts (beginning at May lead 0, then diagonally to June lead
1, July lead 2, etc.) compared to the June-initialized forecasts (beginning at June
lead 0, then diagonally to July lead 1, August lead 2, etc.) as seen in the pan-
Arctic subplot in Figure 2.3. On the pan-Arctic scale, significant skill greater than
persistence can be seen out to October from forecasts initialized in June (four months
lead time), but not for any late summer/early autumn forecasts initialized earlier. On
the regional scale, this same pattern is seen with the May-initialized forecast providing
no significant autumn skill (September, October, and November) in the GIN, Barents,
Kara, Laptev, East Siberian, and Chukchi Seas. With the notable exception of the

HEaa
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April-initialized forecast in the Barents Sea, the June-initialized forecast is generally
the earliest significantly skillful forecast of any region’s autumn SIE. In the Beaufort
Sea, the barrier occurs prior to the May-initialized forecast. While Baffin Bay and
Hudson Bay show less evidence of the barrier (possibly due to being almost ice-free at
the peak of melt season in autumn) the fact that the last skillful November forecasts
are from the May and June initializations respectively suggests the barrier is present
in these regions as well.

The CanSIPSv1 forecast has the lowest level of skill in the Central Arctic with
only five forecasts having significant skill higher than the persistence forecast. Of the
seasonal ice regions, the Laptev Sea (north of Siberia) represents the system’s lowest
skill, with regional skill increasing away toward the west (from the Kara and Barents
Seas) and the east (through the East Siberian, Chukchi, and Beaufort Seas). The
seas most closely connected to the North Atlantic — the GIN, Barents, and Labrador
Seas — all show especially high skill in the winter months (particularly for the target
months of February and March where all three regional analyses have skillful fore-
casts at lead 9 or greater). This elevated predictability may be a result of effective
representation of regionally-important processes such as the Atlantic meridional over-
turning circulation (Krikken et al., 2016). This finding of high skill near the North
Atlantic is also consistent with Bushuk et al. (2017) who found similar skill in these
regions in the winter, attributing the elevated skill to the SIE predictability provided
by ocean temperature anomalies.

There is some evidence of skill reemergence across the September minimum in
more constrained basins, where the forecast skill for a given initialization month
declines across a set of target months and then increases, or reemerges, at longer
lead times. This phenomenon can be seen in the June-initialized forecasts in Hudson
Bay (June lead 0 skill reemerges as November lead 5), Baffin Bay (June lead 0 skill
reemerges as October lead 4), and the Labrador Sea (June lead 0 skill reemerges as
December lead 6). These regional reemergence features were also noted for CanSIPSv1
in Sigmond et al. (2016) which suggested they were the result of the persistence of
ocean temperatures acting as a memory for melt season sea ice anomalies allowing
those anomalies to reemerge during the growth season. This phenomena has also
been seen in many other models (Day et al., 2014b; Guemas et al., 2016). The
Labrador Sea as well as Hudson and Baffin Bays show the strongest signals of skill
reemergence following the melting season of all regions considered. This feature is

likely most prominently displayed in these regions due to less heat transport from
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other regions affecting the local sea surface temperatures, as compared to regions
exposed to the circulation within the larger Arctic Basin or to the Pacific and Atlantic
Oceans through the Bering and Fram Straits respectively. There is little evidence of
the spring predictability barrier in these constrained water regions with the Labrador
Sea having near ice-free water in October, May- and June-initialized forecasts having
little skill in October in Hudson Bay, and moderate-to-high skill for the same target
month in Baffin Bay.

2.3.2 Improvements in pan-Arctic SIE Forecast Skill

The forecast skill of pan-Arctic SIE of each version of CanSIPS (with trend) is shown
in Figure 2.4, along with plots of differences in forecast skill between systems. Can-
SIPSv2, shows a marked improvement in overall forecast skill (Figure 2.4f) with
statistically significant improvements seen in target months at lead times that cor-
respond with the spring predictability barrier. Further, both CanSIPSv1lb and Can-
SIPSv2 outperform persistence more often than CanSIPSv1 — especially in the winter
months. In considering the step-wise evolution of CanSIPS, these improvements are
shown to be due to the better SIT initial conditions provided by the statistical method
of Dirkson et al. (2017) as well as the improved SIC initial conditions in Had2CIS
observations as compared to HadISST version 1.1 (due to the better representation
of trends). CanSIPSv2 shows little significant improvement from CanSIPSv1b on the
pan-Arctic spatial scale (as shown in Figure 2.4e).

An analysis of detrended forecast skill (Figure 2.5), further underscores the im-
provements in skill of forecasts on the pan-Arctic scale that result from improving
the SIT initialization. While an overall decrease in skill is clear once the trend is
removed, relative to skill estimates including the trend, significant improvements for
target months and lead times previously associated with the spring predictability
barrier are evident (Figure 2.5d). A notable difference in CanSIPSv1b relative to
CanSIPSv1 is improved skill of August and September forecasts, representing an ex-
tension of the maximum skillful lead times from 3 and 4 months to lead times of 5
and 7 months respectively. In particular, the improvement seen in May-initialized
forecasts from CanCM3 using SMv3 in Dirkson et al. (2017) can also be seen in
CanSIPSv1b (Figure 2.5b) at the pan-Arctic scale.

Several aspects of the forecast skill of CanSIPSv2 show improvement over Can-

SIPSv1. The first such aspect is the more frequent statistical significance of Can-
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Figure 2.4: Comparison of the pan-Arctic forecast skills of sea ice extent for three
versions of the CanSIPS model as a function of target month and lead time for a
period spanning 1980 to 2018. Markers indicate statistical significance of the skill (or
difference in skill) at the 95% confidence level, such that a triangle (dot) indicates a
statistically significant forecast with greater (less) skill than an anomaly persistence
forecast. The observations used to assess this skill are from the Had2CIS dataset.

SIPSv2 relative to an anomaly persistence forecast. Forecasts without detrending
made by CanSIPSv1 at lead times up to eleven months were only significant and of
higher skill than an anomaly persistence forecast for 8% of target month/lead pairs.
This fraction increased to 52% with CanSIPSv2 — driven largely by improvements
in forecasts for the months of July to December. Forecasts with detrending made by
CanSIPSv1 were significant and of higher skill than an anomaly persistence forecast
for 26% of target month/lead pairs which increased to 45% due mostly to improve-
ments in the winter target months. As in the models analyzed by Day et al. (2014b),
the spring predictability barrier reveals itself in CanSIPSv1 as a rapid decline in skill
over the first four months of a May-initialized forecast. In contrast, CanSIPSv2 pro-

vides significantly skillful forecasts through to September (Figure 2.5¢). For April-
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Figure 2.5: As for Figure 2.4 except for skill after detrending.

initialized forecasts, CanSIPSv2 provides significantly skillful forecasts through to
October (with the exception of July) as shown in Figure 2.5c. Also noteworthy are
the skills for forecasts of the target months December and January out to a lead
time of eleven months. When considered together with a large decline of the skill
of forecasts with a target month of April, it appears that the lobe of skill near the
melt season onset in CanSIPSv1 (Section 2.3.1) migrates into the middle of winter in
CanSIPSv2.

On the pan-Arctic scale, these gains in forecast skill appear to be almost entirely
associated with the improved initialization first implemented in CanSIPSv1b, as high-
lighted in Figure 2.5e, although the totality of improvements present in CanSIPSv2
do contribute to significant skill improvements in the target months of January and
especially December (Figure 2.5f). When compared to CanSIPSv1, whose skill for
September to December forecasts disappears for May and earlier initializations, the
success of the initialization method detailed in Dirkson et al. (2017) and implemented

in CanSIPSv1b further underscores the importance of SIT for predictions through the
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melting season (Chevallier and Salas-Mélia, 2012; Sigmond et al., 2013; Day et al.,
2014a). It is also notable that the improvements to April- and May-initialized fore-
casts appear to come at the slight expense of spring forecasts initialized during or
immediately before the Arctic sea ice growth season (such as a marginal though not
significant decrease in skill for March and April for all lead times greater than one as
seen in Figures 2.5d and 2.5f).

2.3.3 Improvements in Regional SIE Forecast Skill

Of greater interest to operational forecasting is that forecasts are skillful on regional
scales. In the North Atlantic, forecast skill is generally higher overall and the im-
provements to the system are readily apparent. Conversely, in the regions nearer
to the Pacific, forecasts are less skillful and in many cases some changes to the sys-
tems, particularly the new initialization procedure from Dirkson et al. (2017), have
a modest or negative effect on skill. The more constrained waters of Hudson and
Baffin Bay, as well as the Labrador Sea, have their own skill patterns with partic-
ularly pronounced skill reemergence but with little notable change in forecast skill
between versions. Finally, the forecast skill in the Central Arctic and Sea of Okhotsk
see unique but significant improvements from CanSIPSv1 to CanSIPSv2 due to the
distinct geography of these regions.

A complete set of plots showing the skill of each of the three versions for each region
is presented side-by-side along with plots illustrating the difference in skill between
each version (CanSIPSv1b-CanSIPSvl, CanSIPSv2-CanSIPSvlb, and CanSIPSv2-
CanSIPSv1) in the Appendix (Figures A2-A14).

CanSIPSv1 already provided highly skillful forecasts in the North Atlantic (Figure
2.3). Previous studies have suggested that high skill in this region can be partially
attributed to the models’ ability to represent the thermohaline circulation from the
broader Atlantic and Arctic Oceans (Guemas et al., 2016) due to the importance
of ocean temperatures in predicting SIE, particularly in the winter (Sigmond et al.,
2013; Bushuk et al., 2017). With regards to the spring predictability barrier, we
see substantial improvement in the Barents Sea (Figure 2.6, second row) between
CanSIPSv1 and CanSIPSv2 as the number of May-initialized forecasts with significant
skill increases from lead 2 to lead 10. In contrast, almost no change is found for the
GIN Seas (Figure 2.6, first row) where the number of May-initialized forecasts with

significant skill increases only from lead 1 to lead 3. This result is consistent with
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CanSIPSvlb CanSIPSv?2

initialization method by (Dirkson et al., 2017), but it is clear from the low skill of
the September lead 4 and October lead 5 forecasts for CanSIPSv1b in the Barents
CanSIPSv1

the effects of improving SIT initialization with SMv3 in CanCM3 to the previous

4ot e om 4ot e om o ow o om o ow o om
283233577779 283233577779 2823377 %°% 233387777
L eeee—— L eeee—— [ eee—— [ eee——
BquEdeg SqEdEg
_ SRquaADN gy
10 - ELEE ]
squade @ m 4 a4 iaquEds
Basas wbmy 3 - 4 4 a Janbimy
& = = . - . i
z ¥ £ =
- [
o] - A faw
L iy
- e zeew
- Arenigay Arenigay
4 Asnue] Asmnug]
e enmnae T T L] N LT L N LT L
(SUMAOILI pRE (SUMAOILI pRE (SUMIOW] pEa (SUMIOW] pEa
TEEEEEREE mew o33 g
79 EREEEEEEE:
[ eee——
Rqussag [ quistag
Bquaack Uy
10 e e
- @ s _ - m A a - iaquEds
3 K il $ 8 E _ e
& = = = . 4 il
% C % s 9 uni
-
o] 5 £ 5 5 o Hewl
L]
T o . = 3 Jucdy
e zeew
frenigag Arenigay
Asnue] Aumnug]
SEemrenmnuae R T T L] N LT L N LT L
(SUuDL] pRa (SUuDL] pRa (SO pra (SUIow) pea
4ot owom 4ot owom o or o om o or o om
28323377779 28323377779 2823377 %F°% 2823377 %F°%
L ee— L ee— L eee— L eee—
are +aa squeag Rqusaag | * aes a1 squssg I Equzaag
* - IaquiBAcK IaquiBAcK A% s 44 A equany IaquiaAoN
- - ELOE ] ELOE ] - LSk ] - RO FET Y
- saquiadas b saquiadas | “a equadE . g saquidas
H - wnbny £ anbny € i .. anbny 2 . - yaniimy
&_olaaoaula dgnl = . ol = 0| W . il £ 5 - a} ol
- a4 L~ an B OB wnl 8 3 aunl
I “ . hew W = hew W = A W m. Aewl
- ucky D oe ucky judy judy
I B sy [T 7] zeew yarew
LR A R Arenigay frenigag Arenigay Arenigay
4 s s s a A AaAw Asnue] Asnue] Aumnug] Asmnug]
P LT E] T T L] N LT L N LT L
(SUuDL] pRa (SUuDL] pRa (SO pra (SUIow) pea

Symbols are

Target Month

Target Month

Target Month

and lead time shown for CanSIPSvl, CanSIPSvlb, and CanSIPSv2 over a period

spanning 1980 to 2018 for the GIN, Barents, Kara, and Laptev Seas.
as in Figure 2.4 and the observations used to assess this skill are from the Had2CIS

dataset. Forecast skill is not calculated for target months if the observed interannual
standard deviation of the region’s SIE for that month is less than 0.8% of the area of

Figure 2.6: Forecast skill of detrended SIE shown as a function of target month
the region.
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Sea that the change in constituent models is also important in addressing the spring
predictability barrier in this region. It is noteworthy that the April-initialized forecast
for the Barents Seas shows significant skill until October which is inconsistent with
the spring predictability barrier. The new model combination of CanSIPSv2 almost
eliminates the spring predictability barrier in the Barents Sea with forecasts as early
as the January-initialized forecast providing significant skill higher than persistence.

The Laptev Sea (Figure 2.6, last row) shows a smaller but still significant improve-
ment in late summer forecasts at short lead times when the new initialization method
is applied suggesting that proper SIT initialization is important in this region. This
result is consistent with the finding of Bushuk et al. (2017) that the forecast skill of the
GFDL-FLOR model in the Laptev Sea matches closely with the correlation between
observed SIE and the forecast’s SIT initial conditions. The Kara Sea (Figure 2.6,
third row) sees particular improvement as result of both the improved initialization
(similar to the improvement seen in Dirkson et al. (2017) with regards to CanCM3)
and the change of constituent models in the target months of August, September,
and October which all have significant skill at all lead times up to eleven months in
CanSIPSv2.

The Arctic seas nearest to the North Pacific demonstrate little improvement from
the new initialization procedure, in contrast to the findings of Bushuk et al. (2017)
that summer SIE prediction skill in these regions results from accurate SIT initial-
ization (Figure 2.7). In fact, the improved initialization is associated with a slight
decrease in skill in the East Siberian, Chukchi, Bering, and Beaufort Seas and these
regions represent the majority of the decline seen in the study. It should first be noted
that initial conditions provided by Dirkson et al. (2017) are improved but imperfect.
Specifically in regions nearer to the Pacific, the initial conditions provided by SMv3
are, particularly in the winter, less accurate when compared against PIOMAS. In ad-
dition to potential errors in the initialization itself, these regions are also notable for
the influence that unpredictable atmospheric circulation patterns have on the regions’
sea ice (Petrich et al., 2012; Serreze et al., 2016). This limitation is further supported
by the results of Babb et al. (2020) which show that a variety of local dynamic pro-
cesses occurring throughout the melt season may dampen the correlation between
winter and summer sea ice conditions. These circumstances potentially contribute
to the fact that the spring predictability barrier is inherent in the climate system
of these regions, as will be further demonstrated in Chapter 3. Despite the modest

increase or decline in skill from CanSIPSv1 to CanSIPSv1b, the change in constituent
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models from CanSIPSv1lb to CanSIPSv2 resulted in substantial skill improvements
in the East Siberian and Chukchi Seas.

The regions of more constrained waters connected to the North Atlantic (Figure
2.8) show less skill in all forecast system versions than the more open GIN and Barents
Seas (Figure 2.6). In fact, there is little improvement seen in Hudson and Baffin Bay
as well as the Labrador from CanSIPSv1 to CanSIPSv2 aside from the slightly more

skillful forecasts of January, February, and March at lead times of seven to eleven
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Figure 2.7: As in Figure 2.6 for the East Siberian, Chukchi, Bering, and Beaufort
Seas.
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Figure 2.8: As in Figure 2.6 for the Central Arctic, Sea of Okhotsk, Hudson Bay,

Baffin Bay, and the Labrador Sea.
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months. Skill reemergence is still a feature in the skill of CanSIPSv1b and CanSIPS
v2 in these regions. Specifically, in both systems, the skill of July-initialized forecasts
before the late summer minimum (when the regions see nearly ice-free) reemerge
in the November (lead 4) forecasts in Hudson and Baffin Bay while July-initialized
forecast skill reemerges in December (lead 5) in the Labrador Sea. This reemergence
is not substantially different from in CanSIPSv1.

The forecast skill in the Central Arctic (Figure 2.8, first row) appears to improve
almost entirely due to the new initialization procedure with little improvement from
the substitution of GEM-NEMO. Forecasts in this region improve from not having
any significant skill at lead times greater than two months to showing significant skill
at the majority of lead times for forecasts of October (representing the month of the
onset of sea ice growth in a usually ice-covered region). This significant improvement
from CanSIPSv1 to CanSIPSv1b in the Central Arctic was similarly seen by Dirkson
et al. (2017) when assessing the SIC forecast skill of CanCM3 in the region before
and after using the new initialization procedure (SMv3).

Finally, substantial improvement in the winter and spring target months is seen
in the Sea of Okhotsk (Figure 2.8, second row) with the change from CanSIPSv1 to
CanSIPSv1b. Whereas few forecasts for these target months initialized before Novem-
ber showed significant skill in CanSIPSv1, all forecasts for January-May initialized as
early as July show significant skill in CanSIPSv1b and CanSIPSv2.

2.4 Conclusion

This chapter presented an assessment of the forecast skill of three CanSIPS forecast
systems with regards to SIE with particular attention to the effect of improvements
made in CanSIPSv1b and CanSIPSv2. It is clear from the results that substantial
improvements in forecast skill were made through both the implementation of a new
SIC and SIT initialization procedure as well as through changing one of the system’s
constituent models. The importance of proper initialization of SIT is underscored by
the improvements CanSIPSv1b makes in the target months of August, September, and
October with the lead times of forecasts with significant skill increasing from lead 2, 3,
and 4 (June-initialized forecasts) to lead 4 (April-initialized forecast), lead 7 (February
initialized forecast), and lead 7 (March-initialized forecast) on the pan-Arctic scale.
Regionally, similar improvements resulting from improved SIT initialization in these

target months are seen in the Central Arctic (significant skill in October seen for lead
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5 vice lead 2) and the Laptev Sea (significant skill in September seen for lead 5 vice
lead 2). Substantial improvement from the new initialization is also seen in the Sea of
Okhotsk with little significant skill in CanSIPSv1 for forecasts of the target months
of January through May initialized before November improving to show significant
skill for all forecasts initialized from July onward in CanSIPSv2. The substitution of
CanCM3 by the GEM-NEMO model in CanSIPSv2 appears to provide the majority
of skill improvements in the seas of north of Siberia (the East Siberian, Kara, and
Chukchi Seas), in combination with the new initialization procedure to improve on
the already high skill seen in the GIN and Barents Seas in the North Atlantic. Finally,
more constrained waters such as Hudson and Baffin Bays as well as the Labrador Sea
showed little improvement in the new versions with the majority of their forecast skill
still derived from reemergence across the autumn SIE minimum — potentially the
result of sea ice anomalies being captured in sea surface temperatures after melting.
In summary, this analysis found CanSIPSv2 to be significantly more skillful than its
predecessors on both the pan-Arctic and regional scales due to effective representation

of the initial condition of sea ice thickness and a more skillful CGCM combination.
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Chapter 3

Potential Predictability of Arctic
Sea Ice in the Fourth Generation
Canadian Coupled Model
(CanCM4)

This chapter presents an assessment of the potential predictability of Arctic sea ice
as estimated by CanCM4 — the model common to both versions of CanSIPS. The
methodology of Bushuk et al. (2018) is used for this experiment except for a modi-
fication to the selection method of initial conditions to avoid systematic biases seen
in their results. Three-year perfect model experiments are conducted, consisting
of twelve ensemble runs each for six initialization months in six initialization years
branched off a control run. Predictability is then calculated on the pan-Arctic and
regional scales by designating individual ensemble members in turn as “the truth”
and predicting these synthetic observations using the ensemble mean of the remaining
ensemble members with the same initialization month and year. The perfect model
skill, or predictability, is then analyzed and compared to the operational model’s skill
in order to assess the operational “skill gap” which may be closed through improved
model physics or initialization. The skill of the CanCM4 perfect and operational
models is then compared to the results presented for GFDL-FLOR in Bushuk et al.
(2018). We find that CanCM4’s estimate of potential predictability is lower than
those of other GCMs, as had been suggested in Day et al. (2016). The potential
predictability in CanCM4 is also lower than GFDL-FLOR (Bushuk et al., 2018) on
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the pan-Arctic scale and in every region except the Labrador Sea. The results also
show that predictability characteristics found in previous perfect model experiments
are also found in CanCM4 such as greater predictability at longer lead times for win-
ter target months than summer target months (Koenigk et al., 2008; Holland et al.,
2010; Germe et al., 2014), greater predictability in the regions nearer to the Atlantic
than the Pacific (Germe et al., 2014; Bushuk et al., 2018; Cruz-Garcia et al., 2019),
and the presence of a spring predictability barrier on the pan-Arctic scale and in
several regions (Day et al., 2014b; Bushuk et al., 2018). It should be noted that for
some forecast month/lead time pairs the operational model shows higher skill than
the predictability. This phenomenon could be either the result of sampling errors or
an underestimation of the potential predictability. This assessment provides both an
estimate of the upper limit of predictability for the CanCM4 model on the pan-Arctic
and regional scales as well as a quantification of the potential skill improvements that

could be achieved with regards to the current operational model.

3.1 Introduction

Studies considering the potential predictability of sea ice conditions using dynamical
models have been conducted in concert with past assessments of the forecast skill
of operational prediction models discussed in Chapter 2. Many of these studies are
perfect model experiments in which ensembles initialized with a minute difference
in the initial conditions are compared against each other in turn by designating one
ensemble member the “truth” or “synthetic observations” against which the other
ensemble members are compared. The perfect model is assumed to represent the
climate system and the skill obtained using this experiment is assumed to represent
the upper limit of skill of a model which perfectly represents the climate system and
is initialized with near-perfect initial conditions. This perfect model skill will be
hereafter referred to as predictability. As with any modelled quantity, however, this
upper limit may still be biased relative to the true predictability of sea ice.

In one of the earliest such experiments conducted using the Max Planck Insti-
tute’s coupled model, Koenigk and Mikolajewicz (2008) found that SIT was highly
predictable due to persistence, especially in the Central Arctic, while SIC was less
predictable. Koenigk and Mikolajewicz (2008) further noted that predictability was
greater for forecasts initialized in the summer than those in the winter. Holland et al.

(2010) found similarly high SIT predictability on seasonal and interannual timescales



33

in a perfect model experiment using the Community Climate System Model. Holland
et al. (2010) also found a thickness state-dependence of predictability such that SIC
was more predictable in regimes of thicker sea ice. This state-dependence was also
visible as a decrease in predictability in the spring followed by an increase during
the summer for their January-initialized experiment. This instance of predictability
reemergence suggests that preconditioning of winter sea ice is a source of some forecast
skill for prediction of summer sea ice conditions. Germe et al. (2014) analyzed the re-
sults of a perfect model experiment run for the CNRM-CMS5.1 model on decadal time
scales. In line with Holland et al. (2010), this study found that SIE for winter target
months was predictable for longer than SIE for summer target months and that SIT
predictability extends out to two years. In considering regional SIE predictability,
Germe et al. (2014) found higher predictability in the North Atlantic as compared to
the Pacific, with the GIN Seas in particular having the highest predictability of any
region in the study.

Perfect model studies have more recently included multiple models to provide a
more complete assessment of the upper limit of predictability in the climate system.
The first such study was conducted by Tietsche et al. (2014) in which the predictability
of each of four models’ July-initialized forecasts decreased to an ACC of 0.7 (high
predictability) over the initial five months and then varied with an overall decrease
to between 0.3 and 0.5 after 12 months and between 0.2 and 0.5 after 36 months.
Tietsche et al. (2014) compared these results to the detrended forecast skill of the
CanSIPSv1 results from Sigmond et al. (2013) to suggest that, with improvements,
operational models could achieve higher levels of predictability. In a complementary
study which was part of a contemporary project known as Arctic Predictability and
Prediction On Seasonal to Interannual Timescales (APPOSITE), Day et al. (2016)
attempted to quantify the maximum predictability of Arctic sea ice using the four
climate models from Tietsche et al. (2014) as well as three additional models including
CanCM4. The experimental design for the CanCM4 simulations was slightly different
from those of the other models with ensemble members branching off from a transient
climate run vice control runs with forcings fixed at one year as was done for the
other models (either 1990, 2000, or 2005 depending on the model). Furthermore,
the ensemble members for CanCM4 were run for only one year in Day et al. (2016)
while the ensemble members of the other models were run for three. Day et al. (2016)
found that, for the models considered, winter SIE was predictable at longer timescales
than summer SIE and that SIV was better predicted than SIE. The second result is
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consistent with other studies’ findings regarding SIT as a source of predictability
(Holland et al., 2010; Germe et al., 2014). SIE and SIV predictability in the single-
year ensembles of CanCM4 was found to be lower than all other models and Day et al.
(2016) hypothesized that this may be due to the difference in the setup of the control
run. Cruz-Garcia et al. (2019) further assessed the predictability of the APPOSITE
models other than CanCM4 (which was excluded due to the shorter time period of
its ensemble members) on a regional scale finding that the Baffin Bay and GIN Seas
showed robust predictability across all models, that this predictability and that of
other Atlantic sectors is primarily driven by persistence of thermal anomalies in the
ocean, and that pan-Arctic SIE and SIV predictability is the result of the persistence
of SIT anomalies in the Central Arctic. This last finding further supported those of
Blanchard-Wrigglesworth and Bushuk (2018) using the APPOSITE simulations that
predictability is linked to the time scales of sea ice anomaly persistence specific to
each GCM.

Other potential predictability studies have considered the patterns and sources
of predictability. Blanchard-Wrigglesworth et al. (2011) conducted a perfect model
experiment with the Community Climate System Model version 4 to assess the depen-
dence of predictability on initial conditions and climate forcing at different timescales.
Their results showed that for CCSM4, initial conditions substantially affect pre-
dictability on time scales of 1-2 years while past 3 years, predictability was dominated
by climate forcings. As discussed in Section 2.1.1, Day et al. (2014b) used the perfect
model experiment conducted with the APPOSITE models to demonstrate the exis-
tence of a spring predictability barrier both on the pan-Arctic scale and in several
regions. Finally, Goessling et al. (2016) used the APPOSITE experiment to develop
and demonstrate a metric called the integrated ice-edge error to gain a better under-
standing of the geographic context of the ice edge than is provided by the overall SIE.
Goessling et al. (2016) found that the ice edge is substantially less predictable than
SIE especially in the target month of September.

Bushuk et al. (2018) conducted a detailed examination of the potential predictabil-
ity of SIE as represented in GFDL-FLOR by considering forecasts initialized in six
different months and quantifying predictability on the pan-Arctic as well as regional
scales. Most previous studies have assessed predictability exclusively for a January
or July forecast. Bushuk et al. (2018) was also the first perfect model study to di-
rectly compare operational skill of the same model in order to quantify the “room for

improvement” in model skill. Due to a methodology of picking initialization years
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from the control integration based on magnitude of SIV anomaly, a high predictability
bias was introduced in Bushuk et al. (2018), which will be further discussed in Section
3.2.1. Kumar et al. (2014) emphasized that using a comparison of two models to infer
a skill gap requires that the two models be statistically similar, which may not be the
case in a potential predictability analysis. Bushuk et al. (2018) use a comparison of
autocorrelation structures between the perfect model and observations to ascertain
the validity of the assessment of potential improvement. The study described in this
chapter is modelled on the methodology of Bushuk et al. (2018) with one change
made to avoid that study’s aforementioned high predictability bias.

3.2 Experimental Design

The overarching goal in designing the methodology presented here was to replicate
with CanCM4 the perfect model experiment conducted on GFDL-FLOR by Bushuk
et al. (2018) while avoiding the high predictability bias seen in that study. This
experiment allows comparisons both of the perfect and operational models in each
system, as well as between the two forecasting systems. The dynamical model used in
this experiment, CanCM4, was described in detail in Section 2.2.1. This section will
describe the control integration and the perfect model experiment which was started
from it as well as the metrics used to assess both the predictability and operational

forecast skill.

3.2.1 The Control Integration and Perfect Model Experi-

ment

The perfect model simulations branched off from various points in a 450-year control
integration of CanCM4 that was run repeatedly with external forcings (including
greenhouse gases, anthropogenic aerosols, tropospheric and stratospheric ozone, and
land use) observed in the year 1990. To help ensure a well-equilibrated control run and
avoid skill biases associated with model spin up, the initialization years considered
for the experiment were selected from the final 150 years of the control run.

Six start years were selected from the control run, based on SIV anomalies. Bushuk
et al. (2018) chose two initialization years from each of low, typical, and high STV
anomaly years in order to assess the initial state dependence of predictability. The

low and high years were chosen from years where all months had an SIV anomaly
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greater than +/- 1.20 respectively and the typical years were chosen from years
where all months had an SIV anomaly less than +/- 0.250 where o is the standard
deviation of the control run. Systematic high predictability biases were a consequence
of having large anomalies in two-thirds of the start years unlike in the climatological
distribution. To better represent the climatological distribution of sea ice anomalies
in the initial conditions of the present perfect model experiments, the last 150 years
of the control run of this experiment were divided into sextiles based on SIV anomaly
and a single year was randomly selected from each (Figure 3.1). This approach
imposed a closer probabilistic similarity of the ensemble members to the climatological
distribution of SIV than simply randomly selecting any six years which could by
chance select initialization years that would introduce a similar bias to that seen in
Bushuk et al. (2018). Further, to ensure independence of the selected initial states,
start years were required to be a minimum of 20 years apart.

For each start year, three-year forecasts with 12 ensemble members were initial-
ized from the first day of every odd month of the year (January, March, May, July,
September, and November). The ensemble members were generated by introduc-
ing a small perturbation to the control simulation’s wind fields on the initialization
date. The resulting 432 simulations (twelve ensemble members initialized at the be-
ginning of six different months for six different years) were used to assess potential
predictability. For each target month and lead time pair, each ensemble member is
in turn designated “the truth” and the mean of the 11 remaining ensemble members

is used to predict these synthetic observations.

3.2.2 Predictability and Operational Forecast Skill Metrics

The Anomaly Correlation Coefficient (ACC) is again used to quantify skill in this
study. Predictability is calculated by predicting in turn each ensemble forecast z;; for
each of M = 12 ensemble members (7) initialized in each of N = 6 years (i), with the
ensemble mean of the remaining ensemble forecasts (x;;(7)). In both cases anomalies
are defined relative to the climatological mean of the last 150 years of the control run,
1(7), such that:

st () ~7) (-7

V= (0 1)y (2 - )

ACC(r) = (3.1)
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Figure 3.1: Time series of annual mean pan-Arctic SIV over the last 150 years of the
control run. The six start years (2312, 2435, 2413, 2356, 2387, 2332) were selected
based on SIV anomaly (red dots).

As the experiment was only conducted for six initialization months, the pre-
dictability was linearly interpolated for all remaining target month and lead time
pairs, as was done by Bushuk et al. (2018). As in Chapter 2, statistical significance
was assigned at the 95% confidence level estimated using bootstrapping. The boot-
strapping method, which was repeated 1000 times to build the distribution, resampled
with replacement the truth and the ensemble mean of the remaining ensemble mem-
bers and calculated the ACC between them as in Equation 3.1. The same method
used in Chapter 2 was also used to assess the statistical significance of the skill dif-
ferences between predictability and operational forecast skill.

The operational forecast skill of the model is calculated using the same observa-
tions as described in 2.2.1 and the same metric of detrended forecast skill as described

in 2.2.3. It should be noted, however, that the operational skill in this chapter is solely
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based on CanCM4 with the Dirkson et al. (2017) procedure, one of the two models
used in the CanSIPSv1lb and CanSIPSv2 forecasts systems analyzed in Chapter 2.
Regional analyses are conducted using the same regions as in Chapter 2 and depicted

in Figure 2.2.

3.2.3 Statistical Similarity of the Perfect Model and Obser-

vations

Kumar et al. (2014) noted that model biases may preclude a comparison of pre-
dictability from perfect model simulations to operational skill if the signal-to-noise
ratio of the perfect model is substantially different from that of real world observa-
tions. To address this potential limitation, Bushuk et al. (2018) compared the au-
tocorrelation structures for given target months and lead times of the perfect model
and relevant SIE observations as a proxy of the signal-to-noise ratio suggested by
Kumar et al. (2014). Autocorrelations were also calculated in the present analysis
using Had2CIS data (Titchner and Rayner, 2014; Tivy et al., 2011) to provide some
guidance regarding the validity of interpreting the difference between the predictabil-
ity and operational forecast skill as a measure of the “skill gap”. Assessments are
made through a qualitative comparison of autocorrelation structure to determine if
the predictability was overestimated, underestimated, or correctly estimated as com-
pared to the operational model skill. It should be emphasized that the methodology
used in Bushuk et al. (2018) and the present study where operational sea ice models
are compared to potential predictability is still relatively new in the literature. It
should also be underscored that comparison of autocorrelation structures is a conve-
nient proxy for comparing the signal-to-noise ratios of the perfect model and climate
system but cannot be taken as a flawless quantitative measure. While the similarity
of the autocorrelation structures may support this comparison for a given region, the
criterion is not perfect. It should further be noted that in Bushuk et al. (2018) and
other studies such as of sea surface temperature (Newman and Sardeshmukh, 2017)
and the North Atlantic Oscillation (Weisheimer et al., 2019), the actual skill of the
operational model has been greater in some instances than the potential predictabil-
ity would suggest is possible. This reaffirms that the potential predictability measure
itself may not necessarily be a precise reflection of the upper boundary of the climate
system’s predictability. These caveats do not invalidate the perfect predictability

methodology, but should be taken into account in its interpretation.



39

3.3 Results

The results of the perfect model experiment are presented in this section along with
a comparison to the skill of the operational model. Predictability and operational
forecast skill plots are presented as in Chapter 2 with the target month of a forecast
on the horizontal axis and forecast lead time on the vertical axis (e.g. September
lead 3 is the September forecast initialized on June 1st). Also as in the previous
chapter, the Canadian Arctic Archipelago is excluded from the regional analysis as
it is not adequately represented in CanCM4 due to the low resolution of the model.
Finally, as this study is again interested in the model’s skill with regards to predicting
variability, neither predictability nor operational forecast skill are calculated where
the annual standard deviation of a region’s observed SIE or the perfect model’s SIE
is less than 0.8% of the region’s area for a target month. It should be noted that
in the excluded target months, the model could make a perfectly skillful forecast of
complete ice coverage or completely open water; skillful forecasts of this kind are not

captured in this analysis.

3.3.1 Control Run Biases

As was done by Bushuk et al. (2018), the sea ice biases of the model were analyzed
by comparing annual cycles of monthly mean SIE of the first year of each of the 72
ensemble members initialized in January against NSIDC observations from 1979-2016
(Fetterer et al., 2017) and of the monthly mean SIV against PIOMAS (Zhang and
Rothrock, 2003). Similar to the biases of GFDL-FLOR found by Bushuk et al. (2018),
the control run climatology agrees with the observations with regards to SIE but the
SIV climatology has a notable thin bias (Figure 3.2). As discussed in Section 2.1.2,
SIT is an important source of predictability, especially for summer target months,
and thus this thin bias may lead to an underestimation of the model’s potential
predictability in those months. Such a bias should be reflected in the autocorrelation

analysis described in Section 3.2.3.

3.3.2 Pan-Arctic SIE Predictability

The predictability of CanCM4 on the pan-Arctic scale (Figure 3.3) has two peaks of
high predictability (ACC > 0.7) extending from the January lead 0 and July lead

0 initialization months diagonally out to May lead 4 and October lead 3, respec-
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Figure 3.2: Seasonal cycles of SIE (left) and SIV (right) of January-initialized ensem-
ble members (colours) compared against NSIDC observations and PIOMAS model
data respectively (black).

tively. Annual predictability reemergence is seen as the predictability of both the
January- and July-initialized forecasts increases at lead 12 and remains significant
for four subsequent months. Predictability from forecasts initialized in other months
decreases much more quickly, particularly those initialized in May and November.
This more rapid decline indicates that there is a seasonality in initialization month
predictability. It should be considered that previous studies have generally focused
on the initialization months of this pattern which produce the highest predictability
forecast (January and July) and that Bushuk et al. (2018) did not find similar peaks
in the predictability of GFDL-FLOR.

The predictability of CanCM4 in the present study is substantially lower than
found for GFDL-FLOR by Bushuk et al. (2018). This result is particularly notable
given that a comparison of the autocorrelation structures of the perfect model and
the observations suggests that the predictability in CanCM4 should be overestimated
(Figure A.17). Day et al. (2016) suggested that the lower potential predictability
found for CanCM4 compared to other models was the result of a difference of control
run setup particular to that study. The predictability of July-initialized forecasts
here demonstrates, however, that CanCM4 is inherently less predictable than other
models and that the lower CanCM4 predictability reported in Day et al. (2016) is not
exclusively due to the different control run setup. In assessing predictability out to
36 months, this study further shows that CanCM4 has especially low predictability
past 18 months as compared to the other APPOSITE models.
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Two lobes of predictability form around the target months associated with the
seasonal advance (March and April) and retreat (October and November) of Arctic
sea ice. In concurrence with previous studies (Holland et al., 2010; Germe et al., 2014;
Day et al., 2016), predictability of winter target months is found to exist at longer
lead times than summer target months. Significant predictability of March and April
forecasts is seen almost continuously from lead 0 out to 18 months lead time and then
sporadically thereafter with statistically significant forecasts for March lead 34 and
April lead 35. By contrast, fewer than half of October and November forecasts are
significant for lead 6 out to lead 18 with only one significant forecast (November lead
34) seen after lead 20. It should be noted that given a confidence interval of 95%,
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Figure 3.3: Pan-Arctic predictability (left), operational model skill (centre), and the
skill difference (right). Markers (dots and triangles) in the left and middle plots
indicate predictability or skill significant at the 95% confidence level. Triangles in
the operational model skill indicate the forecast has higher skill than an anomaly
persistence forecast (Section 2.2.3). Dots in the right plot indicate a statistically
significant difference in skill between the predictability and operational forecast skill.
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one in twenty forecasts are expected to appear significant by chance.

Finally, the spring predictability barrier (Day et al., 2014b) is clearly evident
on the pan-Arctic scale with an abrupt decrease in predictability of September and
October when initialized in May versus June. Given the assumption of perfect initial
conditions in this experiment, this result supports the interpretation that this barrier
is inherent to the climate system, as has been suggested in other studies (Day et al.,
2014b; Bushuk et al., 2018).

3.3.3 Regional SIE Predictability

The regional predictability is presented in Figures 3.4 to 3.6. In the majority of
regions, predictability decreases quickly with only sporadic significant predictability
for lead times longer than six months for all target months. Notable exceptions are
the GIN and Barents Seas, Bering Sea, Sea of Okhotsk, and Labrador Sea. Some
regions also exhibit isolated predictability for specific forecasts (such as lead 20-23
of the November-initialized forecast in the Laptev Sea), though these may be chance
occurrences given the sample size. Additionally, predictability reemergence is evident
in some regions such as annual reemergence of the June- and July-initialized forecasts
in the Beaufort Sea and near annual reemergence of the October-, November-, and
December-initialized forecasts in the Chukchi Sea.

The predictability in the GIN Seas and, to a lesser extent the Barents Sea, is
exceptionally high especially in the winter months. The longest lead times for which
there are high predictability (ACC > 0.7) are January lead 12 in the GIN Seas
and February lead 7 for the Barents Sea. The majority of forecasts in the GIN
and Barents Seas for the target months of February and March in the first year
have high predictability. By contrast, the GIN Seas have the lowest summer and
fall predictability of all regions with partial ice coverage; only sporadic significant
predictability is seen for lead times greater than 2 months. Given that the GIN and
Barents Seas see partial ice coverage all year, the seasonality of this predictability
can be most easily compared to the patterns seen in previous studies on the pan-
Arctic. As on the pan-Arctic scale, significant predictability appears for forecasts
with longer lead times for winter target months than summer target months (Holland
et al., 2010; Germe et al., 2014; Day et al., 2016). Robust predictability in the GIN
Seas was also found in CNRM-CM5.1 (Germe et al., 2014) and the other APPOSITE

models (Cruz-Garcia et al., 2019), but was less apparent in the Barents Sea in those
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Figure 3.4: Predictability (top), operational model skill (middle), and the skill differ-
ence (bottom) for the Central Arctic, GIN Seas, Barents Sea, Kara Sea, and Laptev
Sea. Markers (dots and triangles) in the top and middle plots indicate predictability
or skill significant at the 95% confidence level. Triangles in the operational model skill
indicate the forecast has higher skill than an anomaly persistence forecast (Section
2.2.3). Dots in the bottom plots indicate a statistically significant difference in skill
between the predictability and operational forecast skill. Neither predictability nor
skill are calculated for target months where the annual standard deviation of observed
SIE in the region from 1980-2018, or of the control run SIE, is less than 0.8% of the
region’s area. Skill difference plots are outlined in green where the autocorrelation
structures (Figures A.15-A.17) of the model and observations are sufficiently similar
to allow for an assessment of the “skill gap” (Section 3.2.3).

studies.
Although the predictability in the Labrador Sea differs between the present study
and previous studies, it is notable that in all studies the region exhibits a pattern

of predictability distinct from other regions of the same study. In the present study,
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Figure 3.5: As in Figure 3.4 for the East Siberian Sea, Chukchi Sea, Bering Sea, and
Sea of Okhotsk.

forecasts for the Labrador Sea have the highest predictability compared to any other
regions. All but one forecast of January through May out to lead 16 show significant
predictability. Further, almost continuous skillful forecasts are seen for March, April,
and May out to lead 35 with notably high predictability (ACC > 0.7) for April lead
17-19, lead 31 and lead 35 as well as May lead 28. This result is generally different
from those of the July-initialized APPOSITE perfect model experiments which saw
overall low predictability other than high predictability peaks in January and April

which were attributed to sub-polar gyre persistence in the first year and advection of
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Figure 3.6: As in Figure 3.4 for the Beaufort Sea, Hudson Bay, Baffin Bay, and
Labrador Sea.

ocean temperatures in the second year (Cruz-Garcia et al., 2019). When considering
July-initialized forecasts in the present study, however, the annual April target month
predictability peak seen in the APPOSITE models is reproduced as can be seen at
April lead 10 (with predictability increase from March lead 9 and decrease to May
lead 11 in year 1), April lead 22 (with predictability increase from March lead 21 and
decrease to May lead 23 in year 2); and April lead 34 (with predictability increase
from March lead 33 and decrease to May lead 35 in year 3).

As was found on the pan-Arctic scale, the spring predictability barrier is also
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present in the seas nearer to the Pacific as well as the Central Arctic. In the Cen-
tral Arctic, Kara, and East Siberian Seas, the barrier can be seen as a substantial
increase in predictability from the May- to June-initialized forecasts. This sudden
predictability increase is seen between the April- and May-initialized forecasts in the
Laptev and Chukchi Seas and March- and April-initialized forecasts in the Beaufort
Sea. As previously discussed, this result indicates that the spring predictability bar-
rier is inherent in the climate system and explains the limited operational forecast
skill improvement seen with the improved SIT initialization procedure (Dirkson et al.,
2017) in some regions in Chapter 2 — particularly the East Siberian and Chukchi
Seas. Indeed, even for June- and July-initialized forecasts of August, September, and
October, which are relatively high predictability forecasts in most regions, there is
low potential predictability in the East Siberian and Chukchi Seas which is consistent

with the relatively low skill of the operational model for these target months.

3.3.4 Skill Gap Between Perfect and Operational Models

As outlined in Section 3.2.3, for predictability to be used as a benchmark for the op-
erational model, the perfect model must be statistically similar to the observations.
In the present study, as in Bushuk et al. (2018), an assessment of autocorrelation
structure was used to make this determination. This assessment is presented in the
Appendix (Figures A.15-A.17). On the pan-Arctic scale, the assessment of autocor-
relation suggests that CanCM4 predictability overestimates that of the real climate
system. In the Central Arctic, Sea of Okhotsk, Baffin Bay, and the Kara and Labrador
Seas, the perfect model should underestimate the predictability. The GIN and Bar-
ents Seas are notable in that predictability should be overestimated by the perfect
model for lead times greater than lead 11 and underestimated for lead time of 11
months or less (those which are compared against operational forecast skill). Rela-
tive similarity between the autocorrelation structures of the perfect model and the
observations were found in the remaining regions for which the ACC difference or
“skill gap” plots are outlined in green.

In Hudson Bay (a region for which the autocorrelation structure of the model
corresponds well with the observations), the operational model’s skill is close to the
upper limit of predictability as estimated from the perfect model. The Laptev, East
Siberian, and Chukchi Seas, other regions with reasonable autocorrelation agreement

between the model and observations, each show moderate skill gaps. The October
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forecast skill of the operational model in the Laptev Sea in particular shows evidence
of room for improvement. The Bering Sea has the largest skill gap with strong pre-
dictability (ACC > 0.7) seen for the majority of forecasts out to lead 11 not captured
in the operational model’s forecast skill. Finally, while there was strong agreement
between the autocorrelation structure of the Beaufort Sea’s perfect model and ob-
servations, the substantial number of forecasts for which the operational model has
significantly higher skill than the predictability suggests that the perfect model’s skill
may not be entirely representative of the region’s potential predictability. This result
could partially be a consequence of sampling error as will be discussed in Section 3.3.5
and regardless further demonstrates that the comparison of autocorrelation structures
may not be a perfect representation of the similarity of signal-to-noise ratios.
Despite statistical dissimilarity of the autocorrelation structure of the perfect
model and observations, the results for the Labrador Sea still reveals useful infor-
mation. Given that the predictability in the Labrador Sea is likely underestimated,
the “room for improvement”, especially for fall- and winter-initialized forecasts of

April and May, may be even more substantial than indicated.

3.3.5 Comparison to GFDL-FLOR Model

As part of the assessment of the predictability of SIE using the CanCM4 model,
this study also compared those findings against the previous potential predictability
experiment conducted by Bushuk et al. (2018). It is important to first note that
the methodology for picking start years used in Bushuk et al. (2018) resulted in a
high predictability bias and corrective post-processing was used to reduce this bias
in that study. The primary change in the methodology for the present study was
made to avoid this systematic bias. As shown in Figure 3.7, when predictability
is calculated for each of the six initialization years individually, the estimated pre-
dictability generally increases as the magnitude of the initial anomaly increases. This
result corroborates the bias seen in Bushuk et al. (2018) which has been reduced in
the present study through a selection of initialization years for representative of the
climatological SIV distribution.

Overall, the predictability of GFDL-FLOR reported in Bushuk et al. (2018) is
higher than that of CanCM4. This predictability is found on the pan-Arctic scale
as well as in all regions except the Labrador Sea where, as previously discussed,

the predictability of CanCM4 extends throughout the winter months out to lead
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Figure 3.7: Predictability for each individual initialization year from lowest initial STV
anomaly (2312, left) to highest initial SIV anomaly (2332, right). It should be noted
that the magnitude of the anomalies, the larger of which caused the high predictability
bias in Bushuk et al. (2018), increases from the middle two plots outwards.

35 whereas GFDL-FLOR sees sparse predictability after lead 12. The skill of the
operational models is similar in almost all contexts with the exception of the Central
Arctic, GIN Seas, and Sea of Okhotsk where CanCM4 has greater skill and the East
Siberian Sea where GFDL-FLOR has greater operational forecast skill. The findings
with regards to predictability indicate that the SIE is clearly more predictable in
GFDL-FLOR. It is worth noting that given the relative similarity of operational
forecast skill, this high predictability also means that GFDL-FLOR generally has a
larger skill gap. In comparing such skill gaps, however, it should be considered that the
only regions where the autocorrelation structures of the perfect model and detrended
observations were similar in both studies were: the Laptev Sea, East Siberian Sea,
Bering Sea, Beaufort Sea, and Hudson Bay.

Despite the consistently higher predictability of GFDL-FLOR and some differ-
ences in operational forecast skill, similar predictability characteristics can be seen
between the two models. Both CanCM4 and GFDL-FLOR show higher predictability
in the Atlantic sector than in the Pacific sector, in line with the findings of Cruz-Garcia
et al. (2019) regarding the other APPOSITE models. Additionally, the predictability
of several regions in GFDL-FLOR shows clear evidence of a spring predictability bar-
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rier as was also found in the APPOSITE models (Day et al., 2014b). These results
suggest that while the magnitude of predictability is clearly different between these
two models, they may each have similar sources of predictability.

Bushuk et al. (2018) noted that in rare instances, the operational model had higher
skill than predictability for a given target month and lead time and interpreted these
inconsistencies as resulting from sampling errors. Such instances were much more
common in this study and in some cases the differences were quite large (for example
August lead 9 and September lead 10 in the Laptev Sea) or quite common in a specific
region (for example in the Beaufort Sea). While such sampling errors may simply be
more prolific in this study, or more evident due to the high predictability bias in
Bushuk et al. (2018), future comparisons of predictability and operational forecast
skill should monitor for such discrepancies and consider their implications for the

validity of this methodology.

3.4 Conclusion

The potential predictability of Arctic sea ice in CanCM4 was assessed in this study
based on a perfect model experiment. The methodology of Bushuk et al. (2018) was
largely followed with the exception of the process for selecting initialization years
which was altered to reduce the high predictability bias seen in the GFDL-FLOR
study. On the pan-Arctic scale, CanCM4 presented lower predictability than seen
for other models. This finding shows that the low predictability of CanCM4 in the
APPOSITE study (Day et al., 2016) is not the result of methodological differences,
but correctly represents the relatively low predictability of Arctic sea ice in this model
compared to other models. On the regional scale, the predictability of CanCM4 was
below that of GFDL-FLOR (Bushuk et al., 2018) in every region except the Labrador
Sea although the forecast skill of the operational models was broadly similar. In
regions for which the skill gap can be meaningfully assessed (based on statistical
similarity of the perfect model and the observations), there is evidence of large room
for improvement in the Bering Sea and a moderate skill gap in the Laptev, East
Siberian, and Chukchi Seas. The operational model appears to be performing near
the upper bound of predictability in Hudson’s Bay and the Kara Sea.

Several predictability characteristics seen in previous models were also evident in
the predictability of CanCM4. Generally, two lobes of predictability could be seen

in the winter and fall target months where there is partial ice coverage at that time
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with peaks occurring in February or March and October or November respectively.
As was found in previous studies (Koenigk et al., 2008; Holland et al., 2010; Germe
et al., 2014), the predictions of winter target months showed higher predictability and
maintained that predictability at longer lead times. As was found for GFDL-FLOR
(Bushuk et al., 2018) and the other APPOSITE models (Cruz-Garcia et al., 2019),
the regions in the vicinity of the North Atlantic, especially the GIN and Barents
Seas, are substantially more predictable than the regions nearer to the Pacific in
CanCM4. As was seen in GFDL-FLOR, the spring predictability barrier is evident on
the pan-Arctic scale and in several regions in CanCM4 suggesting that this feature is
inherent in the climate system and explains, given the perfect model assumption, why
initialization improvements made by Dirkson et al. (2017) did not completely remove
this phenomenon (Chapter 2). Finally, instances in which the operational model
showed higher skill than predictability were more frequent or larger in magnitude
than those seen in Bushuk et al. (2018). While this result may be in part due to
sampling error in this study, an investigation of the occurrence of such negative skill
gaps in other models would provide an interesting direction of research with regards

to the use of perfect model experiments to assess predictability of sea ice.
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Chapter 4
Conclusions

Motivated by the increased need for operational planning tools in the Arctic, this
thesis assessed the skill of CanSIPS as a seasonal sea ice forecasting system. In
Chapter 2, hindcasting skill was assessed for CanSIPSv1 (Merryfield et al., 2013a)
and CanSIPSv2 (Lin et al., 2020) as well as an intermediate version, CanSIPSv1b,
in order to assess the operational forecast skill of the current system and also to
ascertain features of the new versions which result in an improvement of skill. This
analysis was conducted both on the pan-Arctic scale as well as regionally. In Chapter
3, a perfect model experiment was conducted in order to assess the pan-Arctic and
regional potential predictability of CanCM4, the constituent model common to all
three versions of CanSIPS. The experimental design was based on the experiment
conducted by Bushuk et al. (2018) on the GFDL-FLOR model. With the assumption
that the perfect model skill or predictability provides an upper limit of forecast skill,
a “skill gap” can be quantified by comparing the operational forecast skill of CanCM4
against the potential predictability.

From the analyses of operational skill and potential predictability, several conclu-
sions can be made regarding the seasonal sea ice forecasting skill of CanSIPS. First, it
is clear that CanSIPSv2 has overall greater forecast skill than CanSIPSv1 with most
regions exhibiting a predominance of significant increases over decreases in forecast
skill. The source of this improvement in skill for detrended forecasts (whether it comes
from the improved SIC and SIT initialization developed by Dirkson et al. (2017) or
from the substitution of GEM-NEMO for CanCM3) varies by region. Second, the po-
tential predictability of CanCM4 is relatively low compared to other models such as
those included in the APPOSITE study (Day et al., 2016) and GFDL-FLOR (Bushuk
et al., 2018). Given the relative similarity in operational skill of CanCM4 and GFDL-
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FLOR, the corollary to this finding is that the “skill gap” between the CanCM4
operational model and its potential predictability is much smaller than in GFDL-
FLOR. This apparent lower predictability must be interpreted with the consideration
of the high predictability bias in Bushuk et al. (2018) and the use of only January-
and July-initialized forecasts in previous potential predictability studies. The results
of the present study suggest that there is a substantial inherent lack of predictabil-
ity in seasonal sea ice forecasting, especially in thinner regimes (ie. the summer
months) which will only become more frequent with climate change. Indeed, as both
improvements on several operational forecast systems and climate change continue,
many may be approaching the upper limits of SIE predictability. Finally, it is clear
that despite an overall lower potential predictability, CanCM4 exhibits the same skill
characteristics as many other dynamical seasonal sea ice forecasting models. These
include: higher potential predictability for winter target months than summer target
months (Koenigk et al., 2008; Holland et al., 2010; Germe et al., 2014; Bushuk et al.,
2018), higher potential predictability and operational skill in the Atlantic than Pacific
sector (Sigmond et al., 2016; Bushuk et al., 2017, 2018; Cruz-Garcia et al., 2019), and
the presence of a spring predictability barrier in the potential predictability on the
pan-Arctic scale and in most regions, suggesting that this feature is inherent to the
climate system.

The assessments conducted in the present study provide a foundation for several
avenues of further inquiry. Although thirteen regions of the Arctic were assessed in
both the analysis of operational skill and of potential predictability, the scope of this
analysis did not allow for an in-depth consideration of the processes unique to each
region which affect both of these aspects of predictability. The physical mechanisms
which result in the differences in seasonal and regional predictability could be further
identified through more focused case studies. Such research could also better explain
why modifications such as the improved SIT initialization procedure or change in
constituent models have greater effects in some regions than others.

The perfect predictability study conducted in Chapter 3 represents only the second
use of the methodology introduced by Bushuk et al. (2018). Unique features of this
methodology include the use of six initialization months in each year in order to exam-
ine the seasonality of predictability and the comparison of potential predictability as
represented in the subject model to the operational forecast skill of the same model.
As a result of the nascent status of this methodology in the literature, it is difficult

to fully assess the implications of unexpected results. First, the use of autocorrela-
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tion structures of the perfect model and detrended observations for the assessment of
the similarity of signal-to-noise ratios recommended by Kumar et al. (2014), cautions
against directly comparing the operational skill to potential predictability for half
of the regions studied (including the pan-Arctic scale). This assessment should be
taken as an important caveat, but should not completely discount the comparison of
operational skill to potential predictability. This is particularly true in regions where
predictability is underestimated by the perfect predictability analysis but there is
a large skill gap (such as in the Labrador Sea). It should also be noted that the
autocorrelation structure comparison is not a perfect representation of the similar-
ity of signal-to-noise ratios of the perfect model and climate system. Finally, the
presence of numerous target month and lead time pairs for which the operational
model had higher skill than the predictability could be simply the result of sampling
errors. It is worth noting that potential predictability experiments studying Indo-
Pacific sea surface temperatures (Newman and Sardeshmukh, 2017) and the North
Atlantic Oscillation (Weisheimer et al., 2019) have seen similar occurrences of actual
skill exceeding potential predictability. Given the occurrence of such features in both
studies to date which have used the methodology these instances of a negative “skill
gap” warrant further analysis that will be possible when this methodology is used on
other CGCMs.

These results show that CanSIPSv2 is as skillful as other current operational
models at forecasting seasonal sea ice conditions. Further, the system’s forecast skill
varies both geographically and seasonally in similar ways to comparable operational
modelling systems. The analysis here does suggest, however, that one of CanSIPS’
constituent models represents the climate system’s sea ice as less predictable than in
other CGCM-based systems. The importance of proper SIC and SIT initialization as
well as the benefits of an effective combination of models in a multi-model system,
as shown in Chapter 2, should be considered in future efforts to improve seasonal
sea ice forecasting. Those efforts should also be informed by an understanding of the
inherent unpredictability of Arctic sea ice especially in thinner regimes as depicted
by the potential predictability experiment described in Chapter 3. From CanSIPSv1
to CanSIPSv2, significant improvements in seasonal sea ice forecast skill have been
achieved. Further developments currently underway will likely bring this operational

model closer to the maximum achievable skill of a dynamical model.
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Appendix A

Additional Information

A.1 Differences in Detrending Methods

Linear Detrending

1980 - 2018

CanSIPSv2 - CanSIPSvl
-
A & & s

- -« a

qgoe~menema oo

(suauow) pea

oo
g%

CanSIPSv2

TR EEEEE)

(sujuow) pea

CanSIPSvl

(suyuow) pea]

Jequadag
1aquanoy
1290150
Jaquizidss
1snbry
Aol

aun

Kew

judy
yren
fuenugay
fuenue|

Jaquadag
1aquianoy
1890150
Jaquizidas
1snbny

Target Month

Target Month

Target Month

CanSIPSv2 - CanSIPSvl

CanSIPSv2

CanSIPSvl

.
qgoe~menemano

(suauow) pea]

P R Y
(suuow) pea

N o=
@ 4 N9 e o
T

s

-
TR EEEEE)

(suyuow) pea]

Iequadeg
1aquianoy
124010
Jaquizidss
1snbry
Aol

aunl

Kew

judy
yrew
Auernugay
fuenuef

Jaquiadeg
JaquISAoN
1890120
JBquiadss

yaew
Aenigady
Auenue|

Jaquadag
1aquianoy
1890120
Jaquizidas
1snbny

Target Month

Target Month

Target Month

This Study’s Detrending

1980 - 2018
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in this study shown for the assessments of pan-Arctic SIE forecast skill
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A.2 Regional Operational Skill with Difference Plots
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Figure A.8: Operational skill of CanSIPS in the Chukchi Sea.
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Figure A.10: Operational skill of CanSIPS in the Sea of Okhotsk.
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Figure A.11: Operational skill of CanSIPS in the Beaufort Sea.
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Figure A.12: Operational skill of CanSIPS in Hudson Bay.
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Figure A.13: Operational skill of CanSIPS in Baffin Bay.
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Figure A.14: Operational skill of CanSIPS in the Labrador Sea.
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A.3 Regional Autocorrelation Comparisons
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Figure A.15:

observations for the Central Arctic, GIN Seas, Barents Sea, Kara Sea, and Laptev Sea.

Dots indicate autocorrelation significant at the 95% confidence level. Autocorrelation
is not calculated for target months where the annual standard deviation of observed

SIE in the region from 1980-2018, or of the control run SIE, is less than 0.8% of the
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