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Abstract 

Europe faces an increasing vulnerability to frequent extreme weather events, 

requiring enhanced predictive capabilities within the high latitudes through 

improved Numerical Weather Prediction (NWP) models. Currently, limited data 

availability due to sparse weather station networks prevents high-latitude 

predictive accuracy. Microwave sounding radiances, notably at 50 and 183 

GHz, offer vital atmospheric temperature and humidity profile data, vital for 

correcting forecast initial conditions. However, challenges arise from variable 

snow and sea ice emissions, inhibiting data assimilation into forecast models. 

The refinement of snow emissivity modelling enables atmospheric observation 

assimilation, thereby improving NWP models. 

This thesis presents a coupling of two models to illustrate the assimilation of 

microwave radiances into NWP models: the Factorial Snow Model (FSM) 

simulates snow microphysical properties influencing microwave emissions and 

the Snow Microwave Radiative Transfer (SMRT) model accurately simulates 

microwave emissivity across frequencies. 

Initial research integrates and validates these models using data from Trail 

Valley Creek (TVC), Northwest Territories, Canada. Comparison of in-situ 

snow pit data with FSM-generated snowpack profiles reveals a precise 

simulation of density and snow grain size profiles characteristic of Arctic tundra 

snowpacks. However, FSM fails to capture variability in snow pit profiles. 

Coupling FSM with SMRT, simulated brightness temperatures (TB) at 89 GHz 

are compared to ground-based radiometer observations. SMRT's superior 

performance using FSM-simulated snow inputs (mean error: -4.4 K) contrasts 

with snow pit data (mean error: 11.9 K). Sensitivity tests indicate snow grain 

size as the most influential factor in snow surface emissivity. 

In the thesis's concluding phase, SMRT-driven simulations expand to the NWP 

grid scale across frequencies from 10.65 to 234 GHz. TB generally increases 

with frequency, except at atmospheric window channels (157 and 243 GHz). 

Spatial variability, frequency-dependent, is minimal at the lowest (≤ 18.7 GHz) 
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and highest frequencies (≥ 118 GHz) due to reduced scattering. Intermediate 

frequencies (37 and 89 GHz) exhibit greater spatial variability due to increased 

snowpack scattering. 

In summary, large spatial and temporal variations in Arctic tundra snow 

emissivity highlight the necessity for precise emissivity simulations grounded 

in accurately modelled or observed microphysical snow properties. This 

approach contrasts with the static emissivity values prevalent in many NWP 

systems. 
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Lay Summary 

Extreme weather in Europe is becoming more frequent, so accurate weather 

forecasting is becoming more important. Arctic weather patterns strongly 

influence weather in Europe, so improving weather forecasting in the Arctic 

has global benefits. Weather forecasting in the Arctic is less reliable due to a 

lack of weather stations – a key data source for weather models. This can be 

improved by obtaining data from other sources so that the quality and quantity 

of data going into models increases. Satellites already provide valuable 

information about temperature and humidity in the atmosphere. However, poor 

understanding of snow and ice on the ground limits the use of this data. These 

satellites use sensors that measure the natural radiation from the Earth, but as 

they travel through the snow in waves, they scatter which disrupts the 

readings. The amount of scattering depends on the wavelength or the 

frequency of the waves and the type of surface they interact with, i.e., snow, 

ice, water, or soil. 

This thesis used two computer models to solve this issue. The first replicates 

the structure of snow, including properties such as snow grain size and snow 

density. The second model uses these snow properties to simulate how the 

Earth’s natural radiation behaves at different wavelengths, like satellite 

sensors but without the interference caused by snow scattering. Both models 

were tested using data collected during a field campaign at Trail Valley Creek, 

a research station in the Canadian Arctic. 

Results showed that the way snow in the Arctic affects satellite signals can 

change a lot depending on location and over time. This means that to forecast 

the weather more accurately, we need more precise measurements of snow 

properties, like grain size, rather than using fixed values. Applying this 

approach globally will enhance the accuracy of weather models and help 

improve predictions of extreme weather across Europe. 
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Chapter 1 Introduction 

1.1 Introduction 

Polar Regions have a sensitive, complex, and variable climate system that is 

an important component of the global climate system (Goosse et al., 2018; 

Singarayer & Valdes, 2010). Surface air temperatures in the northern polar 

regions have increased by more than double the global average in the last two 

decades, resulting in extensive warming, decline in snow cover, and sea-ice 

loss (Notz & Stroeve, 2016; Osborne et al., 2018). In contrast, the southern 

Polar Regions have experienced no significant changes in the east of 

Antarctica as well as warming and sea ice loss in the west of Antarctica (Jones 

et al., 2016; Nicolas & Bromwich, 2014) 

Arctic amplification of temperature is a complex and widely debated 

phenomenon. Still, it has been attributed to several positive feedback 

mechanisms, including reduced albedo due to sea ice and snow cover loss 

and treeline advance, increased cloud cover in the summer, and increased 

water vapour in the atmosphere (Pithan & Mauritsen, 2014; Serreze et al., 

2009; Stuecker et al., 2018). Such feedbacks have been observed in the 

Antarctic, but the warming is much weaker due to deep ocean mixing and 

ocean heat uptake over the Southern Ocean (Collins et al., 2013). The 

processes that control the changes in climate in the Polar Regions are complex 

and not yet fully understood (Goosse et al., 2018). In addition, a lack of reliable 

in-situ data (Williamson et al., 2017) and the quality of reanalysis products (Bitz 

& Fu, 2008) have resulted in forecast and climate model uncertainty 

(Blanchard-Wrigglesworth et al., 2017; Flato et al., 2013; Screen & Simmonds, 

2013). The need for more data in Polar Regions is becoming increasingly 

apparent, as shown by the global distribution of weather stations in Figure 1.1. 

Weather stations are densely distributed in North America and central Europe 

(Hijmans et al., 2005) and sparse in both polar regions. As a result, the use of 

remotely sensed data obtained from polar-orbiting satellites is becoming 

increasingly common. 
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Remote sensing is the retrieval of information from an object, without being in 

direct contact with the object in question (Lillesand et al., 2015). Technological 

advances have led to remote sensing becoming a popular method for 

obtaining information in recent years in a wide range of applications, including 

in meteorology (e.g. Tomlinson et al., 2011), glaciology (e.g. Raup et al., 2014) 

and hydrology (Tang et al., 2009). Remote sensing uses different wavelengths 

or frequencies in the electromagnetic (EM) spectrum to detect and record 

radiant energy emitted or reflected from radiating objects or surfaces ) 

(Lillesand et al., 2015). 

The microwave (wavelengths between 1 mm and 1 m or frequencies between 

300 MHz and 300 GHz) and optical (wavelengths between 100 nm and 1 mm) 

parts of the EM spectrum are commonly used in remote sensing as the 

atmosphere is mostly transparent at these frequencies  (Lillesand et al., 2015). 

However, at optical wavelengths, radiation cannot penetrate clouds (Østby et 

al., 2014) and reflects off the top of a surface, providing little information on the 

underlying surface (Kontu, 2018). Clouds do not obstruct microwaves at higher 

frequencies because they have larger wavelengths, so no or very little 

Figure 1.1 Global distribution of weather stations from METAR (airport reports), 
NEXRAD (weather radar data), radiosonde data, wind profiler data, Airmen's 
Meteorological Information stations, weather forecasting offices, WMO Radio 
Frequency Coordination sites, NCEP sites, and Air Route Traffic Control Centres. Data 
from NCAR is available at:  http://www.rap.ucar.edu/weather/surface/stations.txt 
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radiation is absorbed by water vapour, dust, etc. (Lillesand et al., 2015). Also, 

at low microwave frequencies (below ≈ 36.5 GHz), information through the 

whole snowpack as well as the surface can be obtained (Zheng et al., 2016). 

At much higher microwave frequencies (between 24 and 183 GHz), 

atmospheric temperature and humidity profiles can be obtained and 

assimilated into Numerical Weather Predictions (NWP; English et al., 2000; 

Harlow, 2009; Liu et al., 2016). This could increase the temporal range of NWP 

models and eventually improve climate models (Harlow & Essery, 2012) 

Polar Regions are dominated by seasonal and perennial snow cover and sea-

ice which have highly variable microwave emissivities and temperatures. This 

can make microwave sounding of the atmosphere at wavelengths, where 

atmospheric absorption is low, difficult over snow. Therefore, atmosphere 

observations of temperature and humidity at microwave frequencies over 

snow-covered surfaces are often absent and are not assimilated in NWP and 

climate models (Geer et al., 2014). The emissivity of snow and ice is 

dependent on frequency but also depends on the properties of snowpack such 

as snow stratigraphy, snow grain type, snow density, and snow depth (Harlow, 

2009). Recent advances in microwave radiative transfer theory over snow 

(Gallet et al., 2009; Picard et al., 2018) have led to the development of models 

that can separate snow and atmospheric emissivities. Sandells et al. (2017) 

coupled the microwave emissions model and snow microstructure models to 

enable the retrieval of snow water equivalent (SWE). Therefore, the coupling 

of a radiative transfer model and snow model could allow the assimilation of 

atmospheric observations at microwave frequencies in NWP models, which 

has been strongly argued for but is yet to be implemented (Bonavita et al., 

2017; Karbou et al., 2014) 

1.2 Aim, Research Questions and Objectives 

The overall aim of the project is to enhance the understanding and predictive 

accuracy of snowpack and surface microwave emissions in Arctic 

environments by evaluating and integrating sophisticated snow models 

(Factorial Snow Model, FSM; Essery, 2015) and microwave emission models 
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(Snow Microwave Radiative Transfer, SMRT; Picard et al., 2018) through 

observations and simulations at Trail Valley Creek (TVC) in the Canadian 

Arctic, with an emphasis on operational scalability and the development of 

reliable snow and microwave retrieval products. Previous studies have used 

in-situ snow observations as inputs for SMRT, comparing brightness 

temperatures (TB) with ground-based and airborne measurements (Sandells 

et al., 2024; Wivell et al., 2023). Others have coupled snow models with 

radiative transfer models and simulated TBs at lower frequencies (Sandells et 

al., 2017) or in alpine regions (Skiles & Painter, 2019). This thesis will build on 

these approaches by using simulated snow properties to run SMRT at multiple 

frequencies in the Canadian Arctic, expanding its applicability to high-latitude 

environments. 

1.2.1 Research Question 1 

How well can sophisticated snow models reproduce observed snowpack? 

1.2.1.1 Objectives 

i. Evaluate meteorological forcing data available to determine which are 

adequate to drive FSM. 

ii. Compare FSM outputs with in-situ observations of snow properties. 

iii. Assess FSM at a single point in the Arctic (TVC). 

1.2.2 Research Question 2 

How well can microwave emission models, driven by ground measurements 

or model predictions of snow structure, simulate airborne observations of 

surface microwave emissions? 

1.2.2.1 Objectives 

i. Drive SMRT with snow pit data in the Arctic (TVC). 

ii. Obtain TBs from SMRT using FSM outputs as driving data at a single 

point in the Arctic (TVC). 

iii. Assess which snow properties affect the simulated TB. 

iv. Compare simulated TB with ground-based observations. 
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1.2.3 Research Question 3 

How can surface emissivities be predicted with enough accuracy and 

computational efficiency for operational applications? 

1.2.3.1 Objectives 

i. Scale FSM and SMRT to run at multiple points across the Canadian 

Arctic using NWP. 

ii. Assess the spatial variability of simulated TBs. 

iii. Compare TBs with surface properties to establish relationships. 

1.3 Study Area 

The main study area of the project is TVC, a well-characterized Arctic tundra 

watershed located at approximately 68°44′N, 133°29′W, about 55 km north of 

Inuvik, Northwest Territories, Canada. The project utilizes ground-based snow 

microstructure and microwave emissions measurements collected as part of 

the MACSSIMIZE (Measurements of Arctic Clouds, Snow, and Sea Ice nearby 

the Marginal Ice ZonE) field campaign. TVC serves as a key research site for 

studying tundra snow processes, permafrost dynamics, and climate variability 

in the Arctic. 

The land cover at TVC is primarily comprised of continuous permafrost, tundra, 

and numerous lakes that shape the region’s hydrology. Patches of boreal 

forest and shrubs are present, particularly in lower-elevation areas, with 

vegetation consisting of low shrubs (≤ 3 m in height), grasses, lichens, and 

mosses (Trail Valley Creek Research Station, 2025). The topography of TVC 

is highly variable, featuring rolling hills with elevations below 190 m, incised 

river valleys, and flat upland plateaus. Located at the northern edge of the 

boreal forest, TVC represents a transitional landscape between boreal and 

Arctic ecosystems, making it an ideal site for studying climate and snowpack 

variability. TVC experiences a cold climate, characterized by long winters and 

short summers, with a mean annual air temperature of -7.9°C (Grünberg et al., 

2020). 
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Snow dominates the landscape for nearly eight months of the year, from 

October to May, with 66% of the annual precipitation (266 mm) falling as snow 

(Trail Valley Creek Research Station, 2025). Throughout the winter months, 

the numerous lakes across the region remain completely frozen, contributing 

to the permafrost-dominated landscape and affecting hydrological processes. 

This prolonged snow and ice cover significantly influences permafrost 

conditions, water storage, and energy balance in the region. Given that tundra 

snow makes up the majority of Arctic snow cover, TVC is an important site for 

understanding Arctic snow hydrology and climate interactions (Sturm et al., 

1995). 

The MACSSIMIZE field campaign involved a combination of ground-based 

and remote sensing measurements to capture detailed snowpack 

characteristics. Observations included snow microstructure properties, which 

provide insights into Arctic snowpack dynamics, and microwave emissions 

monitoring, which is essential for improving remote sensing applications in cold 

environments. The field campaign also incorporated traditional snow pit 

measurements to analyse snowpack stratigraphy, while meteorological 

observations were obtained from two Automatic Weather Stations (AWS) 

managed by Wilfrid Laurier University (WLU) and Environment and Climate 

Change Canada (ECCC). 

As shown in Figure 1.2a the elevation gradient across TVC, ranging from 21 

m to 189 m, is variable with incised valleys, steep slopes, and flat plateaus. 

The snow pits are located across these elevation changes to reflect the 

variability. Figure 1.2b shows the land cover consists of shrubs and grasslands 

with small patches of forest. Numerous lakes in the region will freeze during 

the colder months.  
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Figure 1.2 Location maps showing (a) elevation (m) and (b) land cover. Snow pit 
locations are shown in both maps, and the inset map shows the location concerning 
North America. Landcover data obtained from (‘Natural Resources Canada, Canada 
Centre for Remote Sensing’, 2024) 
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Chapter 2 Meteorological Forcing Datasets 

2.1 Introduction 

To address Research Question 1 (Section 1.2.1), a robust and comprehensive 

meteorological forcing dataset is essential to drive the FSM model. This 

chapter focuses on the critical role of meteorological datasets in climate, snow, 

and hydrological modelling. It will first explore the challenges of accessing in-

situ meteorological data in remote, cold regions such as the Arctic. Next, 

alternative data sources, including reanalysis products and NWP models, will 

be discussed and evaluated against in-situ observations. By the end of the 

chapter, a justification for the choice of dataset to drive FSM for the remainder 

of the thesis will be provided. 

2.1.1 The Importance of Model Forcing Datasets 

Physically-based models, whether they are used to simulate climate or snow, 

require robust meteorological data as inputs (Slater et al., 2013). However, 

complete meteorological datasets are often unavailable in the most remote 

regions, either due to the absence of weather stations or instrument failures. 

This lack of data can severely impact the accuracy of model outputs, 

particularly in regions like the Arctic, where environmental conditions are 

extreme and variable. 

AWS are a key source of in-situ meteorological data, but they do not always 

measure all the variables needed to drive physically based snow models. Most 

of these models require at least six essential meteorological variables: air 

temperature, precipitation, downward shortwave radiation, downward 

longwave radiation, wind speed, and relative humidity (Raleigh et al., 2016). 

However, AWS might not capture all these variables, leading to a disparity 

between the observations measured and the data needed for accurate snow 

modelling (Raleigh et al., 2016). 

This gap between available and required data necessitates the use of 

alternative datasets, such as reanalysis datasets (Cucchi et al., 2020; Terzago 

et al., 2020), NWP output (Förster et al., 2014; Piotrowski et al., 2019), 
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satellite-derived data (Ma & Pinker, 2012; Zhang et al., 2022) and 

geostatistical interpolations (Jabot et al., 2012; Sun & Xu, 2021), to fill in 

missing variables and ensure that the models are driven by the most complete 

and accurate information possible. Evaluating the quality and completeness of 

the model forcing datasets is therefore crucial for ensuring the reliability of the 

simulations, especially in the Arctic. By combining AWS data with reanalysis 

or other supplementary datasets, it is possible to mitigate the impact of missing 

data and improve the performance of physically-based models in these remote 

regions. 

2.2 Meteorological Datasets 

2.2.1 In-situ Weather Station Data 

AWS are an important source of in-situ ground observations in the Arctic. They 

have the advantage of being able to operate autonomously in remote 

environments where human presence is limited or impractical. These stations 

are equipped with sensors to record data on temperature, humidity, wind 

speed and direction, atmospheric pressure, and sometimes even precipitation 

and solar radiation. 

AWS provide high-resolution temporal data, often at intervals of minutes to 

hours, which is crucial for understanding the dynamics of Arctic weather 

patterns and their impact on global climate systems. Moreover, AWS have the 

advantage of delivering accurate point-based data. This high-resolution, 

localized data is essential for capturing the specific meteorological conditions 

at a given location, which is particularly important in the Arctic, where weather 

can vary significantly over short distances. Unlike satellite observations, which 

cover broad areas and may lack the fine detail needed for certain analyses, 

AWS provide precise measurements at a single point, making them invaluable 

for detailed studies of local climate dynamics. Additionally, AWS can transmit 

data in real-time or near-real-time via satellite or other communication 

methods, ensuring that researchers and meteorologists have access to up-to-

date information. This capability is vital for validating climate models, studying 

the effects of climate change in the Arctic, and improving the accuracy of 
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weather predictions in this sensitive and rapidly changing region. The 

combination of high-resolution temporal data and accurate point-based 

measurements makes AWS a powerful tool for advancing our understanding 

of Arctic weather and its broader implications. 

However, AWSs also face several challenges that can affect the quality and 

reliability of the data they collect. AWSs usually run on batteries connected to 

solar panels, but battery performance declines in cold temperatures (Pimentel 

et al., 2010). High winds and low temperatures can cause rime ice to form on 

equipment, leading to erroneous measurements. At unmanned AWS, these 

problems can be expensive and time-consuming to fix, and therefore may not 

be fixed immediately, resulting in incomplete datasets. Specific issues 

frequently occur with instruments such as precipitation gauges, temperature 

loggers, and anemometers. Wind measurements are often the most inaccurate 

measurements (e.g. Stearns et al., 1993). Strong winds and freezing 

temperatures can damage or freeze up the anemometers, resulting in 

erroneous zero wind readings and constant wind directions (Lazzara et al., 

2012). High winds can also impact pressure measurements by vibrating the 

instruments and affecting the measurements (Lazzara et al., 2012). 

Temperature sensors can record erroneously high values if not correctly 

shielded from radiation and sufficiently ventilated (Lazzara et al., 2012). 

Precipitation gauges can produce systematic errors due to losses from 

evaporation and wind (Sevruk et al., 2009). 

Meteorological data from an AWS maintained by WLU includes hourly 

measurements of key atmospheric variables, such as air temperature, relative 

humidity, precipitation (rain and snow), wind speed, wind direction, and 

radiation (both shortwave and longwave). This dataset is supplemented by 

comprehensive metadata, including data quality flags to ensure transparency 

in measurement reliability. Additionally, an adjacent AWS operated by ECCC 

(Environment and Climate Change Canada, 2018) provides data on air 

pressure and offers gap-filling measurements for air temperature, relative 

humidity, and wind speed. However, as is common in Arctic environments, 
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these datasets may exhibit gaps due to the challenges inherent in data 

collection under extreme conditions. 

2.2.2 Reanalysis Datasets 

In recent years, climate reanalysis products have become important in climate 

studies (Brönnimann et al., 2018; Lindsay et al., 2014; Rohrer et al., 2018) and 

climate modelling (Olauson 2018; Albergel et al. 2018; Mizukami et al. 2013). 

Reanalysis datasets often have high spatial and temporal resolutions, and 

global coverage of key meteorological variables including air temperature, 

precipitation, wind speed and direction, humidity, and solar radiation. This 

makes them useful for studies in areas where observations are sparse, e.g., 

polar regions, alpine regions, etc. (Raleigh et al., 2016). 

A reanalysis produces a high-quality dataset of meteorological variables that 

are representative of atmospheric states, generated by a constant forecast 

model and a constant data assimilation system, constrained by observations 

(Gelaro et al., 2017; Kobayashi et al., 2015; Saha et al., 2010). In the past 

decades, improved satellite data have meant that reanalysis datasets span 

from 1979 (the beginning of satellite records) to near real-time (Mooney et al., 

2011). Reanalysis products have been produced by many meteorological and 

climate research centres, including the National Centre for Environmental 

Weather Prediction (NCEP), the National Aeronautics and Space 

Administration (NASA), the Japanese Meteorological Agency (JMA), and the 

European Centre for Medium-Range Weather Forecasts (ECMWF). The next 

section will discuss the data assimilation methods, forecast model, and 

observations that are used in ERA-Interim, and how the recently developed 

ERA5 has improved the quality of the reanalysis product. 
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2.2.2.1 ERA-Interim 

ERA-Interim uses a four-dimensional variational (4D-Var) data assimilation 

scheme. In each 12-hour cycle, the forecast model performs variational 

analyses of the upper-air parameters (including temperature, wind, and 

humidity) and surface parameters (2 m air temperature and 2 m humidity) to 

obtain a short-range forecast and the initial state of the global atmosphere and 

underlying surface. When all the observations are received in the 12-hour 

assimilation window, the forecast is adjusted and then rerun. This produces a 

record of global atmospheric evolution constrained by the forecast model and 

observations (Dee et al., 2011). This process is shown by the conceptual 

diagram in Figure 2.1 (Andersson & Thépaut, 2008). ERA-Interim uses the 

ECMWF Cy31r2 Integrated Forecast System (IFS) forecast model that 

incorporates the atmosphere, land surface, and ocean waves. The model has 

a 30-minute time step, a horizontal resolution of 79 km on a reduced Gaussian 

grid, and sixty layers in the vertical up to the top of the atmosphere at 0.1 hPa. 

Figure 2.1. Diagram illustrating how 4D-Var assimilates data in ERA-Interim. Parameter 
Xb represents the initial state of the atmosphere and is compared to observations after 
a short-range forecast is run in a 12-hour assimilation window. Xa is the modified initial 
state of the atmosphere after the first forecast is run and Jb represents the fit to Xb. Jo 
represents the fit to all observations over the assimilation window. Retrieved from 
(Andersson & Thépaut, 2008). 
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The number of points on a reduced Gaussian grid changes at different latitudes 

so that the distance between grid points is approximately preserved (Olauson, 

2018).  

Observation assimilated in ERA-interim are mainly sourced from satellite 

datasets, but in-situ or conventional datasets are still a crucial constraint on 

the reanalysis (Thépaut and Kelly, 2006; Dee et al. 2011; Berrisford et al. 

2011). Before observations are assimilated, they go through a quality control 

process that involves data thinning and block-listing. Thinning involves cutting 

down data that has been duplicated or over-sampled, for example, if a data 

source has a much higher spatial or temporal resolution compared to the 

analysis output, the data will need to be thinned. Conventional observations 

(e.g. land stations, drifting buoys, etc.) are evaluated monthly at station level, 

and data that systematically deviate from background fields are excluded from 

the analysis or blacklisted (Tavolato & Isaksen, 2010). 

Conventional observations consist of air temperature (upper air and 2 m above 

the surface), surface pressure, wind speed (u/v, upper-air, and 10 m above the 

surface), specific humidity (upper-air), and relative humidity (2 m above the 

surface). These are obtained from a variety of sources including radiosondes, 

land stations, ships, and drifting buoys. This also includes 2 m temperature, 

relative humidity, and surface pressure from all SYNOP (Land surface synoptic 

report) stations. Near-surface wind observations over land, surface pressure 

observations over high terrain (> 1500 m), and near-surface relative humidity 

observations at night-time are omitted (Dee et al., 2011). A timeline of all 

conventional data sources is shown in Figure 2.2. 

Satellite datasets have increased the number of observations assimilated into 

ERA-interim in recent years. Most satellite observations are clear-sky 

radiances that are converted into TBs. In previous ECMWF products (e.g. ERA-

40), clear-sky satellite radiance data were affected by instrument and 

calibration errors, as well as systematic errors present in radiative transfer 

models embedded in the assimilation system (Dee & Uppala, 2009).  
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ERA-Interim benefits from an automated variational bias correction of satellite 

radiances within 4D-Var. Radiance data from different satellites, sensors, and 

channels are calibrated using observations from conventional sources (i.e., 

radiosondes, land stations, etc.). If few observations are available then the 

variational bias correction scheme will use uncorrected radiance data, to 

prevent model background bias from affecting bias corrections (Dee et al., 

2011). Improvements in radiative transfer modelling have meant that data from 

instruments can be directly assimilated into ERA-Interim. This includes 

simulations of surface emissivity and upper-stratospheric radiances obtained 

by AMSU-A (Advanced Microwave Sounding Unit A) and SSU (Stratospheric 

Sounding Unit; Dee et al., 2011). Satellite data is usually blacklisted at the 

individual channel level to prevent erroneous radiance values from being 

assimilated, for example, radiance contaminated by the surface or clouds 

(Tavolato & Isaksen, 2010). In particular, atmospheric sounding data from 

Figure 2.2 A timeline of the in situ or conventional observations assimilated in ERA-
Interim. Retrieved from Dee et al. (2011). 
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microwave satellites over snow-covered surfaces are often excluded from 

forecast models, including the ECMWF model (Bauer et al., 2016), due to the 

challenges associated with accurately representing the effects of surface snow 

(Guedj et al., 2010; Hirahara et al., 2020; Karbou et al., 2014) 

2.2.2.2 ERA5 

ERA-Interim was replaced by ERA5 (Hersbach et al., 2023) in August 2019. 

Table 2.1 displays the key differences between ERA5 and ERA-Interim as well 

as a comparison with other global reanalysis products. Improvements in ERA5 

have come as a result of the development of more sophisticated models since 

ERA-Interim was first released (Hersbach, 2019). ERA5 has much higher 

horizontal, vertical, and temporal resolutions. A better representation of global 

precipitation and evaporation has also been noted (Albergel et al., 2018). Dee 

et al. (2011) suggested this is an improvement, as well as noting that soil 

hydrology and snow will be better represented due to improvement in land-

surface models. Variational bias schemes for ozone, aircraft, and surface 

pressure data have also been implemented, along with the satellite radiance 

variation bias scheme used in ERA-Interim. Observations have increased from 

0.75 million per day on average to 24 million per day in 2018 (Hersbach et al., 

2019). Although conventional observations are still a crucial data source, much 

of the increase in observations has come from new sources of satellite data. 

ERA5 assimilates all-sky satellite data instead of just the clear-sky satellite 

data that was used in ERA-interim (Hersbach et al., 2019). ERA5 also 

assimilates temperature observations from land stations that were previously 

omitted from ERA-Interim. 
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2.2.3 Numerical Weather Prediction Models 

NWP models use current weather observations as initial conditions to solve 

mathematical equations and simulate future weather conditions. They are 

another important source of meteorological data particularly for hydrological, 

climate, and snow modelling (Bauer et al., 2015; Billecocq et al., 2024; Fleming 

et al., 2015). NWP models solve the complex equations governing 

atmospheric dynamics, thermodynamics, and other relevant processes to 

generate forecasts. By integrating observational data and physical principles, 

NWP models produce datasets that are both temporally and spatially detailed, 

making them invaluable for driving a wide range of models. 

NWP datasets are generated through a multi-step process involving data 

assimilation, model integration, and post-processing. The process begins with 

 
ERA5 ERA-

INTERIM 
MERRA-
2 

CFSR JRA-55 

SOURCE ECMWF ECMWF NASA NCEP JMA 

PERIOD 
COVERED 

1979 to 
present  

1979 to 
2019 

1980 to 
present 

1979 to 
present 

1957 to 
present 

ASSIMILATION 
SYSTEM 

4D-VAR 4D-VAR 3D-VAR 3D-VAR 4D-VAR 

HORIZONTAL 
RESOLUTION 

≈31 km 
≈0.280 x 
0.280 

≈79 km 
≈0.750 x 
0.750 

≈50 km 
≈0.50 x 
0.6250 

≈38 km 
≈0.50 x 
0.50 

≈55 km 
≈0.560 x 
0.560 

VERTICAL 
RESOLUTION 

Surface and 
137 Levels 
to 0.01 hPa 

Surface 
and 60 
levels to 
0.1 hPa 

Surface 
and 72 
Levels to 
0.01 hPa 

Surface 
and 64 
Levels to 
0.266 
hPa 

Surface and 
60 Levels 
up to 0.1 
hPa 

TEMPORAL 
RESOLUTION 

Hourly 6-hourly Hourly Hourly 3-hourly 

REFERENCE (Hersbach 
et al., 2019) 

(Berrisford 
et al., 
2011) 

(Gelaro 
et al., 
2017) 

(Saha et 
al., 2010) 

(Kobayashi 
et al., 2015) 

Table 2.1 Global reanalysis products. ERA5 will be the only reanalysis product used in 
this study. For comparison, ERA-Interim, the Modern-Era Retrospective analysis for 
Research and Applications, Version 2 (MERRA-2), the Climate Forecast System 
Reanalysis (CFSR), and the Japanese 55-year Reanalysis (JRA-55) have been included. 
“Present” is near real-time as there is usually a 2–3-month lag. 
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data assimilation, where observational data from sources such as satellites, 

ground-based stations, and aircraft are integrated into the model to create an 

accurate representation of the current state of the atmosphere. This initial state 

is then used as the starting point for model integration, where the NWP model's 

dynamical core solves the equations of motion and other governing equations 

to forecast future atmospheric conditions (Bannister, 2017). The output from 

this integration is a dataset that includes variables such as temperature, wind 

speed, humidity, and precipitation, typically provided at regular intervals (e.g., 

hourly, 3-hourly, or daily) over a specified forecast period. 

The datasets are often post-processed to correct systematic biases, 

downscale to higher resolutions, or derive additional variables not directly 

predicted by the model. For example, the study by James and Benjamin (2020) 

highlights how commercial aircraft-based observations are used in NWP 

models to improve global coverage and data quality, particularly during the 

COVID-19 pandemic when traditional observation networks were disrupted. 

Similarly, Case et al. (2013) describe the development of a real-time MODIS 

vegetation product for land surface models, which is integrated into NWP 

datasets to enhance the accuracy of land-atmosphere interactions. 

NWP datasets are used to drive a wide variety of models across different 

scientific and operational domains. In hydrology, these datasets provide the 

necessary inputs for models that simulate river flow, snowmelt, and flood 

forecasting, as demonstrated by Fleming et al. (2015) in their development of 

a super-ensemble AI flood forecast model. In air quality modelling, NWP 

datasets are crucial for predicting the dispersion of pollutants, as shown in the 

study by Gao et al. (2022), which reviews the impacts of aerosol feedbacks on 

meteorology and air quality in Asia. Additionally, NWP datasets are used in 

agricultural modelling, where they help simulate soil moisture, 

evapotranspiration, and crop yields, providing valuable insights for food 

security and resource management (Hewage & Padmasiri, 2020). 

One of the primary advantages of NWP datasets is their high temporal and 

spatial resolution, which allows for detailed simulations of atmospheric 
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processes. This resolution is particularly beneficial for applications that require 

fine-scale inputs, such as localized weather forecasting or regional climate 

modelling. NWP datasets also offer global coverage, making them suitable for 

a wide range of applications, from large-scale climate studies to localized 

environmental assessments. Moreover, the continuous improvement in NWP 

models, driven by advancements in data assimilation techniques and 

increased computational power, has led to more accurate and reliable datasets 

(Smith Sr et al. 2015) 

NWP datasets are valuable resources for driving snow and hydrological 

models, facilitating the simulation and prediction of snowpack dynamics, 

snowmelt runoff, and hydrological processes. Studies have highlighted the 

significance of NWP data for driving snow and hydrological models. For 

instance, Essery et al. (2013) compared various snow models using observed 

data and emphasised the use of NWP datasets as input for driving snow 

models.  

Despite their strengths, NWP datasets also have several limitations. Model 

biases, arising from simplifications in physical representations and numerical 

approximations, can introduce errors in the datasets, affecting the accuracy of 

the models that rely on them. For instance, Kurzrock et al. (2018) discuss the 

challenges in using geostationary satellite observations in regional-scale 

models for short-term cloud forecasting, highlighting the potential biases in 

NWP models. Additionally, the spatial resolution of NWP datasets, while high, 

may still be insufficient for capturing small-scale processes in complex terrain, 

such as mountainous regions, leading to inaccuracies in hydrological and 

snowmelt models. 

Another challenge is the computational cost associated with generating NWP 

datasets, particularly at high resolutions. This cost can limit the frequency of 

updates and accessibility for some users, especially in operational settings 

where real-time data is critical (Waqas et al., 2024). Furthermore, the reliance 

on observational data for data assimilation can lead to gaps or inaccuracies in 
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regions with sparse observation networks, impacting the overall quality of the 

NWP datasets (James et al., 2020). 

One of the most widely used NWP models for operational forecasting and 

climate applications is the Met Office Unified Model (UM). 

2.2.3.1 The Met Office Unified Model 

The Met Office UM is a numerical weather and climate prediction system 

developed by the UK Met Office. It is designed to operate across different 

spatial and temporal scales, making it suitable for short-term weather 

forecasting, seasonal climate projections, and long-term climate simulations 

(Walters et al., 2019). Unlike many NWP models that use separate 

configurations for different forecasting applications, UM integrates multiple 

atmospheric and surface processes within a single, flexible modelling 

framework. The UM has spatial resolutions of 1.875° x 1.25° for global climate, 

0.14° x 0.09° for global forecasts, and 1.5 km for UK forecasts. 

A key component of the UM is the Joint UK Land Environment Simulator 

(JULES), which serves as its land surface model. JULES simulates energy, 

water, and carbon exchanges between the land and atmosphere (Walters et 

al., 2019). This integration enhances UM’s ability to represent land-

atmosphere interactions, improving hydrological and snowpack predictions. It 

also improves surface temperature and energy balance simulations, which are 

crucial for regional weather forecasting and enables the simulation of 

vegetation growth and carbon cycling, making UM applicable in Earth system 

modelling. 

The continuous improvement of the UM—driven by advancements in data 

assimilation, cloud microphysics, and turbulence parameterization—has led to 

more accurate and reliable forecasts, reinforcing its role in both operational 

meteorology and climate science. 

This thesis will utilize NWP data from the Met Office UM (Met Office, 2016) at 

1.5 km spatial resolution and hourly intervals between 2nd October 2017 and 
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1st April 2018 (see Table 2.2). This was a special run for the MACSSIMIZE 

project.  

2.2.4 WFDE5 

The WFDE5 (WATCH Forcing Data methodology applied to ERA5 reanalysis 

data) is a high-resolution, bias-adjusted meteorological dataset designed to 

support climate impact studies, particularly in the fields of hydrology, 

agriculture, and environmental modelling. This dataset, developed by Cucchi 

et al. (2020), offers a spatial resolution of 0.5 degrees and an hourly temporal 

resolution, which is an improvement over the previous WFDEI dataset that had 

a 3-hour temporal resolution. The creation of WFDE5 involved applying a well-

established bias correction methodology to the ERA5 reanalysis, resulting in a 

dataset that offers both enhanced temporal and spatial resolution. 

WFDE5 was derived by applying the WATCH Forcing Data (WFD) 

methodology, originally developed for ERA-40 and ERA-Interim, to the ERA5 

reanalysis (Weedon et al., 2014). This process involves several key steps: 

1. Aggregation and Regridding: ERA5 data, originally provided at a 

resolution of 0.25° x 0.25°, was aggregated to a coarser 0.5° x 0.5° grid to 

match the spatial resolution used in the WFD methodology. This 

aggregation was necessary to ensure consistency with previous datasets 

like WFDEI and to facilitate comparison with other climate models. 

2. Elevation and Bias Correction: The regridded ERA5 data underwent 

sequential elevation correction and monthly bias correction. These 

corrections were performed using observational datasets such as the 

Climate Research Unit (CRU) TS4.03 and the Global Precipitation 

Climatology Centre (GPCC) v2018, which provide high-quality reference 

data for various meteorological variables. The bias correction process 

adjusted key variables like temperature, precipitation, and radiation to 

reduce systematic errors and align the reanalysis data more closely with 

ground observations (Cucchi et al., 2020). 
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3. Radiative Forcing Adjustments: An additional step involved adjusting 

shortwave radiation fluxes to account for the impact of aerosols, which is 

not fully represented in ERA5. This was done by incorporating aerosol 

optical depth data from the CAMS Reanalysis and other sources to correct 

for aerosol-radiation and aerosol-cloud interactions (Hersbach et al., 2020). 

4. Final Processing: The final WFDE5 dataset includes hourly data for 

eleven key meteorological variables, covering the period from 1979 to 

2019, with future expansions expected to extend back to 1950 and up to 

the most recent year. The dataset is available in NetCDF format and can 

be accessed through the Copernicus Climate Data Store (C3S). 

WFDE5 is primarily used for climate impact studies, where accurate 

meteorological forcing data is critical. The dataset's high temporal resolution 

makes it particularly valuable for hydrological modelling, where hourly data is 

necessary to capture the dynamics of water flow and storage (Cucchi et al., 

2020). Additionally, WFDE5 serves as a reference dataset for bias-correcting 

future climate projections, ensuring that simulated future climates are more 

consistent with observed historical climates. This makes it a crucial tool for 

studies conducted under initiatives like the Inter-Sectoral Impact Model 

Intercomparison Project (ISI-MIP; Warszawski et al., 2014), which aims to 

assess the impacts of climate change across various sectors. 

One of the key advantages of WFDE5 is its enhanced accuracy compared to 

previous datasets like WFDEI. The bias corrections applied during its 

derivation process significantly reduce errors in critical variables such as 

temperature and precipitation, leading to more reliable climate impact 

assessments. The hourly temporal resolution of WFDE5 also represents a 

significant improvement, providing finer temporal detail that is essential for 

capturing short-term meteorological events and their impacts (Hersbach et al., 

2020) 

However, there are also some limitations associated with WFDE5. The 

aggregation of ERA5 data to a 0.5° x 0.5° grid, while necessary for consistency 
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with previous datasets, results in a loss of spatial detail. This coarser resolution 

may limit the dataset's applicability in studies requiring high spatial resolution, 

such as localized hydrological modelling in regions with complex terrain. 

Additionally, while the bias correction process improves the overall accuracy 

of the dataset, it cannot eliminate all sources of error, particularly in regions 

where observational data is sparse or of low quality (Cucchi et al., 2020) 

2.3 Climate of Trail Valley Creek – 1979 to 2019 

Figure 2.3 illustrates the seasonal patterns of eight meteorological variables 

recorded at TVC over 40 years (1979–2019) from WFDE5 dataset. The 

downward shortwave radiation (SW) exhibits pronounced seasonality, driven 

by the annual solar cycle at high latitudes. During winter, the polar night results 

in negligible SW radiation values (0 W m⁻²). Conversely, the summer months 

experience a sharp increase, peaking above 250 W m⁻² in June, before 

gradually declining through autumn. The absence of SW radiation during 

winter months highlights the unique climatic dynamics of Arctic regions. 

Downward longwave radiation (LW), however, remains above zero throughout 

the year. Although lower during winter months, LW radiation peaks during 

summer due to increased surface and atmospheric temperatures, reflecting 

the continuous emission of infrared energy. 

Precipitation patterns show distinct seasonal variability. Snowfall rates begin 

increasing significantly in September as temperatures drop below freezing, 

remaining elevated throughout the winter. These rates decline gradually in 

April as temperatures rise, transitioning precipitation from snow to rain. Rainfall 

rates exhibit an inverse seasonal relationship, with negligible values during 

winter and peaks occurring during the summer months, particularly between 

May and September. This inverse relationship highlights the temperature-

dependent phase changes in precipitation. Air temperature closely mirrors 

these trends, exhibiting a predictable seasonal pattern. Winter months are 

dominated by sub-zero temperatures, often dropping below -25°C, while 

summer months observe above-freezing conditions between May and 
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October. This seasonal variation aligns strongly with changes in both SW and 

LW radiation. 

Relative humidity fluctuates throughout the year, with the lowest levels (~55%) 

recorded during the winter months of January to March. A sharp increase in 

humidity occurs in May, coinciding with snowmelt and warmer temperatures, 

before peaking at approximately 85% in September. As snow returns in 

autumn, humidity levels gradually decline to around 60%. Wind speeds, in 

contrast, remain stable, ranging between 2.9 and 3.2 m s⁻¹. Minor seasonal 

variations are observed, with the lowest wind speeds in March and slightly 

higher values recorded in January and June. Surface air pressure follows a 

similar seasonal trend, ranging between 999 and 1007 hPa. Low-pressure 

systems dominate the warmer months (June to October), coinciding with 

higher humidity and precipitation levels. In contrast, high-pressure systems 

prevail during winter, corresponding to colder and drier conditions. 

These observations highlight the interaction of meteorological variables in 

shaping the seasonal climatic dynamics of Arctic tundra regions. The distinct 

seasonal trends in SW and LW radiation underscore the impact of the polar 

night and prolonged summer daylight on the region’s energy budget. 

Precipitation patterns reflect the strong influence of temperature on phase 

changes, with snowfall and rainfall serving as key markers of seasonal 

transitions. Meanwhile, the consistent wind speeds and pressure patterns 

emphasize the stability of atmospheric circulation, despite the region's extreme 

climate variability. 
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Figure 2.3. Monthly averages (1979-2019) of meteorological variables in Trail Valley 
Creek, North-West Canada. Data retrieved from (Cucchi et al., 2020) 
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Figure 2.4 presents trends in eight key meteorological variables for the TVC 

area in Northwest Canada, using the WFDE5 dataset over the 40 years from 

1979 to 2019. 

Shortwave (SW) radiation shows a notable decreasing trend, indicating a 

reduction in the amount of solar radiation reaching the surface. This decline 

could be attributed to increased cloud cover, atmospheric aerosols, or changes 

in surface albedo due to snow and ice loss. Meanwhile, longwave (LW) 

radiation exhibits a strong upward trend, suggesting enhanced atmospheric 

warming and increased infrared radiation being emitted back to the surface. 

This is consistent with the greenhouse effect, where rising temperatures and 

increased water vapour amplify surface warming. 

The precipitation data reveal contrasting trends. Snowfall rates have declined 

significantly over the period, which reflects warming temperatures reducing 

snowfall, and increasing melt events. In contrast, rainfall rates have increased, 

indicating a shift in precipitation type from snow to rain as temperatures rise. 

These patterns align with global observations of Arctic climate change, where 

warming accelerates transitions in the hydrological cycle. The reliability of 

these precipitation trends is bolstered by WFDE5's bias adjustment, which 

improves the accuracy of monthly precipitation totals. 
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Air temperature trends further emphasize warming, with a substantial increase 

over the 40 years. This supports broader evidence of rapid Arctic warming,  

Figure 2.4 Yearly averages (1979-2019) of meteorological variables in Trail Valley Creek, 
North-West Canada. The red line shows the trend in the data. Data retrieved from 
(Cucchi et al., 2020). 
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where temperatures rise at a rate faster than the global average (e.g. Huang 

et al., 2017). Relative humidity has also shown a slight upward trend, 

consistent with warming-enhanced moisture retention in the atmosphere. 

These trends collectively underscore the intensification of the regional 

hydrological and energy cycles due to climate change. 

Wind speed shows no significant long-term trend, indicating that regional wind 

dynamics have remained stable during this period. However, localized, or 

seasonal variations may not be fully captured due to the spatial averaging of 

WFDE5 data. Surface air pressure shows a slight decrease, which may reflect 

shifts in atmospheric circulation patterns, potentially tied to larger-scale Arctic 

climate variability.  

In summary, this highlights significant climatic changes in TVC over the past 

four decades, including warming, altered precipitation patterns, and changes 

in energy balance. 

2.4 Dataset Comparisons 

Table 2.2 summarizes the in-situ, assimilated, and modelled datasets 

discussed earlier in this section. These datasets, ranging from high-resolution 

in-situ measurements to large-scale reanalysis and modelled data, provide 

continuous meteorological inputs necessary for snow models and similar 

simulations throughout the winter period. This section will compare and 

evaluate the different types of datasets against in-situ measurements, 

assessing their reliability and suitability for accurate model simulations. 

Additionally, one of the assimilated or modelled datasets will be selected to 

gap-fill the in-situ measurements, ensuring a continuous dataset necessary to 

drive the snow model for a complete winter period. 
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DATASET SOURCE SPATIAL 
RESOLUTION  

TEMPORAL 
RESOLUTION  

TEMPORAL 
RANGE (UTC) 

MIX 

 

Measurements 
from two 
weather 
stations WLU 
and ECCC at 
TVC 

Point-based Hourly 2017-10-01 
08:00 to 2018-
10-01 06:00 

ERA5 

 

ECMWF ERA5 
Reanalysis 
Dataset 

0.25° 

(approx. 25 
km2) 

Hourly 2017-10-01 
08:00 to 2018-
10-01 06:00 

NWP Numerical 
Weather 
Predictions 
from Met 
Office Unified 
Model 

1.5 km2 

 

 

Hourly 2017-10-02 
00:00 to 2018-
04-01 23:00 

WFDE5 bias-adjusted 
meteorological 
dataset 

0.5° 

(approx. 50 
km2) 

 

Hourly 2017-10-01 
08:00 to 2018-
10-01 06:00 

ERAB ERA5 
variables bias-
corrected by 
quantile 
mapping to 
match the 
statistical 
distributions of 
in situ 
measurement 
(excluding 
precipitation)  

0.25° 

(approx. 25 
km2) 

Hourly 2017-10-01 
08:00 to 2018-
10-01 06:00 

Table 2.2 Comparison of meteorological forcing datasets available, comparing the 
spatial resolution and temporal resolution and range. 
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Figures 2.6-2.9 present a series of scatter plots comparing in-situ observations 

with estimated datasets for eight meteorological variables in TVC, Canada. 

Each plot includes key statistical metrics: Pearson correlation coefficient (r), 

Root Mean Square Error (RMSE), and mean bias error (MBE). Additionally, 

the number of data points is included, reflecting the incomplete nature of the 

MIX dataset, which contains 8759 total data points when fully populated. Data 

points that align closely with the 1:1 line or line of agreement indicate stronger 

agreement between the in-situ measurements and the estimated dataset, 

signifying higher accuracy. 

2.4.1 Downward Shortwave Radiation 

Figures 2.5a-d show SW radiation. The NWP dataset demonstrates the best 

performance for SW radiation, with the highest correlation coefficient (r = 0.96), 

the lowest RMSE (23.88 W m⁻²), and minimal bias (MBE = 0.13 W m⁻²). All 

Figure 2.5 Scatter plots comparing in-situ observations of downward shortwave 
radiation (W m⁻²) with various datasets: (a) ERA, (b) ERAb, (c), WFDE5, and (c) NWP. 
Each graph displays RMSE, MBE, correlation coefficient, and sample size in the top left. 
The black line represents the 1:1 correlation. 
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datasets exhibit strong correlations with in-situ observations (r ≥ 0.94), 

indicating strong linear relationships. However, the ERA5, ERAb, and WFDE5 

datasets show similar RMSE values (59 to 64 W m⁻²), suggesting variability in 

their accuracy. Both ERA5 and WFDE5 share a comparable negative mean 

bias (around -7 W m⁻²), indicating a tendency to underestimate SW radiation 

compared to observations, whereas ERAb displays a near-zero bias (MBE = -

0.12 W m⁻²). 

Despite NWP’s superior performance in terms of correlation and error metrics, 

its smaller sample size (2367 data points) compared to the other datasets 

(6758 data points) may limit the robustness of the analysis. Furthermore, the 

NWP data only spans October 2017 to April 2018, with substantial data gaps 

during the summer months when SW radiation is expected to be more variable. 

This seasonal data gap could contribute to the dataset's overall lower 

variability and improved statistical performance in comparison to the others. 

2.4.2 Downward Longwave Radiation 

Figures 2.6a-d present the comparison of LW radiation across various 

datasets. Among them, the bias-corrected ERA5 dataset (ERAb) provides the 

most accurate representation of LW radiation, closely aligning with the in-situ 

observations. This is evidenced by its MBE value of nearly zero (MBE = 0.001 

W m⁻²), indicating that the dataset neither underestimates nor overestimates 

the observations, and its data points are symmetrically distributed around the 

1:1 line. Despite this, RMSE of 27.51 W m⁻² suggests some level of variability 

in ERAb compared to the observations. Additionally, the moderate-to-high 

Pearson correlation coefficient (r = 0.87) indicates a strong positive 

relationship between ERAb and the in-situ data. 

The ERA5 and WFDE5 datasets also exhibit similar correlation coefficients (r 

= 0.87), highlighting comparable strengths in capturing LW radiation variability. 

However, the NWP dataset has a weaker correlation (r = 0.67), indicating a 

less robust relationship with the observations. In terms of RMSE, the NWP 

dataset shows a higher error (41.02 W m⁻²) compared to ERA5 (31.16 W m⁻²) 
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and WFDE5 (35.19 W m⁻²), further reflecting greater variability from the 

observations. 

All three datasets (ERA5, WFDE5, and NWP) exhibit negative MBE, with 

values of -10.53 W m⁻², -14.05 W m⁻², and -8.37 W m⁻² respectively, indicating 

an underestimation of LW radiation when compared to the in-situ data. The 

NWP dataset also has fewer data points (N = 3261) due to missing data during 

the spring and summer months (April 2018 to September 2018), which impacts 

the robustness of its analysis. In contrast, ERA5, ERAb, and WFDE5 datasets, 

despite having 14% missing data, still retain a larger sample size (N = 7652), 

ensuring a more reliable and robust analysis that captures the temporal 

variability of LW radiation effectively. 

Figure 2.6 Scatter plots comparing in-situ observations of downward longwave 
radiation (W m⁻²) with various datasets: (a) ERA, (b) ERAb, (c), WFDE5, and (c) NWP. 
Each graph displays RMSE, MBE, correlation coefficient, and sample size in the top left. 
The black line represents the 1:1 correlation. 
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2.4.3 Air Temperature 

Figures 2.7a-d present scatter plots comparing observed Ta with four datasets. 

Among these, the ERAb dataset provides the most accurate representation of 

temperature, with a near-perfect correlation coefficient (r = 0.99), minimal 

variability (RMSE = 2.20 °C), and a negligible warm bias (MBE < 0.01 °C). 

Similarly, the ERA5 dataset also shows a strong correlation (r = 0.99) and low 

variability (RMSE = 2.41 °C), although it has a higher warm bias (MBE = 0.7 

°C) compared to ERAb. This warm bias in ERA5 has been reported in previous 

studies, particularly in Arctic regions (Batrak & Müller, 2019; Wang et al., 

2019). 

The WFDE5 dataset also exhibits a strong correlation with observations (r = 

0.98); however, it has the highest RMSE (3.99 °C) among the datasets, 

indicating significant variability compared to observations. Additionally, 

WFDE5 displays a cool bias (MBE = -1.22 °C), which contrasts with the warm 

Figure 2.7 Scatter plots comparing in-situ observations of air temperature (°C) with 
various datasets: (a) ERA, (b) ERAb, (c), WFDE5, and (c) NWP. Each graph displays 
RMSE, MBE, correlation coefficient, and sample size in the top left. The black line 
represents the 1:1 correlation. 
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biases observed in the other datasets and contradicts findings from previous 

studies (i.e. Abdelhamed et al., 2023).  

The NWP dataset has the weakest correlation (r = 0.93) of the datasets but 

still demonstrates a strong relationship with the observations. The RMSE (3.46 

°C) indicates moderate variability, and the pronounced warm bias suggests 

that the NWP dataset consistently overestimates air temperature relative to 

observations. This finding is consistent with the warm biases noted in other 

datasets discussed earlier. 

All datasets are complete with no missing data, except for the NWP dataset, 

which only spans October 2017 to April 2018, as summarized in Table 2.2. 

This limited temporal coverage likely contributes to the observed differences 

in performance compared to the other datasets. 

2.4.4 Relative Humidity 

Figures 2.8a-d display scatterplots comparing observed relative humidity (RH) 

values with estimations from four datasets (ERA5, ERAb, WFDE5, and NWP). 

Among these datasets, ERAb demonstrates the most accurate representation 

of relative humidity, with the lowest RMSE (6.79%) and near-zero mean bias 

(MBE = 0.03%), indicating a strong agreement with observations and minimal 

systematic error. The correlation coefficient (r = 0.85) for ERAb suggests a 

robust positive linear relationship between estimations and observations.  

The ERA5 dataset also exhibits robust performance, with a comparable 

correlation coefficient (r = 0.86) and a relatively low RMSE (7.59%). However, 

ERA5 shows a moderate negative bias (MBE = -3.93%), suggesting that it 

slightly underestimates relative humidity compared to in-situ observations. 

In contrast, the WFDE5 dataset exhibits the highest RMSE (14.93%) and the 

largest negative bias (MBE = -10.92%), indicating significant variability and a 

tendency to underestimate relative humidity. While the correlation coefficient 

(r = 0.7) remains moderate, it is weaker than those observed for ERA5 and 

ERAb, highlighting less consistent alignment with the observations. 
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The NWP dataset has the lowest RMSE (6.69%) among all datasets and 

displays a small positive bias (MBE = 0.62%), suggesting an overall 

overestimation of RH compared to the observations. However, its correlation 

coefficient (r = 0.63) is the weakest among the datasets, reflecting a less 

consistent relationship with the observations. 

2.4.5 Wind Speed 

Figures 2.9a-d depict scatterplots comparing observed wind speeds (m s⁻¹) 

with estimations from four datasets. Among these, ERAb shows the most 

reliable performance, with the lowest RMSE (2.35 m s⁻¹) and a near-zero mean 

bias (MBE = -0.07 m s⁻¹), indicating minimal variability and excellent 

agreement with observations. The correlation coefficient (r = 0.64) for ERAb 

also reflects a moderate-to-strong positive linear relationship. 

Figure 2.8 Scatter plots comparing in-situ observations of relative humidity (%) with 
various datasets: (a) ERA, (b) ERAb, (c), WFDE,5 and (c) NWP. Each graph displays 
RMSE, MBE, correlation coefficient, and sample size in the top left. The black line 
represents the 1:1 correlation. 
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The WFDE5 dataset demonstrates a comparable RMSE (2.39 m s⁻¹) but 

exhibits a more pronounced negative bias (MBE = -1.16 m s⁻¹), suggesting a 

consistent underestimation of wind speed compared to observations. Its 

correlation coefficient (r = 0.68) is slightly stronger than ERAb, indicating better 

alignment with the variability in the observed data. 

The ERA5 dataset shows moderate agreement, with an RMSE of 2.78 m s⁻¹ 

and a negative mean bias (MBE = -1.66 m s⁻¹), indicating a tendency to 

underestimate wind speed. Its correlation coefficient (r = 0.63) is slightly 

weaker than that of ERAb and WFDE5, reflecting less consistent alignment 

with observations. 

The NWP dataset has the weakest correlation (r = 0.59) among all datasets, 

suggesting a less robust relationship with the observations. Although its RMSE 

Figure 2.9 Scatter plots comparing in-situ observations of wind speed (m s⁻¹) with 
various datasets: (a) ERA, (b) ERAb, (c), WFDE5, and (c) NWP. Each graph displays 
RMSE, MBE, correlation coefficient, and sample size in the top left. The black line 
represents the 1:1 correlation. 



 

36   

(2.76 m s⁻¹) is comparable to that of ERA5, the dataset exhibits a smaller 

negative bias (MBE = -0.52 m s⁻¹), which indicates a relatively smaller 

underestimation of wind speed. However, the smaller sample size (N = 4140) 

for NWP, compared to the other datasets (N = 8531), likely impacts the 

robustness of its analysis. 

2.4.6 Surface Air Pressure  

Figures 2.10a-d present scatterplots comparing observed surface air pressure 

(hPa) with estimates from the four datasets. Both ERA5 and ERAb exhibit 

near-perfect correlations (r > 0.99) with observations, demonstrating 

exceptional agreement. Among these, ERAb stands out with the lowest RMSE 

(0.74 hPa) and a near-zero mean bias (MBE = 0.04 hPa), indicating it provides 

the most accurate and consistent representation of surface air pressure. 

Figure 2.10 Scatter plots comparing in-situ observations of surface air pressure (hPa) 
with various datasets: (a) ERA, (b) ERAb, (c), WFDE5, and (c) NWP. Each graph displays 
RMSE, MBE, correlation coefficient, and sample size in the top left. The black line 
represents the 1:1 correlation. 
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The WFDE5 dataset also performs well, with a high correlation (r > 0.99) and 

an RMSE of 1.51 hPa, though it exhibits a slightly low bias (MBE = -1.47 hPa). 

Despite this bias, its strong linear relationship and relatively low variability 

make it a reliable dataset for surface air pressure estimations. 

The ERA5 dataset demonstrates strong agreement with observations, as 

evidenced by its near-perfect correlation (r > 0.99). However, it has a higher 

RMSE (3.24 hPa) and bias (MBE = 3.16 hPa), indicating some overestimation 

of surface air pressure compared to observations. 

In contrast, the NWP dataset has a slightly weaker correlation (r = 0.99) and 

shows significant variability, as indicated by the highest RMSE (12.22 hPa) 

among all datasets. Furthermore, it exhibits a pronounced high bias (MBE = 

12.12 hPa), highlighting considerable overestimation. The smaller sample size 

(N = 4140) for NWP relative to the other datasets (N = 8531) likely contributes 

to its weaker performance. 

2.4.7 Precipitation 

Figures 2.11a and 2.11b illustrate cumulative snowfall and rainfall for the 

period between October 2017 and September 2018, comparing observational 

data (in-situ measurements, black line) with three datasets: ERA5 (blue line), 

WFDE5 (red line), and NWP (green line). The NWP dataset only covers 

Figure 2.11. Cumulative (a) snowfall and (b) rainfall between October 2017 and 
September 2018. 
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October 2017 to April 2018, while ERAb is excluded due to precipitation not 

being bias-corrected. 

In Figure 2.11a, cumulative snowfall follows a similar trend across datasets 

and observations from October to mid-November. After this, observations level 

out with slower but steady accumulation until June 2018, marking the end of 

the snow season. Model datasets, however, overestimate snowfall significantly 

after mid-November. ERA5 shows the largest overestimation, followed by 

WFDE5 and NWP. No snowfall occurred between June and September 2018, 

a pattern that is consistent across all models, except the NWP dataset which 

does not have any data beyond April 2018. By October 2018, the modelled 

datasets showed snow accumulation that was approximately 40-50 mm higher 

than the observed values. These overestimations, particularly by ERA5, may 

reflect biases in snowfall parameterization or assumptions about the 

precipitation phase in models. 

In Figure 2.11b, cumulative rainfall exhibits different trends. Rainfall 

accumulation is minimal during winter months, consistent with the dominance 

of snowfall, which is well represented in all datasets. Observations show a 

steady increase starting in May 2018 and peaking in the summer. All model 

datasets overestimate cumulative rainfall, with WFDE5 showing the largest 

deviation, followed by ERA5. By October 2018, the modelled datasets had 

overestimated rain accumulation by approximately 90-190 mm when 

compared to the observations. The NWP dataset, limited to April 2018, does 

not capture significant rainfall accumulation. These overestimations in rainfall, 

particularly by WFDE5, suggest challenges in accurately modelling summer 

precipitation dynamics. Differences may arise from varying resolutions, land 

surface schemes, or biases in precipitation generation mechanisms. 

Table 2.3 shows statistical metrics relating to the performance of the ERA5, 

ERAb, WFDE5, and NWP datasets in estimating precipitation compared to 

observations. The statistical metrics used for this comparison are Pearson 

correlation coefficient (r), RMSE, and mean absolute error (MAE), Percent 

Bias (PBIAS) and Nash-Sutcliffe Efficiency (NSE). Each metric has a purpose: 
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correlation will be used to determine the strength of the relationship between 

datasets; RMSE and MAE quantify the magnitude of differences between the 

datasets; PBIAS will determine if the modelled datasets are overestimating or 

underestimating the observations and NSE will be used to assess how well the 

model datasets can predict the observations. ERAb has therefore been 

omitted because precipitation is not bias-corrected and will therefore have the 

same values as ERA5 

For snowfall, all datasets display a weak correlation with observational data, 

as evidenced by the low correlation coefficients. ERA5 achieves the highest 

correlation (r = 0.0988), followed by WFDE5 (r = 0.1663), while NWP performs 

the worst (r = 0.0231). However, all models significantly overestimate snowfall, 

as reflected in their positive PBIAS values. NWP exhibits the most pronounced 

bias at 59.31%, while ERA5 and WFDE5 also overestimate snowfall by around 

29%. The poor performance is further validated by negative NSE values 

across all datasets, indicating that the mean of the observational data 

outperforms the models. 

Rainfall modelling shows better performance compared to snowfall, although 

significant biases remain. WFDE5 achieves the highest correlation (0.4052), 

followed by NWP (0.3613) and ERA5 (0.3358). Unlike snowfall, NWP performs 

better in terms of RMSE (0.0392 mm/hour) and MAE (0.0026 mm/hour), while 

WFDE5 has the largest RMSE (0.2188 mm/hour) and MAE (0.0382 mm/hour). 

WFDE5 also significantly overestimates rainfall, as seen in its PBIAS of 

139.63%. In contrast, NWP slightly underestimates rainfall, with a PBIAS of -

14.62%. Notably, NWP is the only model to achieve a positive NSE value 

(0.1053), indicating better performance relative to the observational mean. 

These results suggest that while rainfall modelling benefits from better 

correlation and error metrics compared to snowfall, WFDE5 faces challenges 

with large overestimations. 

These findings suggest that the models struggle to accurately capture 

precipitation dynamics. As shown in Figure 2.11, the models depict 

precipitation accumulating at a consistent rate over time, whereas the 
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observational data reveal a more intermittent pattern, with distinct peaks of 

precipitation followed by periods of no accumulation. This discrepancy 

underscores the models' limitations in representing the episodic nature of 

precipitation events. In addition, localised factors such as topography and 

vegetation can especially influence snowfall accumulation, which may explain 

the discrepancies between the observations and model datasets.  

 

2.5 Chapter Summary 

In this chapter, the availability, suitability and accuracy of meteorological 

datasets for driving physical models, were discussed and evaluated. The main 

aim was to find a comprehensive meteorological dataset to gap-fill an 

incomplete in-situ dataset from an AWS at TVC. Alternative datasets including 

reanalysis, NWP, and bias-adjusted datasets were described and assessed. 

Using the WFDE5 dataset, the climate of TVC, the study area of this thesis, 

was analysed over 40 years. This analysis revealed trends such as rising air 

temperatures, changes in precipitation patterns and changes in the region’s 

energy balance. 

Finally, in-situ meteorological observations were compared to estimations from 

different sources. The bias-corrected ERA5 reanalysis performed the best with 

the generally lowest RMSE and strong r-values across all variables. The NWP 

VARIABLE DATASET R-
VALUE  

RMSE 
(MM/HOUR) 

MAE 
(MM/HOUR) 

PBIAS 
(%) 

NSE 

SNOWFALL ERA5 0.099 0.175 0.0247 29.21 -0.043 

WFDE5 0.166 0.174 0.0231 25.52 -0.041 

NWP 0.023 0.246 0.0308 59.32 -0.214 

RAINFALL ERA5 0.336 0.176 0.0279 55.98 -0.090 

WFDE5 0.405 0.219 0.0381 139.63 -0.687 

NWP 0.361 0.039 0.0027 -14.62 0.105 

Table 2.3 RMSE, MAE, percentage bias, correlation coefficient and Nash-Sutcliffe 
Efficiency of in-situ observation vs estimate various datasets for snowfall and rainfall 
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dataset performed worst across the variables, due to being an incomplete 

dataset (that did not run for an entire year). In terms of variables, air 

temperature and surface air pressure were captured the best with minimal 

errors and large r-values across the datasets. Most of the modelled datasets 

were unable to accurately capture precipitation dynamics, showing low r-

values and high errors. 

As a result of this analysis, the incomplete AWS dataset will be gap-filled using 

the bias-corrected ERA5 (ERAb) dataset, which will serve as the 

meteorological forcing data to drive FSM at a point scale. This satisfies the 

objective of identifying an optimal meteorological dataset for Arctic snow 

modelling, fulfilling research question 1, objective i (section 1.2.1.1). 

Although the NWP dataset showed lower performance at the point scale, its 

high spatial resolution and domain-wide availability make it suitable for 

regional-scale simulation, where spatial coverage takes precedence over local 

accuracy. This dataset will be used to run FSM for multi-point snow simulations 

across the Arctic, thereby enabling FSM-SMRT coupling at regional scales. 

This directly addresses research question 3, objective i (section 1.2.3.1). 

This chapter demonstrates the importance of accurate and reliable 

meteorological measurements, particularly for snow, hydrological and climate 

modelling applications in data-sparse Arctic regions. Modelled datasets, 

including reanalysis and NWP products, offer reasonable estimates for many 

variables (e.g. air temperature, humidity, surface air pressure) but require bias 

correction and quality control to be used effectively. 

Conversely, variables like precipitation exhibit strong local variability that is 

often poorly captured when constrained by coarse model grid resolutions. 

Even though modelled datasets are only used to gap fill a small portion of in-

situ data, their residual inaccuracies may propagate through FSM snow 

simulations in chapter 3, and influence brightness temperature simulations in 

chapter 4.  
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Overall, this chapter highlights the foundational role of accurate meteorological 

forcing in high-latitude snow emissivity modelling and its implications for 

satellite data assimilation in operational forecasting systems.  
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Chapter 3 Snow Datasets and Modelling 

3.1 Introduction 

Chapter 3 explores the principles and applications of snow models, with a 

particular emphasis on Arctic tundra snowpack stratigraphy. It covers the 

physics of FSM, providing a comprehensive analysis of their underlying 

mechanisms. Additionally, the chapter presents results from FSM simulations 

conducted at a single point in TVC and on a grid of points covering Alaska and 

Northwest Canada, offering valuable insights into the model's performance 

and applicability. These results will be compared with in-situ observations to 

address research question 1, objectives ii and iii. in section 1.2.1. This chapter 

will also address research question 3; objective i, outlined in section 1.2.3 

3.1.1 Arctic Snowpack Stratigraphy 

Snow on the ground has several key properties that significantly impact 

meteorology, hydrology, and ecology on both global and regional scales. It 

reflects solar radiation, influencing atmospheric temperatures and climate 

patterns (Appel et al., 2019; Barrere et al., 2017; Réveillet et al., 2022). 

Additionally, it acts as a natural insulator, shielding vegetation, soil, and wildlife 

from extreme temperatures (Berteaux et al., 2017; Domine et al., 2018). Snow 

also serves as a vital water reservoir, storing moisture that contributes to 

hydrological cycles upon melting (Barnhart et al., 2016; Pradhanang et al., 

2011). 

Accurately representing snowpacks in meteorological, hydrological, and 

ecological models is essential due to their environmental significance. Many 

snow models, such as CROCUS (Vionnet et al., 2012) have been developed 

primarily for avalanche forecasting. However, these models struggle to 

accurately simulate Arctic tundra snowpacks (Domine et al., 2019; Fourteau et 

al., 2021). Therefore, there is a pressing need for advanced, multi-layered 

snowpack models capable of capturing the complex physical and thermal 

dynamics of Arctic tundra snow. 
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3.1.1.1 Formation and Transformation of a Snowpack 

Figure 3.1 illustrates a typical cross-section of a two-layer Arctic snowpack 

including a depth hoar layer and wind slab layer (Berteaux et al., 2017; Domine 

et al., 2016). 

In the Arctic, snowpacks form seasonally, beginning in late summer when 

temperatures drop to 0°C or lower, causing precipitation to shift from rain to 

snow. The amount of precipitation reaching the ground as snowfall depends 

on air temperature but is also influenced by atmospheric temperature gradients 

and the aerodynamic properties of snow crystals (Berteaux et al., 2017). 

During the early snow season, air temperatures fluctuate above and below 

0°C, leading to frequent melting and freezing cycles. However, outside of the 

summer months (May to September), air temperatures rarely exceed 0°C. As 

a result, sublimation (where ice transitions directly into water vapour) and 

Figure 3.1 Diagram of a typical two-layered snowpack found in the Arctic, including low-
density, coarse-grained depth hoar and dense, fine-grained wind slab. Photo: (Berteaux 
et al., 2017) 
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condensation (where water vapour crystallizes into ice) become the dominant 

mass transfer processes within the Arctic snowpack.  

Initially, Arctic snowpacks are shallow (5–10 cm thick), leading to steep 

temperature gradients of up to 300°C m⁻¹. This occurs because the overlying 

atmosphere can drop to around −15°C, while the ground beneath remains 

close to 0°C, insulated by the snow cover. Since water vapour partial pressure 

is highly temperature-dependent, this extreme gradient drives strong upward 

water vapour fluxes from the base to the top of the snowpack. Sublimation 

occurs at the upper parts of snow crystals, with the resulting water vapour 

condensing onto the lower sections of the crystals above. This continuous 

vapour transfer — termed "hand-to-hand delivery of water vapour" (Yoshida, 

1955) — causes rapid snow grain growth, forming the depth hoar layer. 

Despite its name, depth hoar develops near the surface early in the snow 

season. It consists of large, low-density grains, which are structurally weak and 

too large to be easily eroded or transported by wind. 

As the ground cools and the snowpack deepens, temperature gradients 

weaken, reducing water vapour fluxes and slowing grain growth (Berteaux et 

al., 2017). This marks the formation of the next layer — wind slab — which 

develops when intense winds pick up loose, small, rounded snow grains and 

compact them through sintering. This process creates a denser and more 

cohesive layer compared to the depth hoar beneath. If recent snowfall occurs 

and has not yet been redistributed by wind, a fresh snow layer may form on 

top of the wind slab. This uppermost layer is characterized by soft, low-density 

snow with small grains. 

3.1.2 Heterogeneity of Snow Cover 

Arctic tundra environments are characterized by extensive snow cover that 

exhibits significant spatiotemporal heterogeneity (DeBeer & Pomeroy, 2017). 

This variability arises primarily from differences in topography and vegetation 

cover (Derksen et al., 2009). However, in winter, wind plays a dominant role in 

redistributing snow through erosion, transport, and deposition, further 
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increasing the complexity of snow cover distribution (Pomeroy et al., 1997). As 

a result, in-situ measurements and remotely sensed estimates of bulk snow 

properties—such as snow cover, snow depth and SWE—often fail to fully 

capture this spatial variability (Bhardwaj et al., 2016; Dong, 2018; Walker et 

al., 2021). Accurate measurements and estimations of snow properties are 

essential for a wide range of applications including, flood and drought 

predictions (Corona et al., 2015; Vionnet et al., 2020), climate monitoring 

(Brown et al., 2019) and snow melt predictions (Viviroli et al., 2011). 

3.2 Snow Datasets 

3.2.1 UAS Snow Depth Maps 

Walker et al. (2021) employed unmanned aerial systems (UASs) in conjunction 

with structure-from-motion (SfM) photogrammetry to estimate snow depth in 

seven areas of interest (AOIs) during the MACSSIMIZE campaign in March 

2018 in TVC. Snow depth was derived by calculating the difference between 

a digital surface model (DSM) generated from SfM photogrammetry and a 

snow-free LiDAR digital elevation model (DEM) of the same area. The LiDAR 

DEM had a spatial resolution of 1 m, necessitating the upscaling of the higher-

resolution (0.1 m) DSM. Resampling was performed using bilinear 

interpolation to ensure consistency between datasets (Walker et al., 2021). 

Comparisons with in-situ measurements demonstrated that the method 

effectively captured overall snow depth with minimal errors (RMSE = 0.15 m; 

Walker et al., 2021). 

Figure 3.2 presents snow depth maps derived from Walker et al. (2021), 

capturing the spatial heterogeneity of snow accumulation across different 

AOIs. Snow depths range from 0 to 4 m, with deeper snow found on leeward 

slopes of hills, valleys, and shrub patches, while shallower snow is observed 

in open tundra areas and on frozen lakes, where wind exposure limits 

accumulation. 
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In AOI2 (panel a), the snow pits in AO2 are located in an open tundra region 

where snow is relatively shallow, generally less than 0.5 m. Across the entire 

AOI2, snow depth is highly variable, reaching a maximum of 4 m, with large 

snow drifts accumulating along TVC and in shrub patches in the southwest 

corner. The shallowest snow is found in the northwest corner, where a small 

frozen lake is exposed to intense winds. 

Panel b includes AOI3 and AOI4, both of which exhibit strong spatial variability. 

In AOI3, snow depth varies significantly across short distances. AOI3W is 

situated in a snow drift on a slope where depths exceed 1.5 m, whereas 

AOI3E, located approximately 0.5 km to the east on flatter terrain, has much 

shallower snow, with depths of less than 0.5 m. The snow pits in AOI4 are 

positioned in a more exposed area where snow accumulation is lower, with 

depths ranging between 0.16 and 0.45 m. 

Figure 3.2 Snow depth maps of each Area of Interest (AOI). Snow pits are labelled. Snow 
depth is measured as the difference between two elevation models, in metres, using 
unmanned aerial system Structure-from-motion products (Walker et al., 2020) collected 
between 12 and 20 March 2018. The Inset map shows the location concerning North 
America. 
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AOI6, shown in panel c, is a relatively uniform snow-covered area, as the 

region consists of a flat plateau with minimal terrain features to influence snow 

redistribution. Snow depths at AOI6C and AOI6N are approximately 0.3 m and 

0.4 m, respectively, with slight variation across the AOI. 

In AOI7 (panel d), snow depth ranges between 0.4 and 1.6 m, with localized 

snow drifts exceeding 2 m in certain areas. The snow pits AOI7W and AOI7C 

are located in regions where the snow depth is relatively consistent, around 

0.45 m. 

AOI8 (panel e) is situated on a high, flat plateau where snow depth varies due 

to wind redistribution. Leeward slopes accumulate significant snow drifts, while 

exposed plateau surfaces experience more scouring, resulting in shallower 

snow cover. Snow depths in this AOI change gradually rather than abruptly, 

indicating the dominant influence of wind rather than sudden terrain-induced 

accumulation. Both snow pits, AOI8W and AOI8E, are positioned in shallow 

snow areas, with depths ranging from 0.28 to 0.35 m. 

AOI9 (panel f) exhibits significant snow depth variability, with large regions of 

deep snow accumulation exceeding 3.2 m. These patterns suggest localized 

drifting and wind-influenced deposition in response to terrain features. AOI9E, 

the only snow pit within the mapped area, is situated in a relatively shallow 

region compared to the rest of AOI9 but still records one of the highest snow 

depths among the pits, at approximately 0.58 m. 

Overall, the snow depth maps effectively illustrate the influence of terrain, 

vegetation, and wind redistribution on snow accumulation. The deepest snow 

is found in valleys, leeward slopes, and areas with dense shrub cover, where 

wind-driven deposition enhances accumulation. In contrast, the shallowest 

snow is observed in open tundra and on frozen lakes, where intense winds 

remove snow. 
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3.2.1 Ultrasonic Snow Depth Measurements 

Two ultrasonic snow depth sensors (see Figure 3.3) measure snow depth at 

TVC. The device is attached to a mast at a known height above the snowpack. 

An acoustic pulse is sent from a sensor and the time taken for the pulse to 

reflect off the snow surface and back to the sensor is measured, and snow 

depth is calculated (Kinar & Pomeroy, 2015). The sensor consists of two key 

components: a transducer and a thermocouple. The transducer is responsible 

for converting sound into electrical energy and vice versa, enabling the device 

to send and receive the acoustic pulses. The thermocouple measures the air 

temperature around the device, which is crucial for determining the speed of 

sound in the air. Since the speed of sound varies with temperature, accurate 

air temperature measurements are necessary to ensure precise snow depth 

calculations (Kinar & Pomeroy, 2015). 

Ryan et al. (2008) used ultrasonic snow depth sensors to measure snow depth 

at 17 sites in the US and found that the sensors represented the snow depth 

within 2 cm, although uncertainty in average snow depth from a point 

measurement will likely be higher than this. However, unreliable 

Figure 3.3. Automatic weather stations in Trail Valley Creek (Photo: Richard Essery) 
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measurements can occur if the sensor is not perpendicular to the snow surface 

if the transducer is damaged or obstructed, or due to local environmental 

factors (i.e., intense winds, low density snow, vegetation). For example, low 

density snow can allow the acoustic wave to penetrate below the snow surface 

and strong winds can distort the sound of the acoustic pulse (Anderson & Wirt, 

2008). Transducers can be damaged or obstructed if dirt or insects get behind 

the screen that protects the transducer (Anderson & Wirt, 2008). Bergman 

(1989) found that it is necessary to shield the thermocouple from solar radiation 

to avoid the air temperature measurement affecting the snow depth 

measurement. Snow depth is continuously monitored by two in-situ sensors 

maintained by WLU and ECCC, respectively, with measurements recorded at 

hourly intervals. However, as is common in Arctic environments, these 

datasets may exhibit gaps due to the challenges inherent in data collection 

under extreme conditions. 

3.2.2 GlobSnow v3.0 SWE dataset 

The GlobSnow v3.0 SWE dataset is part of the European Space Agency (ESA) 

Snow Climate Change Initiative (CCI) and uses passive microwave satellite 

SWE data assimilated with ground-based synoptic weather station snow depth 

observations (Luojus et al., 2021). The dataset contains daily, monthly, and 

monthly-bias corrected SWE estimates at 25 x 25 km spatial resolution and 

covers the Northern Hemisphere (above 40°N). Mountain areas are excluded 

due to known issues with retrieving snow products using this methodology. 

Shallow snowpacks (< 0.05 m) are not as reliably retrieved and in deeper 

snowpacks (> 1 m) the algorithm tends to underestimate SWE. The dataset 

has been comprehensively evaluated against ground truth SWE data in 

Canada (Luojus et al., 2021) with an MBE of -37.7 mm, an RMSE of 84.6 mm 

and a correlation of 0.47. These errors were reduced when SWE was below 

150 mm. 

3.2.3 Canadian Historical SWE Dataset 

The Canadian historical SWE dataset (CanSWE) is a comprehensive dataset 

of SWE and snow depth observations across Canada. The dataset has 
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extensive temporal coverage (1928-2020) compiled from manual and 

automated sources, including provincial and federal monitoring networks over 

1000 snow courses and a total of 2607 sites (Vionnet et al., 2021). The dataset 

is useful for validating snow products from other sources such as models or 

remote sensing. However, much of the data points are in southern Canada, 

with fewer in northern more remote regions. This impacts its usability in Arctic 

climate studies.  

3.2.4 Snow Pits  

Snow pits are very useful for observing the stratigraphy and characteristics of 

snow layers in a snowpack (Fierz et al., 2009) Snow pits are dug vertically 

down to the ground and a ‘wall’ is created so measurements can be taken at 

each layer of the snowpack. These measurements include density, 

temperature, and grain size and shape. Using a ruler, snow depth is measured 

from the bottom of the snowpack upwards and layer thickness is marked by 

the distance from the ground. Layers are usually identified by visual 

interpretation (Fierz et al., 2009). Density is measured using a cutter that 

samples each layer of a snowpack. The weight and volume of the cutter are 

known so the sample is weighed using digital scales and density can be 

calculated. The accuracy of the density measurement is dependent on the skill 

and experience of the user (Kinar & Pomeroy, 2015). A thermometer is used 

to measure the temperature at each layer and produce a temperature of the 

snowpack. Errors may occur if the thermometer is taken out of the snowpack 

before the thermometer has settled to the ambient temperature or if the 

thermometer is taken out of the snowpack to record the temperature (Kinar & 

Pomeroy, 2015). Grain size and shape are measured using a snow crystal 

card and magnifying glass. A small sample is taken from each layer in the 

snow pit and placed on the snow crystal card, which has several grids of 

assorted sizes. The user must determine which size the sample best fits. The 

magnifying glass is used to identify the grain shape, based on common snow 

classification schemes (Fierz et al., 2009). This method relies on an 

experienced observer but can also be subjective, making it prone to errors 

(Kinar & Pomeroy, 2015).   
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Another way to analyse snow structure is by measuring the SSA of snow. SSA 

and equivalent grain size can be obtained by measuring the optical properties 

of snow. The DUFISSS (DUal Frequency Integrating Sphere for Snow SSA 

measurement) is an instrument that measures snow reflectance at 1310 

(optimal for SSA < 60 m2 kg−1) and 1550 nm (optimal for SSA 60 > m2 kg−1) 

(Gallet et al., 2009). A snow sample is placed in a black holder attached to the 

sensor and illuminated with a beam from a laser diode (Gallet et al., 2009). 

Two sources of error from the instrument will result in underestimated 

reflectance values. First, low density (typically fresh snow around 30 to 100 kg 

m−3) snow samples will allow light to penetrate through the snow to the bottom 

of the sample holder. Also, the light that is reflected by snow grains near the 

top of the sample is more likely to escape (Gallet et al., 2009)  

Snow pits and the instruments used to measure the snow properties that have 

been discussed thus far are mostly invasive, and therefore all other less 

invasive measurements should be taken before the snow pit is dug (Kinar & 

Pomeroy, 2015). Likewise, measurements in a snow pit need to be taken 

quickly to ensure the sun does not melt the snow (Kinar & Pomeroy, 2015). 

Ground data collected during the MACSSIMIZE campaign has been used to 

compare with simulated snow profiles from FSM. There are twenty-two vertical 

profiles of snow properties at 8 different AOIs (see figure 1.2). Snow density, 

temperature and Specific Surface Area (SSA) were measured at 3 cm vertical 

intervals. A 100 cm3 gravimetric cutter was used to measure density and SSA 

was derived from infrared reflectance of snow samples at 1310 nm (Gallet et 

al., 2009) measured using an A2 Photonic Sensors IceCube. SSA is converted 

to optical diameter 

𝐷𝑂 =  
6

𝜌𝑖𝑐𝑒𝑆𝑆𝐴
, 

(3.1) 

where 𝜌𝑖𝑐𝑒 is the density of pure ice (917 kg m–3 at 0°C; Montpetit et al., 2012).  
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3.3 FSM 

Although FSM and its parametrizations are simple and not entirely new, the 

model benefits from having a faster run time than previous models (e.g. Essery 

et al., 2013). The model code is freely available to download, allowing users to 

modify and extend the code for specific needs (Westermann et al., 2016). The 

model has been evaluated over winter at an alpine site in France by Essery 

(2015) and has been used in a study by Alonso-González et al. (2018) to 

simulate snow depth and SWE. 

3.3.1 Snow Mass and Energy Balance 

FSM is a multi-physics mass and energy balance model of the accumulation 

and melt of snow (Essery, 2015). The model has five process parametrizations 

that can be switched on or off using binary digits, giving thirty-two 

configurations. The five parameterisations are snow albedo, thermal 

conductivity, snow density, stability adjustment of the turbulent exchange 

coefficient and liquid water content. Binary digits are used, hence a zero 

Figure 3.4 A conceptual diagram of FSM for a snow column with height h, ice mass I, 
liquid water mass W and internal energy U. Precipitation rate Pr, vapour flux E, run off 
at the base of the snowpack Rb and heat fluxes at the surface Gs and base Gb are all 
indicated by arrows (Essery, 2015). 



 

54   

indicates that the parameterization is switched off and a one indicates it is 

switched on. FSM assumes a uniform surface layer, and thus only simulates 

at one point in the horizontal. However, FSM can model vertical snow layers 

and the soil layers below a snowpack. A system diagram (Figure 3.4) illustrates 

a conceptual model of a column of snow with a surface area of 1 m2 and height 

h (Essery, 2015). The system is described by the state variables: ice mass (𝐼); 

liquid water mass (𝑊); density (𝜌) and internal energy (𝑈). Density is a function 

of internal mass, and the snow column height is calculated by 𝜌 = ℎ−1(𝐼 + 𝑊). 

Mass increases as rain or snow falls, indicated by precipitation rate (𝑃𝑟), and 

is lost to the atmosphere by the vapour flux (𝐸) and as runoff (𝑅𝑏) at the base 

of the snow column. Internal changes in ice and snow mass in the snow 

column are constrained by the conservation equation 

The condition 𝐼, 𝑊 ≥ 0 further constrains the model. Heat fluxes at the surface 

(𝐺𝑠) and base of the snowpack (𝐺𝑏) control the internal energy (𝑈), given by 

the conservation equation 

𝑑𝑈

𝑑𝑡
= 𝐺𝑠 − 𝐺𝑏. (3.3) 

A subsystem diagram (Figure 3.5) illustrates the internal structure of FSM for 

a three-layer snowpack, with each internal state variable (𝑊, 𝐼 and 𝑈) 

described separately and fluxes indicated by arrows. Numerical subscripts 

indicate layers in the snowpack, one being at the top of the snowpack. Rainfall 

(𝑅𝑓) and snowfall (𝑆𝑓) are now considered as separate inputs to liquid water 

and ice masses. At the surface, liquid mass fluxes into the snow column are 

rainfall and surface melt (𝑀), whilst at the base of the snow column, mass is 

lost due to runoff. Internally, liquid water mass moves between layers due to 

drainage (𝑅𝑖) down the snow column and liquid mass is lost to ice mass due 

to freezing (𝐹𝑖) in each layer.  

𝑑𝐼

𝑑𝑡
+

𝑑𝑊

𝑑𝑡
= 𝑃𝑟 − 𝐸 −  𝑅𝑏. 

(3.2) 
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The snowfall flux increases the ice mass of a snow column at the surface and 

ice mass is lost due to melting and sublimation. The mass conservation 

equations for ice are 

𝑑𝐼1

𝑑𝑡
= 𝑆𝑓 − 𝐸 − 𝑀 + 𝐹1 − 𝑆1,

𝑑𝐼2

𝑑𝑡
= 𝑆1 + 𝐹2 − 𝑆2,

𝑑𝐼3

𝑑𝑡
= 𝑆2 +  𝐹3 (3.4) 

and for water are 

𝑑𝑊1

𝑑𝑡
= 𝑅𝑓 + 𝑀 − 𝐹1 − 𝑅1,

𝑑𝑊2

𝑑𝑡
= 𝑅1 − 𝐹2 − 𝑅2,

𝑑𝑊3

𝑑𝑡
= 𝑅2 −  𝐹3 −  𝑅𝑏 (3.5) 

Internal energy (U) is dependent on heat fluxes at the base and surface of the 

snow column as illustrated in Figure 3.4 and equation 3.3. At the surface, heat 

is added to the snow column by net radiation absorbed by the surface, where 

𝐿𝑓and 𝐿𝑠 are the latent heats of fusion and sublimation of water, assumed to 

be constants (0.334×106 J kg−1 and 2.835×106 J kg−1).  

𝐺𝑠  =  𝑅𝑛 − 𝐻 − 𝐿𝑠 − 𝐿𝑓𝑀  (3.6) 

Figure 3.5 A subsystem diagram for a three-layer snowpack relating to conservation 
equations 3.3, 3.4, 3.7 for ice mass, liquid water mass and internal energy. The fluxes 
of freezing F, heat conduction G, melting M, drainage of water R and redistribution of 
ice between model layers are shown and arrows represent the direction of flux. 
Subscripts indicate layer number i with 1 being at the top of the snowpack. ∆h the 
thickness of the layer (Essery, 2015). 
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A surface energy balance equation expresses the net radiation as 

𝑅𝑛  = (1 − 𝛼)𝑆𝑊 + 𝐿𝑊 − 𝜎𝑇𝑠
4, (3.7) 

where 𝛼 is the albedo of the surface and 𝑇𝑠 is temperature (in Kelvin) at the 

surface. SW and LW are the incoming shortwave and longwave radiation 

fluxes. The thermal emissivity of snow is assumed to be equal to 1 and the 

penetration of shortwave radiation through snow is ignored. Energy at the 

surface is exchanged with the atmosphere by turbulent sensible heat flux (𝐻) 

and turbulent latent heat flux (𝐿𝑠𝐸). Latent heat is lost at the surface due to 

melting (𝐿𝑓𝑀). Latent heat is released within the layers due to freezing and 

heat is conducted between each layer and lost at the base of the snowpack. 

The energy conservation equations for each model layer are 

𝑑𝑈1

𝑑𝑡
= 𝐺𝑠 − 𝐺1 + 𝐿𝑓𝐹1,

𝑑𝑈2

𝑑𝑡
= 𝐺1 − 𝐺2 + 𝐿𝑓𝐹2,

𝑑𝑈3

𝑑𝑡
= 𝐺2 − 𝐺𝑏 + 𝐿𝑓𝐹3 (3.8) 

Internal energy and temperature of layer 𝑖 are related by 

𝑈𝑖 =  𝐶𝑖𝑇𝑖 (3.9) 

for 

𝐶𝑖 =  𝑐𝑖𝑐𝑒𝐼𝑖 +  𝑐𝑤𝑎𝑡𝑊𝑖 (3.10) 

where 𝑐𝑖𝑐𝑒 = 2100 JK-1 kg-1 and 𝑐𝑤𝑎𝑡 = 4180 JK-1 kg-1 are the specific heat 

capacities of ice and water, respectively. 

FSM is run by inputting meteorological driving data and specifying which 

parametrizations to switch on or off as required. The model has a set of non-

linear equations that include the conservation equations (equations 3.4, 3.5, 

3.8) and parameterisations. As these equations cannot be solved analytically, 

they are linearized and then the state variables are updated sequentially at the 

next time step. Snow albedo is the first variable to be updated. If the thermal 

conductivity and atmospheric stability factor parameters are switched on, then 

they will also be updated at this stage. Subsequently, the surface temperature 
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for the next time step is obtained by solving the surface energy balance 

equation (equation 3.7), assuming that there is no melt. If the surface 

temperature at this increment is above 0 °C then it is recalculated assuming 

that the snow melts. If the surface temperature is now below 0°C the snow only 

partially melts. The temperature of each snow layer is then updated. Next, if 

melting and sublimation occur at the surface layer, ice is removed. Liquid 

increases at the surface due to melting and rain, but if liquid water exceeds 

𝑊𝑚𝑎𝑥 (the liquid water capacity) in a layer then it drains to the next layer or is 

lost as runoff at the base of the snowpack. New snowfall has the same 

temperature as the surface layer and a fixed density depending on the 

parametrization (100 kg m−3 fresh snowfall density if density parameter is on 

and if switched off a fixed density of 300 kg m−3). The number and thickness 

of the layers depend on snow depth (see Figure 3.5). In a snowpack that is 

less than 0.2 m in depth one layer is used, for a snowpack between 0.2 and 

0.5 m in depth two layers are used, and if a snowpack exceeds 0.5 m three 

layers are used. As a default, FSM uses rigid model layers that move with the 

snow surface, and the lowest layer expands and contracts to accommodate 

changes in snow depth. The number of layers and thickness of layers is 

selected within the model parametrisations. FSM also has a deforming layer 

option that adds a layer to the snowpack when snow falls and removes a layer 

from the snowpack when it melts. This results in multiple snow layers that 

preserve discontinuities. With the deforming layers model selected, FSM can 

also preserve wind slab layers within a snowpack. When this option is selected, 

the density of freshly fallen snow will depend on air temperature and wind 

speed. At the right conditions – air temperatures above -25 °C (Li & Pomeroy, 

1997) and roughly 5 m/s winds (de Leeuw et al., 2023) – this will result in FSM 

simulating a high density wind slab within the snowpack. 

3.3.2 Snow Grain Size 

Snow grain size is key to the mass and energy balance equations (equations 

3.2 3.3, 3.4, 3.5, 3.7 and 3.8) that form the basis of FSM (Jordan, 1991). Grain 

size also affects various snow properties including albedo, scattering, thermal 

conductivity and permittivity (Lehning et al., 2002). Snow grain growth in a 
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snowpack is complex and widely debated (Jordan, 1991), but previous studies 

have shown that the use of SSA to represent grain size reduces model errors 

(e.g. Grenfell & Warren, 1999). SSA is defined as the surface area of the ice-

air interface per unit mass (Hagenmuller et al., 2016). It is another way to 

characterise snow structure, but also essential for modelling the physical 

properties of snow (Hagenmuller et al., 2016). Snow metamorphism 

transforms the structure of fresh snow, changing the snow grain size and 

shape over short periods. It is a key process when modelling grain size. Snow 

metamorphism will vary in speed depending on the ambient conditions, 

particularly temperature. 

For dry snow, vapour diffusion causes vapour to condense at the bottom of a 

grain and sublimate from the top of a grain if temperature decreases with 

height in the snow (Oleson et al., 2010; Yoshida, 1963). Higher vapour 

pressure for small particles causes them to sublimate in favour of larger 

particles (Jordan, 1991). The addition of small quantities of water in a 

snowpack can significantly increase grain growth (Colbeck & Anderson, 1982). 

This is because liquid water freezes and connects smaller grains, creating 

larger grains. At present, grain growth modelling in wet snow is limited to an 

empirical relationship for the volume growth of grains as a function of the mass 

fraction of liquid water presented by Brun (1992). 

FSM has been modified to incorporate two distinct snow grain growth models. 

The first is the grain growth model used in JULES and its predecessor, the Met 

Office Surface Exchange Scheme (MOSES). JULES is a land surface model 

that incorporates a multi-layer snow scheme that represents snow 

accumulation, compaction, melt and grain growth. It is coupled with a NWP 

model and climate models at the UK Met Office, as described in Section 

2.2.4.1. 

The second grain growth model is from the Snow Thermal Model (SNTHERM; 

Jordan, 1991), a high-resolution snow physics model designed for detailed 

snowpack simulations. The differences between these two approaches will be 

discussed in the next sections. 



 

  59 

3.3.2.1 JULES Grain Growth Model 

The snow grain growth model used in JULES is based on thermodynamic 

principles governing snow metamorphism, where grain size changes 

dynamically due to temperature, humidity, and pressure fluctuations (Best et 

al., 2011). This prognostic approach contrasts with models that rely on a fixed 

empirical relationship for grain growth. Grain size increases over time primarily 

due to two key processes: sintering and sublimation deposition, as described 

in Section 3.1.1.1. Grain growth is temperature-dependent, with warmer snow 

layers accelerating grain growth due to enhanced water vapour transport and 

ice recrystallization. 

In JULES, the increment in grain radius 𝛿𝑟 over a given timestep is determined 

using the grain area growth rate expressed as: 

𝛿𝑟 =  𝑔𝑟𝑟−1𝛿𝑡 (3.11) 

where gr varies depending on temperature conditions: 

3.3.2.2 SNTHERM Grain Growth Model 

Snow grain growth in SNTHERM is primarily driven by water vapour transport 

through the snowpack, which depends on the temperature gradient (Sandells 

et al., 2017). The temperature gradient in a snow layer is calculated as the 

difference between the top and bottom layer temperatures, divided by the layer 

thickness.  

 

 

 

 

𝑔𝑟 =  {

2 ×  10−13 𝑚2𝑠−1                   

2 × 10−14 𝑚2 𝑠−1                    

7.3 × 10−8 exp(−4600/𝑇𝑠𝑛)

 

𝑇𝑠𝑛 = 𝑇𝑚 (3.12) 

𝑇𝑠𝑛 <  𝑇𝑚, 𝑟 < 1.5 ×  10−4  

𝑇𝑠𝑛 <  𝑇𝑚, 𝑟 ≥ 1.5 ×  10−4𝑚    



 

60   

The temperature at the top of a snow layer, Ts defines the surface layer, while 

for deeper layers, the temperature is determined as: 

𝑇𝑠𝑛,𝑛−1/2 =  
𝐷𝑠𝑛,𝑛−1𝑇𝑠𝑛,𝑛 + 𝐷𝑠𝑛𝑇𝑠𝑛,𝑛−1

𝐷𝑠𝑛,𝑛 + 𝐷𝑠𝑛,𝑛−1
 

(3.13) 

for 𝑛 > 1, and the temperature at the base of the snowpack is: 

𝑇𝑠𝑛,𝑛+1/2 =  
𝐷𝑠𝑛,𝑛−1𝑇𝑠𝑛,𝑛 + Δ𝓏𝑠𝑙,1𝑇𝑠𝑙,1

𝐷𝑠𝑛,𝑛 + Δ𝓏𝑠𝑙,1
 

(3.14) 

for 𝑛 =  𝑁𝑠𝑛𝑜𝑤. 

SNTHERM represents grain growth through three key metamorphic processes 

(Corona et al., 2015): 

1. Destructive metamorphism – Occurs at warmer temperatures, where 

mechanical compaction and overburden pressure cause grains to break 

down into smaller sizes. This process is governed by snow viscosity. 

2. Constructive metamorphism – Occurs at colder temperatures, where 

sublimation and deposition cause ice crystals to grow, leading to an 

increase in grain size. 

3. Melt metamorphism – Alters grain size due to the presence of liquid 

water, which facilitates grain bonding and coarsening. 

The vertical vapour flux in a snow layer, which governs mass transfer during 

metamorphism, is given by: 

𝓆𝑣 =  9.2 ×  10−5 (
𝑇𝑠𝑛,𝑛

𝑇𝑚
)

6 𝜕𝜌𝑠𝑎𝑡

𝜕𝑇
(

𝑇𝑠𝑛,𝑛−1  −  𝑇𝑠𝑛,𝑛+1/2

𝐷𝑠𝑛,𝑛
) 

(3.15) 

where the derivative of saturation vapour pressure with respect to temperature 

is: 

𝜕𝜌𝑠𝑎𝑡

𝜕𝑇
 =  

ℯ0

𝑅𝑤𝑎𝑡𝑇2
(

𝐿𝑠

𝑅𝑤𝑎𝑡𝑇
− 1) 𝑒𝑥𝑝 [

𝐿𝑠

𝑅𝑤𝑎𝑡
(

1

𝑇𝑚
−

1

𝑇
)] 

(3.16) 
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This formulation highlights SNTHERM’s ability to explicitly model water vapour 

transport, a key driver of grain growth under temperature gradient 

metamorphism. 

SNTHERM calculates the grain area growth rate as: 

𝑔𝑟  = {
1.25 × 10−7𝑚𝑖𝑛(|𝑞𝑣|, 10−6)

10−12𝑚𝑖𝑛(𝜃𝑤 + 0.05,0.14)
  

𝜃𝑤 < 10−4 (3.17) 

𝜃𝑤 ≥ 10−4  

where 𝜃𝑤 represents the volumetric liquid water content in the snow, defined 

as: 

𝜃𝑤 =
𝑊

𝜌𝑤𝑎𝑡𝐷𝑠𝑛
 

(3.18) 

As in JULES, snow albedo is a function of grain size, meaning larger grains 

reduce reflectivity, leading to higher solar absorption and increased melting. 

However, SNTHERM provides a more detailed representation of snow 

physics, also calculating shortwave and longwave radiation, sensible and 

latent heat fluxes, and ground heat flux. 

SNTHERM has been tested against observed snow grain size measurements. 

Sandells et al. (2017) found that SNTHERM overestimates grain size, while 

Corona et al. (2015) reported that SNTHERM underestimates grain size and 

fails to capture observed grain size variability. These discrepancies suggest 

that SNTHERM’s parameterizations introduce uncertainties, with performance 

varying based on environmental conditions and input datasets. 

3.4 FSM Simulations 

In this section, FSM is driven by AWS data that has been gap-filled with bias-

corrected ERA5 reanalysis data (see chapter 2). The outputs include bulk 

snow properties such as snow water equivalent (SWE) and snow depth as well 

as snow layer properties including layer thickness, temperature, snow grain 

radius, snow density and liquid water content, and soil temperature. 
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3.4.1 Snow Profiles 

Figures 3.7-3.9 compare observed snow grain size, snow density, and snow 

temperature profiles from snow pit measurements with FSM simulated profiles 

run with different model configurations at 10 selected sites. The AOIs selected 

represent a variety of terrains (see figure 1.2) but are also the sites used for 

SMRT simulation comparisons in chapter 4. The other AOI profiles with FSM 

simulations are in Appendix A. Due to the heterogeneous snow cover in the 

region, as shown in figure 3.3, observed snow pit depth differs between the 

sites, whereas simulated snow pit depths would remain constant because FSM 

is run with meteorological inputs at a single point. To overcome this, the 

snowfall rate is scaled before FSM is run to achieve similar snow depths to the 

observations. AOI3W is on a different height scale from the other snow pits as 

it was significantly deeper than the other snow pits. 

3.4.1.1 Snow Grain Size 

Figure 3.6a-j compares simulated snow grain size from the JULES and 

SNTHERM grain growth models with snow pit measurements of snow grain 

size. The observed snow grain size profiles exhibit significant spatial variations 

which are unable to be captured by FSM. In general, the JULES model 

underestimates snow grain size at every site and never goes above 0.2 mm. 

Overall, JULES is a reasonable representation of snow grain size and can 

capture the smaller grains near the top of the snowpack but is unable to 

reproduce the larger-grained depth hoar near the base of the snowpack. The 

exception is AOI3W (panel e) where JULES mostly overestimates grain size 

(> 0.2 mm) but is like the observations at the base of the snowpack. 

In contrast, the SNTHERM model overestimates snow grain size consistently 

across all AOIs. SNTHERM can simulate the general structure of Arctic 

snowpack, with coarser grains at the base and smaller grains at the top. 

Sandells et al. (2017) noted that SNTHERM grain sizes were too large and 

JULES grain sizes were too small in their study coupling snowpack models 

with microwave emission models.  
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JULES models grain growth using simple empirical methods based on 

destructive metamorphism and underestimation of vapour transport, this leads 

Figure 3.6 Vertical profiles of snow grain size comparing in-situ observations (blue line) 
with two FSM parametrisations: the JULES snow grain model (black line) and 
SNTHERM snow grain model (red line). Each panel (a-j) corresponds to a different Area 
of Interest (AOI) in TVC, with time and date indicating when the snow pit measurements 
were taken. 
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to slower grain growth and results in JULES underestimating grain size. 

SNTHERM models grain growth is driven by vapour fluxes which is influenced 

by temperature gradients. 

This leads to constructive metamorphism and excessive sublimation and 

deposition, resulting in large grain sizes compared to the measurements. 

The difference between the models is expected due to the purpose of the 

models. JULES is a large-scale land surface model and grain size is used to 

simulate surface albedo; therefore, grain size is not so important at the base 

of the snowpack (Sandells et al., 2017). 

Conversely, SNTHERM was developed to accurately represent grain size and 

simulate water flow as well as albedo (Jordan, 1991). Despite this, JULES 

performs better than SNTHERM, but the best size grain growth model probably 

lies between the two, with a combination of SNTHERM vapour transport 

physics and JULES conservative approach suggesting snow grain growth 

model development is still required. 

3.4.1.2 Snow Density 

Figure 3.7a-j compares observed snow density profiles with simulated snow 

density from two density models; the rigid layer model and the deforming layer 

with wind packing which are described in section 3.3.1. 

The modelled density profiles with the rigid layers option (black lines) are 

similar across the region, but the observed snow density profiles are much 

more variable. In general, for all sites, the observed density follows typical 

Arctic tundra snowpack properties with low densities (around 100 kg m-3) at 

the top of a snowpack, indicative of fresh snow, and increases in the middle of 

the snowpack to about 400 kg m-3, indicative of wind slab (Berteaux et al., 

2017). Although the modelled snow density is low at the top of the snowpack, 

around 200 kg m-3, this is higher than the observed snow density. The increase 

to 300 kg m-3 in the middle of the snowpack is slight in comparison to the 

observed snow density.  



 

  65 

The observed snow density then decreases towards 200 kg m-3 at the base of 

the snowpack due to metamorphic processes that produce depth hoar. In 

contrast, the modelled snowpack is too dense at the base (300 kg m-3). Depth 

Figure 3.7 Vertical profiles of snow density comparing in-situ observations (blue line) 
with two FSM parameterizations: the rigid layers model (black line) and the deforming 
layers model (red line). Each panel (a–j) corresponds to a different Area of Interest (AOI) 
in TVC, with the date and time indicating when the snow pit measurements were taken. 
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hoar is a common feature of Arctic snowpacks due to high vertical temperature 

gradients which causes upward water vapour transfer. FSM, like similar 

models (i.e., SNOWPACK and Crocus) do not simulate this process (Domine 

et al., 2019; Royer et al., 2021). 

The deforming layer profiles with the wind packing option (red lines) show a 

clear increase in snow density around the middle of the snowpack, indicating 

a wind slab in the snowpack. This is like observed snow density profiles, which 

have density values of approximately 350 kg m-3. However, FSM tends to 

overestimate the density of the wind slab layer (approximately 400 kg m-3) and 

underestimates the height of the wind slab layer at every site, except AOI3E.  

Wind slab formation in Arctic snowpacks is often highly localized due to terrain 

factors such as topography and vegetation (Essery & Pomeroy, 2004). This 

suggests wind compaction parameterizations are too simplified and unable to 

simulate micro-scale processes (Liston et al., 2007; Vionnet et al., 2012).  

3.4.1.3 Snow Temperature 

Figure 3.8a-j compares observed snow temperature profiles with simulated 

snow temperature. FSM simulated profiles used the rigid layer model and the 

deforming layer with wind packing options to assess temperature gradient 

effects. 

The observed snow temperatures (blue lines) are more variable than both 

models, but the models can capture the temperature gradients. As expected, 

the majority of sites have negative temperature gradients (warmer at the base, 

cooler at the top) due to the insulating properties of snow (Berteaux et al., 

2017). All sites at AOI2 contradict this and exhibit positive temperature 

gradients, suggesting local influences from synoptic weather conditions or 

variable terrain.  
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The observed profiles indicate that the deforming layer model (red line) more 

accurately captures the sharper temperature gradients and warmer 

Figure 3.8 Vertical profiles of snow temperature comparing in-situ observations (blue 
line) with two FSM parameterizations: the rigid layers model (black line) and the 
deforming layers model (red line). Each panel (a–j) corresponds to a different Area of 
Interest (AOI) in TVC, with the date and time indicating when the snow pit 
measurements were taken. 
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temperatures at the depth compared to the rigid layer model (black line). This 

can be attributed to the wind packing option in the deforming layer model, 

which increases density and impacts thermal conductivity, resulting in warmer 

temperatures at the base (Domine et al., 2019; Vionnet et al., 2012). To 

support this, the deforming layer model often overestimates the basal 

temperature compared to the observed temperatures, suggesting the overly 

dense wind slab layer is causing the warmer base. 

3.5 Regional Snow Modelling 

 

The results presented so far have involved running FSM at a single point. This 

section presents results where FSM has been run with an NWP dataset (Met 

Office, 2016) that spans northwest Canada and Alaska. NWP was run by the 

Met Office UM for the MACSSIMIZE campaign between 2 October 2017 and 

1 April 2018 at 1.5 km resolution and hourly time steps for the first 48 hours at 

surface level. The second 24-hour forecast runs at 0000 hrs were used where 

available. FSM was run with the JULES grain growth model and rigid layers 

model. FSM has been run with a maximum of 3 layers, which reflects a typical 

Arctic tundra snowpack and follows previous studies (e.g. Sandells et al., 

2024). The extent of the forecast runs is shown in the elevation and forest 

cover maps in Figure 3.9. TVC is shown by a red circle. Elevation and forest 

fraction data were retrieved from ancillary data from NWP model runs. The 

Figure 3.9 Maps showing the domain of FSM simulations, at multiple points across 
Northwest Canada and Alaska. a) Elevation map. b) Forest fraction map. A red circle 
marks TVC. 
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elevation map shows that the mountains are situated in the south and 

southeast, as well as some in the Northwest. The forests are in the centre 

between the higher elevations and do not encroach into the north. 

Figures 3.10 and 3.11 show simulated SWE and snow depth maps, comparing 

the beginning of the snow season on 1 November 2017 to its conclusion on 1 

April 2018. The snow builds up over the mountains in the south and northwest, 

where snow depth exceeds 2 m and SWE exceeds 300 mm, even at the start 

of the winter in November 2017. By April 2018 SWE and snow depth exceed 

300 mm and 2 m respectively in the mountainous region in the Northwest. For 

the rest of the region, SWE and snow depth are around 150 mm and 1 m 

respectively, except around the coastal region in the southwest. At TVC on 1st 

April, SWE is approximately 100 mm and snow depth is less than 0.5 m. This 

agrees with the SWE and snow depth simulated by FSM driven by weather 

station data. 

 

Figure 3.10 Snow Water Equivalent (SWE) simulations from FSM across Northwest 
Canada and Alaska for the beginning of the snow season (left; 1st November 2017) and 

end of the snow season (right; 1st April 2018). 
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3.5.1 FSM SWE Simulations  

3.5.1.1 GlobSnow 

The map in figure 3.12 shows the distribution of the GlobSnow 3.0 SWE 

dataset across the studied region on 1 April 2018. GlobSnow uses passive 

microwave satellite data to estimate SWE and further details on the dataset 

are provided in section 3.2.3. Compared to FSM simulations, the GlobSnow 

dataset has much lower SWE across the region. There are patches of missing 

data across the region which corresponds to mountainous regions. This is a 

known issue with the dataset as the method cannot estimate SWE at higher 

elevations (approximately > 200m; Luojus et al., 2021). 

 

 

 

 

 

Figure 3.11 Snow Depth simulations from FSM across Northwest Canada and Alaska 
for the beginning of the snow season (left; 1st November 2017) and end of the snow 
season (right; 1st April 2018). 



 

  71 

The scatter density plot in figure 3.13 shows that FSM overestimates SWE 

(MBE = 42.46 mm) compared to GlobSnow. There is almost no linear 

relationship between FSM SWE and GlobSnow SWE with a correlation of 0.07. 

The RMSE is 111.34 mm and MAE is 83.69 mm. GlobSnow has been validated 

against in-situ observations, showing good agreement with observed SWE 

(Luojus et al., 2021). However, there may be other factors relating to 

GlobSnow that are contributing to FSMs inferior performance. 

Firstly, the analysis is for a single day on 1st April 2018 and Luojus et al. (2021) 

stated that GlobSnow exhibited the largest RMSE in April and May. This is due 

to the transition from the snow season to the melt season which limits 

GlobSnow ability to estimate SWE because the microwave signal is absorbed 

Figure 3.12 Map showing the snow water equivalent (mm) product from the GlobSnow 
dataset on 1 April 2018. 
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rather than scattered (Luojus et al., 2021). In addition, Luojus et al. (2021) 

found that GlobSnow SWE was more difficult to predict in Canada compared 

to other regions, suggesting that estimating SWE in this region can be hard 

due to its deeper snowpacks and higher elevations.  

Lastly, table 3.1 shows for shallower snowpacks (< 150 mm) FSM-GlobSnow 

comparisons have an RMSE of 68.16 mm and an improved correlation of 0.23. 

This improved accuracy demonstrates the inaccuracies of satellite-based SWE 

retrievals when estimating deep snow conditions, which has been previously 

noted (Mortimer et al., 2020; Takala et al., 2011). This suggests that FSM SWE 

needs further validation over spatial scales.  

 

 

 

Figure 3.13 Scatter density plot comparing FSM simulated SWE data with GlobSnow 
data on 1st April 2018. With statistical metrics, mean bias error, root mean square error, 
mean absolute error, correlation coefficient, and number of samples. 
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3.5.1.2 CanSWE 

To further validate FSM SWE, it has been compared with the CanSWE 

dataset, a collection of in-situ measurements of snow products across Canada 

(see section 3.2.3). Figure 3.14a shows the spatial distribution of CanSWE 

points that are available for comparison with FSM SWE. There are very few 

points in the north of Canada near TVC, highlighting the in-situ datasets bias 

toward the less remote regions. 

The scatter graph in figure 3.14b shows that FSM performs well when 

compared with observations. FSM underestimates SWE with an MBE of -33.92 

mm. A RMSE of 56.69 mm indicates little variability in the data and a r-value 

of 0.62 suggest moderate linear relationship. These statistics are comparable 

to the GlobSnow SWE dataset for the same region, which was compared to 

in-situ data. Similarly, the GlobSnow dataset underestimated SWE, but the 

RMSE was higher (84.56 mm), and correlation was lower (0.47) (Luojus et al., 

2021). Although, FSM SWE was compared to eighty-seven data points 

whereas, GlobSnow SWE was compared to 67646, making it a more robust 

test. Nevertheless, this shows FSM can simulate SWE on a spatial scale. 

 

MBE 

(mm) 

RMSE 

(mm) 

MAE 

(mm) 

CORRELATION 

(r) 

NUMBER OF 

SAMPLES  

18.40 68.16 51.23 0.23 141456 

Table 3.1 MBE, RMSE, MAE, correlation coefficient and the number of samples for FSM 
modelled SWE below 150 mm against GlobSnow SWE data. 
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Figure 3.14 (a) a map showing the distribution of the CanSWE data points. (b) FSM 
simulated snow water equivalent compared with observed snow water equivalent (mm) 
products. Observations from the Canadian historical dataset were collected between 
31 January and 1 April. 
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3.6 Chapter Summary 

This chapter has explored Arctic tundra snowpacks and how well snow models 

can simulate their distinct characteristics. The process that governs the 

formation of typical Arctic tundra snowpacks was described. The difficulty in 

measuring and modelling snow products and properties, due to its spatial 

heterogeneity, was discussed.  

The snow model, FSM, was described; this included the different 

parameterizations including two snow growth models (JULES and SNTHERM) 

and a wind packing option. FSM simulations of snow layer properties were 

compared with in-situ measurements from ten snow pits collected in a previous 

field campaign.  

Overall, FSM failed to capture most of the characteristics of a typical Arctic 

tundra snowpack. While the inclusion of wind packing helped simulate denser 

slab layers observed in the snow pit data, FSM was unable to reproduce the 

low-density basal depth hoar layer due to missing vapour flux processes. 

Between the two grain growth models tested, the JULES model outperformed 

SNTHERM by simulating more realistic grain sizes across all sites. SNTHERM 

consistently overestimated grain size, which has significant implications for 

microwave emissivity modelling in subsequent chapters.  

These results answer research question 1 and objectives ii and iii (section 

1.2.1.1) by demonstrating that while FSM can approximate certain snowpack 

features, it still requires further physical refinement – particularly for Arctic 

tundra sites where microstructural detail is critical. 

FSM was also used to simulate snow depth and SWE at multiple points across 

the region, providing a basis for scaling up to gridded emissivity modelling in 

chapter 4 and contributing directly to research question 3 (section 1.2.3). 

FSM-simulated SWE was compared with an extensive SWE dataset retrieved 

from passive microwave satellites, GlobSnow. FSM performed poorly with high 

errors (RMSE = 111.34 mm) and low correlations (r-value = 0.07). However, 
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after further analysis, it was concluded that FSM performance may be due to 

limitations in GlobSnow’s retrieval algorithm, particularly over shallow 

snowpacks. Conversely, comparison with the in-situ CanSWE dataset showed 

significantly lower errors (RSME 56.69 mm, r = 0.63) suggesting FSM is better 

suited for regions with lower SWE and may be reliable at finer spatial scales. 

This partially fulfils research question 3, objectives i (Section 1.2.3.1), ii and iii 

by establishing FSM’s potential and limitations when scaled regionally. 

Crucially, the findings in this chapter reveal that errors in FSM’s snow 

microstructure outputs – especially grain size – may propagate into brightness 

temperature simulations. This affects the reliability of emissivity predictions in 

chapter 4 and has implications for operational assimilation of radiance data in 

NWP models. As such, improvements to FSM such as adding vapour transport 

and wind redistribution are not just academic but operationally significant. 

Beyond this thesis, the results highlight a broader challenge in snow modelling: 

many existing snow models and their parameterisations were originally 

developed for alpine or avalanche forecasting contexts where snowpacks are 

typically deeper, wetter and more variable than those found in the Arctic tundra 

regions. This chapter demonstrates that these assumptions often break down 

in the Arctic where snow is shallower, colder, and more homogenous in vertical 

structure but highly affected by wind redistribution. The work highlights the 

need for snow models that are explicitly calibrated and physically appropriate 

for Arctic tundra environment – not only to support radiance assimilation but 

also for wider application in cryospheric monitoring, hydrology, permafrost 

modelling, and climate change assessments. 
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Chapter 4 Snow radiative transfer modelling 

4.1 Introduction 

To address research questions 2 and 3 (sections 1.2.2 and 1.2.3), this chapter 

focuses on snow radiative transfer modelling, with a particular emphasis on 

the SMRT model (Picard et al., 2018). 

The chapter begins with an overview of microwave theory. This is followed by 

a discussion on microwave emissions and how they interact with snow and the 

atmosphere. The SMRT model will be described including its structure, key 

components, and configurations used in this study. Sensitivity analysis is 

performed to assess the influence of different snow parameters on TB, followed 

by point-scale and regional-scale SMRT simulations that validate the model 

against observations. Finally, the effectiveness of SMRT in simulating TBs for 

various snow conditions will be demonstrated, highlighting its potential for 

improving snow data assimilation in weather and climate models. 

4.2 Microwave Theory  

Electromagnetic (EM) radiation is emitted by all matter. A blackbody is defined 

as an object that absorbs all incident radiation and emits it as thermal energy 

(Ulaby et al., 1981). The spectral brightness of a blackbody depends on 

frequency (𝜈) and physical temperature (𝛵) as stated by Planck’s Law (Ulaby 

et al., 1981) 

𝐵𝜈 =
2ℎ𝜈3

𝑐2
 (

1

𝑒
ℎ𝜈
𝑘𝑇 − 1

), (4.1) 

where 𝑐 = 3×108 m s–1 is the speed of light in a vacuum, ℎ = 6.634x10-34 J is 

Planck’s constant and 𝑘 = 1.38x10-23 J K–1   is Boltzmann’s constant. In the 

microwave range, this can be simplified using the Rayleigh-Jeans 

approximation for ℎ𝜈 ≪  𝑘𝛵, which gives (Ulaby et al., 1981) 

𝐵𝜈 =
2𝑘𝛵

𝜆2
, (4.2) 
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where 𝜆 = 𝑐 𝜐⁄  is wavelength. Equations 4.1 and 4.2 hold for blackbodies, but 

natural materials, or grey bodies, are not perfect emitters and radiators. The 

brightness of a grey body is a function of direction. Equation 4.2 can be used 

to derive the TB of a grey body (Ulaby et al., 1981) 

𝑇𝐵 =
𝜆2

2𝑘
𝐵𝜐. 

(4.3) 

The TB is the physical temperature of an equivalent blackbody that emits the 

same amount of energy. TB can also be defined by the emissivity (i.e., 

effectiveness in emitting energy as thermal radiation) of a material (Ulaby et 

al., 1981). TB is dependent on frequency, wave polarisation and EM properties, 

namely permittivity (Kontu, 2018). Permittivity is the measure of the electrical 

storage ability of a material when exposed to an electric field. The permittivity 

of free space or a vacuum (8.85418782 x 10−12 F m−1) is often used to express 

the permittivity of other materials. This is called relative permittivity (𝜀𝑟), which 

is complex and expressed as 

𝜀𝑟 =  𝜀′ −  𝑖𝜀′′ (4.4) 

where the real part ε’ describes the material’s resistance to electrical fields and 

the complex part ε’’ is related to the material’s dielectric losses (Mätzler, 2008). 

Wave polarisation describes the orientation of the oscillation of the electric 

field. Radiation is unpolarised if it is emitted with random polarizations. This is 

true for radiation from the sun, but when the sun’s radiation is scattered in the 

atmosphere or reflects off a surface (i.e., snow) it becomes polarised. For this 

reason, most microwave emissions are polarised and radiometers must 

measure both horizontal and vertical radiation components (Mätzler, 2008). 

Emission and extinction are two processes that define how radiation interacts 

with a material (e.g., a snowpack) and will affect measured TB. Emission is the 

addition of energy from a material and extinction results in loss of energy in a 

material. Losses can occur due to absorption, the conversion of energy to 
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another form (i.e., heat or scattering), where energy is redirected from the 

original direction of propagation (Ulaby et al., 1981). 

4.3 Microwave Emissions and Snow 

Dielectric properties of snow have been shown to affect the amount of 

absorption or scattering (Mätzler, 1998). A snowpack essentially contains air 

and water in different states, but the electric dipole structure of water (H2O) is 

the important part in this case. Although H2O is electrically neutral, the positive 

and negative charges are asymmetrical. When an electrical field is applied, 

molecular reorientation occurs; this is called dielectric polarisation (different 

from wave polarisation; Baker-Jarvis, 2000). Therefore, H2O in multiple phases 

can be described as a dielectric (King, 2014). 

A snowpack generally consists of air, ice, and liquid water with hugely different 

dielectric losses in varying quantities. The composition of a snowpack will, 

therefore, determine its relative permittivity and how EM waves interact with it. 

At microwave frequencies, air is considered to have the same permittivity as 

free space and therefore is not a significant source of absorption or scattering 

(King, 2014). The relative permittivity of freshwater ice and liquid water are 

both largely dependent on frequency and temperature, but water has a higher 

dielectric constant. Therefore, the presence of water in a snowpack will 

significantly change its relative permittivity (Kontu, 2018). Figure 4.1 shows the 

interaction between a snowpack and microwave radiation. In a snowpack, 

natural microwave radiation is emitted from the surface of the snow, within the 

snow, and from the substrate beneath the snow (e.g., soil, sea ice, lake ice, 

etc.). Therefore, emission, absorption, and scattering need to be taken into 

account when measuring TB over snow surfaces (Matzler et al., 2000). As the 

amount of snow (SWE) in a snowpack increases, TB will generally decrease 

because scattering becomes more dominant (Mätzler, 1987). However, there 

is a threshold at which emission from snow masks out the scattered radiation. 

At 36.5 GHz, this threshold has been reported at ≈150 mm SWE (Derksen & 

Brown, 2012; Santi et al., 2017). This depends on frequency, as lower 

frequencies will penetrate deeper into the snowpack, and thus the limit will be 
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higher. Radiation is scattered by snow grains and the extent of scattering 

depends on their size and geometry (Kontu, 2018). Generally, at lower 

frequencies (below 20 GHz) absorption is more dominant than scattering 

(Ulaby et al., 1986). Comparisons between 18.7 and 36.5 GHz are often made 

as these represent the absorption and scattering regions (Kontu, 2018). Snow 

properties such as grain size and density also affect the absorption and 

scattering in a snowpack (Santi et al., 2017).  

4.4 Microwave Emissions and the Atmosphere 

Kirchhoff’s Law states that at any frequency in the microwave region where 

the atmosphere absorbs radiation, it will also emit thermal radiation. Thus, any 

radiance leaving the top of the atmosphere will change with the distribution of 

emitting gases and the distribution of temperature throughout the atmosphere. 

Therefore, radiance can be measured to obtain atmospheric profiles of 

temperature and gases (Houghton et al., 1986). The radiative transfer equation 

“describes the flow of radiant energy to be measured by a radiometer” 

(Janssen, 1994). Broadly the radiative transfer equation states that the change 

in intensity of the beam over space is equal to the product of the amount of 

radiation scattered into the beam from all directions and the emission from the 

material, minus losses (from absorption and scattering). At microwave 

frequencies within the oxygen absorption band (50-60 GHz), atmospheric 

temperature profiles can be obtained (Weng et al., 2003). Additionally, the 

atmospheric temperature can be measured at frequencies where the 

atmosphere is transmissive, although more sensitive to surface emissivities. 

At frequencies near the water vapour absorption line (≈ 183 GHz) atmospheric 

humidity profiles can also be obtained. 
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4.5 The Snow Microwave Radiative Transfer Model 

The SMRT model is a thermal emission and backscatter model designed to 

simulate microwave interactions with snow, sea ice, and frozen lakes. By 

integrating various representations of snow microstructure, SMRT enables 

improved characterization of snow properties, making it particularly valuable 

for remote sensing applications and the assimilation of microwave 

observations into NWP models. This thesis focuses on passive microwave 

Figure 4.1 Diagram illustrating how microwave radiation interacts with a snowpack. 
Microwave radiation is emitted from the surface of the snowpack, from within the 
snowpack and from the beneath the snowpack. Scattering occurs from 
inhomogeneities in a medium, in this case snow grains. Reproduced from (Liu et al., 
2006). 



 

82   

remote sensing; therefore, all subsequent SMRT simulations will be conducted 

for passive sensors. 

One of the key strengths of SMRT is its modular structure, which allows users 

to select from different electromagnetic theories for computing scattering. 

These include Dense Media Radiative Transfer (DMRT), the Improved Born 

Approximation (IBA), and independent Rayleigh scatterers, each offering 

varying levels of complexity and applicability to different snow conditions. 

Similarly, SMRT incorporates multiple microstructure formulations, such as 

exponential, sticky hard spheres, and independent spheres, to represent snow 

grain properties. SMRT uses autocorrelation functions (ACF) to characterize 

the spatial arrangement of snow grains and how they impact scattering and 

absorption. 

For radiative transfer calculations, SMRT primarily employs the discrete 

ordinate and eigenvalue (DORT) method. However, it also supports alternative 

models, including MEMLS, HUT, and DMRT-QMS, allowing for flexibility in 

simulating microwave emissions. The model can represent multi-layered 

snowpacks, with required input parameters including snow thickness, density, 

grain size, temperature, and liquid water content. These snowpack properties 

can be derived from FSM simulations. 

SMRT produces TB outputs across a range of frequencies and incidence 

angles, as specified by the user. At higher frequencies, atmospheric 

constituents such as water vapour and oxygen absorb and emit microwave 

radiation, which can reduce the accuracy of TB simulations. To address this, 

SMRT includes an optional built-in atmospheric component or can be coupled 

with the Atmospheric Radiative Transfer Simulator (ARTS) for a more precise 

representation of atmospheric effects. 

The underlying substrate beneath the snowpack also plays a crucial role in 

microwave interactions. SMRT offers several substrate options, including a 

generic reflector, a flat surface, and the Wegmüller soil model (Wegmuller & 

Matzler, 1999), each influencing microwave emission differently. By 
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incorporating these features, SMRT provides a versatile and comprehensive 

framework for simulating microwave interactions with snow, supporting 

advancements in both remote sensing applications and NWP. 

4.5.1 The Radiative Transfer Equation 

At the core of SMRT is the radiative transfer equation and SMRT uses the 

DORT method, which is widely used for multi-layered media (Picard et al., 

2018). The general form of the radiative transfer equation in a plane-parallel 

medium is: 

𝜇
𝜕𝑰(𝜇, 𝜙, 𝑧)

𝜕𝑧
= − 𝜅𝑒  (𝜇, 𝜙, 𝑧) 𝑰 (𝜇, 𝜙, 𝑧) 

(4.5) 

+
1

4𝜋
 ∬ 𝑷(𝜇, 𝜙; 𝜇′, 𝜙′, 𝓏)𝐼(𝜇′, 𝜙′, 𝓏)𝑑Ω′  

 

+ 𝜅𝑎(𝜇, 𝜙, 𝓏)𝛼𝑇(𝑧)𝟏  

where the reduced specific intensity I is represented I = (IV, IH, U, V) and is 

defined as I = I′/n². Here, I′ denotes the specific intensity and n is the refractive 

index at a given location (Mobley, 1994). The phase function, 𝑷(𝜇, 𝜙, 𝜇′, 𝜙′, 𝓏), 

is 4x4 matrix and describes the scattering properties of a medium. 𝜅𝑎 and 𝜅𝑒 

are the absorption and extinction coefficients and extinction is given by 𝜅𝑒 =

 𝜅𝑠 +   𝜅𝑎 , where 𝜅𝑠 is the scattering coefficient. The vector 𝟏 = (1,1,1,1). The 

directional variables are expressed in terms of the cosine of the zenith angle 

𝝁 and the azimuthal angle 𝜙, while the associated solid angle is 𝛺. The vertical 

coordinate 𝓏 follows the Earth science convention, where μ < 0 corresponds 

to incident and downwelling radiation, while μ > 0 represents upwelling 

radiation. This formulation ensures the equation remains valid for both active 

and passive microwave remote sensing applications. 
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In passive mode, the TB, p (where p is the polarisation and either horizontal H 

or vertical V) is proportional to the reduced specific intensity 𝐼𝑝 according to 

the Rayleigh–Jeans approximation: 

𝐼𝑝 =  𝛼𝑇𝐵,𝑝 (4.6) 

where 𝛼 =  2𝑣2𝑘/𝑐0
2, with k being the Boltzman constant, 𝑐0 the speed of light 

in a vacuum and v the wave frequency. However, in practical applications for 

passive mode, leveraging the linearity of the radiative transfer equation, 𝐼𝑝  can 

be directly replaced by the TB, and 𝛼 is set to 1. This simplification is 

implemented within the SMRT model to streamline TB computations.  

4.5.2 Electromagnetic Model 

The primary electromagnetic model used in SMRT to describe the interaction 

of microwaves with snow is the IBA. The IBA model is used to compute the 

scattering properties of snow by treating it as a two-phase medium, where ice 

inclusions are embedded in an air matrix. How incident microwaves are 

scattered within the snow medium is defined by the phase function 

𝑝(𝜃, 𝜙)1−2 𝑓𝑟𝑎𝑚𝑒 = 𝑓2(1 − 𝑓2)(𝜖2 − 𝜖1)2𝑌2(𝜖1, 𝜖2) (4.7) 

 𝑘0
4𝑀(|𝑘𝑑|)sin2𝒳  

 
 

where angles (θ,ϕ) define the scattering direction with the incident direction 

aligned along the polar axis. These angles influence how microwaves are 

redirected after interacting with snow grains, affecting the observed TB. 

The free-space wave number is given by 𝑘0 = 2𝜋𝑣/𝑐, where v is the wave 

frequency and c is the speed of light. Since the wave number appears as 𝑘0
4 

in the phase function equation, this emphasizes that scattering strength 

increases with frequency, meaning higher-frequency microwaves scatter more 

than lower-frequency ones. 

The volume fraction of phase 2 (ice), denoted as 𝑓2, is linked to the density ρ 

of the snow medium via 𝑓2  =  𝜌/𝜌2 , where 𝜌2 is the density of pure ice. This 

parameter determines the concentration of scatterers in the medium, directly 
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influencing the scattering intensity. A higher volume fraction results in more 

scattering due to increased interactions between microwave radiation and 

snow grains. 

The relative permittivities 𝜖1 and 𝜖2 correspond to the dielectric properties of 

air (background medium) and ice (scatterers), respectively. The contrast 

between these permittivities (𝜖2 −  𝜖1) dictates the scattering efficiency—larger 

differences lead to stronger scattering effects. The equation accounts for 

temperature and frequency dependence of permittivity, though these 

dependencies are not explicitly shown. 

The polarization angle 𝒳 describes the relationship between the incident 

electric field and the scattering direction. This angle is given by 

sin2𝒳 = 1 − sin2𝜃cos2𝜙  (4.8) 

(Ishimaru, 1997). This term appears in the phase function equation, where it 

modulates how different polarization states contribute to scattering. 

4.5.1 Microstructure Model 

The independent spheres microstructure model provides a simplified 

representation of snow grain scattering in microwave radiative transfer 

simulations. It assumes that individual snow grains act as isolated spherical 

scatterers, meaning that multiple scattering effects and near-field interactions 

between grains are neglected. The ACF for this model is expressed as: 

C𝑠𝑝ℎ̃(𝑘𝑑) =  𝑓2(1 − 𝑓2)𝜈(𝒶)𝑃(𝑘𝑑𝒶) (4.9) 

where C𝑠𝑝ℎ̃(𝑘𝑑) represents the effective scattering cross-section of 

independent spheres as a function of wavenumber 𝑘𝑑. The parameter 𝜈(𝒶) 

describes the number density of scatterers with a radius 𝒶, which serves as 

the primary microstructure parameter for this model. The function 𝑃(𝑘𝑑𝒶) is 

the scattering phase function, which determines the angular distribution of 

scattered radiation. 
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Since this model assumes no significant near-field interactions between 

grains, the scattering behaviour follows Mie theory when particle sizes are 

comparable to the microwave wavelength. In cases where the grain size is 

much smaller than the wavelength, scattering follows the Rayleigh regime, 

which is characterized by a strong dependence on particle size and frequency. 

Despite its simplicity, the independent spheres model remains useful for first-

order approximations of microwave interactions with snow, particularly when 

snow grains are well-separated and interactions between them are minimal. 

However, for denser or more complex microstructures, more advanced models 

such as the sticky hard spheres, approaches are often necessary to accurately 

capture multiple scattering effects (Picard et al., 2018). However, the 

parameter of sticky hard spheres, stickiness, cannot be easily measured in the 

field (Brucker et al., 2011; Picard et al., 2014; Roy et al., 2013) and is not 

currently simulated by FSM. 

4.5.2 SMRT Simulations 

The results presented in this work use the IBA electromagnetic model, the 

DORT radiative transfer solver and the independent sphere snow 

microstructure model to simulate TB emitted from the surface of a snowpack. 

ARTS will be used to account for atmospheric absorption and scattering. The 

substrate model used is a simple flat surface, with a temperature of 258.15K 

as used in previous work in TVC (King et al., 2018; Sandells et al., 2024). 

When comparing to nadir observations an angle of 5° is used in the simulations 

because SMRT simulations at exactly nadir are not possible yet. 
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4.6 SMRT Point Simulations 

4.6.1 Sensitivity Analysis 

Figure 4.2 tests the sensitivity of the SMRT model to certain input variables at 

different frequencies. TB has been corrected with respect to the atmosphere. 

A day is picked during March and SMRT is run with FSM inputs, except for the 

variable being tested which was varied. For snow depth, the snowfall is scaled 

as an input to FSM. For all frequencies, TB shows almost no change as snow 

depth increases, although at 37 GHz TB decreases slightly as snow depth 

increases. This is due to the penetration depths at different frequencies. At 

lower frequencies (10 and 19 GHz) radiation can penetrate through the 

snowpack right to the substrate below, so here SMRT is simulating emission 

Figure 4.2 SMRT simulations of brightness temperature (TB) with V-polarisation and 
near-nadir incidence on 12 March 2018 with variations in snow depth, snow grain size 
and density. SMRT has been run at 10, 19 and 37 GHz (upper panels), and 90, 118, 157, 
183 and 243 GHz (lower panels). For frequencies 90 GHz and above, brightness 
temperature (TB) is corrected for atmospheric effects. 
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from the soil which has been kept constant in this model run. Thus, at 10 and 

19 GHz, TB is not sensitive to changes in snow grain size and snow density 

because this is a measure of soil TB, not snow TB.  

At 37 GHz, radiation can penetrate through the snow surface but not 

completely through to the substrate so there is more variability in TB when 

snow microstructure is varied. At higher frequencies (90, 118, 157, 183 and 

243 GHz) radiation cannot penetrate through the snowpack and therefore, 

SMRT is measuring the surface TB. As snow grain size increases, TB 

decreases consistently at 90, 118, 157 GHz. For the higher frequencies (183 

and 243 GHz) TB levels out when grain sizes go above around 0.25 mm. TB 

increases as snow density increases; this is consistent for all frequencies, 

although TB levels out as the density approaches 700 kg m–3.  

4.6.2 SMRT vs Ground-based Observations 

Passive TB measurements were obtained at TVC in March 2018 from a sled-

mounted radiometer at 89 GHz using a surface-based microwave radiometer 

mounted on a sled at a height of approximately 1.5 m (Vargel et al., 2020). 

Figure 4.3 compares SMRT-simulated TB with ground-based observations at 

89 GHz, with an incidence angle of 55° and at V-polarization. SMRT has been 

run with snow pit data (red circles) and three different FSM outputs; the JULES 

grain growth model (blue circles), the SNTHERM grain growth model (orange 

circles) and the deforming layers option with the wind slab and the SNTHERM 

grain growth options (green circles). 

SMRT underestimates TB when run using the JULES model at most sites. This 

is reflected by a mean error of -16.0 K and RMSE of 27.8 K. TB is significantly 

underestimated when SMRT is run with the SNTHERM model. The mean error 

is -85.6 K and the RMSE error is 108.7 K. SMRT and JULES perform better 

when the SNTHERM model is coupled with deforming layers and the wind slab 

snow model; the mean error is -4.4 K. However, the RMSE is still high at 29 K. 

For the three SMRT simulation run with different FSM model configurations 

there is an outlier, where the observed TB is around 240 K and SMRT has 
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simulated the TB significantly lower. This occurs at AOI3W, which is a snow 

drift point where snow depth is significantly higher than the other pits (exceeds 

1m). This shows that SMRT struggles to simulate TB when snow is deep and 

heterogeneous. Overall, when SMRT is run using snow pit observations it can 

capture the observations. The mean error is 11.9 K and the RMSE is 22.7 K. 

These results show that TB is sensitive to slight changes in snow 

microstructure particularly snow grain size and snow density. The SNTHERM 

grains were too large (see section 3.4.1.1), which resulted in SMRT 

underestimating TB. The JULES grain growth model was a better 

Figure 4.3 Comparisons between SMRT simulated brightness temperatures (TB) and 
ground-based brightness temperatures (TB) at 89 GHz, V-polarisation and 55° incidence 
angle. SMRT has been run with ground-based snow pit observations (red circles) and 
FSM run with the JULES snow grain configuration (blue circles), the SNTHERM snow 
grain configuration (orange circles) and the deforming layers and wind packing 
configuration (green circles). The ground-based data was collected at Trail Valley Creek 
in March 2018 using a sled-mounted surface–based radiometer. 
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representation of measured grain size but underestimated grain growth. These 

results have been noted in previous studies (i.e. Sandells et al., 2017), 

indicating improved snow grain size modelling is needed. 

4.7 Regional SMRT Modelling 

SMRT was run with FSM snow layer outputs over a smaller region around TVC 

(see Figure 4.4). The elevation map shows high elevations greater than 1000 

m in the southwest, which is part of the eastern end of the Brooks Range. For 

the rest of the region, elevations do not exceed 300 m. The valley where the 

Mackenzie River runs is among the flattest parts of the region. 

Figure 4.4 Elevation map showing SMRT domain across Northwest Canada. TVC is 
marked by a red circle. 
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Figure 4.5 shows maps of SMRT-simulated TB at V-polarisation and 5° 

incidence angle on 1 April 2018 for frequencies ranging from 10.65 to 243 GHz. 

Overall, TB increases as frequency increases except for the two atmospheric 

window channels: 157 and 243 GHz. The lowest TBs occur at the lowest 

frequencies (10.65 and 18.7 GHz) with a minimum value of 200 K and a 

maximum value of 220 K. The highest TB occurs at 183 GHz, with values 

ranging from 237 to 250 K. Spatial variability tends to occur where topography 

is variable and TB tends to increase on slopes and transitions between slopes 

and plateaus at the lower frequencies (≤ 37 GHz). This is contradictory at 

higher frequencies. Overall, TB is more spatially variable at 37 and 89 GHz 

because at these frequencies TB is sensitive to both the substrate and the 

snowpack. In contrast, at lower frequencies (≤ 18.7 GHz) TB is sensitive to the 

ground and at higher frequencies (≥ 118 GHz) TB is sensitive to the snow 

surface. 

Scatter graphs in Figure 4.6a show the relationship between TB and soil 

temperature at all frequencies. At the lower frequencies (≤ 37 GHz), Figure 6a 

shows that TB is strongly influenced by soil temperature with a positive 

association and strong correlation (𝑟 > 0.98). At all other frequencies, TB 

decreases as soil temperature increases (𝑟 < -0.6). At higher frequencies, (≥ 

89 GHz) penetration depth decreases, and therefore the surface layer is 

expected to have more influence on TB. Figure 4.6b compares TB with surface 

snow temperatures at all frequencies. At lower frequencies (≤ 37 GHz), surface 

temperature has a negative influence on TB, although this relationship is weak 

(𝑟 < -0.36) suggesting less influence on TB from the surface layer. At higher 

frequencies (≥ 118 GHz), TB increases with surface temperature and this 

relationship is strong (𝑟 > 0.9). At 89 GHz, TB is less influenced by the surface 

because emissions can penetrate the snowpack and thus have a weaker 

relationship with surface temperature (𝑟 ≈ 0.7). 
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Figure 4.5 Maps 
showing simulated 
brightness 
temperatures (TB) 
at different 
frequencies: 10.65, 
18.7, 37, 89, 118, 
157, 183 and 243 
GHz.   
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Snow microstructure has a more complex relationship with TB. Surface snow 

density and TB comparisons at all frequencies are shown in Figure 4.7a. The 

scatter plots show a slight negative relationship (𝑟 < -0.45) between TB and 

snow density at frequencies below 37 GHz. Higher frequencies show almost 

no relationship between TB and snow density (𝑟 ≈ 0). It is expected that 

surface snow density would have more influence on TB, however, the density 

values are high (> 200 kg m-3) suggesting that the surface layer is not fresh 

snow. This would decrease penetration depth through the snowpack at these 

frequencies (Harlow, 2011). Figure 4.7b compares surface grain size with TB 

at all frequencies. TB decreases as surface grain size increases, although this 

a) 

b) 

Figure 4.6 Scatter graphs comparing brightness temperatures (TB) with a) Soil 
temperature and b) snow surface temperature at 10.65, 18.7, 37, 89, 118, 157, 183 and 
243 GHz. 



 

94   

relationship is weak (overall 𝑟 < -0.35) and particularly weak at higher 

frequencies (𝑟 ≈  0). However, it can be noted that TB becomes more varied 

as grain size goes above 0.15 mm which seems to skew the results. An 

increase in grain size will also decrease the penetration depth and cause TB to 

be more varied. 

These results show that TB is spatially variable in the Arctic and is strongly 

influenced by frequency, snow properties, and substrate properties (i.e., 

everything below the snowpack). 

Figure 4.7 Scatter graphs comparing brightness temperatures (TB) with a) snow surface 
density and b) snow surface grain size at 10.65, 18.7, 37, 89, 118, 157, 183 and 243 GHz. 
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4.8 Chapter Summary 

In this chapter, a snow model, FSM was coupled with a snow radiative transfer 

model, SMRT. This began with an overview of microwave theory and how 

microwave emissions interact with snow and the atmosphere. The structure, 

physics, and parametrizations of SMRT were discussed in detail with 

justifications provided for the selection of specific parameters. Sensitivity 

analysis using SMRT showed snow grain size had the greatest impact on TBs, 

highlighting the critical role of accurate grain size modelling. This directly 

addresses objective iii of research question 2. 

SMRT was driven by different parametrizations of FSM-simulated snow 

properties, as well as in-situ snow pit observations, and the simulated TBs were 

compared to ground-based radiometer measurements. This fulfils objectives i, 

ii and iv of research question 2 (section 1.2.2.1), by demonstrating that both 

modelled and observed snowpack profiles can be used to drive radiative 

transfer simulations.  

Results showed that FSM-SMRT simulated TBs were broadly consistent with 

ground-based observations and showed comparable accuracy to simulations 

driven by using snow pit inputs. However, residual inaccuracies in TB 

simulations were because of variations in snow grain size produced by FSM, 

as discussed in chapter 3. These findings confirm the model’s sensitivity to 

microstructure, particularly grain size, and underscore the necessity of a 

physically robust snow microstructure model for accurately simulating 

microwave emissions in Arctic snowpack conditions. 

Finally, SMRT was driven by FSM outputs and run across multiple points in 

the region surrounding TVC. Simulations showed that TB is influenced by 

spatial variations in surface properties, particularly snow depth and 

microstructure (i.e. snow grain size and snow density). These results showed 

that surface emissivity is highly dependent on correctly capturing local 

snowpack variability. This work fulfils research question 3 objectives i, ii and iii 

(section 1.2.3.1), by scaling FSM and SMRT to a regional domain, assessing 
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the spatial variability of simulated TBs, and establishing relationships between 

TB and snowpack characteristics. 

These findings have important implications beyond the immediate scope of 

this thesis. They demonstrate that accurate simulation of snow microstructure 

– particularly grain size – is essential not only for emissivity prediction but also 

for improving the assimilation of satellite radiance in NWP systems. The FSM- 

SMRT coupling, while not perfect, offers a scalable and physically grounded 

approach for simulating Arctic surface emissivity, with broader applications in 

cryosphere monitoring, permafrost modelling, and satellite mission 

development in polar regions. 
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Chapter 5 Conclusions 

This thesis aimed to improve the understanding and predictability of snow 

emissivity, by coupling a snow model with a snow radiative transfer model and 

evaluating them in comparison with observations. The concluding chapter will 

summarise and discuss the findings of this thesis, as well as suggest further 

work and applications of these findings.  

5.1 Summary of Findings  

The complex nature of the Arctic climate system has resulted in amplified 

warming of the region, resulting in a decline in snow cover and sea ice (Notz 

& Stroeve, 2016; Osborne et al., 2018). This has initiated a positive feedback 

loop that has intensified warming due to a reduction in surface albedo (Pithan 

& Mauritsen, 2014; Serreze et al., 2009; Stuecker et al., 2018).  

To understand the local and regional effects of this warming, in-situ data is 

needed to improve the accuracy of climate models and weather forecasts. 

However, reliable in-situ data is sparse in these regions (Williamson et al., 

2017). In recent years, the assimilation of microwave emissivity data has been 

a core content of global NWP models. At 50 and 183 GHz, atmospheric 

temperature and humidity profiles, which are vital for correcting initial forecast 

conditions, can be obtained from passive microwave satellites (English et al., 

2000; Harlow, 2009; Liu et al., 2016). However, the highly variable emissivity 

of the snow and ice makes microwave sounding over snow difficult and 

datasets from microwave satellites are often not assimilated into NWP models 

(Geer et al., 2014). The properties of a snowpack are crucial to understanding 

the emissivity of snow and ice. Therefore, this thesis coupled a snow model 

(FSM) with a snow microwave radiative transfer model (SMRT) to accurately 

simulate emissivities across frequencies. FSM is an accumulation and melt 

model that simulates snow microstructure properties such as snow grain size, 

snow density, and snow temperature. SMRT is a multi-layer microwave 

radiative transfer model that simulates TB. Both models were run at TVC in 

Canada (the study area) and compared with ground data to assess the 
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accuracy of the models. SMRT, with inputs from FSM, was also run at NWP 

grid scales to assess the impact of using alternative model configurations in 

FSM on simulated TB, and to assess the applicability of this method over the 

model grid scale.  

In chapter 2, the importance of robust and complete meteorological datasets 

to drive physical models was discussed. In-situ datasets in the Arctic are often 

sparse and unreliable due to their remote locations. A time series of eight 

meteorological variables at hourly intervals from October 2017 to September 

2018 from two adjacent AWSs in TVC, provides an accurate dataset. However, 

this dataset was incomplete and needed to be gap-filled with alternative 

datasets. The alternative datasets, ERA5 reanalysis, bias-corrected ERA5, 

WFDE5, and NWP, were discussed and compared with the observations. The 

bias-corrected ERA5 dataset performed best across all variables and was 

selected as the most suitable for gap-filling the missing observations and 

would be used for FSM point modelling. The NWP dataset would be used for 

multipoint modelling, due to its high spatial coverage and resolution. 

The overall objective of chapter 3 was to demonstrate how well a snow model 

can reproduce a typical Arctic tundra snowpack. Initially, a two-layer snowpack 

was proposed: a basal layer of low-density, coarse-grained snow called depth 

hoar, and an upper layer of dense, fine-grained snow called wind slab. This 

sometimes includes a third layer of fresh snow on top of the wind slab layer. 

The spatial and temporal variability of snow cover can make accurate 

modelling difficult. Therefore, snow datasets, including in-situ and estimated 

snow depth, in-situ and estimated SWE data, and in-situ measurements of 

snow properties, are crucial for evaluating the accuracy of snow models. The 

physics, mechanics, and parameterisations of FSM were discussed. 

Modifications to FSM were added, including an alternative grain growth model 

and the option to have deforming layers that simulate wind slabs. Finally, FSM 

was run at a single point (at multiple AOIs in TVC) and multiple points across 

the Northwest Canada and Alaska region. Overall FSM failed to accurately 

capture the characteristics of a typical Arctic snowpack when compared with 
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profiles of measured snow properties such as snow grain size, snow density, 

and snow temperature. The JULES snow grain model underestimated snow 

grain size but performed better than the SNTHERM grain growth model, which 

significantly overestimated grain size. This agrees with previous work when 

comparing both models with observations (Jordan, 1991; Sandells et al., 

2017). Snow density simulations were improved by the inclusion of a wind 

packing model and FSM was able to simulate a dense wind slab layer in most 

profiles. However, FSM could not simulate the low-density basal layer of most 

snowpacks. This is because FSM does not simulate upward water vapour 

transfer which occurs in shallow Arctic snowpacks due to high vertical 

temperature gradients (Domine et al., 2019). Multipoint FSM simulations of 

SWE compared to the GlobSnow dataset SWE had high errors (RMSE = 

111.34 mm) and low correlation (r = 0.07). FSM performed better for shallower 

snowpacks (SWE ≤ 150 mm), which is consistent with the GlobSnow 

comparison (i.e. Luojus et al., 2021).     

Chapter 4 used FSM simulations of snow properties to run SMRT and obtain 

simulated TBs. Firstly, microwave theory and its interactions with snow and the 

atmosphere were explored. This was followed by a detailed description of 

SMRT including its structure, mechanics, and key configurations. SMRT offers 

many user-selected configurations and justification of these selections was 

discussed. To assess which snow property has the greatest influence on 

simulated TB, sensitivity analysis was performed. The results indicate that 

snow grain size exhibited the highest sensitivity. Simulated Tbs were compared 

with ground-based radiometer observations of TB. SMRT was driven by 

different configurations of FSM, including the JULES and SNTHERM grain 

growth models and the wind packing density model. Snow pit data was also 

used as inputs to SMRT. Results show that when SMRT was coupled with the 

SNTHERM grain growth model TB was significantly overestimated at 89 GHz 

and errors were high (MBE = -85.6 K and RMSE = 108.7 K). The other models 

performed better and were like SMRT simulations driven by snow pit data. 
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Multipoint FSM simulations were inputted into SMRT to simulate spatial 

patterns of TB. In general, TB increased with frequency except in the two 

atmospheric windows around 157 and 243 GHz.  

TB at different frequencies was also compared to various properties including 

soil temperature, snow surface temperature, snow density, and snow grain 

size. At lower frequencies (≤ 37 GHz) TB is strongly influenced by soil 

temperature (r > 0.98) and at higher frequencies (≥ 89 GHz) TB is influenced 

by the surface temperature. This is expected, as at higher frequencies 

microwave emissions can penetrate through the snowpack. Snow 

microstructure showed slight negative relationships with TB. 

The main implications of this thesis, either directly obtained or otherwise can 

be summarised as: 

• The need for complete and accurate datasets to run physical models 

has been demonstrated, particularly in the Arctic where weather 

stations are sparse. This has an impact on multiple fields including 

hydrology, climatology, and ecology (Slater et al., 2013) 

• Many detailed snowpack models were first developed for avalanche 

forecasting i.e., Crocus (Vionnet et al., 2012) and SNOWPACK (Bartelt 

& Lehning, 2002) and are not good representations of a typical Arctic 

snowpack (Barrere et al., 2017; Domine et al., 2019; Fourteau et al., 

2021) The testing and development of FSM in this thesis has shown its 

potential to replicate an Arctic tundra snowpack but has also highlighted 

the need for further development. 

• This thesis has shown significant spatial and temporal variability in the 

microwave emissivity of Arctic tundra snow. This highlights the 

necessity of accurately simulating emissivity based on accurately 

modelled or observed microphysical snow properties, rather than 

relying on fixed emissivity values, a method currently used in many 

NWP systems.(Geer et al., 2014; Hirahara et al., 2020; Lawrence et al., 

2019; Wivell et al., 2023) 
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5.2 Future Work and Applications  

To further develop snow emissivity modelling and its integration into NWP 

models, the following research that was beyond the scope of this thesis is 

recommended: 

• Development of wind redistribution in FSM: as discussed snow 

cover in the Arctic is shaped by the wind. Having a realistic 

parametrisation that models wind would increase the accuracy of snow 

modelling. 

• Use SMRT to retrieve SWE dataset: Passive TB can be used to 

estimate SWE at certain frequencies. This could be compared with in-

situ SWE data and modelled SWE data to further test the capabilities of 

both models. 

• FSM driven SMRT simulations compared with microwave data 

from airborne and satellite sensors: To further develop and validate 

SMRT it will need to be compared with larger datasets. While this thesis 

and others (Sandells et al., 2024) have shown SMRT’s capability, 

comparing it with a broader dataset will help to understand if SMRT can 

be applied across different Arctic and sub-Arctic environments.  

• Offline coupling of SMRT, FSM, and Radiance Simulator: 

Developing on the work in this thesis and others (i.e. Wivell et al., 2023), 

simulations from SMRT can be converted into emissivities and coupled 

with the Radiance Simulator to predict top-of-atmosphere radiance and 

compared with satellite data. This will assess the potential of modelled 

emissivity being assimilated into NWP models. 

• Online SMRT-NWP Coupling: If the offline SMRT modelling shows 

accurate results, integration with the Met Office land surface model 

could be explored.  
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Appendix A FSM Snow Profile Simulations 

 

 

 

 

Figure A1 Vertical profiles of snow grain size comparing in-situ observations (blue line) 
with two FSM parametrisations: the JULES snow grain model (black line) and SNTHERM 
snow grain model (red line). Each panel (a-j) corresponds to a different Area of Interest 
(AOI) in TVC, with time and date indicating when the snow pit measurements were 
taken.  

 

 



 

  103 

 

 

 

 

 

  

Figure A2 Vertical profiles of snow density comparing in-situ observations (blue line) 
with two FSM parameterizations: the rigid layers model (black line) and the deforming 
layers model (red line). Each panel (a–j) corresponds to a different Area of Interest (AOI) 
in TVC, with the date and time indicating when the snow pit measurements were taken. 
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Figure A3 Vertical profiles of snow temperature comparing in-situ observations (blue 
line) with two FSM parameterizations: the rigid layers model (black line) and the 
deforming layers model (red line). Each panel (a–j) corresponds to a different Area of 
Interest (AOI) in TVC, with the date and time indicating when the snow pit 
measurements were taken. 
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