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ABSTRACT

A POTENTIAL VORTICITY DIAGNOSIS OF TROPICAL CYCLONE TRACK FORECAST ERRORS

A tropical cyclone (TC) can cause significant impacts on coastal and near-coastal communities

from storm surge, flooding, intense winds, and heavy rainfall. Accurately predicting TC track is crucial

to providing affected populations with time to prepare and evacuate. Over the years, advancements in

observational quality and quantity, numerical models, and data assimilation techniques have led to a

reduction in average track errors. However, large forecast errors still occur, highlighting the need for

ongoing research into the causes of track errors in models.

We use the piecewise potential vorticity (PV) inversion diagnosis technique to investigate the sources

of errors in track forecasts of four high-resolution numerical weather models during the hyperactive

2017 Atlantic hurricane season. The piecewise PV inversion technique is able to quantify the amount of

steering, as well as steering errors, on TC track from individual large-scale pressure systems. Through

the systematic use of the diagnostic tool, errors that occur consistently (model biases) could also be

identified.

TC movement generally follows the atmospheric flow generated by large-scale environmental pres-

sure systems, such that errors in the simulated flow cause errors in the TC track forecast. To understand

how the environment steers TCs, we use the Shapiro decomposition to remove the TC PV field from the

total PV field, and the environmental (i.e., perturbation) PV field is isolated. The perturbation PV field

was partitioned into six systems: the Bermuda High and the Continental High, which compose the

negative environmental PV, and quadrants to the northwest, northeast, southeast, and southwest of

the TC, which compose the positive environmental PV. Each piecewise PV perturbation system was

inverted to retrieve the balanced mass and wind fields. To quantify the steering contribution in indi-

vidual systems to TC movement, a metric called the deep layer mean steering flow (DLMSF) is defined,

and errors in the forecast DLMSF were calculated by comparing the forecast to the analysis steering

flow. Lag correlation analyses of DLMSF errors and track errors showed moderate-high correlation at

-24 to 0 hrs in time, which indicates that track errors are caused in part by DLMSF errors.
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Three hurricanes (Harvey, Irma, and Maria) were analyzed in-depth and errors in their track fore-

casts are attributed to errors in the DLMSF. A basin-scale analysis was also performed on all hurricanes

in the 2017 Atlantic hurricane season. The DLMSF mean absolute error (MAE) showed the Bermuda

High was the highest contributor to error, the Continental High showed moderate error, while the four

quadrants showed lower errors. High error cases were composited to examine potential model biases.

On average, the composite showed lower balanced geopotential heights around the climatological po-

sition of the Bermuda High associated with the recurving of storms in the North Atlantic basin. The

analysis techniques developed in this thesis aids in the identification of model biases which will lead

to improved track forecasts in the future.
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CHAPTER 1

INTRODUCTION

1.1 STEERING FLOW

Tropical cyclones (TC) are one of the costliest and deadliest meteorological disasters, affecting

many coastal and near-coastal communities. TCs that form in the Atlantic and Eastern Pacific with

maximum 1-minute sustained winds >= 74 mph (64 kts), are termed hurricanes. From 1900 to 2017,

a total of 207 U.S. hurricane landfalls caused over $2 trillion USD in normalized (scaled by economic

inflation) damage (Weinkle et al. 2018). Thousands of direct and indirect deaths have occurred during

hurricanes since the start of the 21st century. Direct fatalities are largely due to drowning from fresh-

water flooding, wind-driven waves, and storm surge, and physical trauma caused by airborne debris or

structural failure, while indirect fatalities can occur due to trauma, carbon monoxide poisoning, and

electrocution (Rappaport and Blanchard 2016).

A TC is a warm-core, low pressure system characterized by an organized, low-level circulation. Both

dynamic and thermodynamic factors are required to create favorable conditions for TC formation. En-

ergy derived from sea surface temperatures greater than 26o C and an unstable atmosphere provides

the initial ingredients for convection. Low-level rotation from an incipient disturbance or Earth’s ro-

tation is necessary to concentrate the energy into a disturbance. Low vertical wind shear and high

mid-level tropospheric moisture are also necessary to sustain the development of a disturbance into a

TC (Gray 1998).

To a first order, TC movement generally follows the environmental wind (i.e. advection). The en-

vironmental wind is usually associated with more than one large-scale atmospheric feature including

subtropical highs, mid-latitude ridges and troughs, and low-level warm core systems (Marks 1992).

The mechanism in which TC motion is steered by flow from large-scale pressure systems in the at-

mosphere is often known as the “cork in a stream” analogy. Subtropical highs are large-scale semi-

permanent atmospheric circulations that exist in the subtropical areas of the Atlantic and Pacific Ocean

basins. These highs are characterized by large-scale downward sinking motion of air, or subsidence.

Subsidence is driven by the Hadley cell, a meridional overturning circulation with air rising near the

equator and sinking near 30o latitude. The subtropical high in the North Atlantic is often called the

Bermuda High because during the northern hemisphere summer, it is centered around Bermuda, and

its strength is typically at its maximum. The subtropical high is also sometimes called the Azores High
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when the system is farther east centered over the Azores islands. The presentation of the Bermuda

High is variable where the Bermuda High or Azores High is individually present, or two highs can exist

simultaneously. Mid-latitude ridges and troughs are elongated areas of high pressure and low pressure,

respectively. Meanders on the polar jet stream, otherwise known as Rossby waves, are created through

flow interaction with terrain in the northern hemisphere. The Rossby wave crest forms a mid-latitude

ridge, and the trough of a Rossby wave forms a mid-latitude trough. These mid-latitude phenomenon

are typically mid- to upper-level features but their influence extends downward to the surface. The

jet stream blows from west to east while Rossby waves propagate in the opposite direction. When the

group speed of the Rossby waves and flow of the jet stream are approximately equal, stalls in mid-

latitude ridges and troughs can arise, slowing or even halting TC motion. Lastly, the motion of a TC can

also be affected by other existing nearby TCs (Fujiwhara 1921).

To a second order, TC motion is driven by the TC’s internal dynamics (i.e., Beta effect). The Beta

effect is a northwest drift of a TC in the northern hemisphere that is caused by vorticity gradients gener-

ated by planetary vorticity advection by the TC circulation itself. Advection and the Beta effect are the

two factors that constitutes what is known as the Beta Advection Model (BAM) of TC movement (Marks

1992). As an interesting aside, binary interactions between TCs and large-scale pressure systems can

occur that affect the intensity and movement of TCs. However, these interactions are tangential to

the presented research and will not be discussed here. In general, TC movement is dominated by the

advection component which will be solely focused on in this research.

Quantitatively, TC movement can be approximated by the response to the deep layer mean steering

flow (DLMSF) which is the pressure-weighted, vertically-averaged, horizontal winds in the vicinity of

the TC center (Chan and Gray 1982; Franklin et al. 1996). Both strength and proximity of the large-scale

pressure system to the TC are critical to the contribution made to the DLMSF metric, but contributions

from weaker systems that are farther away can also be important. From only the summation of these

steering contributions, it is difficult to understand which systems contribute and how much each sys-

tem contributes to the DLMSF.

1.2 TRACK FORECASTING

TC track forecasts have improved substantially in the last several decades due to the improvement

of observational quality and quantity, numerical models and data assimilation techniques (Rappaport

et al. 2009). Average 3-day forecast track error in the Atlantic basin decreased by more than 2/3 from
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FIG. 1.1. Annual average official track errors for Atlantic basin tropical storms and hurri-

canes for the period 1970-2021, with least-squares trend lines superimposed. Adapted from

https://www.nhc.noaa.gov/verification/verify5.shtml.

300 n mi to 100 n mi from 1990 to 2021 (Figure 1.1). Similar decreases in error are also observed at

the 1-day and 2-day lead time. The aforementioned improvements also led to the National Hurricane

Center (NHC) issuing predictions at 96- and 120-hrs in 2003, which have improved as well (Landsea

and Cangialosi 2018).

While track errors have decreased on average significantly, large track forecast errors, such as bi-

furcation points and large ensemble spreads, are still observed today, and continued research into the

sources of track error are imperative. However, it is difficult to understand the cause of TC track fore-

cast errors in models. Track errors can be further reduced through additional diagnostics that identify

model errors and biases.
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1.3 POTENTIAL VORTICITY INVERSION

In this research, we utilize a novel approach to diagnosing TC steering flow errors in numerical

weather prediction models. This approach involves the use of a technique called potential vorticity

(PV) inversion. Mathematically, PV is the dot product of the absolute vorticity and the gradient of any

scalar advected along with the fluid. If the scalar following the parcel is a function of pressure and

density, PV is conserved following adiabatic (dry) and inviscid (frictionless) fluid motion for a baroclinic

fluid. A baroclinic fluid is a fluid in which density is a function of temperature and pressure, in contrast

to a barotropic fluid where density is only a function of pressure. While a barotropic fluid is a reasonable

assumption for much of the tropical atmosphere, it is not a good assumption for the mid-latitudes or

in stratified flow, where a baroclinic fluid assumption would be more appropriate. If the scalar chosen

for the atmosphere is potential temperature, this formulation is called Ertel PV. Physically, Ertel PV

describes the absolute circulation of a fluid parcel enclosed between two isentropic surfaces. The Ertel

formulation of PV will be utilized in this thesis and more on the PV framework will be discussed in

Chapter 2.2.

Since the atmosphere is a fluid, the large-scale pressure systems in the atmosphere can be regarded

as large-scale PV systems. Pressure systems that rotate cyclonically (counterclockwise in the northern

hemisphere) have positive PV and pressure systems that rotate anticyclonically (clockwise in the north-

ern hemisphere) have negative PV. As such, mid-latitude troughs and ridges are systems of positive and

negative PV, respectively, that are most intense at upper-levels of the atmosphere. The Bermuda High

is a large-scale negative PV system that is strongest at mid levels of the atmosphere. TCs are positive

PV systems that are strongest at low-levels and can span from mesoscale to synoptic spatial scales.

Therefore, PV can be used as a tracer to identify large-scale atmospheric features and TCs.

The application of PV to the atmosphere as a metric to understand the evolution of weather systems

in time is described by the term “PV thinking” (Hoskins et al. 1985). The comprehension of weather

system development is possible due to the properties of PV: Lagrangian conservation and invertibility.

In other words, 1) PV is conserved following adiabatic and inviscid motion, which is a reasonable as-

sumption for large-scale atmospheric flow, and 2) given a spatial distribution of PV, a proper balanced

condition and boundary conditions, the thermodynamic and flow fields can be retrieved.

One application of PV thinking is piecewise PV inversion (Davis 1992a), where the PV is partitioned

into “pieces”, and each piece is inverted to deduce the thermodynamic and wind fields pertaining to the

PV distribution. This method has been applied to the investigation of several atmospheric processes
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including extratropical cyclogenesis (Davis and Emanuel 1991; Davis 1992b; Hakim et al. 1996; Huo

et al. 1999), TC movement (Shapiro 1996; Wu and Emanuel 1995a,b; Wu and Kurihara 1996; Wu et al.

2003, 2004, 2012), jet movement and development (Lackmann 2002; Winters and Martin 2017; Winters

et al. 2020), precipitation forcing and processes (Schlemmer et al. 2010; Baxter et al. 2011; Wang et al.

2020), and frontogenesis (Morgan 1999; Korner and Martin 2000; Chen et al. 2003).

The application of piecewise PV inversion varies depending on the atmospheric phenomenon of

interest. Different variations of the perturbation definitions and PV perturbation partitioning schemes

have been utilized in the aforementioned studies. For the study of hurricanes and extratropical cy-

clones, Davis and Emanuel (1991) defined the perturbations of Ertel PV from a time mean state aver-

aged over a period of 5 days during the extratropical cyclone lifetime to study critical periods during

extratropical cyclogenesis. Wu and Emanuel (1995a), Wu and Emanuel (1995b), and Shapiro (1996)

partitioned the PV anomalies vertically to quantify the steering for different Atlantic hurricanes from

PV anomalies in the lower and upper atmosphere. To study jet superposition, Winters and Martin

(2017) defined the Ertel PV perturbations as a departure of the instantaneous 6-hour PV field from the

6-day mean PV field and partitioned the PV field into subtropical and polar jet PV based on pressure

and relative humidity thresholds. Baxter et al. (2011) defined perturbations from a 1979–2001 climato-

logical mean to investigate the influence of precipitation near the surface warm front on precipitation

downstream. To study frontogenesis, Korner and Martin (2000) define time and perturbation means of

the PV field similar to Davis and Emanuel (1991) to understand the development and frontal evolution

of the cyclone that caused the infamous 1997 April Fool’s Day storm in the Northeastern U.S.

1.4 MODEL BIAS

While random errors are present in dynamical model forecasts, errors that continue to occur sys-

tematically in time, otherwise known as model biases, can also exist. Model biases can be the result of

errors in the dynamics or physical parameterizations, data assimilation, initial conditions, or a com-

bination of these. Several components work together to produce a model forecast, and it is difficult to

attribute the exact cause of model biases. Furthermore, identifying the model component(s) produc-

ing the bias does not guarantee that new problems will not arise. Still, it is important to identify biases

to be able to correct them and consequently improve model forecasts.

Several studies have identified model biases that are relevant to TC track. In Wu et al. (2012), the

Global Forecast System (GFS) showed a northeastward track bias in Typhoon Sinlaku (2008), which was
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attributed to a shallow vortex height bias. Therefore, Sinlaku did not feel the strong westward steering

contribution to the DLMSF at upper levels. The track forecast better aligned with the verified track

after dropwindsonde data was assimilated into the GFS forecast, and the vortex height was better re-

produced. In Chen et al. (2019), the Integrated Forecast System (IFS) model run by the European Centre

for Medium-Range Weather Forecasts exhibited a slow translation speed bias for Hurricanes Irma and

Maria in 2017 for all forecast times. This slow bias integrates over time and contributes to track errors.

Following Chen et al. (2019), we attempt to use the piecewise PV inversion diagnosis tool in identify-

ing model biases, specifically in terms of TC track. Many previous studies have identified a single case

of TC track biases using formulations of piecewise PV inversion. Yet, to the authors’ knowledge, none

have performed a PV analysis of an entire hurricane season for the purpose of identifying model biases.

The research presented here utilizes the piecewise PV inversion tool on the 2017 Atlantic hurricane sea-

son. An extremely active hurricane season by any metric, the 2017 Atlantic hurricane season provides

numerous impactful cases for analysis.

1.5 RESEARCH OBJECTIVES

The main goal of this thesis is to diagnose the sources of track error in model forecasts. To ac-

complish this goal, a diagnostic technique called "piecewise potential vorticity inversion" is employed.

Track forecasts from four different models of storms in the 2017 Atlantic hurricane season and TC best

track locations are utilized. A few intermediate objectives that accomplish the main goal are:

(1) Show that the DLMSF is a useful metric such that DLMSF errors are representative of track

errors

(2) Demonstrate that the piecewise PV inversion technique can attribute track errors to DLMSF

errors in certain large-scale systems

(3) Show that model biases can be identified by utilizing the piecewise PV inversion tool on an

entire season

The outline of the thesis is as follows: Chapter 2 will outline the PV framework. Chapter 3 presents in-

depth analysis of the case studies. Chapter 4 follows with a statistical analysis of all storms evaluated

during the 2017 season. Chapter 5 finishes with a brief summary of the main points presented in this

thesis and a discussion on the limitations of this work.
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CHAPTER 2

METHODOLOGY

2.1 DATA AND MODELS

FIG. 2.1. Best tracks of tropical cyclones during the 2017 North Atlantic hurricane season.

The 2017 North Atlantic hurricane season concluded with 6 major hurricanes (category 3 and higher

on the Saffir-Simpson Hurricane Wind Scale (Simpson 1974)), 10 hurricanes, and 17 named storms with

the 1981-2010 median number of major hurricanes, hurricanes, and named storms being 2, 6.5, and

12 respectively (Klotzbach et al. 2018). Figure 2.1 shows the tracks of the thirteen TCs which occurred

during August, September, and October of the 2017 season.

The models utilized in this study include the National Centers for Environmental Prediction (NCEP)

Global Forecast System (GFS; NCEP 2016), the European Center for Medium-Range Weather Forecasts

(ECMWF) Integrated Forecast System (IFS; ECMWF 2016), and the formerly named fvGFS model, now

called the System for High-resolution prediction on Earth-to-Local Domains (SHiELD, Harris et al.

2020) developed by the Geophysical Fluid Dynamics Laboratory (GFDL). The SHiELD model is able

to ingest initial conditions from two prominent global prediction models, the GFS and IFS (Chen et al.

2018). Henceforth, the SHiELD model forecasts run with GFS initial conditions will be labeled SHiELD

gfsIC and with IFS initial conditions will be labeled the SHiELD ifsIC. A comprehensive overview of the

model dynamical cores, physics suites, and native grid resolutions is shown in Table 2.1.
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TABLE 2.1. Comparison of the previously operational NCEP GFS, the GFDL fvGFS, and the ECMWF

IFS. Adapted from Chen et al. (2019).

NCEP GFS ECMWF IFS GFDL SHiELD

Dynamical core

Hydrostatic spec-

tral model with

semi-implicit semi-

Lagrangian horizontal

discretization and three-

dimensional Hermite

interpolation

Hydrostatic spec-

tral model with

semi-implicit semi-

Lagrangian horizontal

discretization and finite

element vertical dis-

cretization

Nonhydrostatic finite-

volume cubed-sphere

dynamical core (FV3)

Physics suite GFS IFS

Updated GFS with the

GFDL microphysics, the

YSU PBL, and a mixed-

layer ocean model

Model resolution 13 km/64 levels 9 km/137 levels 13 km/91 levels

Initial conditions GFS IFS GFS/IFS

The native grid resolution and vertical levels are re-gridded to a 1° by 1° global latitude longitude

grid and 25 vertical levels for all models. The 10-day forecasts are initialized every 12 hours from 1

August 2017 to 31 October 2017 and are run every 6 hours. The GFS and IFS analysis data at 00, 06, 12,

and 18 UTC for the same time period are used to compare to forecasts. A subset of the global grid is

defined on which the analyses are performed and ranges from 0° to 55°N and 110°W to 5°W. This new

grid encompasses the regions of interest which include the North Atlantic and part of the continental

United States.

TC track errors are computed by comparing the model forecast TC locations against their veri-

fied positions in the Automated Tropical Cyclone Best Track data set (Miller et al. 1990; Sampson and

Schrader 2000).

2.2 POTENTIAL VORTICITY FRAMEWORK

The dynamical framework used in this study follows Wu et al. (2003). Ertel PV (Rossby 1940; Ertel

1942) is defined as:

q =
1

ρ
(ζ+ f )

∂ θ

∂ p
, (2.1)
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where q is Ertel PV, ζ is relative vorticity, f is the Coriolis parameter, ρ is the fluid density, θ is poten-

tial temperature, and p is the pressure coordinate. The PV is inverted using the nonlinear balanced

equation (Charney 1955):

∇
2
Φ = ∇· f ∇Ψ + 2 [

∂ 2
Ψ

∂ x 2

∂ 2
Ψ

∂ y 2
− (
∂ 2
Ψ

∂ x∂ y
)2], (2.2)

where Φ is the geopotential, Ψ is the stream function for the non-divergent wind, and the divergence

and gradient operators are two-dimensional in the horizontal. In short, Ertel PV is a quantity that

measures the absolute vorticity and the static stability of a fluid column and is conserved for three-

dimensional, adiabatic (dry), inviscid (frictionless) motion. The nonlinear balanced relation holds well

for large-scale atmospheric flow where horizontal motions dominate over vertical motions and flow is

mainly non-divergent (i.e., no large vertical accelerations in the flow). To solve the equations for the

real atmosphere, the system is re-formulated on the π (π = Cp (
p
po
)κ) vertical coordinate and spheri-

cal horizontal coordinates. The horizontal wind within the absolute vorticity in Equation 2.1 is also

replaced by the non-divergent wind and the PV can be rewritten as:

q =
gκπ

p
[( f +∇2

Ψ)
∂ 2
Φ

∂ π2
−

1

a 2c o s 2φ

∂ 2
Ψ

∂ λ∂ π

∂ 2
Φ

∂ λ∂ π
−

1

a 2

∂ 2
Ψ

∂ φ∂ π

∂ 2
Φ

∂ φ∂ π
], (2.3)

where q is PV, Φ is now the geopotential height, Ψ is stream function, a is earth’s radius, f is the Coriolis

parameter, κ=
Rd

Cp
, λ is longitude, andφ is latitude. Equation 2.2 can be rewritten as:

∇
2
Φ = ∇· ( f ∇Ψ) +

2

a 4c o s 2φ

∂ (∂ Ψ/∂ λ,∂ Ψ/∂ φ)

∂ (λ,φ)
, (2.4)

whereΦ is the geopotential height,Ψ is stream function, a is earth’s radius, f is the Coriolis parameter,λ

is longitude, andφ is latitude. The complete system is solved in Equation 2.3 and Equation 2.4 for the

unknowns ofΦ andΨ. Given a distribution of q,Φ andΨ on the horizontal boundaries, and θ (θ =− ∂ Φ∂ π )

on the upper and lower boundaries, the distribution of Φ and Ψ can be solved using successive over-

and under-relaxation (Davis and Emanuel 1991).

Another type of PV is quasi-geostrophic PV (QGPV); however, Ertel PV is utilized here rather than

QGPV because the accuracy of the QGPV inversion decreases as the Rossby number approaches unity.

The Rossby number is a dimensionless ratio between the inertial to Coriolis forces in a rotating fluid.

A common formulation of the Rossby number is R o = U
f L , where U is a characteristic velocity, f is the

Coriolis parameter, and L is a characteristic horizontal length scale. Large Rossby numbers may occur
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in highly rotational flows such as in TCs (Davis 1992a). A number of studies have shown the utility of

the Ertel PV and nonlinear balance equation framework in studying TC movement and cyclogenesis

(Davis and Emanuel 1991; Wu and Emanuel 1995a,b; Shapiro 1996; Wu et al. 2003, 2004).

The disadvantage of the framework that we have adopted from Wu et al. (2003) is that the system

being solved (Ertel PV and the nonlinear balance equation) is highly nonlinear. In other words, the

sum of the piecewise PV perturbations does not add up to the total, which introduces ambiguity in the

inversion interpretation. To compensate, the full linear method is applied which hides the nonlinear

terms within the linear terms by incorporating the nonlinear terms in a non-constant coefficient linear

differential operator. This method effectively linearizes the system and removes interpretation ambi-

guity (Davis and Emanuel 1991). Davis (1992a) reviewed several methods to linearize the system, but

ultimately showed that keeping the nonlinear terms in PV perturbation equations is essential to the

accuracy of the inversion.

For this research, we use the PV decomposition described in Shapiro (1996). The axisymmetric

vortex in a 2000 km radius around the TC center is calculated as the basic field and perturbations are

defined as deviations from the basic field. Firstly, the basic wind field is computed to obtain the basic

stream function Ψ. The nonlinear balance equation is used to calculate the basic geopotential height

Φ:

∇
2
Φ̂ = ∇· ( f ∇Ψ) +

2

a 4c o s 2φ

∂ (∂ Ψ/∂ λ,∂ Ψ/∂ φ)

∂ (λ,φ)
. (2.5)

The Φ̂notation indicates that it is not the azimuthally averaged geopotential height field, rather, it is the

geopotential height field in balance with the azimuthally averaged stream function which we call the

basic geopotential height. Then, the basic PV field can be calculated by Equation 2.3, but substituting

the basic fields in for the total fields:

q̂ =
gκπ

p
[( f +∇2

Ψ)
∂ 2
Φ̂

∂ π2
−

1

a 2c o s 2φ

∂ 2
Ψ

∂ λ∂ π

∂ 2
Φ̂

∂ λ∂ π
−

1

a 2

∂ 2
Ψ

∂ φ̂∂ π

∂ 2
Φ̂

∂ φ∂ π
] (2.6)

The Shapiro decomposition is appropriate here because it cleanly separates the TC from its environ-

ment, allowing us to understand how the environment (i.e., PV perturbations) affects TC movement.

It is important to note that the choice of decomposition is dependent on the atmospheric application.

Next, the perturbation fields can be computed by subtracting the basic fields from the total fields as:

Ψ
′ =Ψ −Ψ, Φ′ =Φ− Φ̂, q ′ = q − q̂ (2.7)
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FIG. 2.2. Decomposition of the total PV perturbation field split geographically into positive and

negative anomalies. a) Negative PV perturbations are divided into the Continental High and

Bermuda High. A meridional line at 80°W extending from 0° to 30° N connected to a diagonal

line approximately parallel to the United States’s East Coast separates the PV systems. b) Positive

PV perturbations are divided into the northwest, northeast, southeast, and southwest quadrants

relative to the center of the TC at each point in time.

Finally, from the q ′ (i.e., the "full" PV perturbation field), a piecewise partitioning can be applied.

The piecewise partitioning of the PV perturbation field (i.e., anomalies) is also highly dependent

on the atmospheric feature of interest. For this study, we break up the PV anomalies geographically by

sign (Figure 2.2). All negative PV anomalies are divided by a meridional line at 80°W extending from 0°

to 30°N connected to a diagonal line approximately parallel to the United States’s East Coast. The divi-

sion line was subjectively determined with the intent to isolate negative PV anomalies from the semi-

permanent subtropical high (Bermuda High) located over the North Atlantic from the semi-permanent

high located over the continental United States (Continental High). All positive PV anomalies are di-

vided into four quadrants: northwest (NW), northeast (NE), southeast (SE), and southwest (SW), rela-

tive to the TC center at each point in time. This simple division of the low PV into four storm-relative

quadrants provides an efficient and practical way to attribute steering flow to these systems instead of

tracking the low PV anomalies individually. Overall, the full PV perturbation field is partitioned into six

regions where the sum of the pieces equals the total:

q ′t o t a l = q ′B H + q ′C H + q ′N W + q ′N E + q ′S E + q ′SW (2.8)

where BH is the Bermuda High and CH is the Continental High. Individual PV perturbation pieces are

inverted to obtain the corresponding balanced Φ and Ψ fields, globally. The balanced fields describe
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FIG. 2.3. DLMSF error and track error correlation plots. The DLMSF error varies relative to the

track error at a static forecast hour. The correlations are shown for different static forecast hours:

a) 48h, b) 72h, c) 96h, and d) 120h.

how a PV distribution influences the atmospheric flow in the form of a stream function and geopo-

tential height field. From the stream function, the non-divergent, horizontal wind field (V ) can be

computed at each atmospheric level from the following relation:

V = k̂ ×∇Ψ. (2.9)

2.3 BRIDGING TRACK ERROR AND STEERING FLOW

In order to understand how the TC is steered by its large-scale environment, the deep layer mean

steering flow (DLMSF) is calculated. The DLMSF is defined as the 925 to 300 hPa layer-mean, balanced,

horizontal wind field in a 3o radius around the TC center. The DLMSF is calculated for each of the

balanced wind field regions for the entire forecast time, which we will define as D LM S F (q ′s y s ), where

q’ is the PV perturbation field corresponding to a specific system (e.g., Bermuda High).

The objective of this study is to diagnose the sources of track error in model forecasts. Errors in the

wind field surrounding the TC will cause errors in the track forecast. Therefore, we use DLMSF error as a

proxy for track error. The correlation between the DLMSF error at varying lead times to track errors are

shown in Figure 2.3 at different static lead times. The correlation was calculated using homogeneous

cases, or in other words, a forecast case that is run for all of the models initialized at the same time.
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The DLMSF error and track error correlations are moderately high with a Pearson correlation co-

efficient of 0.5-0.75 for the 72-, 96-, and 120-hr static forecast times and weaker correlations of around

0.25-0.50 for the 48-hr static forecast time. The correlation plots generally show a maximum at -24 to

0 hours, meaning track errors at a certain lead time are generally caused by errors in the TC DLMSF

up to 24 hours before. The time interval for the maximum correlation is reasonable, as it takes time

for steering errors to accumulate and cause errors in the position at later forecast times. Interestingly,

when DLMSF error lags track error (i.e., positive hours), the correlation does not immediately decrease

to zero. A probable reason is that storms that are forecast in the wrong place (i.e., track error) will lead

to errors in the steering flow (i.e., DLMSF errors), and therefore track errors leading DLMSF errors will

be correlated.

The 48-hr correlation plot shows the lowest maximum correlation values out of all of the correlation

plots. Generally, the maximum correlation increases with increasing lead time. At earlier lead times,

models tend to perform relatively well, which means DLMSF errors and track errors are low and have

not had sufficient time to cause errors in the other field. At later lead times, errors may have had time

to develop and cause errors in each other’s field, explaining the increasing maximum correlation with

increasing lead time in the correlation plots.

While the correlations between track errors and DLMSF errors are relatively high, the correlations

are not perfect, meaning that the DLMSF error is an imperfect proxy for track error. The discrepancy

between the two could be due to the representation of the DLMSF and how our methodology only

considers advection, simplifications in the PV inversion methodology, or other factors. An elaboration

of the DLMSF limitations will be discussed in section 5. Overall, the moderate correlations between the

DLMSF error and the track error show that our defined DLMSF is a sufficient proxy for the forecasted

movement of a TC, and that DLMSF errors are representative of track errors.
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CHAPTER 3

CASE STUDY ANALYSES

The utility of the piecewise PV inversion diagnostic will be shown for three case studies of hurri-

canes (Harvey, Irma, and Maria) within different steering environments. For each case, a 5-day track

forecast exhibiting distinctive track errors is chosen and analyzed.

3.1 CASE STUDY: HURRICANE HARVEY

On 26 August 2017 0300Z, Hurricane Harvey made landfall as a category 4 (on the Saffir-Simpson

Hurricane Wind scale) on the central Texas coastline. As Harvey approached the coastline of Texas, its

northward movement slowed to an eventual stall. Harvey’s proximity to the Gulf of Mexico at the time

of its stall provided optimal conditions for moisture transport from the Gulf of Mexico over land, result-

ing in several feet of rainfall in population dense regions of southeastern Texas including the Houston

metropolitan area (Blake and Zelinsky 2018; DeHart and Bell 2020). However, the forecasted track of

Harvey by various models exhibited errors in both speed and direction, and differences in northward

translation speed or landfall position would likely have resulted in vastly different societal impacts.

Figure 3.1 shows Harvey’s 5-day track forecast initialized on 24 August 2017 0Z with 6-hourly fore-

casts and coinciding Best Track (BT) positions. By comparing the model track forecasts to the BT, we

see that none of the models forecast every aspect of Harvey’s track correctly. By 6h, three of the four

models lagged behind the BT, except for the IFS. From 6h to 48h, all models showed a distinct westward

track error compared to the BT. After 48h, distinct differences between the individual models arise. The

GFS exhibited a track farther to the southwest, with a slowdown and stall verifying fairly far away from

the observed track. The IFS shows a similar stall to the BT subsequent to landfall, but showed Harvey

backtracking almost parallel to the direction from where it made landfall instead of advecting Harvey

to the east. The SHiELD gfsIC and SHiELD ifsIC models both showed a stall, followed by eastward ad-

vection. None of the models got every aspect of Harvey’s track correct, but they all exhibit a stall as it

crossed over land. While the IFS and SHiELD models moved approximately in the correct direction,

the GFS stalled drastically southwest of the other models and the BT. For this case, the piecewise PV

inversion tool is used to diagnose the southwest track error in the GFS and will be compared to the

SHiELD gfsIC, which performed relatively well. The other errors mentioned above will be discussed in

the DLMSF analysis.
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FIG. 3.1. Hurricane Harvey 5-day track forecast and best track positions. The track forecast posi-

tions start at 6 hours and are plotted every 6 hours. The best track positions start at 0 hours on 24

August 2017 and are plotted every 6 hours.

An overview of the errors in the steering flow surrounding Harvey is shown in plots of the differ-

enced 500 hPa, balanced, geopotential heights and 925-300 hPa layer-mean horizontal wind. The anal-

ysis field synoptic setup around Harvey at 72h in Figure 3.2a showed that Harvey was located between

two high pressure systems: a high located over the Four Corners region to the northwest, and a high

pressure system located over the North Atlantic subtropics to the east. The two highs created opposing,
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FIG. 3.2. Overview of the synoptic features surrounding Harvey at 72h. 500 hPa balanced geopo-

tential heights (m) are shaded. 925-300 hPa layer-mean balanced wind fields are illustrated by the

arrows (m s−1). The thick, dashed line represents the static boundary separating the Continental

High and Bermuda High regions. At 72h, (a) shows the GFS analysis fields as well as 500 hPa total

geopotential height field overlaid (contours), and (b), (c), (d) shows the differenced fields for GFS

forecast - GFS analysis, SHiELD gfsIC - GFS analysis, and GFS - SHiELD gfsIC forecasts, respec-

tively.

anticyclonic circulations, resulting in a weak steering environment in Harvey’s near-environment flow.

A weak low pressure system to the southwest is discernible with weak cyclonic flow, but this low pres-

sure system was not readily apparent in the mid-level geopotential height field. Another low pressure

system was located over the northeastern U.S., but this system was likely too distant to play a major

role in Harvey’s steering.

Errors in the strength and location of these large-scale systems likely resulted in forecast track er-

rors. Figure 3.2b shows the error of the 72h GFS forecast. The main factor driving Harvey’s southwest

track error is the presence of higher heights and stronger anticyclonic flow associated with the Con-

tinental High to the north. This flow blocked Harvey’s path northward and instead steered Harvey

towards the west. Lower heights and stronger cyclonic flow associated with a low to the south also

steers Harvey to the west. However, the influence from the low likely does not play a large part in Har-

vey’s southwest track error as the low is weak in strength. The SHiELD gfsIC forecast error is shown in
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Figure 3.2c. The forecast shows weaker heights collocated with stronger cyclonic flow compared to the

analysis, but the height differences are small relative to the GFS forecast error. The small difference in

steering flow in the SHiELD gfsIC allows for a track forecast that better follows the BT. The GFS minus

SHiELD gfsIC forecast difference is shown in Figure 3.2d. The GFS forecast shows much higher heights

than the SHiELD gfsIC, which contributes north-northeastward steering over Harvey, confirming the

southwest track error in the GFS.

From the balanced wind fields from each system for the GFS and SHiELD gfsIC forecasts, as well as

the GFS analysis, the DLMSF is calculated and is shown in Figure 3.3. Note that the y-axes on Figure 3.3

which represents the absolute value of the u- and v-components of DLMSF range in magnitudes but

are all plotted on the same scale. The identical scaling allows for easy comparison between the DLMSF

values of different subplots. The southwest track deviation in the GFS should be caused by errors in

the u component of DLMSF (u-DLMSF), generally after 72h. The NE quadrant shows weaker westerly

flow and the Continental High, Bermuda High, and NW, SW, SE quadrants all show stronger easterly

flow. The sum contribution of these errors in the DLMSF cause Harvey’s southwest track deviation in

the GFS. While both models show an error in the u-DLMSF, the Continental High and the NE quadrant

are the main producers of the error and contribute an average of 1 m s−1 and 0.5 m s−1 respectively,

with smaller contributions from the Bermuda High, and NW, SW, and SE quadrants (Figure 3.4). The

DLMSF forecast errors are computed by subtracting the DLMSF forecast from the analysis field using

the same initial conditions. For example, the GFS and SHiELD gfsIC forecasts are both initialized with

GFS initial conditions, thus the errors in the GFS and SHiELD gfsIC forecasts are calculated against the

GFS analysis fields.

The DLMSF can diagnose the others errors in the track forecast as well. After 72h, the SHiELD

gfsIC displayed strong eastward advection relative to the BT. The strong eastward movement should

be caused by errors in the u-DLMSF, namely, a stronger positive u-DLMSF (e.g., stronger westerlies) or

weaker, negative u-DLMSF (e.g., weaker easterlies). The NE and NW quadrants, and the Bermuda High

all showed a westerly DLMSF that was stronger compared to the BT while the SE and SW quadrants,

and the Continental High all showed an easterly DLMSF that was weaker compared to the BT after 72h.

The main contributors to the DLMSF error are the Continental High contributing around 2 m s−1 and

the NE quadrant contributing around 0.75 m s−1 of DLMSF error as shown in Figure 3.4. The other

systems also produce smaller amounts of DLMSF error, typically less than 0.25 m s−1.
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FIG. 3.3. Plots of the Deep Layer Mean Steering Flow (DLMSF, m s−1) for Harvey. a), b), c), d),

e), f) represents the DLMSF from the NW quadrant, NE quadrant, SW quadrant, SE quadrant,

Continental High, and the Bermuda High, respectively. The blue lines are the GFS DLMSF, the red

lines are the SHiELD gfsIC DLMSF, and the black lines are the GFS analysis DLMSF. Gray horizontal

lines represent the zero-line for each axis. Solid lines represent the u-component of DLMSF, and

dashed lines represent the v-component of DLMSF.

The tracks from 6h to 48h for both the GFS and SHiELD gfsIC were forecast west of the BT, which

should be caused by errors in the u-DLMSF during these lead times. A stronger, negative u-component

(e.g., stronger easterlies) or a weaker, positive u-component (e.g., weaker westerlies) cause a westward

track error. For both models from 6h to 48h, the NW, NE quadrants, and the Bermuda High show west-

erly DLMSF, while the SW, SE quadrants, and the Continental High show easterly DLMSF on Harvey.
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FIG. 3.4. Plots of the forecast minus analysis Deep Layer Mean Steering Flow (DLMSF, m s−1) for

Harvey. a), b), c), d), e), f) represents the DLMSF difference from the NW quadrant, NE quadrant,

SW quadrant, SE quadrant, Continental High, and the Bermuda High, respectively. The blue lines

show the GFS, and the red lines show the SHiELD gfsIC. Solid lines show the u-component of

DLMSF, and dashed lines show the v-component of DLMSF.

In Figure 3.4, the GFS DLMSF differences are mostly negative for the NW, NE quadrants, and Bermuda

High which indicates weaker westerly DLMSF from these systems. The GFS DLMSF differences are also

mostly negative for the SW, SE quadrants, and the Continental High which shows stronger easterlies

from these systems. These errors are consistent with the westward track error from 6h to 48h in the
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FIG. 3.5. As in Figure 3.1 but for Hurricane Irma. The tracks stop at 96h due to Irma being declared

a remnant low at that time. The track forecast was initialized on 8 September 2017 0Z.

GFS. However, the same cannot be said about the SHiELD gfsIC. The u-DLMSF errors for the SHiELD

gfsIC are not consistent with its westward track error during the same time period. This may be indica-

tive of other factors playing a role in Harvey’s track such that the DLMSF metric does not fully represent

Harvey’s movement.

3.2 CASE STUDY: HURRICANE IRMA

Hurricane Irma was a powerful Category 5 hurricane that caused devastation to several Caribbean

islands including Cuba as well as portions of Florida. Its track was governed by a combination of steer-

ing from the Bermuda High, Continental High, a distant, mid-latitude trough to the northeast, and a
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developing low to its northwest (Cangialosi et al. 2021). Like Harvey, differences in Irma’s forecast track

would have caused Irma to have drastically different impacts.

Figure 3.5 shows the 5-day track forecast for Irma every 6 hours initialized on 8 September 2017

0Z along with the corresponding BT positions. By 6h, the forecasts began to diverge from each other,

although models run with the same initial conditions had similar tracks. The models run with GFS

initial conditions showed a northward track error as well as a slight slow translation speed error, while

the models run with IFS initial conditions generally followed the BT. The northward track error and slow

translation speed error of Irma in the SHiELD gfsIC will be compared to the relatively well forecasted

track in the SHiELD ifsIC.

The synoptic-scale features influencing Irma’s movement at 24h are shown in Figure 3.6. The analy-

sis fields show three main systems: a high pressure to the east, a high pressure to the west, and a trough

to the north. Steering flow in the near surrounding of Irma was largely southeasterly, dominated by in-

fluence from the Bermuda High to its east.

The SHiELD gfsIC forecast error is shown in Figure 3.6c. A dipole of weaker heights to the west and

higher heights to the east was collocated with stronger southerly steering, which supports the north-

ward track error in the SHiELD gfsIC. The SHiELD ifsIC forecast error in Figure 3.6d also shows differ-

ences in the height field, but these differences are smaller compared to the SHiELD gfsIC. These smaller

differences in the SHiELD ifsIC do not manifest into a northward track error as the SHiELD gfsIC does.

The DLMSF from each system for the SHiELD gfsIC and SHiELD ifsIC during the 5-day forecast and

analysis runs are shown in Figure 3.7. In order to address the northward track error in the SHiELD gfsIC,

the analysis is split from 6h to 48h, when Irma’s motion is predominately westward, and 48h onward

in which Irma’s motion is generally northward. This separation is intuitive because the component of

DLMSF that caused the error depends on the direction of motion of the storm. The 6-48h interval is

focused on in the following analysis.

It is reasonable to assume that errors in the v component of DLMSF (v-DLMSF) from the vari-

ous systems should result in meridional track differences. Figure 3.8 shows large v-DLMSF errors in

the Continental High and Bermuda High which both contribute around 0.25-0.75 m s−1 v-DLMSF er-

ror compared to less than 0.25 m s−1 v-DLMSF error from the quadrants. The SHiELD gfsIC shows

a stronger v-DLMSF than the GFS analysis for both the Bermuda High and Continental High. How-

ever, the Continental High v-DLMSF is strictly negative (e.g., northerly flow) and the Bermuda High

v-DLMSF is strictly positive (e.g., southerly flow). While the two systems exhibit comparable errors,
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FIG. 3.6. As in Figure 3.2 but for Hurricane Irma at 24h.

southerly flow from the Bermuda High is larger in magnitude by 1-2 m s−1 than the northerly flow from

the Continental High. This resulted in a net southerly contribution to the total DLMSF resulted in the

northward track error in the SHiELD gfsIC.

Stronger positive u-DLMSF (e.g., stronger westerlies) or weaker negative u-DLMSF (e.g., weaker

easterlies) caused the slow translation speed error in the SHiELD gfsIC. The Bermuda High, Conti-

nental High, and SE and SW quadrants contribute easterly steering, while the NW and NE quadrants

contribute westerly steering on Irma. Figure 3.8 shows that the largest contributors to the u-DLMSF

error are the Bermuda High, the Continental High, and the NW and NE quadrants contributing around
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FIG. 3.7. As in Figure 3.3 but for Hurricane Irma.

0.5 m s−1 u-DLMSF error each, with less than 0.25 m s−1 u-DLMSF error being contributed by the other

systems. Overall, the slow translation speed error is due to a combination of DLMSF from different

systems at various lead times contributing flow counteracting Irma’s westward movement and causing

the slow translation speed error.

3.3 CASE STUDY: HURRICANE MARIA

Hurricane Maria was a devastating hurricane that made landfall in Dominica as a Category 5 hurri-

cane, followed by a second landfall in Puerto Rico at Category 4 intensity. Maria also posed a significant
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FIG. 3.8. As in Figure 3.4, but the blue lines show the SHiELD gfsIC and the red lines show the

SHiELD ifsIC.

track forecasting challenge. Its track motion was governed mainly by the Bermuda High (Pasch et al.

2023).

A 5-day track forecast with 6-hourly forecast and BT positions was initialized on 17 September 2017

and is shown in Figure 3.9. The models ingesting GFS initial conditions show a northward track error

at early lead times continuing through most of the forecast. The models initialized with IFS initial

conditions follow a path similar to the BT. However, the IFS showed a southward track error beginning
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FIG. 3.9. As in Figure 3.1 but for Hurricane Maria. Tracks initialized on 17 September 2017 0Z.

around 48h, which causes the IFS to narrowly miss making landfall in Puerto Rico. Interestingly, the

IFS showed a slow translation speed error around the same time as well. The southward track error in

the IFS will be analyzed here.

An overview of the environmental, synoptic features is shown in Figure 3.10. The analysis fields

show four main pressure systems of interest: a strong low pressure to the northwest (i.e., Hurricane

Jose), high pressure to the north, a trough to the northeast, and the Bermuda High to the east. Maria is

embedded within strong southeasterly winds imposed by the high pressure systems. The IFS forecast

error (Fig. 3.10d) showed lower heights to the east and north, which imparts stronger southerly flow on

Maria, and potentially explains its southward track error at 72h. Interestingly, a strong dipole of height

differences to the northwest was due to differences in position and intensity of Hurricane Jose in the IFS

versus the analysis field. The GFS forecast error (Fig. 3.10c) was relatively low, thus Maria’s motion to

the northwest in the GFS did not deviate very much. The model forecast difference is shown in Figure

3.10e, which shows that the IFS exhibited more easterly steering on Maria, reinforcing its southward

track error.

Figure 3.11 quantifies the steering from the individual systems on Maria. This case is not as straight-

forward to interpret as the previous two. The IFS exhibits a southward track error at 72h, which is most

likely caused by errors in the v-DLMSF. The Bermuda High, NW and SW quadrants show weaker posi-

tive v-DLMSF (e.g., weaker southerlies) in the IFS which supports its southward track error. However,

25



FIG. 3.10. As in Figure 3.2 but for Hurricane Maria at 48h.

the Continental High, and SE and NE quadrants also exhibit weaker negative v-DLMSF (e.g., weaker

northerlies), which does not support the southward track error. A further look shows that the systems

produce varying amounts of v-DLMSF with the strongest steering flow from the Bermuda High at 3-4

m s−1, the Continental High and NE quadrant at 2-3 m s−1, and smaller contributions of 1-2 m s−1 from

the NW, SE, and SW quadrants. Southerly steering is produced by the NW and SW quadrants as well as

the Bermuda High, while the NE and SE quadrants and Continental High contribute northerly steering

flow on Maria. The sum contribution of errors from the northerly flows is slightly larger than the sum

contributions of the southerly flow errors, resulting in a net southward track error.
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FIG. 3.11. As in Figure 3.3 but for Hurricane Maria.

Errors in the DLMSF are shown in Figure 3.12. Ultimately, the systems that produce weaker, southerly

flow (e.g., Bermuda High, NW, SW) show more error, while the systems that produce weaker northerly

flow (e.g., Continental High, SE, NE) show less error. As a result, the net steering on Maria was northerly,

which produced the southward track error in the IFS. Recall that the IFS forecast showed large error

from Hurricane Jose in Figure 3.10d. While large errors in the heights were evident to the northwest of

Maria, the signal is not obvious in the DLMSF error. Because Hurricane Jose existed on the boundaries

between the Bermuda High and Continental High, and NE and NW quadrants, the signal in the DLMSF

error was distributed between them and is a caveat of our PV partitioning scheme.
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FIG. 3.12. As in Figure 3.4, but the blue lines show the GFS and the red lines show the IFS.

The GFS also showed a northward track error at 6h to around 72h. The northward track error should

be caused by a stronger, positive v-DLMSF (e.g., stronger southerlies) and weaker, negative v-DLMSF

(e.g., weaker northerlies). The Bermuda High, and NW and SW quadrants generally show stronger

southerlies compared to the analysis DLMSF, with 0.25 m s−1 error contributed by each system as seen

in Figure 3.12. The Continental High, and SE and NE quadrants also show weaker northerlies compared

to the analysis DLMSF, with 0.25 m s−1 error contributed by each system. While these errors are small,
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all systems produced a DLMSF error that helped steer Maria farther to the north, which produced its

northward track error in the GFS.
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CHAPTER 4

BASIN-SCALE ANALYSIS

4.1 DLMSF ERROR STATISTICS

The piecewise PV inversion tool was performed on 13 TCs during the 2017 North Atlantic hurri-

cane season including Emily, Franklin, Gert, Harvey, Tropical Depression Ten, Irma, Jose, Katia, Lee,

Maria, Nate, Ophelia, and Philippe. A common metric to quantify the amount of error in a prediction

is the mean absolute error (MAE). The DLMSF MAE is calculated by summing the DLMSF error and

dividing by the number of homogeneous cases at a certain lead time. Figure 4.1 quantifies the average

DLMSF attributed to the different PV regions as a function of model and lead time. To a first order, the

DLMSF MAE increases in time for all models and systems as expected. The Bermuda High contributes

FIG. 4.1. Mean absolute error (MAE) of the DLMSF as a function of forecast hour. The number

of cases shown along the x-axis are the homogeneous cases, that is, a case that is forecast in all

models.
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the largest DLMSF MAE, especially at later lead times. The Continental High produces a moderate

amount of error, and the storm relative quadrants produce smaller errors. Generally, the DLMSF MAE

is increasing slowly through 120h.

While the MAE describes the absolute average deviation of a measurement from the mean, it is

important to also quantify the sign of the deviation (bias). Probability density functions (PDF) of the

DLMSF error are plotted for each model as a function of system and lead time. Figure 4.2 shows the PDF

plots for the GFS, Figure 4.3 for the IFS, Figure 4.4 for the SHiELD gfsIC, and Figure 4.5 for the SHiELD

ifsIC. A positive bias indicates that forecast DLMSF was stronger than the observed (analysis) DLMSF

while a negative bias indicates that forecast DLMSF was weaker than the observed DLMSF. In general

for all models, all systems show a widening of the PDF with increasing lead time. The broadening

indicates that errors increase with lead time. The broadening PDF is because model errors accrue and

can cause larger errors at later lead times.

For the GFS, the PDF for the Bermuda High at 24h shows a relatively lower peak than the other sys-

tems which indicates the DLMSF errors are larger. The PDF also shows a slight positive bias indicating

that the GFS predicts stronger DLMSF than the analysis. As the lead time increases, we see that the

PDF has flattened out which shows errors in the DLMSF are increasing, and a slight positive bias con-

tinues. The Continental High shows a positive bias at all lead times meaning that the model predicts

a consistently stronger DLMSF. The SE, SW, NW, and NE quadrants show a similar bias to the Conti-

nental High. Though the SE quadrant shows less DLMSF error compared with the other quadrants

which have more error as shown by the broadening of the PDFs. For the IFS, the Bermuda High tells a

similar story as in the GFS. These forecasts already display a moderate amount of error at 24h, and the

errors grow tremendously with lead time compared to the other models. A slight negative bias in the

Bermuda High at 24h is indicative of models predicting slightly lower DLMSF than the analysis. The

Continental High, SE, SW, and NE quadrants show a positive bias at most if not all lead times. The NW

quadrant shows a positive bias at early lead times that transition to a more-neutral bias at later lead

times. The SHiELD gfsIC shows more DLMSF error from the Bermuda High than in the GFS and IFS. A

strong positive bias in DLMSF is apparent at all lead times. In contrast, the Continental High seems to

show less DLMSF error compared to the Bermuda High and quadrants. All quadrants show a positive

bias at most lead times.

Another way to visualize the DLMSF error bias is in Figure 4.6 which shows plots of the mean

DLMSF error as a function of system, lead time, and model. A positive mean (positive bias) indicates
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FIG. 4.2. Probability Density Functions (PDF) of DLMSF error as a function of system and forecast

time for the GFS. The PDF was computed using all model forecast runs for an individual system

at a certain lead time. The PDFs are plotted every 12 hours starting at 12 hours out to 5 days. Dark

blue colors indicate early lead times and transition to warm red colors at later lead times. The

same homogeneous cases used in Figure 4.1 are used for the PDFs.
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FIG. 4.3. As in Figure 4.2 but for the IFS.

that the forecasted DLMSF is stronger than the analysis, and a negative mean (negative bias) shows

that the forecasted DLMSF is weaker than the analysis. When the mean is zero, this indicates that the

DLMSF forecast errors are evenly distributed between positive and negative errors, resulting in a near

neutral bias. The ±1 sigma bounds are also shaded for each model over the 5-day forecast. The largest

biases are present in the Bermuda High, while moderate bias is shown in the Continental High, with
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FIG. 4.4. As in Figure 4.2 but for the SHiELD gfsIC.

lower biases for the quadrants. For the Bermuda High, the SHiELD models generally produce a positive

bias which mean the DLMSF from the Bermuda High is simulated too strongly. In contrast, the GFS and

IFS show negative biases throughout the forecast. For the Continental High, the SHiELD models show

a negative bias that transitions to a positive bias. The IFS shows a near neutral bias for most lead times,

and the GFS bias is mainly positive. Similar biases for the models are shown in the SE quadrant. For the
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FIG. 4.5. As in Figure 4.2 but for the SHiELD ifsIC.

NW, NE, and SW quadrants, the mean is typically near zero at earlier lead times, indicating that there

is little bias. A reason for the near zero bias for the quadrants is that the quadrants are storm-relative

and the biases are averaged out.

The standard deviation of the DLMSF errors is plotted in Figure 4.7. The standard deviation is cal-

culated similarly to the MAE, and both metrics illustrate the deviation of errors from the mean error.
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FIG. 4.6. The DLMSF error mean (bias) is plotted as a function of system and forecast time. The

bias is plotted every 6 hours out to 5 days. The same homogeneous cases as in Figure 4.1 are used

to plot the bias. The colored shading indicates the ±1σ range of DLMSF errors that went into

calculating the bias point for each model.

However, the standard deviation is the square root of the square of the errors compared to the absolute

value of the error in the MAE, such that larger error differences are weighted more. Thus, standard de-

viation values are typically larger than MAE values. As expected, the standard deviation of the DLMSF

errors follows very similarly to the MAE in 4.1.

4.2 COMPOSITE ANALYSES

As shown previously, the Bermuda High has the largest DLMSF MAE. This large MAE is more ap-

parent at later lead times. To understand the result of the high DLMSF MAE, a composite analysis of the

500hPa balanced geopotential height solved from the Bermuda High PV perturbations is performed.

Cases with DLMSF error greater than 0.75 standard deviation are composited for each model. 61 ho-

mogeneous cases are found to have a DLMSF error higher than 0.75 standard deviations at 24h for the
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FIG. 4.7. The DLMSF error standard deviation for all storms is plotted. The standard deviation is

plotted every 6 hours out to 5 days. The standard deviation is calculated using the same homoge-

neous cases as in Figure 4.1.

Bermuda High. The composite is shown in Figure 4.8. The contours show the average analysis bal-

anced geopotential height field from the Bermuda High which can be thought of as the observed bal-

anced mean field. The shading is the average error of the balanced geopotential height for these cases,

or deviations from the observed balanced mean field. Storm locations for the 61 largest error cases are

plotted as well. Figure 4.8b shows a weak bias in the geopotential height field of the western periphery

of the Bermuda High in the IFS, which indicates that the strength of the Bermuda High is generally un-

derrepresented at 24h. Colored markers illustrate hurricane locations following a recurving hurricane

track pattern and is consistent with the track pattern associated with a weakened Bermuda High. The

SHiELD ifsIC in Figure 4.8d shows a similar weak bias in the geopotential height field, but the spatial

extent of the height errors is spread farther east and is not so centered on the western periphery. The

GFS in Figure 4.8a the SHiELD gfsIC in Figure 4.8c show broad areas of weak bias in the geopotential
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FIG. 4.8. Composite analysis of balanced geopotential height analysis field (contours, m) and bal-

anced geopotential height error (shading, m) for 61 homogeneous cases exceeding 0.75 standard

deviations of DLMSF for the Bermuda High at 24h. The 61 cases are plotted, with markers denot-

ing the storm’s positions (markers).

FIG. 4.9. As in Figure 4.8, but for 48h. 35 homogeneous cases are displayed.
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FIG. 4.10. As in Figure 4.8, but for 72h. 31 homogeneous cases are displayed.

height field in the domain but these errors are not consistent with a weakened Bermuda High as is in

the IFS.

Chen et al. (2019) calculated the track error in forecasts runs of Hurricane Irma and Hurricane

Maria in the GFS, IFS, SHiELD gfsIC, and SHiELD ifsIC. The average total track error over all the fore-

casts for each storm was decomposed into an along-track error which is associated with the TC trans-

lation speed and a cross-track error component which is related to the TC directional changes. The

IFS showed that the along-track error was consistently a signification fraction of the total track error,

whereas the along-track and cross-track errors were more evenly split in the SHiELD ifsIC for both

storms. In conclusion, they found the along-track error showed a strong negative bias over all fore-

cast times meaning that the translation speed was consistently weaker in the IFS forecast compared to

the verified track. The findings in this thesis support the conclusion of Chen et al. (2019), where the

slow translation speed bias in the IFS is caused by an underrepresented Bermuda High in IFS forecasts

which produces weaker anticyclonic steering on TCs.

The same composite analysis is done for 48h (Fig. 4.9). Similar spatial patterns in the balanced

geopotential height error are observed in the 48h composite as in 24h composite. Moreover, there is

noticeably larger error in all of the models which is expected given that errors tend to accumulate and

grow with time. However, the SHiELD ifsIC at 48h shows lower balanced geopotential height error in the
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central region of the Bermuda High and near-zero error in the western periphery of the Bermuda High.

The SHiELD ifsIC also shows larger errors in the mid-latitudes. Figure 4.10 shows the composite at 72h.

Larger errors are observed at 72h compared to the earlier forecast times. Notably, the magnitudes of the

errors are higher, but the spatial patterns of the errors are different. The higher errors at 72h suggests

that the differences in the models at longer lead times are less related to the initial conditions, and that

the model dynamics and/or physics are starting to play a larger role in producing errors.
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CHAPTER 5

DISCUSSION AND CONCLUSIONS

We utilize the piecewise PV inversion diagnostic technique to identify the sources of errors in TC

track forecasts. Specifically, the contribution of steering from individual large-scale pressure systems

and errors in the steering is quantified. While several previous studies have used the piecewise PV

inversion diagnostic tool in case studies of individual storms, this study is the first to use piecewise PV

inversion systematically on an entire hurricane season to investigate errors that occur consistently in

time, or model biases.

To perform piecewise PV inversion systematically on an entire hurricane season, the PV frame-

work in Wu et al. (2003) was adopted and altered for our objective. The perturbation PV was isolated

by removing the basic PV to quantify only the influence of the large-scale environment on TC move-

ment. The PV perturbation field was subjectively partitioned in six regions geographically by sign: the

Bermuda High, Continental High, and four low quadrants of the TC. The nonlinear balanced flow was

inverted from each PV perturbation piece separately to break down the environmental wind into its

core components. The Deep Layer Mean Steering Flow (DLMSF) metric was calculated to quantify the

steering from these individual pressure systems on TC movement. DLMSF errors were computed by

comparing the forecast to analysis fields. Lead-lag correlation analyses between DLMSF errors and

track errors showed a maximum correlation from -24 to 0 hours, meaning track errors were caused by

errors in the TC DLMSF up to 24 hours before. The correlations were moderate meaning DLMSF is a

sufficient proxy for TC movement and that DLMSF errors are representative of TC movement errors in

model forecasts.

An in-depth analysis of steering flow from forecasts of three hurricanes: Harvey, Irma, and Maria

is performed. The piecewise PV inversion is used to diagnose the contributors of forecast track error to

steering flow errors. Harvey’s weak steering environment was caused by two anticyclones contributing

opposing flow, which ultimately led to its stall. The GFS exhibited a strong southwest track error attrib-

uted to errors in the u-DLMSF which favored westward advection. Irma displayed a drastic northward

track error in the SHiELD gfsIC compared to the SHiELD ifsIC and BT, which placed its landfalling lo-

cation near Miami as opposed to southwest Florida. The diagnosis showed that this error was mainly

caused by error in the DLMSF from two opposing anticyclonic circulations, which imparted opposing
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v-DLMSF steering, but an overall net southerly steering on Irma. Maria’s track in the IFS was character-

ized by a southward track error, which resulted in the hurricane not actually making landfall in Puerto

Rico. The DLMSF diagnosis showed opposing northerly and southerly steering on Maria from various

systems, but net larger northerly steering error resulted in Maria’s southward track error. Large errors

from Hurricane Jose to the northwest of Maria likely also played a part in the steering. Yet, the impact

of error in Jose on Maria’s movement was difficult to interpret because Jose existed on the boundary

between the Continental High and Bermuda High and the DLMSF error attributed to Jose was split.

A basin-scale analysis of thirteen storms was performed to ascertain any model biases. The DLMSF

Mean Absolute Error (MAE) was calculated for all PV systems and showed that the Bermuda High pro-

duced the largest errors, the Continental High produced moderate errors, and the four quadrants each

produced lower errors. To understand why the Bermuda High produced the most DLMSF MAE, cases

with error more than 0.75 standard deviations associated with the Bermuda High were composited at

24-, 48-, and 72-hrs forecast times. The composite results showed lower balanced geopotential heights

around the western side of the Bermuda High for all lead times and models, meaning the models con-

sistently underrepresented the strength of the Bermuda High in erroneous forecasts. The storm lo-

cations for the high error cases were also plotted and showed a tendency for TCs to recurve, which is

consistent with observed storm movement in the presence of a weaker Bermuda High in the North

Atlantic.

Piecewise PV inversion was performed on the 2017 North Atlantic hurricane season in this study.

While it would be ideal to have multiple years of data for analysis, the 2017 North Atlantic season pro-

vides more than 100 cases at short lead times, which provides an essential proof of concept for using

this diagnostic technique for assessing model biases in track error. Future work should include extend-

ing this analysis to multiple years to include a larger sample size as well as other ocean basins, although

the issue of model consistency across multiple seasons then becomes an issue.

The choice of PV perturbation partitioning scheme is dependent on the atmospheric feature that

is being analyzed. We required a method to systematically analyze the track errors for multiple storms,

and devised the current partitioning scheme. However, some limitations exist with the current parti-

tioning scheme. As was shown in the case study of Hurricane Maria, errors in the representation of

Hurricane Jose to Maria’s northwest existed on the boundary separating the PV regions. Consequently,

the DLMSF error from the misrepresentation of Hurricane Jose to was not obvious to interpret and the
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inability to identify the influence on a TC from an individual PV system in time is a caveat of the cur-

rent partitioning scheme. A more complex algorithm would be required to analyze the contribution

from individual systems. Still, the current partitioning method provides a first step towards a general

partitioning scheme.

Our analysis only allows for TC movement from advection, but as we know in the real atmosphere,

a TC’s intensity may also contribute to its own movement through a two-way interaction with its en-

vironment, known as the Beta effect (Marks 1992). The Shapiro decomposition removes the intensity

aspect by removing the basic PV field from the perturbation field, and only the perturbation field is

used to quantify the DLMSF. Any feedback between the intensity and movement are thus eliminated,

and the advection of TCs by their environmental steering can be looked at as a one-way interaction.

Another possible limitation of our analysis is that the 925-300 hPa layer-mean is used to calculate

the DLMSF, however the instantaneous height of the TC vortex could be important in determining

which atmospheric layers contribute to its movement. While the 925-300hPa levels span most vortex

heights, not all TC vortices (i.e, weak TCs) span the entire height of the column (DesRosiers et al. 2023).

For a shallow vortex in the real atmosphere, the steering levels above the height of the vortex should not

have a large impact on TC motion. However, the DLMSF does not account for varying vortex height and

may over-contribute steering from atmospheric layers when the vortex is weak, which may cause the

DLMSF to not accurately predict TC motion at times. A more accurate representation of the steering

flow may be calculated by incorporating vortex height into the steering flow calculation. However, the

lead-lag correlation analysis in Section 2.3 showed moderate correlations between DLMSF error and

track error, and thus the DLMSF from 925-300hPa is a reasonable proxy for TC motion.

In this research, the influence of TC PV is removed by taking the axisymmetric wind field in a circle

with a radius of 2000 km around the TC center. Subsequently, the basic stream function, geopotential

height, and PV fields can be calculated. While 2000 km is a reasonable radius to capture most of the

cyclone’s flow, this constant radius may not be the most optimal radius for all storms. In the case of a

TC with a structure that exists outside of this radius, the basic field will not be fully captured, leading to

an excess of the basic field being incorporated into the perturbation field, which may cause errors in

the DLMSF. Most TCs, however, are smaller than the 2000 km radius, and the cyclone circulation will be

overestimated. As a result, some of the perturbation field around the cyclone may be excluded, which

may affect the DLMSF.
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This research has shown that the piecewise PV inversion inversion technique is a practical diagnos-

tic tool in understanding track errors in TCs. The work presented here can be extended by developing

a specific PV perturbation partitioning scheme to look at specific geographic model biases, or a more

complex partitioning scheme to identify the contribution to DLMSF error from individual PV systems.

Other future work can include the addition of more seasons and different numerical weather predic-

tion models. It may also be interesting to apply this methodology to different ocean basins, such as the

western North Pacific, where different synoptic steering systems exist such as the Meiyu front. While

track forecasts have improved substantially, large track errors still exist, and the identification of model

biases is essential to improve track error. Even small track errors can result in impacts in vastly different

regional impacts. For example, in 2022, 48 hours prior to landfall, Hurricane Ian’s most likely forecast

track was a landfall in Tampa Bay, Florida; However, minimal forecast error resulted in a landfall further

south, and Tampa Bay escaped the worst impacts from Ian. In conclusion, the identification of model

biases is the first step in correcting them. The work presented here will contribute to reducing both

large and small track errors in the future through the identification of model biases.
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APPENDIX

THE PIECEWISE POTENTIAL VORTICITY INVERSION TOOL

The piecewise potential vorticity (PV) inversion tool inverts PV perturbations to retrieve the bal-

anced fields from individual PV perturbations. This tool ingests global fields of temperature, geopo-

tential height, and temperature and calculates Ertel PV. PV pertaining to the hurricane circulation (i.e.,

basic PV) is separated from the total PV field, which isolates the PV around the hurricane environ-

ment (i.e., perturbation PV). The PV perturbation field is partitioned using the scheme described in

the methodology section. The total PV perturbation field and each piece of PV perturbation is inverted

to retrieve the balanced fields pertaining to the PV that is inverted. The balanced fields describe how

each PV perturbation influences the atmosphere in the form of a non-divergent wind field and pressure

field. The mathematical framework to perform these inversions uses a nonlinear balanced relation to

invert Ertel PV. This package is composed of several scripts written mainly in Fortran 90 and Python,

and is wrapped in C-Shell scripts. The filepaths, environmental variables and namelist variables can

be changed in the C-shell wrapper scripts to adapt to the user’s needs. The piecewise PV inversion tool

is publicly available on Github: https://github.com/tbarbero/PPVI.

The first script in the chain is called run_pv1.csh which executes pv1.F90. Global h,t,u and v are

ingested at 1o horizontal grid resolution,

• Input Files

– Global 1o by 1o h, t, u, v

• Output Files

– yyyymmdd_hhZ_htuv.nc

– yyyymmdd_hhZ_pv.nc

• Objective

(1) A subset of the region is cut out based on namelist parameters: ’west’, ’east’, ’north’,

and ’south’.

(2) A 9-point local smoothing function is applied on the new domain.

(3) Write out smoothed, regional h,t,u,v in a .nc file

(4) Adjust h ensuring that static stability is positive everywhere (dh/dp > 0). This is a

condition to solve the elliptical partial differential equation to get Φ and Ψ

(5) Compute relative vorticity from u and v, and then compute the streamfunction Ψ

from relative vorticity

(6) Compute Ertel PV

(7) Compute the non-divergent wind from the stream function

(8) Write out calculated PV, adjusted h, Ψ, non-divergent u, v, absolute vorticity

The second script find_TC_center.py takes in the best track position and calculated PV, and com-

putes the location of the hurricane center based on the grid location of the vertically averaged maxi-

mum positive PV value.

• Input Files

– 2017.NAtl.stormnum.txt

– yyyymmdd_hhZ_pv.nc

• Output Files

– center.txt

• Objective
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(1) For all initialized runs of a storm, compute the TC storm center out to 240Z every 6

hours

(2) Load in regional PV file, vertically average PV from 925 to 300hPa [forecast_times,lat,lon]

(3) Grab initial TC storm center guess (lat.xx, lon.xx) and make a 5o x 5o box around

center on PV data

(4) Perform a rectangular bivariate spline interpolation for PV box for a more accurate

center

(5) Find location of maximum positive PV value

(6) Write out 6-hr hurricane center forecast out to 240Z for each initialized run in cen-

ter.txt

The third script run_symhtuv.csh runs symhtuv1.F90.

• Input Files

– yyyymmdd_hhZ_htuv.nc

– yyyymmdd_hhZ_pv.nc

– center.txt

• Output Files

– yyyymmdd_hhZ_htuv2.nc

– yyyymmdd_hhZ_symhtuv.nc

• Objective

(1) Load in adjusted height and Ψ from yyyymmdd_hhZ_pv.nc and temperature from

yyyymmdd_hhZ_htuv.nc

(2) Compute basic fields: height, stream function, and temperature by taking the ax-

isymmetric in a 2000km radius from hurricane center

(3) Compute perturbation fields by subtracting basic fields from the total fields

(4) Compute basic and perturbation non-divergent winds from associated stream func-

tions, individually

The fourth script is run_pv2.csh which runs pv2.F90.

• Input Files

– yyyymmdd_hhZ_htuv2.nc

• Output Files

– yyyymmdd_hhZ_pv2.nc (Total fields)

• Objective

(1) Repeat computing parts in pv1.F90, but use the non-divergent winds

The fifth script is run_pvb.csh which runs pvb.F90.

• Input Files

– yyyymmdd_hhZ_symhtuv.nc

• Output Files

– yyyymmdd_hhZ_pvb.nc

• Objective

(1) Repeat computing parts in pv1.F90 but use the basic fields
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The sixth script is run_sqinvph.csh which runs sqinvph.F90

• Input Files

– yyyymmdd_hhZ_pvb.nc

– yyyymmdd_hhZ_pv2.nc

• Output Files

– yyyymmdd_hhZ_sqinvph.nc

• Objective

(1) Compute perturbation field by subtracting basic fields from total field

(2) Compute the non-divergent wind associated with the total PV perturbation

The seventh script is mask_region.py.

• Input Files

– yyyymmdd_hhZ_sqinvph.nc

• Output Files

– Binary flat masked PV regions (i.e., system.1, system.2, ..., system.40)

• Objective

(1) Read in total PV perturbation field and TC center location

(2) Cut up the total PV perturbation field into different regions

(3) Cut the negative PV perturbation into static Bermuda High (BH) and Continental

High (CH)

(4) Cut the positive PV pertubation into four ordinal (NW,NE,SE,SW) qudrants relative

to the storm center at each forecast time

(5) Save the cut PV perturbation for each region for each forecast time as a binary flat file

The eighth script is called run_sqinvmask.csh.

• Input Files

– yyyymmdd_hhZ_pvb.nc

– yyyyyyymmdd_hhZ_pv2.nc

– all mask files for one system (i.e., system.1, system.2, ..., system.40)

• Output Files

– yyyymmdd_hhZ_system.nc

• Objective

(1) Read in total PV perturbation field and TC center location

(2) Cut up the total PV perturbation field into different regions

(3) Cut the negative PV perturbation into static Bermuda High (BH) and Continental

High (CH)

(4) Cut the positive PV pertubation into four ordinal (NW,NE,SE,SW) qudrants relative

to the storm center at each forecast time

(5) Save the cut PV perturbation for each region for each forecast time as a binary flat file

The ninth script is called run_steersq.csh.

• Input Files

53



– yyyymmdd_hhZ_sqinvph.nc (u, v associated with total pv perturbation) or

– yyyymmdd_hhZ_system.nc (u, v associate with pv perturbations of particular sys-

tem)

• Output Files

– yyyymmdd_hhZ_steering_3degree_system

• Objective

(1) Calculate the average u-,v-wind in a circle of 3o radius around the TC center for

each level at each forecast time. The radius within which values are averaged can

be changed in the steersq.nml file.
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