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Abstract

Frontal boundaries drive many high-impact weather events around the globe. Iden-
tifying fronts through various thermodynamic fields increases predictability of haz-
ardous weather phenomena. Frontal analysis is still primarily done by human fore-
casters, often implementing their own subjectivity rules and criteria for determining
frontal positions and types. Subjective placements of fronts can result in various solu-
tions by different forecasters when given identical sets of data. Numerous studies have
attempted to make frontal analysis more consistent through numerical frontal analy-
sis, using sets of rules and thresholds with thermodynamic fields to locate and classify
fronts. In recent years, machine learning algorithms have gained more popularity in
meteorology due to their ability to learn complex relationships within large quantities
of atmospheric data. We present a novel machine learning algorithm that predicts five
different types of frontal boundaries - cold, warm, stationary, and occluded fronts and
drylines. The algorithm was able to locate 76-86% and 70-81% of fronts over CONUS
and NOAA’s Unified Surface Analysis domain, respectively, on an independent testing
dataset. We applied two Explainable Artificial Intelligence methods to the model -
permutation studies and saliency maps. Permutation studies allowed us to determine
variable importance for each frontal type. Saliency maps for the selected case study
gave us insight as to how the model output can change as the ambient environment
is modified. While more work needs to be done to improve the algorithm, we have
demonstrated that machine learning can be used to develop an accurate and efficient

model for detecting frontal boundaries.



Chapter 1

Introduction

Fronts are boundaries and density contrasts that separate two air masses (Bjerknes,
1919; Thomas and Schultz, 2019) and influence the weather experienced around the
globe daily. For example, fronts are the leading cause of extreme precipitation events
in the United States (Kunkel et al., 2012) and can influence tornado development
(Childs and Schumacher, 2019; Maddox et al., 1980). These hazards drive forecasters
to identify these boundaries with a reasonable level of accuracy to better prepare the
public for future weather events that pose threats to life and property.

Forecasters at the National Weather Service (NWS) draw fronts every three hours
over North America and every six hours over the Unified Surface Analysis Domain
(USAD) which stretches from 130°E eastward to 10°E and from the equator northward
to 80°N. Even among trained forecasters, the subjective nature of drawing fronts leads
to a wide variety of solutions for the same data, a well-illustrated example of which was
presented by Uccellini et al. (1992). Subjective interpretation can create inconsistencies
between contiguous analyses, affecting the quality of the archived frontal data. There
is also a significant workload associated with drawing fronts over the entire USAD.

In this thesis, we present a novel machine learning (ML) algorithm to efficiently
locate five types of frontal boundaries - cold, warm, stationary, and occluded fronts
and drylines. We discuss prior work with automated frontal detection, applications of
ML in frontal detection, and highlight how our algorithm improves upon previous work.

Explainable Artificial Intelligence (XAI) methods are applied to our new algorithm to



understand what variables are important in detecting different frontal types and how
model predictions change as functions of the inputs.

Our contributions to objective frontal analysis methods include developing two
different models trained to detect cold, warm, stationary, and occluded fronts over
NOAA'’s Unified Surface Analysis domain (USAD). Both models use a deep learning
approach based on the UNET3+ architectures (Huang et al., 2020), which will be
described in greater detail in Section 3.1.

In our original work (Justin et al., 2023), three sets of models were trained - one
predicted cold and warm fronts (CFWF), another predicted stationary and occluded
fronts (SFOF), while the third set applied the same label to the four aforementioned
frontal types and performed binary classification (front / no front, FNF). Data used in
this previous study covered the period 2008-2020. We used 12 variables at the surface,
1000, 950, 900, and 850 hPa sourced and/or derived from ERA5 reanalysis data (Hers-
bach et al., 2018). Frontal positions are hand-drawn by NWS forecasters and treated
as ground truth for the models. These were obtained from the NWS and contained
fronts drawn over North America every three hours and over USAD every six hours.
The models were trained by randomly selecting 128 128 grid point (32° 32° on the
ERAD lat/lon grid) patches over our pre-defined CONUS domain (USAD and CONUS
domains can be seen in Figure 3.3) and passing them into the models. Outside of slic-
ing the data and performing min-max normalization, no preprocessing or augmentation
was applied to the training data. The same process was applied to the validation data
after every training epoch. Nine years of data were chosen for training, two years were
used for validation, and the two remaining years were used for testing.

Overall, the original models showed good skill at detecting all frontal types over
CONUS and CSI scores were similar to those achieved by Niebler et al. (2022, here-

after N22), though direct comparisons should be made with caution as our testing



dataset covered a different period than N22. We hypothesized that cold fronts would
be the best-performing front type, which ended up being the case for both CONUS
and USAD. Warm fronts were the worst performing front type, consistent with findings
from Lagerquist et al. (2019) and N22. An exceptionally high FAR with stationary
fronts was found over USAD, which we eventually attributed to the models falsely iden-
tifying the Intertropical Convergence Zone (ITCZ) as a large stationary front due to
the wind convergence. We also performed permutation studies to determine which vari-
ables and levels were important to the models’ predictions (Breiman, 2001; McGovern
et al., 2019).

In this thesis, we address some of the notable flaws with our previous model. First,
the models were exceptionally large, some exceeding 233 million parameters. Second,
the models had a fixed input shape, meaning that input images larger than 128 128
pixels could not be passed into the models. This forced us to resort to image stitching,
where multiple 128 128 images would be stitched together over a larger domain to
generate a final prediction. The image stitching combined with the excessively large
models meant that the models would be computationally intensive and would likely not
be very efficient when deployed in operational environments. Finally, the separation
of cold and warm fronts from stationary and occluded fronts prevented the CFWF
and SFOF models from knowing about each other’s frontal types (e.g., CFWF models
were given no information about the existence of stationary and occluded fronts). In
practice, this could result in the CFWF models predicting a 70% chance of a cold front
at a location where the SFOF models predict a 70% chance of a stationary front. This
situation makes no mathematical or physical sense and is the main driver of motivating
us to develop a new, single algorithm that predicts cold, warm, stationary, and occluded
fronts. We did not continue to pursue a new FNF algorithm as binary classification

turned out to not be useful for Weather Prediction Center (WPC) forecasters who



preferred having models that classified fronts by type. We also explored the idea of
adding drylines into our algorithm, as they possess characteristics that are unique
from the other frontal types (e.g., drylines are defined by their often extreme moisture
gradients, see Pietrycha and Rasmussen, 2004; Hoch and Markowski, 2005).

This thesis details further contributions to automated frontal detection through the
use of a new machine learning algorithm. With the inclusion of five frontal types in
a single model, we expected to see the new model perform better than our previous
model system outside of CONUS with lower FAR scores for all frontal types, especially
stationary fronts. We expected that dryline performance would be comparable to cold
fronts given their unique thermodynamic properties. We applied two XAI methods to
our algorithm, exploring case studies to give deeper insight into how the model behaves
and responds to changes in the environment. The overarching goal of this work is to
present an efficient and accurate frontal detection algorithm that can assist forecasters

in the labor-intensive process of frontal analysis.



Chapter 2

Literature Review

Fronts encompass the transition zone and density contrast between two air masses with
differing thermodynamic characteristics. Depending on the specific characteristics of
the air masses and the direction of movement of the front, the front can be classified in
multiple ways. Cold fronts mark the leading edge of a moving cold and often dry air
mass. Following the passage of a cold front, a sharp drop in temperature and moisture
content and a sudden shift in the wind direction can often be noted (Schultz, 2005).
The translation of a cold front forces warm, moist air ahead of the boundary to rise,
which under certain conditions can encourage convection (Smith and Reeder, 1988;
Hobbs et al., 1990; Catto and Pfahl, 2013) and secondary frontal cyclogenesis (Zhang
et al., 1999).

Warm fronts separate a moving warm air mass from a colder air mass. Warm fronts
are usually associated with weaker wind shifts and thermal gradients than cold fronts,
making them more difficult to locate on a surface chart. While warm fronts often
have more subtle vertical slopes, they can influence hazardous weather and may even
encourage tornadogenesis (Maddox et al., 1980).

Stationary fronts are the equatorward edges of slow-moving density discontinuities
(National Weather Service, 2013). Stationary fronts are often characterized by parallel
or convergent flow on either side of the boundaries. Despite the name, stationary
fronts are not necessarily stationary, but rather are labeled stationary when they are

moving slower than a specified threshold (usually 10 knots, see National Weather



Service, 2013), leading many to prefer the term “quasi-stationary” instead. Stationary
fronts most commonly reside near terrain features (see Figure 4.5). Enhanced relative
vorticity along stationary boundaries can encourage landspout tornado formation in
developing thunderstorms (Childs and Schumacher, 2019).

Occluded fronts form when an extratropical cyclone has reached peak maturity and
a thermal ridge above the surface starts to elongate and wrap around the cyclone center
(Martin, 1999; Schultz and Vaughan, 2011). Like cold and warm fronts, occluded fronts
are commonly associated with temperature gradients and wind shifts. Occluded fronts
are commonly associated with enhanced precipitation (Schultz and Vaughan, 2011).

Drylines mark the transition between a hot, dry air mass and a cooler, moist air
mass. They are commonly defined by sloped terrain, and the moisture gradients across
drylines can be rather extreme (Schaefer, 1986; Pietrycha and Rasmussen, 2004; Hoch
and Markowski, 2005). NWS forecasters usually look for a 14-17°C change in the
dewpoint across the boundary to label it as a dryline (National Weather Service, 2013).
Sharp changes in mixing ratio or specific humidity can also indicate the presence of a
dryline.

Numerous studies have attempted to automate the frontal analysis process to im-
prove accuracy and consistency in the depicted positions of fronts. Strengths and
weaknesses of aforementioned non-ML-based methods can be found in Table 2.1. Re-
nard and Clarke (1965, hereafter RC65) found that front positions could vary by up to
300 nautical miles (555.6 km) among various analysts and forecast centers. RC65 used
potential temperature ( ) and its derivatives to locate frontal boundaries, eventually
settling on a parameter that would later become known as the thermal front parameter

[TFP; Equation (2.1)]:

Trp= O T

i (2.1)



where is any thermodynamic variable with first and second order derivatives. Since
RC65 define fronts as the warm air boundaries in synoptic-scale baroclinic zones, fronts
are drawn along TFP ridges with this method. Limited comparisons to surface analyses
resulted in RC65 performing analyses at the 850 hPa level, and the sloped nature of
fronts (e.g., Smith and Reeder, 1988) means that the front analyzed at 850 hPa will not
always be aligned with the front analyzed at the surface. Building on the TFP, Clarke

and Renard (1966) developed the Minimum Maximium Locator [MML; Equation (2.2)]:

r(TFP()) .

MML=r Srm@rr O

(2.2)

where is any thermodynamic variable with first, second, and third order derivatives.
Using temperature (T) at 850 hPa, MML was concluded by Hewson (1998, hereafter
H98) to perform worse than TFP (= ) at locating fronts, receiving relative accuracy
ratings of “Fair” and “Fair/Poor”, respectively; however it should be noted that the
ratings assigned by H98 are subjective. Regardless, the use of second and third order
derivatives in these parameters has the downside of producing noisy results, especially
with high-resolution weather data. As is discussed later in this section, this is one
of the motivations behind ML-based frontal detection; some ML methods are robust
when working with noisy data (Krause et al., 2016). To illustrate this issue, TFP
and MML were applied to ERA5 reanalysis data over USAD for 2100 UTC May 20
2019 (Figure 2.1). Both parameters resulted in noisy outputs but were able to detect
some prominent fronts, though could not differentiate their types. H98 argued that an
ideal frontal plotting technique should be entirely automatic as this would remove the
human-driven subjectivity from frontal analysis, though the techniques are still partly
subjective, as humans are choosing the parameters to use and how they are applied to

thermodynamic fields.






