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Abstract

As global temperatures continue to rise, snowfall patterns are expected to respond in a

complex, nonlinear manner. Changes in the quantity of snowmelt-derived freshwater will im-

pact global water-energy budgets, flood frequencies and intensities, and regional water resource

management practices. Remote sensing is an observational alternative to poorly constrained

reanalysis-derived estimates of snow water equivalent (SWE) across Arctic regions. We present

an outlier detection methodology which leverages remote sensing data from CloudSat to con-

strain reanalysis product estimates of SWE. This analysis highlights areas and periods of high

uncertainty in the gridded reanalysis datasets, and identifies a systematic positive SWE bias (of

14.9%) in a blended reanalysis product as a consequence of these low-quality estimates.

The ability to use remotely sensed observations to characterize error in surface SWE estimates

is incredibly powerful, however, remote sensing datasets are not without their own sources of

uncertainty. This work also, therefore, examines the capabilities of a machine learning snowfall

retrieval algorithm trained on vertically pointing surface radar data at a Global Precipitation

Measurement (GPM) validation experiment site in southern Ontario. Random forest (RF) retrieval

performance is compared to an ensemble of traditional /4 � ( power law relationships, with the

RF consistently displaying the lowest overall error. The RF also demonstrates a level of robustness

not present in the power law relations, with low error when applied to unseen observations from

a study site with a different regional climate.

We further extend this methodology to a general machine learning precipitation retrieval

across the wider northern hemisphere (NH) using additional input covariates, data from multiple

sites over a longer time period, and by adopting a more sophisticated deep learning paradigm.
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The DeepPrecip retrieval algorithm displays a 187% improvement in snowfall retrieval accuracy

when compared to traditional /4 � (�’ power law relationships, and a 21% improvement over

the aforementioned RF. The highly generalized nature of DeepPrecip facilitates its application to

unseen data with only a small performance reduction. DeepPrecip also provides insight into the

regions of the vertical column (below 1 km and between 1�5�2 km) most effective in contributing

to high retrieval accuracy, highlighting the important role of ML in current and future spaceborne

remote sensing precipitation missions.

Keywords: machine learning, remote sensing, snowfall, precipitation, radar, CloudSat, snow

water equivalent, snow accumulation, neural network
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Chapter 1

Introduction

1.1 Background

Anthropogenic climate change has led to irreversible impacts to the Arctic, as natural processes

and human systems are bent beyond their ability to adapt and keep pace with warming global

temperatures (Cassotta et al., 2022; Brown et al., 2017). Arctic air temperatures have increased by

more than double that of the global mean, with winter temperatures now 6° C higher than 1981-

2010 averages due to increases in atmospheric greenhouse gas concentrations (Nummelin et al.,

2017). This extreme regional warming (also known as Arctic ampli�cation), is a phenomenon

which threatens to substantially impact the daily lives of high latitude communities and their

surrounding ecosystems (Cohen et al., 2014; Tei et al., 2017). Increases in surface air temperature

are tightly coupled to many other systems within the terrestrial cryosphere, including a higher

frequency of wild�res, permafrost degradation, increased river discharge, higher surface runo�

intensity, and changes to snow and ice quantities (Fig. 1.1) (Troy et al., 2012; Schuur et al.,

2015; Kasischke and Turetsky, 2006). Changes in one or more components of this system can
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trigger positive feedback loops (e.g. snow albedo feedback), where increased warming facilitates

additional changes within the system (e.g. more losses to snow cover), which in turn contributes to

further warming (Thackeray and Fletcher, 2016). Understanding how these systems are changing

throughout the cryosphere is therefore of critical importance in the adaptation and mitigation of

climate change.

Figure 1.1:Land surface components of the Arcticincluding 1) permafrost; 2) surface ice; 3)
river discharge; 4) surface thawing; 5) sitting water; 6) wild�re; 7) tundra; 8) low-lying shrubs;
9) boreal forest; 10) lake ice; and 11) seasonal snow (Cassotta et al., 2022).

Snowfall and surface snow water equivalent (SWE) quantities are tightly coupled climate vari-

ables of hydrologic signi�cance in the cryosphere. Both variables are integral, linked components
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of the global water and energy cycle with signi�cant impacts to regional freshwater availability

and ecosystem sustainability (Musselman et al., 2021; Etchevers et al., 2017; Gray and Landine,

2011; P•ortner et al., 2019). The majority of people living in the northern hemisphere (NH)

receive a substantial quantity of annual precipitation in the form of snowfall, including, even,

southern regions like California which are typically thought of as being snow-free (Fig. 1.2)

(Sturm et al., 2017). Over a sixth of the world's population relies on freshwater produced from

snowmelt for general consumption and horticultural purposes, with many more areas relying on

snowmelt as a primary energy source (Sturm et al., 2017). The �nancial implications stemming

from climate change reductions in snow cover extent (SCE) to the outdoor recreational industry

and agricultural sector are astounding, as losses are anticipated to be in thetrillions, not billions,

of dollars over the next several decades (Euskirchen et al., 2013).

Figure 1.2: Percentage of total NH precipitation falling as snowcalculated for the period
2000-2010 from ERA-Interim (Sturm et al., 2017).
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However, increased Arctic air temperatures do not necessarily coincide with less snow

throughout the region, as interactions with precipitation result in complex, nonlinear changes to

snow quantity, duration and extent (Cassotta et al., 2022; Liston and Hiemstra, 2011; Trenberth,

2011). The 2017 Snow, Water, Ice and Permafrost in the Arctic (SWIPA) project demonstrate

that Community Model Intercomparison Project 5 (CMIP5) projections (forced using an RCP8.5

emission scenario) display increases in maximum snow water equivalent ((, � <0G) of 15� 30%

in high Arctic regions over the next 50 years, driven by a moisture-rich atmosphere combined

with continued cold temperatures to facilitate increased snowfall (Fig. 1.3.a) (Brown et al., 2017).

Changes in snow depth (SD) over North America (NA) are not as clearly de�ned as(, � <0Gand

do not appear statistically signi�cant (Vincent et al., 2015). Under the same CMIP5 scenario,

SWIPA also notes that the total number of snow cover days (SCD) are expected to decrease by

10� 20% across the Arctic by 2090 (Fig. 1.3.b). Pan-Arctic multi-dataset analyses of springtime

SCE have also shown negative trends of 14� 46% over recent decades (with similar decreases

over summer), further highlighting the extreme changes occurring throughout the region (Brown

et al., 2010; Mudryk et al., 2017). The magnitude of these changes also depends greatly on

the forcing scenario used, with substantial di�erences in(, � <0G, SD, SCE and SCD projected

changes between RCP2.6 and RCP8.5 scenarios (Brown et al., 2017; Cassotta et al., 2022).

New in situ campaigns, improvements to climate model resolution and representation of

subgrid-scale processes, and large remote sensing data repositories from continuously orbiting

Earth-observing satellites (now regularly measured in petabytes) have been invaluable resources

for enhancing our current understanding of changing snow trends (Guo et al., 2017). However, due

to the high variability in snowfall occurrence, sublimation e�ects, blowing snow, and the complex

microphysical properties of frozen hydrometeors, large uncertainties still remain (Skofronick-
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Figure 1.3:Projected relative change in percent Arctic SWE and SCD to 1986-2005 averages.
a) CMIP5 (16 ensemble members under RCP8.5 forcing scenario) seasonal projected relative
changes in SWE (%) by 2090; andb) the same ina) but for changes in total annual SCD. Each
colored line represents a di�erent percentile level from the ensemble (Brown et al., 2017).

Jackson et al., 2019; Sturm and Stuefer, 2013; Anderton et al., 2004). Shrinking the magnitude

of the aforementioned snow trend ranges, and reducing uncertainties in future projections, are

critically important steps towards preparing for and mitigating climate change driven disasters in

the coming decades (Sturm et al., 2017). In the following sections, we will review the strengths

and limitations of commonly used techniques for measuring snow accumulation over vast, remote

regions.

1.1.1 Snow accumulation estimation systems

In situ measurements

Measurements taken in place (in situ) are typically considered as some of the highest quality

observations for monitoring changes in snow accumulation (Doesken and Robinson, 2009).
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Accumulation is measured as the change in depth of fresh snow falling to the surface over a

given region in terms of its snow water equivalent (SWE) (Groisman and Davies, 2001). The

SWE content of a snowpack at a point8is de�ned as(, � 8= d8� (� 8, whered is the snowpack

density in kg m3 and(� is the snow depth in mm. In situ SWE monitoring techniques typically

involve either snow gauge instrumentation at a single point (e.g. Pluvio/Geonor gauges) or from

performing multiple manual snow survey measurements from a sampling device like the Federal

Snow Sampler (FSS) or the Environment Canada ESC30 (Egli et al., 2009; Kinar and Pomeroy,

2015; Brown and Mote, 2009). King et al. (2022c) have also demonstrated the e�ectiveness of

using the built-in Light Detection and Ranging (LiDAR) modules on consumer smartphones to

map the spatial variability of snow depth, however these methods have not yet been validated on

larger, km-scale measurement campaigns.

The high temporal sampling frequency of in situ snowfall gauges allows for detailed moni-

toring of accumulation at minute-scale resolution (King and Fletcher, 2019; Saha et al., 2021).

This high sampling frequency facilitates analyses of short-duration snowfall events and provides

detailed insights into the evolution of synoptic storms. However, the cost of installing and main-

taining such equipment often results in a sparsely distributed measurement network (Doesken

and Robinson, 2009). This observational sparsity is especially notable in Canada, with less than

1% of all Canadian gauges currently operating in Arctic regions above 70° North (Mekis et al.,

2018). Undercatch is another issue which contributes to additional uncertainty in gauge estimates

(Fassnacht, 2004). During periods of strong winds, a substantial percentage of frozen hydrome-

teors can be carried over and away from the gauge top ori�ce, leading to an underestimation of

the true accumulation value by upwards of 100% depending on the wind shielding techniques

being employed (Skofronick-Jackson et al., 2017; Kochendorfer et al., 2022). Transfer functions
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can be applied to account for this underestimation, however these functions are closely coupled

to the atmospheric conditions in which they are derived and therefore do not generalize well to

new regional climates (Colli et al., 2020).

Figure 1.4: Weather station locations across Canada. All 1735 Environment and Climate
Change Canada (ECCC) and partner surface weather station locations (as of 2016) within Canada's
Surface Weather and Climate monitoring Network (SWCN) (Mekis et al., 2018).

Manual measurements do not su�er from the same sets of problems as in situ gauges, as these

observations are performed by hand using trained �eld technicians (Doesken and Robinson, 2009).

This is a labour-intensive process typically performed at various points across an observation site

(ranging from a few hundred meters to a km in scale) over multiple days, which provides detailed

snapshots in time of accumulated snowfall (Dyer and Mote, 2006). As a consequence of using �eld

technicians, the temporal frequency of observations gathered from these measurement campaigns

is much lower than that of weather gauges (Kinar and Pomeroy, 2015). Further, observations
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are also prone to human observer bias and uncertainty from performing the measurement by eye

(Brown and Mote, 2009). The limited length of measurement campaigns (ranging from a few days

to weeks at a time), facilitates large temporal gaps in manual observation networks. Accumulated

snowfall must therefore be estimated using ancillary methods during these gap periods.

Reanalyses and climate models

Reanalysis systems are popular methods for �lling spatiotemporal gaps in snow observations

recorded using in situ techniques. These systems use historical assimilated observations to con-

strain numerical models which can then simulate land surface, ocean and atmospheric interactions

which, in turn, drive the global climate (Hurrell et al., 2013; Dee et al., 2011; Sun et al., 2004).

The data assimilation portion of this process can be performed in a variety of di�erent ways of

varying complexity (e.g. sequential continuous, non-sequential intermittent), with the goal of

bringing model estimates closer to reality, and producing a more reliable estimator (Hersbach

et al., 2020; Gelaro et al., 2017; Navon, 2009). With complete spatial coverage, these systems

provide a wealth of information which can be used to advance our understanding of changing snow

patterns (Derksen and Brown, 2012; Rienecker et al., 2011; Dee et al., 2011; Du�y et al., 2021).

However, due to the requisite historical data for constraining the numerical model, reanalysis

systems are unable to estimate projected future changes in snow accumulation.

When unconstrained by historical data, climate models forced with potential future climate

scenarios (e.g. possible future pathways describing global emissions of greenhouse gases) are

able to forecast anticipated changes in snow accumulation under di�erent emerging climates

(Cassotta et al., 2022; Brown et al., 2017). The predictive capacity of climate models allows for
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planning to begin earlier (or to initiate social programs in time) to mitigate issues arising from

warming global temperatures (Forster et al., 2020; Bonan, 2008). Physically-based fully-coupled

climate models with multiple component modules (Fig. 1.5) are able to simulate many of the

natural processes occurring between land, ocean and atmosphere in order to capture emergent

climate responses which are more challenging to model using conceptual models (at the cost of

being signi�cantly more computationally expensive) (Danabasoglu et al., 2020; Hurrell et al.,

2013). However, climate models su�er from biases and uncertainties in their assumptions and

internal parameterizations which can propagate through to their estimates of snow accumulation

(Meehl et al., 2000; Mullan et al., 2017; Cassotta et al., 2022).

Figure 1.5:Diagram of the Community Earth System Model version 2 (CESM-2) component
modules and coupling mechanism(Danabasoglu et al., 2020).

Reanalysis systems are beholden to their own set of internal assumptions, biases in assimilated

data, and uncertainties stemming from simpli�ed empirical relationships which represent impor-

tant sub grid-scale processes like convection and precipitation (Lange et al., 2015; Franzke et al.,

2015; Stone and Risbey, 1990). While the vast majority of reanalysis systems display increases

in Arctic precipitation in recent decades, there remains high uncertainty regarding the magnitude
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of this trend, as these products often demonstrate an inability to close the Arctic freshwater

budget (Lindsay et al., 2014). A similar trend is also noted in reanalysis snow water mass (SWM)

estimates, with individual Arctic reanalysis systems displaying large inter-product spread in their

climatological means and anomalies, as shown in Fig. 1.6 (Mudryk et al., 2015). Comparisons

of long-term (1891-2014) global precipitation trends from CMIP5 and CMIP6 show that the

multi-model mean closely matches observed precipitation trends, however this is with a large

spread in individual models within the ensemble (Vicente-Serrano et al., 2022). Additionally,

large uncertainties in snowfall trends remain a problem at the regional scale due to the strong

interannual variability of precipitation (Cassotta et al., 2022).

Figure 1.6:NH SWM di�erences between �ve gridded snow model and reanalysis products
(G2: GLDAS-2, E: ERA-Interim/Land, M: MERRA, GS: GlobSnow, C: Crocus) . a)
Climatological SWM estimates from each gridded product (along with the multidataset mean)
from 1981-2010; andb) Di�erences from the multi-dataset mean in each product's estimate of
SWM for various seasons and regions (Mudryk et al., 2015).
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Remote sensing retrievals

Satellite-based remote sensing instruments are an alternative method for �lling in situ obser-

vational gaps using radar retrieval algorithms with near global coverage (Dietz et al., 2012;

Skofronick-Jackson et al., 2019; Stephens et al., 2018; King and Fletcher, 2021). Instead of

directly observing surface SWE quantities, radar instrument estimates of snowfall are derived,

which are then linked to snow accumulation. Retrievals from radar systems like CloudSat's

cloud pro�ling radar (CPR) or the Global Precipitation Measurement (GPM) core satellite's

Dual-frequency precipitation radar (DPR) measure the intensity of backscattered energy from

Rayleigh scattering interactions with falling snow particles in the atmosphere (Im et al., 2001;

Skofronick-Jackson et al., 2019). In order to relate this backscattered energy (G) to a speci�c

climatic variable like snowfall ( ^H), additional information about the atmospheric state at the time

of measurement (̂1) like the particle size, shape, density or fallspeed is required (Wood and

L'Ecuyer, 2021). More formally, this type of Bayesian retrieval is called Optimal Estimation

(OE). OE allows for a priori information to be explicitly included in the retrieval (Eq. 1.1) where

the forward model� transforms a set of inputsGand additional state variableŝ1 into a snowfall

estimateĤwith n representing the total uncertainty, error and noise from all sources (Maahn

et al., 2020). The resulting snowfall estimates can then be used to produce spatially-complete,

gridded snowfall datasets over vast, remote Arctic regions as shown in Figure 1.7 produced using

CloudSat's 2C-SNOW-PROFILE (Kulie and Milani, 2018).

Ĥ= � ¹G–̂1º ¸ n (1.1)

A consequence of physically-based retrievals is that the accuracy of the snowfall estimate
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Figure 1.7: Gridded NH CloudSat snowfall estimates from 2006-2010. a) Mean annual
cumuliform snowfall rate; andb) mean annual fraction of total snowfall attributed as cumuliform
snowfall (Kulie and Milani, 2018).

is closely tied to the ability in which the OE algorithm can minimize a loss function and �nd

a maximal probability density function (PDF) based on an assumed atmospheric state (Maahn

et al., 2020). Knowledge gaps in a priori databases of observed particle microphysics for said

assumed state will directly propagate through the forward model inversion of the retrieval process

to produce an estimate of snowfall with high uncertainty (Wood et al., 2015; Chase et al., 2020;

Souverijns et al., 2017; Sun et al., 2011). Recent work by Wellmann et al. (2020) suggests that

two thirds of the precipitation variance for graupel and hail comes from uncertainties in micro-

physical properties like particle fallspeed. Gilmore et al. (2004) present similar sensitivities to

microphysical assumptions, with surface accumulation estimates of solid precipitation varying by

a factor of 3 to 4 based on changes to assumed particle density parameterizations. New validation

campaigns (e.g. the Canadian CloudSat/CALIPSO Validation Programme (C3VP), GPM Cold
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Season Precipitation Experiment (GCPEx), and the International Collaborative Experiments for

Pyeongchang 2018 Olympic and Paralympic Winter Games (ICE-POP)) are increasing the size

and quality of current a priori knowledge databases of hydrometeor particle microphysics under

di�erent regional climates, however large knowledge gaps still remain (Petersen et al., 2007;

Skofronick-Jackson et al., 2015; Kim et al., 2021).

Recently, researchers have begun to turn their attention towards statistical models to �ll these

knowledge gaps and reduce the reliance of current retrievals on tightly coupled microphysical

assumptions (Wellmann et al., 2020; Besic et al., 2016). In particular, machine learning (ML)

algorithms have become popular tools in precipitation research as they greatly bene�t from the

large databases of available remote sensing observations to extract complex, emergent relation-

ships between multiple climate variable inputs (Reichstein et al., 2019; Chen et al., 2020a; Chase

et al., 2021). Further, new satellite launches combined with continued monitoring from current

spaceborne and surface radar missions has led to an explosion in the growth of available remote

sensing data (on the order of hundreds of terabytes per day), which can be used as extensive

training datasets for these models (Agapiou, 2017; Guo et al., 2017).

1.1.2 Machine learning retrievals

Machine learning attempts to simulate human intelligence by learning from a set of input contexts

without an explicit set of instructions (El Naqa and Murphy, 2015). The resulting nonlinear

models created through this process are capable of learning complex relationships without an

understanding of the underlying physical properties of the system (Burke et al., 2020; Li et al.,

2020; Mao and Sorteberg, 2020). In general, ML is de�ned as a collection of empirical techniques
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which �t a series of internal model parameters using a training set of observations to optimize some

prede�ned loss (or cost) function (Chase et al., 2022). The size and complexity of these models

have evolved over time, facilitating the ability of increasingly sophisticated model architectures

to discover previously unknown, intricate structures in large databases, and to uncover novel data

representations through multiple levels of abstraction (LeCun et al., 2015).

Machine learning in the Geosciences has become increasingly popular over the last decade

(Fig. 1.8), yet the origins of this relationship traces back to nearly 60 years ago (Davenport and

Di�enbaugh, 2021). Decision trees, Markov chains and k-means clustering have been widely

used in the Geosciences since the mid-1960s for a variety of environmental safety and energy-

related applications (Krumbein and Dacey, 1969; Newendorp, 1976). Only recently has the

incredible quantity of remote sensing data combined with technological advancements in cloud

computing resources (e.g. Google Cloud, Amazon Web Systems, Microsoft Azure, Graphcore),

and powerful machine learning libraries (e.g. scikit-learn, Keras, PyTorch, Tensor
ow) allowed

for ML-based algorithms to truly 
ourish in this �eld (Zhang et al., 2016; Shen, 2018; Karpatne

et al., 2019).

Unlike the OE snowfall retrieval methods introduced in Section 1.1.1, as empirical models,

ML-based retrievals are not constrained by a priori assumptions of underlying hydrometeor

microphysics. This does not imply that ML-based models do not have their own set of statistical

assumptions about the training data (conditions of independence, normality, multicollinearity,

autocorrelation and equal variance must still be considered), however these assumptions are

generally less restrictive than those required for OE retrievals (Karniadakis et al., 2021). While less

sophisticated statistical models like linear regression (LR) are often favoured over more complex

ML methods due to their simplicity and interoperability, the nonlinear nature of ML allows for
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Figure 1.8: Bibliometric analysis of 242 ML papers published in the Geosciences over 30
years (sorted by publication year)(Dramsch, 2020).

models to be developed which can capture increasingly complex, and desirable, behaviours in

precipitation (i.e. seasonality and spatial variability); response signals which are typically lost

when relying solely on linear methods (Holte, 1993; Maahn et al., 2020; King et al., 2020). This

process of combining remote sensing data and ML has led to many new advancements in our

understanding of global precipitation occurrence and intensity (Chen et al., 2020a; Shi et al.,

2015; Ehsani et al., 2021; Adhikari et al., 2020b; Chase et al., 2021).

The catalogue of widely-available ML methods is vast, and selecting the optimal method for a

project strongly depends on the problem context (Chase et al., 2022). The timeline in Figure 1.9

depicts a subset of popular ML algorithm milestones since the inception of the �eld in the 1950s.

As the work described in this thesis is focused on predictions of precipitation using radar data

and collocated in situ measurements, a supervised ML paradigm is applied wherein the training
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data is partitioned into a set of predictors (i.e. input covariates) and a response (i.e. what the

model is learning to predict). For continuous variables like precipitation, thinking of this as a

classi�cation problem would be inappropriate, as there are an in�nite number of possible classes

to be predicted. Therefore, regression-based ML is performed herein to obtain a numerical output

representing a surface precipitation rate (Breiman, 2017).

Figure 1.9:Timeline of notable milestone in machine learning (1960-2020)(Dramsch, 2019).

There exist many supervised, regression-based ML models of varying complexity which

could be appropriate for this type of problem. Support vector machines (SVM), for instance, are

a mathematically similar method to LR which de�nes a linear boundary in the form of Eq. 1.2

Ĥ= F ) � Ģ 1 (1.2)

to perform predictions withF as the weight vector,Gcontaining the input covariates,1 as

the bias term and ^Has the predicted output (Vapnik, 1963). Note the similarity between Eq. 1.2

and LR (i.e. H= < � Ģ 1), along with the fact that this general structure of weights and biases

is also a key component of more sophisticated ML model like neural networks (NN) (Huang

et al., 2006). However, unlike LR, the SVM is able to model much more complex, nonlinear
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relationships in the data. Decision tree (DT) methods are another common ML technique which

operate by making a cascade of choices through a 
ow chart-like data structure (Fig. 1.10) (Ali

et al., 2012). Combining multiple DTs together forms another tree-based ML model known as a

random forest (RF). Constructed from many individual trees, the RF is a much more robust model

than any single DT. At the core of the RF algorithm is the concept of bagging (or bootstrapped

aggregation). Bagging is an ensemble learning process which randomly samples the training data

with replacement (i.e. bootstrapping) to generate multiple independently trained DTs which are

then averaged together (i.e. aggregation) to yield a less variable and more robust estimate of the

response variable being predicted (Breiman, 2001; Prasad et al., 2006).

Figure 1.10:Schematic of an example decision tree with three predictors (G1–G2 and G3) and
seven leaves (' 1 � � � ' 7) with a maximum depth of 3 (Akbari et al., 2021).

On the other end of the complexity spectrum to LR methods are neural networks. These

models are composed of a network of interconnected processing nodes (i.e. neurons), each of
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which receives an input signal, multiplies that signal by some weightF, adds a bias1 term

and applies an activation function (e.g. linear, sigmoid, tanh) to produce a signal sent to the

next connected neuron in the network (Schmidhuber, 2015). Network learning is performed by

incrementally updating internal model weight and bias parameters through a stochastic gradient

descent optimization scheme to minimize a prede�ned loss function and in turn, teach the NN

to behave in a desirable manner (e.g. driving a car, identifying a cat, or predicting snowfall)

(Amari, 1993). The overall complexity of these networks is highly dependent on whether shallow

learning (one neuron layer) or deep learning (many neuron layers) is being performed (Uzair and

Jamil, 2020).

ML models like the RF have been used in King et al. (2020) and Zahmatkesh et al. (2019) for

bias correcting precipitation data in NA (improvements in RMSE of 86%), in Wolfe and Snider

(2012) for predicting precipitation extremes (with up to 90% accuracy), and in Das et al. (2017)

for general precipitation retrievals. Neural network architectures and deep learning methods

have also shown promise in precipitation retrieval algorithms by taking advantage of the vast

database of available remote sensing observations. For instance, the Precipitation Estimation

from Remotely Sensed Information using Arti�cial Neural Networks (PERSIANN) is a daily,

gridded precipitation product (at 0.25 degrees) developed by the University of California Irvine

Center for Hydrometeorology and Remote Sensing (CHRS) which uses GridSat-B1 infrared

satellite data as an input to an NN in order to produce high resolution long-term estimates of

precipitation (Ashouri et al., 2015). Recently, the use of convolutional neural networks (CNNs)

have also demonstrated e�ectiveness in precipitation estimation by identifying and extracting

relevant features from the remote sensing input data to more accurately identify precipitating

storm layers (Xue et al., 2021; Pan et al., 2019).
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While ML-based models have contributed to advancements in the prediction of rain over the

past decade, current literature related to snowfall prediction using radar remains limited due to

the challenging variable density and non-spherical shape of frozen hydrometeors (Liu, 2020).

Further, the majority of ML-based precipitation models assimilate passive remote sensing data

(i.e. horizontally-structured data) and do not consider the vertical pro�le to capture di�erent

precipitating cloud layers. Recent advancements using surface radar data as training inputs to

machine learning models during periods of snowfall have further demonstrated the important

role of ML in precipitation retrievals (Chen et al., 2020a). However, accurate precipitation

phase discrimination remains a substantial challenge (Casellas Masana, 2022). The strengths and

limitations of vertically-structured snowfall retrievals will be examined in detail in chapters 3 and

4 using a variety of ML-based approaches and remote sensing datasets.

1.2 Research Motivation

As Arctic air temperatures continue to rise, investigations of new methods for snow estimation

are becoming critically important topics with far-reaching impacts to the wider Geosciences. As

previously discussed, the micro and macro-scale impacts of rapid nonlinear changes in SWE

quantities across the Arctic are anticipated to produce knock-on e�ects to global water-energy

budgets which will impact billions of people in the coming decades. The ability to mitigate the

resulting damages from these changes begins with high quality, observationally-derived estimates

of snow accumulation. While southern hemisphere (SH) snowfall studies are also important,

improved satellite data sampling over the NH combined with better spatiotemporal coverage from

terrestrial weather stations and in situ measurement networks concentrates our research in this
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work on the NH. Therefore, the focus of this thesis is to evaluate the accuracy of current NH

SWE products using remote sensing techniques, and to identify new methods for low uncertainty

retrievals of snowfall using machine learning.

The motivation behind chapter 2 focuses on the former of these two issues. The large

spread in SWE from state-of-the-art gridded snow products over much of the Arctic suggests

high uncertainty in any individual product's general accuracy (Mudryk et al., 2015). Reanalysis

and model predictions throughout this region heavily rely on in situ observational networks for

constraining their estimates, however the sparsely distributed Arctic in situ network contains

large, unobserved gaps (Mekis et al., 2018). Spaceborne, remote sensing observations from

the NASA CloudSat-CPR's 2C-SNOW-PROFILE provide an observation-based set of snowfall

estimates that can be used for independent comparative analyses. CloudSat's polar orbit results in

high-frequency sampling (up to daily sampling at high latitudes) and has demonstrated good skill

in estimating surface accumulation from snowfall measurements at monthly timescales (King and

Fletcher, 2020). This chapter (King and Fletcher, 2021) therefore seeks to develop a methodology

which can be used to objectively 
ag periods and regions within gridded SWE products which

display poor data quality in order to enhance our understanding of snow accumulation across

Arctic regions.

Following our evaluation of gridded SWE products using remote sensing, chapter 3 intro-

duces a nascent ML-based retrieval to compare against traditional re
ectivity (/ 4) snowfall (( )

relationships./ 4 � ( power law relations (i.e./ 4 = 0� ( 1) have been used for decades to estimate

surface snowfall from atmospheric backscatter (Hiley et al., 2011). Deriving appropriate values

for 0 and1 in this formula is challenging, as these variables are related to various hydrometer

microphysical properties (i.e. shape, size, distribution, fallspeed and density) and therefore many
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unique relationships exist (e.g. Fig. 1.11). The speci�c combination of microphysical properties

used in the derivation of the/ 4 � ( relationship results in a power law that is non-robust to new

regional climates (i.e. where these properties may vary). In chapter 3 (King et al., 2022a),

we examine the role of machine learning methods (which are not beholden to the same sets of

microphysical assumptions) in retrieving surface snowfall estimates when trained using remote

sensing data.

Figure 1.11:An ensemble of/ 4 � ( relationships from di�erent studies . Each color represents
a unique/ 4 � ( relation for non-spherical ice particles from Hong (2007), Kim et al. (2007) and
Liu (2008b) at multiple temperature thresholds (Hiley et al., 2011).

Chapter 4 (King et al., 2022b) builds on the ML-based retrieval from chapter 3, expanding

the scope of the method to use additional data from multiple sites. In order to combat the
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non-robust nature of radar-based retrievals, it is important to develop the model in a manner

which can handle di�erent precipitation regimes at various locations and times of the year. Deep

learning methods have demonstrated skill in extracting relevant features from inputs that are not

immediately recognizable by humans (Jogin et al., 2018). Further, deep learning excels when

working on problems with large quantities of data (Chen and Lin, 2014). This �nal chapter

therefore attempts to produce a phase-agnostic precipitation retrieval using surface radar data

from multiple locations, and compares the accuracy of said model against traditional/ 4 � ( • '

relationships as well as the RF model from chapter 3.

1.3 Research Objectives

The goal of this work is to improve our understanding of NH snow accumulation by evaluating

the robustness and uncertainty of SWE products and snowfall retrieval methods using remote

sensing observations and machine learning. This work also highlights the important role of

machine learning in remote sensing retrievals of snowfall for future spaceborne precipitation

measurement missions. We therefore aim to answer the following research questions over each

subsequent chapter:

1. How can remote sensing observations be used to quantify and reduce uncertainties in

current snow water equivalent reanalysis products?

2. What surface snowfall retrieval accuracy can be achieved using a supervised, machine

learning algorithm when trained on surface radar observations?
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3. Can we generalize the ML model from the previous question to new regional climates

using additional inputs and deep learning techniques? What additional information can

this model supply with respect to vertical column feature importances?

1.4 Thesis Structure

This thesis is separated into 5 primary chapters. Chapter 1 (the introduction) provides a literature

review of the current state of the snowfall research in Arctic regions. Descriptions of current

observational methods, climate model estimates and remote sensing techniques are also provided,

followed by a review of the increasingly relevant role of machine learning in this �eld in recent

years. The body of this thesis is contained within chapters 2-4, each comprised of a published

manuscript produced over the course of my PhD. Chapter 2 (King and Fletcher, 2021) de�nes

a novel approach for constraining current gridded SWE products using CloudSat-CPR snowfall

observations. Chapter 3 (King et al., 2022a) introduces a nascent method of snowfall retrieval

using a random forest model trained on surface radar data (X-band) from a site in southern

Ontario, Canada. Finally, in chapter 4 (King et al., 2022b) we develop a deep learning, phase-

agnostic precipitation retrieval from surface radar (K-band) at multiple sites across the northern

hemisphere. Thesis �ndings are summarized in chapter 5 (conclusions), followed by a discussion

regarding the main limitations encountered in this work and suggestions for relevant future studies.
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Chapter 2

Using CloudSat-derived snow

accumulation estimates to constrain

gridded snow water equivalent products

2.1 Overview

Changes in the quantity of terrestrial Arctic snow have far-reaching implications for the global

water-energy budget, ecosystem development and cold region 
ooding. Snow water equivalent

(SWE) is a useful metric for monitoring these changes, however only a sparse observing network is

available in the Arctic. Space-based remote sensing o�ers the potential to �ll these measurement

gaps, and the CloudSat cloud pro�ling radar (CPR) has been shown to provide high-quality

estimates of surface snowfall rates across the Arctic. We propose a novel method to leverage
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monthly information from CloudSat to identify data quality issues in the Blended-4 gridded SWE

product. A regression of estimated monthly mean snow accumulation between CloudSat and

B4 provides a con�dence interval to objectively 
ag individual months in B4 with data quality

issues. Applying this method to a case study in the Canadian high Arctic identi�es an unphysical

January melt event in B4, which is traced back to a measurement error in the assimilated station

observations. We generalize this technique to a one-degree grid and �nd a total of 4885 cases in

B4 with low data quality. We �nd that the low-quality SWE product values are not random errors,

and that they introduce a systematic bias of -3.1 mm on B4's estimates of mean Arctic SWE.

CloudSat is uniquely positioned as one of the few observational datasets for observing snowfall

at high latitudes, and when combined with the methodology developed here, its estimates can be

used to further enhance the accuracy of current gridded SWE products.

2.2 Introduction

Long term changes in Arctic snow mass has major impacts to the world's water and energy budget,

cold region 
ooding, and ecosystem development (Berghuijs et al., 2019; D�ery and Brown, 2007;

Peng et al., 2010). As global temperatures continue to warm, the quantity of Arctic snow is

expected to change in a signi�cant, non-linear manner (Lemke et al., 2007; Vaughan et al., 2013).

Understanding these changes is of critical importance, as accurate estimates of snow accumulation

help us better prepare for and mitigate against the consequences of a warming climate (Hosaka

et al., 2005). Snow water equivalent (SWE) is the amount of water stored in a snowpack when

it is completely and instantaneously melted, and is a useful metric for monitoring changes in

accumulating snowfall (Brown, 2000).
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Traditional techniques for measuring SWE include automated in situ observation gauges,

and manual measurements which are performed by a human observer (Doesken and Robinson,

2009; Authorities, 1985). These methods provide high accuracy point measurements of SWE,

however, due to the time and cost of implementing and maintaining these systems, or performing

these measurements by hand, there often exist large gaps between measurement sites (Tait, 1998;

Derksen and Brown, 2012; Liston, 2004). Issues in maintaining active measurement sites are

further exasperated by the vast size, remote nature and cold climate that is typical of Arctic

regions. For instance, only approximately 1% of all active weather stations in Canada are located

poleward of 70° N (Mekis et al., 2018). Additionally, the number of automated snowfall gauges

in Canada has been declining for the past 30 years, with approximately 75% fewer measurement

locations today than were available in the early 1990s (Mekis and Vincent, 2011). Filling these

measurement gaps is therefore of critical importance in creating a comprehensive understanding

of changes to Arctic snow accumulation (Pulliainen et al., 2020).

Numerical weather and hydrologic forecasts, along with data assimilation techniques, are

powerful tools which can be used to estimate SWE in data sparse regions (Rienecker et al., 2011;

Takala et al., 2011; Balsamo et al., 2015). Gridded SWE products have complete spatio-temporal

coverage and have been shown to demonstrate good agreement with in situ measurements at

global scales (Kulie et al., 2020a; Zahmatkesh et al., 2019; Lindsay et al., 2014). Observation

based reanalyses like the European Center for Medium-Range Weather Forecasts (ECMWF)

Re-Analysis version 5 (ERA5) and the Modern-Era Retrospective analysis for Research and

Applications version 2 (MERRA-2) from NASA Gelaro et al. (2017), are two common examples

of gridded products that output a suite of surface climate parameters like snow depth (SD) and

SWE (Dee et al., 2011; Rienecker et al., 2011). However, all of these gridded SWE products are
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derived from numerical models which contain inaccuracies stemming from internal numerical

model estimates, uncertainties in prescribed forcing data, or due to issues in the assimilated

observational datasets (Teutschbein and Seibert, 2012; Broxton et al., 2016).

Using an ensemble of gridded datasets is one technique for addressing biases in individual

component estimates and improving overall product accuracy (Mudryk et al., 2015; Guan et al.,

2013). The process of blending together multiple datasets can be performed in a variety of ways,

however in this work we consider it as taking the unweighted multidataset mean of all component

products to create a newblendeddataset. Blending has been used in previous literature by

Mudryk et al. (2015) and demonstrated e�ectiveness at reducing the multidataset spread of

SWE. Monthly normal SWE values from the blended dataset compare well with observed SWE

distributions across the Northern Hemisphere (NH) from 60° N to 82° N (Brown and Mote,

2009). Additionally, combining information from multiple datasets through the blending process

allows us to identify where one product may be negatively in
uencing the �nal product through

comparisons between individual component datasets (Foster et al., 2011; Orsolini et al., 2013;

Mudryk et al., 2015).

Another source of observational snowfall data comes from remote sensing missions. With

their global coverage, satellites are able to overcome many of the traditional issues experienced

in observing remote Arctic regions. SWE products like GlobSnow (Pulliainen et al., 2020)

and other climate change initiative (CCI) products focusing on temperature, wind speed and soil

moisture, all take advantage of remote sensing instruments which provide additional data to re�ne

product estimates (Jim�enez-Mu~noz and Sobrino, 2003; Witschas et al., 2020; Kerr et al., 2010).

The Cloud Pro�ling Radar (CPR) instrument installed on the NASA CloudSat satellite has been

shown to provide high quality snowfall estimates across Arctic regions (Hiley et al., 2010; King
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and Fletcher, 2020; Palerme et al., 2014; Milani et al., 2018; Hudak et al., 2008; Bennartz et al.,

2019). As a consequence of this high accuracy, we therefore expect good agreement during cold

seasons (with temperatures below 0° Celsius) between the average CloudSat snow accumulation

estimate over two consecutive months and the monthly change in snow on ground in the gridded

SWE products over that same period. However, a complete CloudSat gridded snowfall product

has yet to be used to evaluate snow accumulation in other gridded SWE products at NH high

latitudes.

The primary objectives of this work are to:

1. Characterize the relationship between CloudSat snow accumulation estimates and a gridded,

blended SWE product across the Arctic;

2. Use CloudSat accumulation estimates to identify periods of low data quality in the gridded

SWE products; and

3. Quantify the bias in climatological SWE induced by low quality observations on mean

SWE in the gridded products

2.3 Data and Methods

2.3.1 Gridded SWE Products

The Blended-4 (B4) product is a daily, 0.5° SWE dataset spanning 2006 to 2015. B4 is an

updated version (extending beyond 2010) of the Blended-5 SWE product, which was developed
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by the Canadian Sea Ice and Snow Evolution (CanSISE) network (Mudryk et al., 2015). The B4

dataset is produced by taking the multi-dataset mean of four independent SWE products across the

NH. These component datasets include 1) the Canadian Meteorological Center (CMC) gridded

snow product; 2) the CROCUS snow model; 3) the GlobSnow gridded SWE product; and 4)

The Modern-Era Retrospective analysis for Research and Applications (version 2) (MERRA-2)

gridded reanalysis product. Each product's estimates of SWE are derived independently using

model representations of snow accumulation and melt of variable sophistication, ranging from

simple temperature index models based on overlying air temperatures (CMC) to more complex

multi-layer, physically-based representations of snowpack evolution (CROCUS). The details of

each SWE product are summarized in Table 2.1, and brie
y described below.

The CMC product is a daily, 1•3° NH gridded SWE dataset produced in Brown et al.

(2003) and updated to include data until the end of 2015. The CMC data combines a simple

temperature index snow scheme driven by 6-hourly precipitation and temperature data from the

European Center for Medium-Range Weather Forecasts (ECMWF), along with snow density

estimates derived by Sturm et al. (2010), and assimilated daily snow depth observations from

approximately 8000 United States and Canadian climate stations to provide estimates of surface

SWE. Optimal interpolation (OI) is used to combine in situ observations with background model

estimates of SWE.

CROCUS is an energy-balance snow model developed and maintained by the National Centre

for Meteorological Research (NCMR), which was applied to the terrestrial NH at 1 km resolution

(Brun et al., 1989, 2013). Daily estimates of SWE on ground are driven by 2 meter air temperature

and humidity, surface wind velocity, shortwave and longwave radiation and precipitation estimates

from ERA-Interim. CROCUS divides the snow-pack into multiple layers and represents internal
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Table 2.1: Gridded SWE product summary table for the datasets used in this study, along with
area-weighted summary statistics of accumulated snow between CloudSat and each of the B4
component products (units of mm SWE).
Product Snow Scheme Resolution Mean Bias RMSE Source
� "� Simple 1•3° � 1•3° 8.82 29.61 (Brown et al., 2003)
� '$�*( Complex 1° � 1° 9.14 37.75 (Brun et al., 1989)
�;>1(=>F Satellite & In Situ 25 km 9.23 31.81 (Takala et al., 2011)
" � ' ' � � 2 Intermediate 1•2° � 2•3° 9.33 39.57 (Gelaro et al., 2017)

snowpack processes like settling, water transfer and heat exchange to simulate snowpack evolution

in a physically-based manner (Brun et al., 2013). The CROCUS snow model is run as a land

surface component in the Interactions between Soil, Biosphere, and Atmosphere (ISBA) land

model to generate estimates of SWE (Mudryk et al., 2015).

GlobSnow is a 25 km gridded SWE product developed by European Space Agency (ESA)

which provides daily estimates of SWE on ground through a combination of both in situ and

satellite brightness temperature observations (Takala et al., 2011). A single layer snow emission

model is forced with in situ snow depth measurements to simulate passive microwave brightness

temperature estimates across the NH (Pulliainen et al., 1999). Estimates of snow grain size

are then generated by minimizing the disagreement between simulated and observed brightness

temperatures to derive a contiguous SWE product across the NH.

MERRA-2 is a reanalysis product developed by NASA's Global Modeling and Assimilation

O�ce that provides daily SWE estimates at 1•2° � 2•3° resolution (Gelaro et al., 2017).

MERRA-2 uses a �nite-volume dynamical core and cube-sphere horizontal discretization of the

grid in its forecast model to distribute estimates of its surface variable suite (Putman and Lin,

2007). 3-Dimensional variational (3D-VAR) data assimilation is used to minimize error between
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the forward model and observational data, to incorporate in situ climate information along with

space-based aerosol data. SWE estimates are then generated using this assimilated data within the

Catchment land surface model, which includes a complex multi-layer snow scheme to represent

changes to snowpack accumulation and ablation (Mudryk et al., 2015; Koster et al., 2000).

Each of the above products is �rst regridded to a common 0.5° NH grid using bilinear

interpolation. A land fraction mask provided by MERRA is also applied to our data in order to

select only terrestrial SWE. The B4 product is then generated by taking the ensemble average of

all component datasets. More formally, this is written as the unweighted arithmetic mean of the

four products across all grid cells:

� =
1
=

4Õ

8=0

68� 5 (2.1)

where� is the derived blended dataset,5 is the land fraction mask, and each68 represents a

component gridded product.

2.3.2 CloudSat-CPR surface snow estimates

The NASA satellite CloudSat was launched in 2006 to advance our understanding of cloud

macro and microphysical properties at global scales (Stephens et al., 2002; Kulie et al., 2020a).

CloudSat is equipped with a 94-GHz nadir-looking Cloud Pro�ling Radar (CPR) instrument

with 500-m vertical range gate resolution that observes clouds from the Earth's surface up to

approximately 30 km into the lower stratosphere (Liu, 2008b; Stephens et al., 2008). The CPR

allows CloudSat to view the interior structure of clouds by measuring the power backscatter

re
ected from particles within the cloud as a function of distance from the radar instrument in
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orbit (Stephens, 2017). These re
ectivity pro�les provide information on cloud type, shape and

the presence of hydrometeors within the cloud, along with corresponding internal precipitation

rate estimates (Kulie et al., 2020a). CloudSat also demonstrates high accuracy in determining

precipitation phase to di�erentiate between rain, mixed-phase and snowfall events (Kodamana and

Fletcher, 2021). CloudSat has a 16-day repeat cycle with granule tracks that extend to an 82° N/S

orbital maxima which converge towards the poles. As a remote sensing option, CloudSat does

not su�er from traditional challenges that ground-based measurements encounter in measuring

snowfall across such a vast, cold and remote locale, and therefore provides a unique perspective

towards estimating accumulated SWE at global scales.

Re
ectivity backscatter is derived using a combination of radar range information, hydrome-

teor positions along the path of the beam and retrieval response time for a set of assumed hydrom-

eteor properties including particle size, shape and fallspeed (Matrosov, 2007; Liu, 2008a). As a

result of the high frequency 94 GHz (3.19 mm) radar wavelength being similar to the length of the

hydrometeor particles being measured, single scattering properties of snow
akes do not follow

traditional Rayleigh scattering approximations and instead align more closely with Mie scattering

(Battaglia et al., 2007; Haynes et al., 2009; Stephens et al., 2002). This W-band frequency is

therefore well-suited for light intensity snowfall (which is typical in Arctic regions), but begins

to attenuate during high intensity precipitation events (Hudak et al., 2008). Optimal estimations

of snowfall rates are obtained by minimizing a cost function between estimated and observed a

priori assumptions about particle size, shape, fallspeed and other snow microphysical properties

(Rodgers, 2000). A forward model:H= � ¹G–~1º ¸ n is constructed which approximates the physi-

cal relationship between an observed re
ectivity pro�leHto a set of unknown snow microphysical

propertiesG, additional potentially unknown supporting parameters~1, and measurement/forward
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model uncertaintyn (Wood and L'Ecuyer, 2021; Wood et al., 2015, 2014; Stephens, 2017). CPR

snowfall rate estimates within the lowest precipitating bin are then extrapolated to the surface

below and packaged into the 2C-SNOW-PROFILE (version 5) product, which is what is used in

calculating snow accumulation for the remainder of this study.

Individual radar pro�les from CloudSat have also shown in work by Du�y and Bennartz

(2018) to exhibit uncertainties in snowfall rates of upwards of 200%. However, aggregation of

many retrievals has demonstrated skill in reducing error in snowfall rate estimates (Hiley et al.,

2010; Milani et al., 2018; Palerme et al., 2014). In our previous study King and Fletcher (2020)

on the validation of CloudSat snowfall estimates over the Canadian Arctic Archipelago (CAA),

we aggregated individual CloudSat retrievals into overpasses within a grid box. By averaging

many of these overpasses together over the course of a month, we found that CloudSat typically

displays good agreement (RMSE below 10 mm SWE and correlations above 0.5) with in situ

measurements of accumulated SWE when CPR retrievals are gridded at 1° resolution at high

latitude locations. Generalizing this technique to a hemispheric scale allows us to generate a

monthly, terrestrial gridded SWE accumulation product (Fig. 2.1.b) which can then be used in

comparisons with other gridded SWE datasets.

Du�y et al. (2021) found that when gridded at su�ciently large scales, CloudSat exhibits

high correlations and uncertainties below 50% for much of the NH when compared with B4.

Generalizing this aggregation technique to a wider NH grid from 60° to 82° N produces a spatial

map of monthly snowfall accumulation and uncertainty from January 2007 to December 2015

(Fig. 2.1.b and Fig. 2.1.c). Figure 2.1.d also shows a low average coe�cient of variation

( ��+ = 1•27) across the study region, with the lowest dataset variability with respect to the mean

over the CAA, central Eurasia and Eastern Siberia.
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Figure 2.1: Gridded CloudSat sampling frequency and snow accumulation estimates and
uncertainties. a) Distribution of CloudSat overpasses from 60° N to 82° N, gridded at 1° resolu-
tion from January 2007 to December 2015;b) gridded annual climatological snow accumulation
derived from CloudSat;c) CloudSat annual snowfall sampling uncertainty; andd) CloudSat
gridded coe�cient of variation (�+ = f

` ).
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Repeated CloudSat battery failures are an additional source of uncertainty which may impact

the capabilities of our outlier detection methodology due to variability in the CPR's observational

frequency over a region. A critical battery failure occurred between 2011-2012, which disabled

the CPR instrument for nearly a year and required the satellite to henceforth operate in daylight

only operational (DO-Op) mode. As implied by its name, DO-Op mode requires CloudSat to have

a direct line of sight to the sun for the CPR to have su�cient power to operate. The new DO-Op

energy requirements have been shown to substantially reduce the CloudSat sample in the southern

hemisphere, along with smaller reductions in its sample at high latitudes in the NH (Milani and

Wood, 2021; Kulie et al., 2020a). An examination of the impact of repeated CloudSat battery

failures on the CPR sample size across the Arctic was performed in our previous work King and

Fletcher (2020), and the impacts of these battery failures were found to be negligible with respect

to CloudSat's ability to accurately quantify snow accumulation in the region (additional details

are discussed in Section 2.4.2).

2.3.3 Quantitative Methodology for Assessing Data Quality

Since the number of component products being blended together is typically small (= = 4 in the

case of B4), data quality issues in the SWE estimates from one or more component datasets can

signi�cantly impact the accuracy of the resulting blended product. Understanding when, where

and how often these data quality issues occur can therefore provide us with improved estimates

of Arctic SWE. To identify and 
ag consecutive months (i.e. a month-pair) as a statistically

inconsistent outlier in a gridded product, we examine the relationship between monthly changes

in SWE estimated from two independent quantities:� (, � � and (, � � . � (, � � is derived
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from the B4 product as the di�erence in monthly mean SWE on ground between two consecutive

months, providing an estimate of e�ective changes in SWE due to accumulation, melt, and other

ablative processes.(, � � is calculated as the average snowfall rate from CloudSat over the

two months (derived using techniques described in King and Fletcher (2020)) and, assuming a

constant snowfall rate (in mm/hr), multiplied by the total number of hours over the two months

to derive a corresponding estimate (in mm) of accumulated SWE on ground.

Since CloudSat provides instantaneous estimates of snowfall rates, it is therefore unable to

provide information related to ablative processes like snow melt or sublimation. To minimize

discrepancies in the quanti�cation of SWE during periods of melt, we restrict our analysis to only

months when the maximum daily 2 meter air temperature from ERA5 remains below 0° C for

the entire month. We also examined the sensitivity to this temperature threshold by restricting

the maximum monthly temperature to three additional values (-1° C, -3° C, and -5° C), under the

assumption that a colder temperature threshold would result in a lower likelihood of including

month-pairs with surface melt occurring. Our conclusions from this study were not signi�cantly

altered by using a di�erent threshold (not shown), and so the 0° C threshold was selected as it

provides the largest CloudSat sample size.

Further data preprocessing constraints are also applied to the set of� (, � � and (, � �

month-pairs in order to mask cases with an insu�cient sample of CloudSat observations. This

step limits our comparisons to cases where we have a high level of con�dence in CloudSat's

accumulation estimates. Restrictions based on the number of available overpasses in a month

(# <>=C�) along with the total number of month-pairs in a grid cell (" 24;;) were examined using

a simple grid-search procedure. This technique revealed that limiting the analysis to cases where

# <>=C� � 12 and# 24;; � 3 improves the accuracy of the method and produces a su�ciently large
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sample over the majority of North America (NA) and Siberia.

Using estimates of accumulated SWE from(, � � as a predictor and� (, � � as the response

variable for all months when the maximum temperature is below 0° C in an ordinary least squares

(OLS) regression, we derive a relationship between snowfall and accumulation for each grid cell.

The general regression model is described in Eq. 2.2 as:

^� (, � � = 10 ¸ 11 � (, � � (2.2)

where the1 coe�cients are the respective model y-intercept and regression slope. Statistical

assumptions required for OLS regression include linearity, normality and homoscedasticity for

a set of independent grid cells, and all were found to meet acceptable criteria in our analysis.

We also examine the leverage (� 8) and studentized residuals (C8) of each month-pair (8) per grid

cell to remove in
uential cases su�ering from issues in the CloudSat sample. These cases can

arise when CloudSat incorrectly estimates the average accumulation in a grid cell as a result of

missing snowfall events that occur when CloudSat is not overhead. Typical thresholds of� 8¡ 0•15

andC8 ¡ 2 standard deviations are used to identify and remove such extreme cases which would

signi�cantly negatively in
uence the accuracy of our regression model �t.

Applying a 95% prediction interval (PI) to the regression model allows us to identify speci�c

month-pairs within each grid cell that lie outside the expected range of variation for individual

month-pairs. We apply leave-one-out cross-validation for each month-pair in a grid cell to

determine if it falls outside the PI when excluded from the construction of the regression model.

Month-pairs which fall outside the PI are automatically 
agged as statistically inconsistent outliers

for further investigation.
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2.4 Results

2.4.1 Resolute Bay Case Study

We begin by presenting a case study of our method at Resolute Bay; a high latitude (75° N)

community on Cornwallis Island in the CAA (location shown in Figure 2.1.a). The selection

of this site follows from the results of King and Fletcher (2020) who found strong agreement

between CloudSat and in situ estimates of snow accumulation at this location. Resolute Bay is

equipped with Environment and Climate Change Canada (ECCC) weather station instruments to

record in situ snow data including SWE, which provides an additional independent observation

of accumulation for comparison purposes. This case study provides a local-scale test for identi-

fying statistically inconsistent periods in B4 and its component products before generalizing and

applying this technique to the wider NH in Section 2.4.2.

The relationship between(, � � and � (, � � at Resolute Bay (Fig. 2.2) reveals a weak

positive correlation (A= 0•24) between CloudSat and B4, with plenty of scatter introduced by

uncertainties in B4 and CloudSat as discussed in more detail in Section 2.5. The vast majority

of month-pairs (94%) reside within the 95% prediction interval, and three outlier month-pairs

fall outside the interval. One of these outliers is highlighted in red and stands out as a case of

interest as it is the only month-pair where B4 shows a loss in SWE on ground between two months

(excluding this case, the correlation improves toA= 0•384). This outlier represents a wintertime

melt event occurring between December 2007 and January 2008 when daily observed maximum

temperatures at the weather station were below -20° C and wind speeds were negligible. A

reduction in SWE of this magnitude, therefore, indicates a potential problem with the estimate of
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