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Abstract 

Objective identification of low-pressure systems (LPSs) in large-scale datasets, such as reanalyses 

and Earth system model outputs, is essential for understanding their physical characteristics, evaluating 

their representation in numerical models, and assessing their historical variability and projected future 

changes. Among all types of LPSs, tropical cyclones (TCs) have received the greatest attention because of 

their destructive impacts throughout their life cycles. Despite substantial advances in objective feature 

tracking, challenges remain in accurately identifying TC features in climate datasets, which can lead to 

biases in TC climatology and model evaluation. Contemporary TC research spans the entire TC life 

cycle—from precursor disturbances and genesis to post-tropical evolution. To facilitate such research 

using reanalyses and Earth system model outputs, an objective framework capable of tracking and 

classifying TCs throughout all stages of their life cycles is required. 

To address these challenges, Chapter 2 of this dissertation presents the System for Classification 

of Low-Pressure Systems (SyCLoPS), an objective LPS tracking and classification framework built upon 

the TempestExtremes (TE) software. Unlike previous tracking algorithms, SyCLoPS first identifies every 

detectable LPS signal at a prescribed temporal frequency using fundamental atmospheric fields and 

subsequently classifies each detected system at both the node and track levels. The classification criteria 

are based on physically motivated definitions developed using ERA5 and are further refined with 

machine-learning techniques. Evaluation demonstrates that SyCLoPS improves tropical cyclone detection 

relative to the previous TE-based algorithm, increasing the hit rate (HR) by 2% while reducing the false 

alarm rate (FAR) by 6%. SyCLoPS also achieves 95% agreement with the subjective classifications 

contained in the International Best Track Archive for Climate Stewardship (IBTrACS). Furthermore, the 

framework is applicable to a broad range of LPS types, including monsoonal systems, polar lows, 

subtropical storms, extratropical cyclones, and thermal lows. 
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Chapters 3 and 4 demonstrate the application of SyCLoPS to advance the understanding of TC 

representation in both climate models and atmospheric reanalyses. Chapter 3 applies SyCLoPS to 

historical HighResMIP simulations to investigate the coupled evolution of TC intensity and size 

throughout the storm life cycle. By introducing an objective TC size retrieval algorithm that estimates TC 

quadrantal wind radii comparable to those in IBTrACS, the study enables the first direct comparison of 

TC size between climate models and observations. The results show that, despite increasing model 

resolution, most HighResMIP models and ERA5 remain unable to reproduce the observed intensity–size 

relationship, with simulated storms generally being too large for a given intensity and failing to capture 

the population of compact, intense TCs. Interestingly, the multi-model ensemble reproduces some aspects 

of TC climatology, as well as differences in intensity and size characteristics between ENSO phases, 

comparably to—and in some cases, better than—ERA5. Motivated by these findings, Chapter 4 evaluates 

the newly released JRA-3Q reanalysis and shows that it substantially outperforms ERA5 in TC 

representation, achieving an approximately 90% HR while reducing the FAR to only 6%. Error attribution 

analyses indicate that JRA-3Q's superior performance primarily results from its advanced TC bogussing 

scheme, whereas the degradation of ERA5 in earlier decades is largely attributable to increasing model 

error under sparser observational constraints. Together, these studies demonstrate the robustness and 

adaptability of SyCLoPS across diverse datasets while providing new insights into the strengths and 

limitations of current climate models and reanalyses in representing TCs. 
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Chapter 1. Introduction 

1.1 Motivation and Dissertation Overview 

Cyclones, or low-pressure systems (LPSs), are mesoscale to large-scale atmospheric features 

capable of producing a wide range of hazards, including flooding, high winds, storm surge, and 

heatwaves. To identify and study their climatology, short-term forecasts, and future risks, it is essential to 

objectively identify, quantify, and characterize cyclones in reanalysis products, physical weather and 

climate models, and AI-driven models using automated algorithms. 

Williamson (1981) was one of the first study to use an automated tracking algorithm to identify 

cyclonic features in ECMWF 10-day forecasts and their corresponding verification analysis. Since then, 

more than a dozen automated algorithms for detecting extratropical cyclones have been developed. 

However, differences in algorithmic design and the thresholds used to identify and filter cyclones have 

led to substantial spread and uncertainty in their climatological representation and life-cycle 

characteristics (Neu et al., 2013). Furthermore, evaluating the performance of extratropical cyclone 

trackers remains challenging because no consistent observational dataset exists to serve as a reference. 

In contrast, tropical cyclones (TCs) are relatively sparse and exhibit well-defined dynamical and 

structural characteristics, making them well suited for objective feature detection. Moreover, the 

International Best Track Archive for Climate Stewardship (IBTrACS; Knapp et al., 2010) provides a 

comprehensive observational archive of subjectively analyzed TC tracks compiled from meteorological 

agencies worldwide. The recent availability of high-resolution reanalyses and Earth system models has 

made objective identification of features as small as TCs increasingly practical. Consequently, several 

tracking algorithms have been developed specifically for TCs, including CNRM (Chauvin et al., 2006), 

OWZ (Tory et al., 2013), TRACK (Hodges et al., 2017; Strachan et al., 2013), and ZU (Ullrich et al., 

2021; Zarzycki & Ullrich, 2017). Bourdin et al., (2022) compared these four TC trackers and found that 

ZU, which is built upon the state-of-the-art C++ feature detection software TempestExtremes (TE; 

(Ullrich et al., 2021; Ullrich & Zarzycki, 2017), achieved the highest detection skill as measured by hit 
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rate (HR) and false alarm rate (FAR). A more recent purely machine learning-based TC detection 

algorithm (Accarino et al., 2023) likewise achieved lower detection performance than the ZU tracker. 

Nevertheless, ZU still produces a considerable number of false alarms. To reduce the FAR, a post-

processing procedure based on the Cyclone Phase Space (CPS; Hart, 2003) is applied to filter and 

truncate tracks, retaining only the tropical portion of each track, at an expense of lower HR. 

This limitation reflects a broader deficiency of contemporary low-pressure system (LPS) tracking 

algorithms. Most existing trackers—including recent algorithms developed for monsoonal systems 

(Vishnu et al., 2020) and polar lows (Stoll, 2022; Stoll et al., 2018)—are designed to identify only a 

single type of LPS. Consequently, many filtering criteria and post-processing procedures are required to 

prevent contamination by other cyclone types. These restrictions often truncate tracks prematurely or 

exclude portions of an LPS life cycle, limiting the ability to investigate transitions among different 

cyclone types and the complete evolution of LPSs. 

In Chapter 2, we present the System for Classification of Low-Pressure Systems (SyCLoPS), a 

new objective low-pressure system (LPS) tracking and classification framework built upon TE and 

developed using the fifth-generation European Centre for Medium-Range Weather Forecasts reanalysis 

(ERA5; Hersbach et al., 2020). ERA5 was selected as the development dataset because of its high 

horizontal resolution. Unlike previous objective trackers that target individual LPS types, SyCLoPS 

detects all identifiable surface LPSs and classifies them simultaneously. The framework assigns labels to 

each detected LPS node and subsequently classifies complete tracks for four high-impact LPS types: TCs, 

monsoonal systems, subtropical storms, and polar lows. The classification criteria are derived primarily 

from physically based definitions and meteorological intuition and are further refined through 

mathematical optimization, sensitivity analyses, and machine-learning techniques. Although machine 

learning is used to optimize classification thresholds, the framework contains no black-box components 

and remains fully interpretable, physically motivated, and readily adaptable to other reanalyses and Earth 

system model outputs. In subsequent studies and SyCLoPS software updates, we demonstrate that only 
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minimal tuning is required to apply SyCLoPS across multiple datasets with different horizontal 

resolutions. 

Relative to the widely used ZU tracker, SyCLoPS substantially improves TC detection skill by 

reducing false alarms while simultaneously increasing the number of correctly detected storms. This 

improvement is partly attributable to a new method for distinguishing tropical from non-tropical systems 

without relying on the presence of a warm-core structure. We show that warm-core structure is neither 

unique to tropical systems nor persistent throughout the life cycle of all tropical LPSs. More importantly, 

SyCLoPS identifies and classifies the complete life cycle of surface LPSs, from genesis to lysis. For TCs, 

this includes objective identification of precursor disturbances, mature tropical stages, and post-tropical 

evolution, enabling accurate determination of transitions such as extratropical transition with minimal 

timing bias. SyCLoPS also provides the first globally applicable objective framework for identifying 

tropical-like cyclones—including subtropical storms and polar lows—that exhibit TC-like structures 

outside the tropics. The paper on the development of SyCLoPS has been published in the Journal of 

Geophysical Research: Atmospheres under the DOI: 10.1029/2024JD041287, and was selected as the 

editor’s highlight for the Eos. 

In Chapter 3, we apply SyCLoPS to investigate TCs in historical HighResMIP simulations 

(Haarsma et al., 2016). Unlike most previous studies, which primarily focus on TC frequency climatology 

and intensity representation in climate models, this chapter examines the coupled evolution of TC 

intensity and size throughout the complete TC life cycle in the two best-observed basins: the North 

Atlantic and the western North Pacific. The motivation for this study stems in part from the contrasting 

characteristics of storms during the 2024 North Atlantic hurricane season, which demonstrated that TCs 

with different combinations of intensity and size can produce markedly different societal impacts. For 

example, Hurricane Helene was relatively large and moderately intense, producing widespread inland 

flooding and extensive damage through heavy precipitation, whereas Hurricane Milton, which followed 

shortly afterward, was considerably more compact but much more intense, resulting in localized yet 

https://doi.org/10.1029/2024JD041287
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severe wind damage. These contrasting evolutionary pathways highlight the importance of understanding 

both TC intensity and size when assessing storm hazards and developing disaster mitigation strategies.  

Inspired by Musgrave et al. (2012), we draw an analogy between TC evolution and stellar 

evolution by categorizing storms into four structural regimes based on their intensity and size: super 

giants, representing large and intense storms near their peak intensity; strong dwarfs, representing 

compact but intense storms; weak giants, representing large but relatively weak storms; and weak dwarfs, 

representing storms that are both weak and compact. These categories are identified objectively using 

SyCLoPS together with a newly developed TC size retrieval algorithm that estimates quadrantal near-

surface wind radii directly comparable to those reported in IBTrACS. This approach enables, for the first 

time, direct and objective comparisons of TC size between climate models and observations. 

SyCLoPS plays several important roles in this study. First, as demonstrated for ERA5, SyCLoPS 

substantially reduces false alarms in HighResMIP simulations, resulting in more accurate assessments of 

TC representation and a cleaner sample for analyses of TC intensity and size. Second, SyCLoPS 

objectively identifies the end of the tropical phase of each storm, removing post-tropical segments from 

analyses of TC evolution. Third, the framework classifies TC tracks according to both their precursor 

disturbance types—including tropical depressions, monsoon depressions, and tropical transition—and 

their eventual outcomes, including landfall, extratropical transition, and dissipation over the ocean. We 

demonstrate that these track types are associated with distinct pathways of intensity–size co-evolution 

throughout the TC life cycle. An important enhancement to SyCLoPS introduced in this study is a 

resolution-dependent classification criterion in which one threshold is automatically adjusted for optimal 

TC detection skill according to the horizontal grid spacing of the input dataset. This adaptive threshold 

minimizes the reduction in detectable TCs arising solely from differences in model grid resolution and 

enables fairer comparisons among models with varying horizontal resolutions. 

Perhaps the most important finding of Chapter 3 is that, despite horizontal resolutions 

approaching 0.25°, current climate models—including ERA5—still struggle to realistically reproduce the 

observed relationship between TC intensity and size. Relative to IBTrACS observations, simulated storms 
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generally become too large for a given intensity, and every HighResMIP model except MRI-S (Mizuta et 

al., 2019) fails to reproduce the entire population of strong dwarf TCs. Because MRI-S has a horizontal 

resolution comparable to several other HighResMIP models, its superior performance likely reflects 

differences in model physics and parameterization schemes rather than spatial resolution alone. We 

further find that coupled model simulations do not improve the simulated intensity–size relationship 

relative to their atmosphere-only counterparts. 

Despite these deficiencies, the HighResMIP multi-model ensemble performs comparably to, and 

in some respects better than, ERA5 in reproducing TC track density, the composition of TC track types, 

and the observed differences in TC intensity and size between El Niño-Southern Oscillation (ENSO) 

phases. Although ERA5 is constrained by assimilated observations, it does not consistently outperform 

free-running climate models in representing both TC intensity and the intensity-size relationship. These 

findings naturally motivate the following question addressed in Chapter 4: To what extent can ERA5 be 

relied upon for TC research, and how can the representation of TCs in modern atmospheric reanalyses be 

further improved? Chapter 3 has gone through the first round of revision in Journal of Geophysical 

Research: Atmospheres.  

With the release of the latest Japanese reanalysis, JRA-3Q (Kosaka et al., 2024), Chapter 4 

evaluates its performance in representing TCs relative to ERA5, the reanalysis on which SyCLoPS was 

originally developed and trained. We find that JRA-3Q substantially improves TC representation, 

achieving an exceptionally high HR of approximately 90% while maintaining a FAR of only 6%, 

compared with 78% and 11%, respectively, for ERA5. More importantly, JRA-3Q exhibits much more 

stable TC detection skill over time in the well-observed basins (e.g., North Atlantic, Eastern Pacific, and 

western Pacific), whereas the performance of ERA5 deteriorates markedly in earlier decades, particularly 

during the pre-satellite era. Although previous studies have suggested using reanalyses to mitigate 

observational uncertainties and interagency inconsistencies in best-track datasets such as IBTrACS, our 

results demonstrate that caution is warranted when selecting a reanalysis product. Objective TC detection 
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in reanalyses can itself introduce artificial long-term trends in TC activity if the quality of the reanalysis 

varies over time. 

The HR and FAR reported here likely represent the highest TC detection skill yet documented for 

a global atmospheric reanalysis. They also substantially exceed the performance reported by a recent 

machine-learning-based TC detection algorithm applied to JRA-3Q (Park et al., 2026). Together with the 

validation results presented in Chapter 3, these findings demonstrate the robustness and generalizability of 

SyCLoPS across multiple reanalysis datasets. An important update in SyCLoPS introduced for this study 

is the identification of a distinct class of "hybrid TCs" within the classification framework, which 

effectively addresses the previously low detection rate over the North Atlantic (Bourdin et al., 2022; Ye et 

al., 2026). Incorporating this class significantly increases the HR in both JRA-3Q and ERA5 while 

producing only a negligible increase in false alarms. 

The substantial improvement achieved by JRA-3Q naturally raises the question: Why does JRA-

3Q represent TCs more accurately than ERA5? To address this question, we decompose the sources of 

missed detections and false alarms in both reanalyses and investigates the contribution of TC bogussing to 

the superior performance of JRA-3Q. The results indicate that the TC bogussing scheme plays a dominant 

role in improving vortex initialization and accounts for a considerably larger fraction of true-positive 

detections (hits) in JRA-3Q than in ERA5 during the period when both reanalyses assimilated TC bogus 

data using different methodologies. In contrast, the decline in ERA5 detection skill—particularly the 

increase in FAR that is absent in JRA-3Q—can largely be attributed to model deficiencies becoming 

more apparent as observational constraints become sparser in earlier decades. We further show that 

uncertainties in IBTrACS, especially in the less-observed basins and during the pre-satellite era, also 

contribute to apparent detection errors. Consequently, the remarkably low FAR of JRA-3Q should not be 

interpreted as evidence that the model underlying JRA-3Q successfully eliminates all spurious TC 

vortices, as uncertainties in the observational record remain substantial, particularly for coastal and inland 

TCs in the North Indian Ocean. We hope this work can provide guidance for the appropriate use and 
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selection of reanalysis products in TC research and motivates future improvements in reanalysis systems. 

Chapter 4 is now under preparation for publication in Geophysical Research Letters. 
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Chapter 2. The System for Classification of Low-Pressure Systems 

(SyCLoPS): An All-in-One Objective Framework for Large-scale Datasets 

2.1 Abstract 

We propose the first unified objective framework (SyCLoPS) for detecting and clas-sifying all 

types of low-pressure systems (LPSs) in a given dataset. We use the state-of-the-art automated feature 

tracking software TempestExtremes (TE) to detect and track LPS features globally in ERA5 and compute 

16 parameters from commonly found at-mospheric variables for classification. A Python classifier is 

implemented to classify all LPSs at once. The framework assigns 16 different labels (classes) to each LPS 

data point and designates four different types of high-impact LPS tracks, including tracks of trop-ical 

cyclone (TC), monsoonal system, subtropical storm and polar low. The classifica-tion process involves 

disentangling high-altitude and drier LPSs, differentiating tropical and non-tropical LPSs using novel 

criteria, and optimizing for the detection of the four types of high-impact LPS. A comparison of our labels 

with those in the International Best Track Archive for Climate Stewardship (IBTrACS) revealed an 

overall accuracy of 95% in distinguishing between tropical systems, extratropical cyclones, and 

disturbances. SyCLoPS produces a better TC detection skill compared to the previous algorithms, high-

lighted by an approximately 6% reduction in the false alarm rate compared to the pre-vious TE algorithm. 

The vertical cross section composite of the four types of high-impact LPS we detect each shows distinct 

structural characteristics. Finally, we demonstrate that SyCLoPS is valuable for investigating various 

aspects of LPSs in climate data, such as the evolution of a single LPS track, patterns of LPS frequencies, 

and precipitation or wind influence associated with a particular LPS class. 

2.2 Introduction 

In response to the growing need for advanced impacts-relevant model and climate data analysis, 

objective feature detection has emerged as a key tool for detecting and tracking various meteorological 
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features in large-scale datasets. Researchers give considerable attention to detecting and tracking low-

pressure systems (LPSs), or cyclones, which are often drivers for high-impact weather including high 

winds and extreme precipitation. Some more significant LPSs, such as tropical cyclones (TCs), monsoon 

lows (MLs) or monsoon depressions (MDs), subtropical cyclones (SCs), and extratropical cyclones 

(EXs), are commonly tracked using specialized tracking algorithms in reanalysis and climate model 

outputs to derive their climatology and perform climate projections (e.g., Guishard et al., 2009; Neu et al., 

2013; Hurley & Boos, 2015; Roberts et al., 2020). Tropical-like cyclones (TLCs) refer to those storms in 

the subtropics and the polar regions that share many similarities with TCs, including Mediterranean 

hurricanes and polar lows (PLs). They are capable of producing significant coastal hazards (Toomey et 

al., 2022), but more rigorous automated tracking has only occurred relatively recently because of 

advances in model resolution and observations (e.g., Stoll et al., 2018; Zhang et al., 2021; Stoll, 2022; 

Flaounas et al., 2023). 

TempestExtremes (TE; Ullrich & Zarzycki, 2017; Ullrich et al., 2021) is an all-inclusive, state-of-

the-art automated Lagrangian feature tracking software package. It is designed to robustly and efficiently 

detect, track, and analyze any nodal or areal features in largescale datasets with user-friendly command 

lines and using parallelized C++. TE has been optimized for TC detection using geopotential thickness 

and mean sea level pressure closed contour criteria (Zarzycki & Ullrich, 2017). Bourdin et al. (2022) 

found that TC detection using TE outperforms other methods for the reanalysis dataset ERA5 (Hersbach 

et al., 2020). Vishnu et al. (2020) used TE to track monsoonal systems (MSs), which includes MLs and 

MDs, in the North Indian Ocean across different reanalysis products, and observed high success rates. 

TE’s detector has also been combined with the cyclone phase space (CPS) of Hart (2003), which 

classifies storms based on thermal wind and thermal asymmetry parameters. For example, Zarzycki et al. 

(2017) used TE and CPS to track both TCs and post-TCs/EXs based on LPSs’ thermal structure, and 

detect extratropical transition. Zhang et al. (2021) used a similar approach to detect Mediterranean 

hurricanes. 
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Although TE’s algorithms are powerful for LPS detection, when applied standalone it generally 

needs to adopt strict criteria to avoid mischaracterizing features. Unfortunately, this issue is unavoidable 

when using any specialized method, and controls like seasonality, topographical masks, and latitudinal 

bounds are required to avoid polluting the dataset with incorrect detections (i.e., false alarms). For 

example, TE’s TC detection algorithm enforces a 50º highest latitude and a 150 m2 s−2 highest surface 

geopotential limit on detected LPS tracks. Another popular TC track algorithm TRACK requires TC 

tracks to start between 30ºS and 30ºN (K. Hodges et al., 2017). Vishnu et al. (2020) tracked MSs only 

between June and September and in parts of the North Indian Ocean, further requiring detected LPSs to 

maintain at least 24 hours offshore. Stoll (2022) tracked PLs by first excluding tracks outside of the 30-

80º band of both hemispheres and including features only over defined open water regions. Since the 

aforementioned algorithms are all designed for single-type LPS detection, they also need to filter other 

types of LPS tracks or other types of LPS nodes (data points) in a detected track that don’t meet the 

specified criteria and thresholds. With these limitations, features tracked by the existing algorithms often 

end or break abruptly and are shorter in length than analogs in manually tracked datasets. Consequently, 

information from the complete LPS lifespan is not available. While the CPS approach can classify the 

thermal structure evolution of an LPS throughout its lifetime, it is not designed for broader LPS 

classification, as different types of LPS often share similar thermal structures. For example, mature TCs, 

some post-TCs, EXs experiencing warm seclusion and some subtropical or hybrid cyclones can all be 

categorized as shallow or deep symmetric warm-core systems according to the CPS (Hart, 2003). 

Conversely, cold-core systems are ubiquitous across latitudes, as evidenced by the prevalence of low-

level cold cores in many weak tropical systems (Reed et al., 1977; Hopsch et al., 2010; Hunt et al., 2016). 

Hence, warm/cold core criteria are likely insufficient to effectively classify global LPSs. 

Instead of trying to develop multiple specialized trackers, we propose a new objective framework, 

called the System for Classification of Low-Pressure Systems (SyCLoPS), to detect, track, and classify all 

detectable LPSs worldwide at once, without any spatial or seasonal limitations. We test our framework in 

ERA5, and focus exclusively on surface-level LPSs (so upper-level disturbances and lows are out of our 
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scope). The detection and tracking are completed using TE commands, and the classification is done in a 

separate Python classifier that assigns 16 different types of LPS labels/classes (TC, ML, EX, SC, PL, etc.) 

and four types of high-impact LPS tracks, which are TC Track, MS Track, and two types of TLC Tracks 

(subtropical TLC and PL tracks). The classification process is based primarily on conventional definitions 

and physical (dynamical/thermodynamic) nature of different LPSs, and is simplified to the extent 

possible. The atmospheric variables used for classification are commonly found in reanalysis and climate 

model outputs and the parameters used to classify LPSs can be directly computed by TE for each detected 

LPS node. Basic machine learning techniques and mathematical optimization are used to refine our 

thresholds against archives of observed and subjectively identified LPSs. The resulting framework 

involves only thresholds on basic meteorological fields and includes no “black box” elements. 

The new framework produces considerably longer LPS tracks because of the low detection 

threshold we choose. The labeled LPS nodes are also directly comparable to the subjective LPS status 

(labels) in the International Best Track Archive for Climate Stewardship (IBTrACS) (Knapp et al., 2010). 

Labeled tracks are also comparable to other subjective TC, MS, and TLC track catalogs. When compared 

to these catalogs, the framework maintains or improves on the LPS detection skill of the specialized 

trackers (under a variety of metrics) without implementation of the aforementioned restrictions. For 

example, other TC detection frameworks will often pick up some stronger warm-core extratropical or 

subtropical systems that were not recorded in IBTrACS even if latitudinal bounds were enforced (Bourdin 

et al., 2022). The new algorithm addresses this problem, leading to a noticeable increase in TC detection 

skill without further post-processing. 

The manuscript is structured as follows. Chpater 2.2 summarizes all the datasets we use to verify 

our classification thresholds and quantify LPS detection skill. Chapter 2.3-2.5 explain the general 

detection and classification processes and justify each of the conditions we set for classification. In 

Chapter 2.6, we include some highlights from the classified LPS catalog and discuss potential 

applications of the SyCLoPS framework. Chapter 2.7 concludes the paper and addresses known 

limitations. For the readers’ convenience, Table 2.1 summarized all the initialisms and definitions of LPS 



 13 

 

types (classes) and detection skill metrics we use in this article. Appendixes and supplementary can be 

found in Chapter 2.8 and 2.9. A description of the SyCLoPS software available on GitHub is presented in 

Chapter 2.10.  

Initialism Full Term Definition 

HAL High-altitude Low LPSs found at high altitudes without a 

warm core 

THL Thermal low Shallow systems featuring a dry and warm 

lower core 

HATHL High-altitude Thermal Low LPSs found at high altitudes with a warm 

core 

DOTHL Deep (Orographic) Thermal 

Low 

Non-shallow LPSs featuring a dry and warm 

lower core driven by topography 

TC Tropical Cyclone LPSs that would be named in IBTrACS 

TD Tropical Depression Defined in Chapter 2.4.2 

TLO Tropical Low Non-shallow tropical systems that fall short 

of TD requirements 

MD Monsoon Depression TDs developing in monsoonal environment. 

Also denoted as TD(MD) 

ML Monsoon Low TLOs developing in monsoonal 

environment. 

Also denoted as TLO(ML) 

MS Monsoonal System Monsoon LPSs (MDs plus MLs) 

TLC Tropical-Like Cyclone Non-tropical LPSs that resemble TCs 

SS (STLC) Subtropical Storm 

(Subtropical Tropical-Like 

Cyclone) 

Type of TLC. Defined in Chapter 2.2 

PL (PTLC) Polar Low (Polar Tropical- 

Like Cyclone) 

Type of TLC. Defined in Chapter 2.2 

SC Subtropical Cyclone Defined in Chapter 2.4.3 

EX Extratropical Cyclone Most typical non-tropical cyclones 
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DS Disturbance Shallow LPSs or waves with weak surface 

circulations. DSD, DST and DSE are dry, 

tropical and extratropical DSs 

QS Quasi-stationary LPSs that stay relatively localized 

HR/FAR/IR Hit Rate/False Alarm 

Rate/Infrequency Rate 

Defined in Chapter 2.5.1-2.5.3 

HRMFAR Hit Rate Minus False Alarm 

Rate 

TC detection skill metric (Chapter 2.5.1) 

CSI Critical Success Index MS detection skill metric (Chapter 2.5.2) 

HRMIR Hit Rate Minus Infrequency 

Rate 

TLC detection skill metric (Chapter 2.5.3) 

 

Table 2.1. Initialism table for LPS types and detection skill metrics. 

2.2 Data 

We detect, track, and classify LPSs from 1979 to 2022 in ERA5 at 3-hourly frequency. ERA5 is 

used for developing SyCLoPS since we include detection of small or mesoscale features like early-stage 

TCs and TLCs, which require reanalysis with finer data resolution. Although SyCLoPS is developed 

using ERA5, it uses a small number of commonly output meteorological fields and so is intended to be 

applicable to other global or regional meteorological datasets. A list of ERA5 variables used in SyCLoPS 

is given in Appendix 2A. Since climate model data often have a different format and frequency, and may 

be missing some of the ERA5 variables used to develop SyCLoPS, we perform adaptation experiments on 

SyCLoPS using alternative ERA5 fields to demonstrate how SyCLoPS could be adapted to climate model 

outputs (Appendix 2B). The results show that SyCLoPS can be slightly modified to adapt to a variety of 

data formats while maintaining good performance. 

By design, SyCLoPS uses TE’s closed contour criteria to compute many of its classification 

parameters since the closed contour criteria is largely insensitive to model resolution (Ullrich & Zarzycki, 

2017). TE’s closed contour criteria uses graph search to ensure that all paths along the unstructured grid 

from a field’s local maximum (or minimum) decrease (or increase) before reaching a specified great-
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circle distance (GCD). For example, a positive closed contour in mean sea level pressure (MSLP) with 

delta MSLP (∆MSLP) uses graph search to ensure that all paths along the unstructured grid from a local 

minimum (MSLP0) pass through a node with value greater than or equal to MSLP0+ ∆MSLP before 

reaching the specified great-circle distance (GCD). 

Four types of high-impact LPS we detect, which includes TCs, MSs and two types of TLCs, are 

verified against four subjective datasets to evaluate detection skill. TCs are verified against the widely 

used IBTrACS dataset. Specifically, we verify against 3510 main-type tracks from 1979-2021 inclusive 

that meet the minimum requirement for a TC to be considered formed and named by global agencies—

with peak wind speeds of at least 34 knots (17.5 m s−1). Hence, TC detection in SyCLoPS follows the 

same definition as the agencies. We refer to this subset of IBTrACS as IB-TC. For MSs, we use the Sikka 

archive Sikka (2006) for verification, which provides manually-identified North Indian Ocean monsoonal 

system positions on historic surface weather maps at daily frequency, digitized by Hurley & Boos (2015). 

In SyCLoPS, we regard subtropical storms (SSs) and polar lows (PLs) as TLCs that develop in 

the subtropics and the polar regions. Hence, they can also be denoted as subtropical TLCs (STLCs) and 

polar TLCs (PTLCs). Few subjective datasets are available for these two types of TLCs. SSs are regarded 

as the more intense subtropical or hybrid cyclones that carry at least gale-force surface sustained winds 

(National Hurricane Center, n.d.; Guishard et al., 2009). Mediterranean TLCs (hurricanes) may be viewed 

as being among global SSs, and they are perhaps most well studied, with relatively more observational 

data available. However, existing subjective datasets for those storms are still very incomplete. To 

reconstruct a more credible subjective archive for Mediterranean TLCs (representing SSs), we obtain the 

subjectively tracked data from Flaounas et al. (2023), wherein trained meteorologists identify and track 

Mediterranean cyclones, including TLCs and other noticeable systems in the region, using ERA5’s mean 

sea level pressure (MSLP) field. We then use the cyclone information table provided in Flaounas et al. 

(2023) and two online documentation sources to select tracks that can be potentially classified as SSs (as 

defined above), while avoiding weaker systems. We also observe that IBTrACS contains a few 

subtropical storm records, which agencies tend to record when they have the potential to transform into 
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TCs. However, these records are largely incomplete and can often be confused with weaker TCs, so we 

do not separate them from the TC archive and include them in the SS archive. 

We verify PL detection against the well-known and widely used STARS (Sea Surface 

Temperature and Altimeter Synergy for Improved Forecasting of Polar Lows) dataset (Noer et al., 2011). 

This subjective PL dataset is constructed based on the frequently cited PL definition from Rasmussen & 

Turner (2003)— “A polar low is a small, but fairly intense maritime cyclone that forms poleward of the 

main baroclinic zone (the polar front or other major baroclinic zone). The horizontal scale of the polar 

low is approximately between 200 and 1000 km and surface winds near or above gale force.” STARS 

contains 185 polar lows subjectively identified by the Norwegian Meteorological Institute from 2002-

2011 in parts of the Nordic Seas, based on synoptic-scale analysis in their weather model and satellite 

infrared data. There exists other less popular subjective PL datasets that record substantially more PLs, 

including many LPS sub-centers in multi-center PL cases, found in the same region using different 

satellite data (Stoll, 2022). This implies there is ambiguity in the PL definition, likely aggravated by a 

lack of near-surface observations for accurate evaluations. It should also be noted that a model/data 

resolution as coarse as ERA5 may simply be incapable of “seeing” some small or multi-centered TLC 

cases, regardless of the detection criteria applied. For example, Stoll (2022) reported that only 61-81% of 

PLs in the existing PL datasets have a matched LPS track in ERA5. 

In our objectively tracked LPS dataset, we match our tracks to the tracks in each subjective 

dataset using different matching algorithms, described in Text 2.S1 in the Supplements (Chapter 2.9). To 

avoid misclassification of MSs, we also use an objectively tracked North Atlantic easterly wave (EW) 

dataset (Lawton et al., 2022) to construct a corresponding surface LPS dataset (also see Text 2.S1). These 

matched TC, MS, SS, PL, and EW datasets are later used in the classification and data analysis process. 

2.3 The Overall Workflow 

MSLP is the starting point for our LPS node detection. Although prior research has also 

employed 850 hPa vorticity or streamfunction fields to detect monsoon LPSs and other cyclones (e.g., K. 
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I. Hodges, 1994; Hurley & Boos, 2015; Vishnu et al., 2020), we consider MSLP a preferable variable for 

two reasons: (1) local minima/maxima of MSLP are widely used in meteorological agency operations to 

locate surface pressure systems, including LPSs in IBTrACS; and (2) there is a global agency consensus 

on the definition of MSLP (Knapp et al., 2010). Further, low-level vorticity or streamfunction data may 

not be directly available in many datasets when intersecting with the surface, and they have opposite signs 

for cyclonic systems in the Northern and Southern Hemispheres, which could lead to tracks across 

equatorial regions becoming disconnected if they are not detected and tracked twice using different signs. 

These factors all contribute to the computational burden of detecting LPSs globally without spatial 

limitations. 

MSLP signals may be generally weaker in the tropics, which makes it difficult to differentiate 

some weaker LPSs associated with tropical waves. To capture these features in the tracker, we have 

aimed for the lowest reasonable detection threshold. With this in mind, an LPS node (center) is flagged at 

a local minimum MSLP if the MSLP value is lower than its surrounding by at least 10 Pa (0.1 hPa) within 

5.5º GCD from the node (a 10-Pa delta positive closed contour criterion). Although we find this is an 

extremely low threshold, very weak EWs (particularly those over land) that don’t have the minimal 

surface closed MSLP contour will not be detected. 

The first step taken by TE is pointwise detection of LPS nodes. Besides the MSLP closed contour 

criterion, we also require that nodal candidates located within 6º GCD of each other merge into a single 

node, preserving the one with the lowest MSLP value, which aligns with the specification in Zarzycki & 

Ullrich (2017). The second step in TE connects consecutive nodes in time and form LPS tracks, which 

requires tuning argument specifications in TE to meet the following criteria: 

1.  LPSs must at least sustain for a time span of 18 hours to avoid too many weak, short-lived, 

diurnal lows. 

2. Nodal candidates in two consecutive time steps must be located within 4º GCD distance of each 

other. This specification is chosen based on the fact that the translation speed of the fastest EXs 
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rarely go over 40 m s−1, or about 140 km per hour (Bernhardt & DeGaetano, 2012; Lodise et al., 

2022). 

3.  A maximum allowable gap of 12 hours within a track is implemented. A longer gap time is not 

preferred because it may include too many weak diurnal lows. 

4.  To exclude negligible LPSs, a track must contain at least five time steps during which the MSLP 

at the LPS node is 100 Pa lower than its surrounding (within a 5.5º GCD from the node). 

A total of 7,781,105 data points (nodes) and 379,301 distinct tracks are identified in the 44-year 

period from 1979 to 2022. The whole tracking process takes about two hours using two NERSC 

Perlmutter nodes (each with 128 threads). During the first two steps, TE also conveniently computes 15 

parameters (data columns) from input variable fields and outputs them to each node in the detected LPS 

tracks. In the third step of TE, we prepare the data for computing the LPS size parameter (LPSAREA) by 

running additional TE commands. After completing TE procedures, a Python classifier script is 

implemented to first compute LPSAREA and form the input (LPS) catalog for classification, structured in 

accordance with our catalog column table in Appendix 2C. The input catalog includes a list of 16 

parameters that are used throughout the classification process explained below. The Python classifier then 

classifies each LPS node based on conditions on those input parameters and assigns them labels from the 

16 distinct classes, following the workflow illustrated in the accompanying flowchart (Fig. 2.1). We call 

the output of this classification workflow the classified (LPS) catalog. The structure of this catalog can 

also be found in Appendix 2C. Please refer to Text 2.S5 for a brief explanation for the selection of the 

specifications in the parameters used in the input catalog. The required TE and Python script files, both 

LPS catalogs, and a manual for using SyCLoPS data are all uploaded to an open-source repository (see 

Chapter 2.10). 

Most of the criteria chosen for classification of these systems are largely insensitive to climate 

change because they are based on conventional definitions (the nature of LPSs) and subjective datasets. 

Namely, a named tropical cyclone will always have a deep warm core, develop in a low-shear 
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environment, and satisfy a certain intensity threshold in all climates. Other important criteria that are 

potentially more sensitive to global warming are justified in the next section. 

Note that we use the LPS catalogs mainly for the purpose of testing our classification conditions 

for classifying all 16 LPS classes, with an emphasis on TCs (since they are the most influential and well-

documented type of LPS). Hence, the provided catalogs may not be the most comprehensive global LPS 

dataset for certain features, as we filter out numerous very weak systems and do not include the smallest 

and most short-lived systems that are likely to be poorly represented in ERA5 data. Our detection 

specifications should be enough for general high-impact LPSs; however, some very small and short-lived 

but detectable high-impact systems, such as certain PLs, can be missed because of the rather large node 

merging distance (6◦ GCD), the 18-hour minimum time requirement, or the 3-hourly detection rate. For 

these cases, users may select their own regions and LPS features of interest and run TE commands with 

alternative specifications before performing classification. We provide one such example TE command 

alternation for detecting PLs in the Nordic Seas in Text 2.S7. 

Figure 2.1 shows the LPS classification flowchart. The chart flows from top to bottom through 

five major branches to disentangle each major class of LPS. Boxes with red texts indicate the final LPS 

classification full names and short labels. Details of the conditions applied in the flowchart can be found 

in Appendix 2D. The first branch (green) is the high-altitude branch, where we apply the high-altitude 

condition to extract those LPSs with a surface elevation (ZS) higher than the 850 hPa geopotential height 

(Z850; typically around 1500 m) from the input catalog, given that most of the more influential LPSs 

occur at a lower altitude. Although not as important, some of these high-altitude lows can be major 

contributors to precipitation over or near plateaus (Tucker, 1999; Li et al., 2019). The second branch 

(yellow) is the dry branch. In this branch, we segregate those LPSs that hardly produce any precipitation 

due to their dry low-level circulation. This generally includes thermally-driven shallow thermal/heat low 

systems, which can affect local cold fronts and heat waves (Reeder et al., 2000; Spengler et al., 2005). 

Third is the tropical branch (blue), which contains several impactful features such as TCs, MDs and MLs. 

At this level, the remaining unclassified LPSs will be determined to be tropical or non-tropical based on 
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the tropical condition described in Chapter 2.4.2. The fourth branch (purple) is the extratropical branch, 

where we segregate TLCs (SSs and PLs) and then differentiate SCs from the most typical EXs. Details of 

the conditions used in the classification process will be discussed further in the next section. 

 

Figure 2.1. A depiction of the LPS classification workflow. The workflow begins in the top-left. A 

complete list of parameters is given in Appendix 2C, and a complete list of conditions is provided in 

Appendix 2D. Chapter numbers are noted in the figure below each condition to indicate where details can 

be found in the text. LPS full names and short labels given by SyCLoPS’s output (the classified catalog) 

are denoted in red. 
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2.4 Justification for Classification Conditions  

2.4.1 High-altitude and Dry Branch Conditions  

In the high-altitude branch, we separate two classes based on the mid-level/upper-level warm core 

criterion. In this study, we use geopotential thickness to detect the existence of warm cores, similar to the 

criteria used in Zarzycki & Ullrich (2017) for detecting the upper-level warm core of TCs. Zarzycki & 

Ullrich (2017) suggested that geopotential thickness is more effective at detecting TCs in climate data 

than a single-layer temperature criterion because it better captures the full vertical structure of the upper-

level warm core. Geopotential thickness is also a smoother meteorological field that is subject to less data 

noise than single-level temperature. LOWTKCC, MIDTKCC, and UPPTKCC are the negative closed 

contour criteria of the geopotential thickness between 700 hPa and 925 hPa, 500 hPa and 700 hPa, and 

300 and 500 hPa, respectively, over a 6.5º GCD from the maximum thickness within 1.0º GCD of an LPS 

node. Hence, a threshold of less than 0 m2 s-2 for these three criteria means that the thickness near the 

detected location is greater than its surroundings, indicating the presence of a warm core of an LPS. In 

this case, if MIDTKCC or UPPTKCC is less than 0 m2 s-2, it indicates that a high-altitude LPS is warm-

cored at those levels and may be thermally driven. If this condition is met, the label “High-altitude 

Thermal Low (HATHL)” is used in the classified catalog; otherwise, the label “High-altitude Low 

(HAL)” is used. 

The dryness condition determines whether an LPS node will enter the dry branch: It requires that 

average 850 hPa relative humidity over a 2.5º GCD (RH850AVG) is less than 60%. This threshold is 

determined by the lowest track-maximum RH850AVG (the maximum RH850AVG of all nodes within a 

track) in the matched PL and SS dataset, chosen to prevent misclassification of significant non-tropical 

systems in the relatively drier subtropical/extratropical regions. Additionally, 850 hPa relative humidity 

(RH) thresholds are also deemed insensitive to climate change as RH at this level generally responds 

weakly to surface warming, especially in polar and tropical regions (Sherwood et al., 2010; Lau & Kim, 

2015; Merlis et al., 2024). Therefore, we consider RH850AVG at 60% a safe threshold to separate dry 
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convective systems from moist convective systems. Next, the LOWTKCC < 0 m2 s-2 criterion is used to 

examine LPSs’ low-level warm cores. If the condition is not met, the node will be classified as a “Dry 

Disturbance (DSD)” in the catalog; otherwise, we check the cyclonic condition. 

The cyclonic condition uses average 500 hPa relative vorticity over a 2.5º GCD radius 

(VO500AVG) to determine if an LPS has cyclonic circulation beyond mid-level (i.e., is shallow). A 

typical heat low is considered to have a dry and warm low-level (between 925 hPa and 700 hPa) core and 

is shallow (not extending over 500 hPa) in nature (e.g., Smith, 1986; Hoinka & Castro, 2003; Lavaysse et 

al., 2009). Hence, if an LPS node does not qualify for the cyclonic condition, it will be labeled as a 

“Thermal Low (THL)” in the catalog. However, some deeper THLs still emerge near elevated topography 

in the daytime, such as the type II southwest vortex in southwest China (Feng et al., 2016), so the 

remaining LPSs in the dry branch are labeled “Deep (Orographic) Thermal Lows (DOTHL).” 

2.4.2 Tropical Branch Conditions 

The next step in the classification framework focuses on tropical systems. Traditionally, tropical 

systems such as TCs have been identified using a warm-core criterion (e.g., K. Hodges et al., 2017; 

Zarzycki & Ullrich, 2017; Roberts et al., 2020). However, in the course of this work we found that this 

criterion is often satisfied outside of the tropics and leads to many false alarms in the classification. This 

observation motivated us to examine other fields. We do not consider temperature parameters since they 

can be thermally-forced by local topography, and various types of LPSs can exist over similar sea surface 

temperatures (SSTs) in the subtropical oceans in different dynamical and thermodynamic environments. 

Consequently, we found that maximum relative humidity at 100 hPa within 2.5º GCD of LPS node 

(RH100MAX) is more reliable and flexible for disentangling tropical and extratropical systems as a proxy 

of “tropicality.” There are two reasons that physically ground this choice. First, RH at 100 hPa is 

distinctly higher in the tropics. This is because only in the tropics is the tropopause often found above 100 

hPa, as a result of active moist convection. RH is high there because of the low tropopause temperature 

and presence of upper-level moisture. RH100MAX also decreases sharply in the subtropics, reflecting the 

dynamics of the troposphere and the transition between the tropics and subtropics near the edge of the 
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Hadley cells (see Fig. 2.S1 for an illustration of the 1979-2022 global mean RH100MAX). Second, higher 

RH100MAX values indicate the presence of deep convection associated with a tropical system, and so 

this parameter is sensitive to extratropical transition scenarios during which it decreases rapidly while 

TCs gradually lose their deep convective cores and become post-tropical. 

To illustrate the behavior of RH100MAX during extratropical transition, we examine a recent 

extratropical transition case (2023 hurricane “Lee”) plotted with RH at 100 hPa in Fig. 2.2. In Fig 2.2a, 

the system was embedded in a region of high-level 100 hPa RH two days before transition completion 

(between 00-06 UTC, Sep 15) as defined by the National Hurricane Center. In Fig. 4.2.2b, less than one 

day before transition completion, the surrounding RH had dropped as the hurricane enters the subtropics. 

However, a belt of higher RH remains stretched out from the deep tropics, indicating the system’s 

remaining “tropicality.” RH100MAX is still over 90% at this point, as indicated by the bluish color 

within the 2.5º GCD circle. In Fig. 2.2c, hours after transition completion, we can see that the 100 hPa 

environment near the hurricane had become warm and dry, leading to a dramatic decrease in 

RH100MAX. 

In addition to RH100MAX, average environmental deep-layer wind speed shear between 200 hPa 

and 850 hPa over a 10.0º GCD (DEEPSHEAR) is also used to distinguish tropical systems in the 

subtropics, especially during extratropical transition. Deep-layer shear is a good physics-related indicator 

of baroclinicity or an unfavorable environment for tropical deep convection. Post-TCs and general 

SCs/EXs primarily derive energy from baroclinic sources and are often surrounded by much more intense 

wind shear compared to tropical systems. 
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Figure 2.2. ERA5 Relative Humidity (RH) at 100 hPa during an example of an extratropical transition 

case (Hurricane “Lee” of 2023) at (a) one day before transition (b) during transition, and (c) soon after 

transition. MSLP is shown using black contours. Note that RH at 100 hPa can exceed 100% in some 

datasets, reflecting supersaturation. 

The tropical (and transition) condition with RH100MAX and DEEPSHEAR is constructed as 

follows. First, we use two LPS node clusters that are hard to distinguish if we were to use an SST-based 

or warm-core criteria. One node cluster consists of all the matched tropical systems recorded in IBTrACS 

in the subtropics (the tropical cluster), and the other consists of potential subtropical systems over 

relatively warm SSTs that are not recorded anywhere in IBTrACS (the subtropical cluster). Note that both 

clusters (especially the unverified subtropical cluster) will inevitably include some misclassified or 

transitional LPSs. Details of how we select these two clusters can be found in Text 2.S2. We then apply 

the decision tree classifier over RH100MAX and DEEPSHEAR using Gini index splitting criteria to the 

nodes in the two clusters with a tree depth of two. Results in Fig. 2.3 show that the tropical and 

subtropical clusters are best distinguished by a minimum RH100MAX threshold of about 20% (rounded 

off to the nearest 5%) and a maximum DEEPSHEAR of 10 m s−1, with a best accuracy score of nearly 

80%. The accuracy scores mentioned in this article are the best classification accuracy scores a decision 

tree model can achieve to correctly classify two sets of LPSs given a ground truth. We perform a 

sensitivity test as demonstrated in Text 2.S2 and Fig. 2.S2. The result shows that these two thresholds are 

relatively stable and insensitive to the SST threshold used for selecting these two clusters. The elongated 

outer contours of the tropical cluster towards the left in Fig. 2.3 are likely made up of some LPSs near or 

after extratropical/tropical transition (for reference, about 5% of labels in IBTrACS are “Extratropical”), 

but also some “drier” tropical systems in drier or less convective basins. For example, while only 6 or 

0.6% of western North Pacific TC tracks have a track-maximum RH100MAX under 50%, 94 or 17% of 

TC tracks in the North Atlantic fall into this range, with 24 tracks falling under 20%. According to these 

results, the 20% threshold will serve as the minimum RH100MAX requirement in the tropical condition, 

and the 10 m s−1 threshold will be the minimum DEEPSHEAR requirement in the transition condition, as 
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stronger tropical systems can tolerate a much greater DEEPSHEAR value, such as in many extratropical 

transition cases. We also notice that DEEPSHEAR of some weak LPSs closer to the equator can slightly 

exceed the 10 m s−1 threshold due to the tropical easterly jet. The cores of tropical easterly jets at 200 hPa 

are most commonly found near 5◦ N to 15◦ N (Lu & Ding, 1989). Hence, we impose that the transition 

condition will not be triggered when an LPS is within 15◦ latitudes of the equator. 

              

Figure 2.3. Kernel Density Estimate (KDE) on the RH100MAX-DEEPSHEAR plane for the tropical 

cluster and the subtropical cluster. The KDE levels are 0.25, 0.5, 0.75, and 0.9. Grey dotted lines indicate 

the classification thresholds determined by the decision tree classifier. 

To find the upper limit of DEEPSHEAR for the tropical condition, we select 883 extratropical 

transition tracks from the matched TC datasets whose pairs in IBTrACS have a “ET (Extratropical)” or 

“MX (Mixture, contradicting nature reports from different agencies)” label following the last “TS 

(Tropical System)” label in the “NATURE” column, and here we define the time of the last “TS” label as 

the extratropical completion time of each extratropical track. The pre-transition cluster is defined by those 
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nodes that are 3 to 24 hours before the transition completion, and the post-transition cluster is made up of 

those that are 3 to 24 hours after transition completion. We apply the decision tree classifier based on 

DEEPSHEAR to find the boundary between the two clusters. With an accuracy score of 65%, the results 

show that the optimal DEEPSHEAR threshold to distinguish the two clusters is around 18 m s−1. The 

accuracy score is not high, but it is to be expected—most TCs gradually transform into EXs, suggesting 

potential subjectivity in their classification. We do not round off the DEEPSHEAR threshold to the 

nearest 5 m s−1 since environmental wind shear typically changes slowly in magnitude along an LPS 

track. This result is also stable to small changes in the selection of the time range for each cluster. 

Finally, we consider 55% as the upper limit of RH100MAX for the transition condition for three 

reasons: (1) If we apply the decision tree classifier based solely on RH100MAX to separate the tropical 

and non-tropical cluster, the threshold for RH100MAX will be about 55% with a 74% accuracy score; (2) 

the median RH100MAX is about 55% at the time of extratropical transition completion as defined above, 

and (3) the median track-minimum RH100MAX in the matched EW dataset (the matched tropical LPS 

dataset with the lowest average RH100MAX) is also about 55%. In summary, the tropical condition refers 

to RH100MAX > 20% and DEEPSHEAR < 18 m s−1. Upon fulfillment of the tropical condition, the 

transition condition is satisfied when RH100MAX < 55% or DEEPSHEAR > 10 m s−1, and the latitude is 

poleward of 15◦. 

If only the RH100MAX and DEEPSHEAR thresholds are included in the tropical condition, we 

find that a small number of polar systems could also satisfy the tropical condition. As shown in Fig. 2.S1, 

polar regions can also feature a relatively higher 100 hPa RH that potentially exceeds the RH100MAX 

threshold in our tropical condition. This is mostly the result of persistent darkness during polar 

wintertime, which allows the upper air temperature to fall to exceptionally low values despite a lack of 

moisture. On the other hand, DEEPSHEAR also tends to be quite low in polar regions, as they are not in 

the main baroclinic zone. It should be fairly easy to further separate these false alarms, since polar regions 

are not adjacent to the tropics and are therefore distinctly colder. A plot of the air temperature at 850 hPa 

at the node (T850) distribution for all systems satisfying the RH100MAX and DEEPSHEAR thresholds 
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indicates that tropical systems and polar systems are separate from each other by a ∼15 K (270 K to 285 

K) gap (see Fig. 2.S3a). Hence, an additional T850 criterion (T850 > 280 K) is included to further 

distinguish the two systems. Given that the gap that separates the T850 of the vast majority of the polar 

systems and the T850 threshold is large (∼ 10 K), and the fact that most of these polar systems reside near 

the Antarctic continent, where climate cooling has been observed over the past decades (Doran et al., 

2002; Oliva et al., 2017), we expect this condition to hold even under worst-case scenarios of global 

warming, in which the global average temperature is predicted to increase by 4-5 K by the end of the 

century (Masson-Delmotte et al., 2021). 

We also expect the proposed RH100MAX threshold to remain valid under the more extreme 

global warming scenarios. Merlis et al. (2024) showed that climate model simulations with a uniform 

+4K SST perturbation results in tropical RH at 100 hPa increasing at a modest rate of 0.5-1% per 1 K 

SST warming. This is mainly due to the expansion of the Hadley cells (Sherwood et al., 2010). A fixed 

RH100MAX threshold will therefore realistically reflect tropical expansion under global warming. RH at 

100 hPa in the subtropics and midlatitudes shows even smaller changes (∼0-0.5% K−1), most likely due to 

the rising extratropical tropopause (from about 200-250 hPa) at a rate of ∼-5 hPa per 1 K surface 

warming (Lu et al., 2007). In another experiment using 33 climate models, subtropical and mid-latitudinal 

RH at 100 hPa shows an average increase of less than 2% toward the end of the 140-year simulation 

period during which CO2 is prescribed to increase by 1% per year (Lau & Kim, 2015). This change is 

considered minimal given the uncertainties inherent in the chosen threshold. 

Further down the tropical branch, the cyclonic condition determines whether an LPS is shallow 

and so should be tagged as a “Tropical Disturbance (DST)” in the classified catalog. The next step 

involves the TC condition, which identifies tropical cyclones (TCs) and labels “TC” in the catalog. The 

conditions for this step are obtained by criterion (parameter threshold) optimization and are discussed in 

Chapter 2.5.1. Tropical depressions (TDs) are sometimes referred to as the weakest TCs before their 

potential formation. Therefore, the TD condition requires an LPS to at least have weak upper-level warm 

cores (UPPTKCC < 0 m2 s−2). We do not require a low-level warm core for TDs as many weaker tropical 
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systems develop an upper-level warm core before a stable low-level warm core is established (Reed et al., 

1977; Hopsch et al., 2010; Hunt et al., 2016). We additionally require the greatest positive closed contour 

delta of MSLP over a 5.5º GCD (MSLPCC55) to exceed 160 Pa, determined by the median LPS node’s 

MSLPCC55 at the IBTrACS track start time of each matched TC track, as agencies tend to start recording 

LPSs when they are reaching TD wind speed intensities (typically around 20 to 25 knots). Regardless of 

whether an LPS satisfies the TD condition, the MS condition is also applied to separate monsoonal and 

non-monsoonal LPSs. The MS condition is obtained by optimization and discussed in Chapter 2.5.2. 

After both the TD and MS conditions have been checked, the classifier assigns one of the four TD and 

tropical low (TLO) labels accordingly, as shown in Fig. 2.1. Specifically, monsoonal systems that satisfy 

both the MS and TD conditions and only the MS condition are considered MDs and MLs and are labeled 

“TD(MD)” and “TLO(ML)”, respectively, in the classification catalog. Similarly, (non-monsoonal) TDs 

and TLOs that do not satisfy the MS condition are labeled “TD” and “TLO” in the catalog. 

2.4.3 Extratropical Branch Conditions 

LPS nodes that do not satisfy the tropical condition are non-tropical (extratropical) systems in the 

extratropical branch. The cyclonic condition separates “Extratropical Disturbance (DSE)” in the classified 

catalog before they are examined under the TLC condition obtained by optimization. The criteria for 

identifying TLC labels in the catalog, which include ‘SS(STLC)” and “PL(PTLC)”, will be discussed in 

Chapter 2.5.3. The remaining LPS nodes will go through the subtropical cyclone (SC) condition which 

follows the general definition of a typical SC—a non-frontal LPS that features a shallow warm core and 

an upper-level cold low isolated/detached from the midlatitude westerlies extending its circulation to the 

surface in the subtropics (U.S. Navy, 1994; Evans & Braun, 2012). Our SC condition states that an LPS 

must: (1) have a positive closed contour delta of geopotential at 500 hPa over a 3.5º GCD referenced to 

the minimum value within 1.0º GCD (Z500CC) greater than 0 m2 s−2 to satisfy the upper-level cold low 

characteristic; (2) have a LOWTKCC less than 0 m2 s−2 to guarantee that the low-level is warm-cored; and 

(3) have the maximum poleward 200 hPa wind speed within 1.0º GCD longitude (WS200PMX) greater 

than 30 m s−1 (an effective minimum wind speed for identifying jet streams, see Koch et al. (2006)) to 
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increase the likelihood of the system being equatorward of the polar jet. Since WS200PMX might not be 

reliable in some regional models, alternatives to WS200PMX criteria used in SyCLoPS are listed and 

explained in Text 2.S4. We do not require EXs to be cold-cored since many Shapiro-Keyser EXs can be 

warm-cored due to the warm seclusion in their mature stage (Schultz & Keyser, 2021). 

2.5 Criteria Optimization for High-impact LPS Detection 

As discussed in Chapter 2.4, the criteria for TCs, MSs (MDs and MLs), and TLCs all rely on 

criterion optimization. In this section, we describe the optimization procedure for these four classes of 

LPS: Specifically, we optimize each type of LPS’s detection skill against different skill metrics discussed 

below to find the best selected parameter threshold combination contingent upon conditions upstream of 

the workflow. The selection of these parameters is primarily based on physical intuition and previous 

studies. Since our optimization criteria are based on comparison to subjectively labeled LPS tracks, the 

optimization procedure also labels LPS tracks by track conditions using the node count parameter (the 

count of nodes with a specific label within a track) to more stably define an LPS track. Considering that 

many climate datasets have a 6-hourly temporal resolution (instead of the 3-hourly resolution we are 

using in this version of the catalog), we start with a minimum node count of two during the optimization. 

2.5.1 TC Condition Optimization 

The TC condition follows the cyclonic condition in the tropical branch. To identify variables for 

the optimization procedure, we require the greatest positive closed contour delta of MSLP over a 2.0º 

GCD (MSLPCC20) to satisfy some minimum value, LOWTKCC to be less than 0 m2 s−2 (indicating a 

low-level warm core), and UPPTKCC to satisfy some maximum value in magnitude, since TCs are 

generally characterized by compact MSLP contours and deep warm cores. We use a MSLPCC20 criterion 

instead of a maximum wind speed criterion because the latter is much more sensitive to model resolution 

and can be more easily distorted by complex topography. We also demand the node count of TC-labeled 

nodes within a track to have some minimum value to define a TC track. Evenly spaced values of these 

three parameters (over 3000 combinations) are considered to find the maximum detection skill. 
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A “test” TC dataset is constructed based on each possible 3-parameter combination for the 1979-2021 

period, and it is compared to the reference dataset IB-TC. A “hit” occurs if the test dataset is matched to a 

track in the reference dataset by appearing within 2º GCD from a reference dataset data point at the same 

timestamp. A “miss” occurs if a track in the reference dataset does not have a match in the test dataset. A 

“false alarm” is a track found in the test dataset but is not matched to any tracks in the reference dataset. 

The TC detection skill metric used here is the hit rate (HR) minus false alarm rate (FAR), expressed as 

HRMFAR. HR is defined as the ratio of hits to the total number of hits plus misses, and FAR is defined as 

the ratio of false alarms to the total number of detected/selected tracks. 

 

Figure 2.4. Detection skill optimization for (a) TC, (b) MS, and (c) TLC using different parameter 

threshold combinations and detection skills metrics shaded by their metric scores. The numbers in (a) and 

(c) represent the optimized time step for each combination (the optimal node count in (c) is uniformly two 

for every combination). The red rectangle in (a) and (c) indicate where the metric scores are maximized 

and consequently the final thresholds chosen. In (b), the yellow triangle indicates the maximized score, 
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and the red rectangle marks the final thresholds chosen. In (c), the metric score shading is only shown for 

the HR = 0.8 zone. 

Figure 2.4a shows the detection skill of all chosen combinations of the MSLPCC20 and 

UPPTKCC thresholds, with the optimal node count shown at the top of each combination. The best 

detection criteria combination found is UPPTKCC < -107 m2 s−2 (-11 m), MSLPCC20 > 215 Pa (210 Pa 

is also acceptable since it yields a near-identical score), and TC-labeled node count > 8 with HRMFAR 

reaching 64%. More Details about the TC detection performance are discussed in Sec. 6. In summary, 

UPPTKCC < -107.8 m2 s−2 and MSLPCC20 > 215 Pa are used to define the TC condition along with 

LOWTKCC < 0 m2 s−2, and the node step threshold specifies that there must be at least eight 3-hourly 

time steps of TC-labeled nodes within a track for the track to be a TC track (the TC track condition). 

2.5.2 MS Condition Optimization 

For MS detection optimization under global detection and without seasonal constraints, we 

demand criteria that could separate MSs from other weaker tropical LPSs, such as EWs. MSs are 

considered to be born within monsoon troughs as opposed to the intertropical convergence zone (ITCZ) 

or upper-level easterly waves. According to National Hurricane Center (n.d.)’s definition, monsoon 

troughs are characterized by their westerly flow south of the trough, compared to easterly trade winds on 

both sides of the ITCZ. Furthermore, onsets of regional summer monsoons are often defined as a pattern 

of a change in wind speed and direction toward stronger westerlies (e.g., Qian & Lee, 2000; Gan et al., 

2004). Thus, we develop the U850DIFF parameter, which is the difference between the weighted area 

mean of the positive and negative values of 850 hPa U-component wind over a 5.5º GCD. This allows us 

to determine whether westerly winds (positive U-component wind magnitudes) or easterly winds 

(negative U-component wind magnitudes) dominate the local 850 hPa environment of a system. The plot 

of the U850DIFF distribution for the MS and EW matched datasets shows that U850DIFF = 0 m s−1 

effectively segregates the two clusters (see Fig. 2.S3b). Hence, we select U850DIFF > 0 as a minimal 

requirement for the MS condition. 
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As implied by the matched MS and EW datasets, MSs in the North Indian Ocean usually have a 

higher RH850AVG than North Atlantic EWs. This is not surprising, as monsoon regions are generally 

considered to have more convective activity and larger moisture transport. Given that Vishnu et al. (2020) 

also used a averaged 850 hPa RH criterion to exclude non-monsoonal systems, we decide to require a 

minimum RH850AVG threshold in the MS condition. 

Critical Sucess Index (CSI) as defined below by Vishnu et al. (2020) is the metric for evaluating MS 

detection skill. 

𝐶𝑆𝐼 =
ℎ𝑖𝑡𝑠

ℎ𝑖𝑡𝑠 + (𝑚𝑖𝑠𝑠𝑒𝑠 + 𝑓𝑎𝑙𝑠𝑒 𝑎𝑙𝑎𝑟𝑚𝑠)/2
 

(2.1) 

A “hit” here is defined as a track in the test dataset having at least one node that is within 3.0◦ 

great-circle distance (GCD) of a track point in the Sikka dataset on the same date, and the track must also 

exist in the matched MS dataset. Since TCs are included in the Sikka dataset and are considered the most 

intense monsoon LPSs by the Indian Meteorological Department, tracks that already satisfy the TC track 

condition and are in the matched MS dataset are automatically considered matched (hits). We apply the 

detection optimization over the same domain and season as Vishnu et al. (2020), except that we 

incorporate the entire available data period rather than just a portion of it. We compute CSI of all the 

selected threshold combinations to find where CSI is maximal. The result shown in Fig. 2.4b suggests that 

the maximum CSI reaches 0.83 for RH850AVG = 80% and MS time step = 16. Our best CSI is thus 

identical to the value found in Vishnu et al. (2020), in support of the framework’s ability to detect weaker 

tropical systems. We finally choose the second highest CSI (also over 0.83) combination, RH850AVG = 

85% and the node count = 10, for the desired thresholds because we would like to include shorter MS 

tracks. Following these results, the MS condition is set as RH850AVG > 85% and U850DIFF > 0 m s−1, 

and a track is considered to be a MS track only if 10 or more of its 3-hourly nodes satisfy the MS 

condition and are labeled as “TD(MD)” or “TLO(ML)” in the classified catalog. The MS track label 

highlights those weaker tropical LPS tracks that are more stably labeled as monsoonal systems, although 
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they can also coincide with TC-labeled tracks (i.e., TC tracks detected by SyCLoPS) per our standards. 

EWs and other tropical waves are likely to be included in the non-monsoonal TDs/TLOs that fall short of 

the MS condition, as well as other weak LPS classes (i.e., tropical/dry disturbances). One may assume 

that westward-propagating disturbances and non-monsoonal TDs/TLOs that meet the tropical condition 

(indicated by “Tropical_Flag = 1” in the classified catalog) and are not in MS-labeled tracks are mainly 

easterly waves. 

2.5.3 TLC Condition Optimization 

“Tropical-like cyclones” refers to non-tropical LPSs that resemble “real” TCs in certain ways. For 

instance, a mature Mediterranean hurricane may have a distinct eyewall and a deep warm-core structure 

despite lower SSTs and greater baroclinity in a non-tropical environment (Pytharoulis et al., 2000). PLs 

(sometimes referred to as intense polar mesoscale cyclone or Arctic hurricanes) and Mediterranean 

hurricanes (a branch of SSs), although still vaguely defined, may all be described as a group of mesoscale 

(small), intense, and short-lived (in terms of their TLC-stage lifespan) LPSs that can be classified as 

“tropical-like.” Based on the definitions mentioned in Chapter 2.2, the most noticeable difference between 

PLs (PTLCs) and SSs (STLCs) might be that PLs develop north of the polar front or the main baroclinic 

zone in cold air masses, compared to SSs emerging from the subtropics. The term “hurricane-like 

extratropical cyclone” is also used in Romero & Emanuel (2017) to group Mediterranean hurricanes and 

North Atlantic PLs together. Here, we adopt a similar view that SSs and PLs are comparable to one 

another but different from typical extratropical/subtropical cyclones and could be flagged under the same 

TLC condition. The conventional definition of PLs as being north of the polar front can then be used to 

distinguish between them. Under this framing, SyCLoPS offers a means for the first objective global 

identification of all TLC systems in climate data. 

Since a minimum requirement of near gale-force wind intensity similar to TCs is required to 

define SSs and PLs, similar parameters such as MSLPCC20 and LOWTKCC are used to detect TLCs as 

we did to detect TCs. We expect TLCs to have, on average, a shallower/weaker warm-core structure 

compared to TCs. Hence, we first impose a minimum requirement for the two warm core criteria 
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(LOWTKCC < 0 m2 s−2 and MIDTKCC < 0 m2 s−2). Static-stability or open-water criteria used in 

previous PL detection studies (Zappa et al., 2014; Stoll et al., 2018; Stoll, 2022) are not considered here 

as they appear too restrictive to global TLC detection. For example, PLs may also appear closer to the 

baroclinic zone in a more sheared environment (Montgomery & Farrell, 1992; Terpstra et al., 2016), and 

intense storm activity can often occur over Antarctic sea ice (Hepworth et al., 2022). The other significant 

distinction of TLCs is their small or mesoscale sizes. Thus, we generate LPS size blobs and compute the 

LPS size (extent) measured by the LPSAREA parameter as described in Appendix 2E, in addition to the 

parameters directly computed by TE to evaluate the defined two-dimensional size (area) of LPSs. 

We use the combined matched SS and PL dataset, which consist of 174 tracks, as our reference 

dataset for optimization. We concede that it’s difficult to evaluate or compare global TLC detection skills 

because credible TLCs’ records are limited and regional in scope, and their definition inexact. To 

overcome this, we first remove 12 tracks in the reference dataset that have a track-maximum MSLPCC20 

lower than 215 Pa (the MSLPCC20 standard for TCs) to further avoid including tracks that are too weak 

to be considered TLCs. Second, we acknowledge that some TLCs could be embedded within a synoptic 

scale circulation or trough in the background, sometimes with a twin low nearby (see Fig. 2.S4 for an 

example), and thus will appear large (or be zero if embedded in a system with lower MSLP) using our 

size computation method. To work around this observation, we determine that LPSs with MSLPCC20 > 

420 Pa (90% percentile of detected non-tropical, non-shallow LPSs’ MSLPCC20) and a ratio of 

MSLPCC20 to MSLPCC55 greater than 0.5 (reflecting the presence of a dominant and more compact 

LPS core within the larger system) satisfy the embedded TLC alternate criterion and are exempt from the 

LPSAREA requirements. Third, since the scope and quality of the reference dataset is constrained, FAR 

becomes rather meaningless and is replaced by the infrequency rate (given that TLCs are infrequent), 

defined as the fraction of selected TLC tracks among all detected tracks that have at least one node that 

passes the cyclonic condition in the extratropical branch (a 0.1 infrequency rate as defined would 

correspond to a 45 occurrence per month in this SyCLoPS LPS dataset). Hence, the detection skills metric 

we use for the TLC condition is the HR minus infrequency rate, or HRMIR. Here, HR is simply defined 
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as the fraction of tracks that are detected (hits) in the reference dataset. Given the limited sample size, HR 

is rounded to the nearest tenth (i.e., 0.750 and 0.849 will be rounded to 0.8) to roughly reflect its 90% 

confidence interval (CI) and potential sampling errors. 

We iterate the selected range of MSLPCC20 and LPSAREA threshold combinations for TLC 

condition optimization. The best HR attained is at the 0.8 level as shown by the shading in the upper left 

zone of Fig. 2.4c. Within this zone, the TLC condition is optimal when IR is the smallest (11.9%) at 

MSLPCC20 > 190 Pa and LPSAREA < 5.5×105 km2 (given that LPSAREA is nonzero) on top of the 

other thresholds we mentioned above. The LPSAREA threshold chosen here agrees with the meso-α scale 

range (i.e., roughly a 400-500 km LPS radius), which aligns with the upper size range of many studied 

TLCs (e.g., Holland et al., 1987; Rasmussen & Turner, 2003; Fita et al., 2007; Noer et al., 2011). Due to 

the short-lived nature of TLCs, HRMIR in all combinations maximizes when the node count equals two. 

LPS nodes that have been tagged as TLC will then be further classified as PLs or SSs depending on 

whether they are located further north to the polar jet (WS200PMX < 25 m s−1). Tracks with two 3-hourly 

TLC-labeled nodes (PL or SS) and at least one PL or SS-labeled node are then assigned “PL(PTLC)” or 

“SS(STLC)” track labels. For an alternative test, we remove the embedded TLC criterion and perform the 

optimization. The results show an identical HR, a slightly lower IR, and 72% overlapped detected TLC 

tracks (i.e., LPS tracks picked up by both TLC detection algorithms) when MSLPCC20 > 145 Pa and 

LPSAREA < 7.0×105 km2. Thus, it may be treated as an alternative TLC condition, although it risks 

excluding many embedded TLC nodes. 

2.6 Results and Applications 

2.6.1 Main Results 

In Fig. 2.5a, we plot the kernel density estimate (KDE) on the RH100MAX-DEEPSHEAR 

coordinate of all 6-hourly sampled LPS nodes that have passed the second (dry) branch and meet the 

cyclonic condition to verify the efficacy of our tropical and transition conditions. Our results demonstrate 

the validity of using RH100MAX and DEEPSHEAR thresholds as the foundation for these conditions. 
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The KDE clearly depicts two main clusters, separated by RH100MAX and DEEPSHEAR. The solid-line 

and dash-line boundaries delineate the tropical and transition conditions. The RH100MAX transition 

threshold cuts through the narrowest part of the KDE. The cluster centered inside the tropical condition 

bounds is the tropical system cluster, while the cluster centered outside the box is the non-tropical system 

cluster, which is apparent from Fig. 2.5b, where the KDEs of the five matched datasets are placed on the 

RH100MAX-DEEPSHEAR coordinate. Within the tropical system cluster, the TC cluster spans the 

widest range as it includes LPSs undergoing extratropical transition and at post-TC stage, whereas the MS 

and EW clusters have the highest and lowest mean RH100MAX values respectively. Most of the matched 

tropical LPSs are within the transition boundaries (which may be deemed as the deep tropics). Inside the 

non-tropical system cluster, the SS cluster has a higher mean DEEPSHEAR value than the PL cluster. 

The red filled contours in Fig. 2.5a depict the KDE of warm-core systems, defined as the previously 

selected LPS nodes that meet the criterion of UPPTKCC < -58.8 m2 s−2 (-6 m). The KDE shows that 

systems with a upper-level warm core can exist in both tropical and non-tropical clusters, and thus, the 

warm-core criteria may not be ideal for classifying LPSs across the spectrum. According to the classified 

catalog, the vast majority of the labeled tropical systems are confined within 40 degrees of the equator. 

 

Figure 2.5. (a) The 10 KDE levels evenly distributed between 0 and 1 of all the selected detected LPS 

nodes (blue contours) and the warm-core LPS nodes (red filled contours); and (b) the three KDE levels 

set at 0.1, 0.5, and 0.9 of the five matched datasets on the RH100MAX-DEEPSHEAR coordinate. 
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 SyCLoPS LPS labels are generally in good agreement with the labels in IBTrACS. Two types of 

labels are provided in IBTrACS: first, the labels in the “NATURE” column assigned by global WMO 

agencies, and second, the labels assigned by US meteorological agencies in the “USA_STATUS” column. 

The WMO labels are more general than the USA labels, as the USA labels include more classes based on 

LPS intensity. Miscellaneous labels that are vaguely defined and have a small sample size are not 

included in the comparison. Information about the two agencies’ labels can be found on the IBTrACS 

website and in Landsea & Franklin (2013). Labels are compared when LPS nodes in our dataset and 

IBTrACS track points lie within 2.0º GCD of each other at the same timestamp. Fig. 2.6 shows the 

probability of success (POS) for correctly labeling an LPS node of a particular class (setting IBTrACS 

labels as ground truth). Overall, 95% of the matched nodes are in agreement with the WMO labels, 

mainly contributed by the high “TS” POS of 97% (WMO’s “TS” label refers to “tropical system”). Since 

WMO’s “DS (disturbance)” label also exists, we regard “TS” as all non-shallow tropical systems, which 

is equivalent to all tropical system labels but “DST” in our labeling system. This result suggests that very 

few tropical systems are mistakenly labeled as non-tropical systems by our classification. The 

extratropical system POS is at 78% when we compare labels in the extratropical branch to the “ET 

(extratropical)” label of WMO. The majority of the extratropical records in IBTrACS are post-TCs 

immediately after extratropical transition. Therefore, it suggests a rather small error in the extratropical 

transition completion time justified by our classification when compared to IBTrACS. Breaking down the 

tropical systems, our TC POS remains at a relatively high level of 74% against TC labels given by USA 

agencies, while TD (which includes TD and MD) has a much lower POS of 47%. 

We find that TDs are almost equally likely to be misclassified as TCs and tropical lows (TLOs 

and MLs), which reflects ambiguity in their definitions and inevitable biases in LPS intensity evaluations 

by agencies, reanalysis, and our classification. If TD is considered a category of TC for both our and 

IBTrACS labels, the POS of “TC+TD” rises to 85%. The weakest system labels in IBTrACS, including 

“LO (low)” and “DS/DB (disturbance),” are more vaguely defined. They are often used at the start of TC 

tracks, and the labeled LPSs may not have a discernible surface center (Landsea & Franklin, 2013; 
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National Hurricane Center, n.d.). Hence, we treat them as the same label, which is equivalent to TLO 

systems (TLO and ML), disturbances (DST, DSD and DSE), and thermal low systems (THL, DOTHL, 

and HATHL) in our labeling system. POS of about 50% is realized for this category compared to labels of 

WMO and USA agencies. Similarly, they are subject to biases in intensity evaluations and their exact 

definitions. When TDs are included in this class for both our and IBTrACS labels, the POS increases to 

78%. 

 

Figure 2.6. POS of our labels when compared to labels given by WMO (red bars) and USA agencies 

(orange bars). See text for details. POS values are shown on the top of bars with 95% confidence level 

error bars denoted. 

TC detection skill is improved using SyCLoPS’s TC track labels when compared to the previous 

TE algorithm (the Zarzycki & Ullrich method; Zarzycki & Ullrich, 2017). For the Zarzycki & Ullrich 

method, TC tracks are identified when nodes in a track that satisfy UPPTKCC < -58.8 m2 s−2 (-6 m), 

MSLPCC55 > 200 Pa, WS (maximum wind speed at 10 m within 2.0◦ GCD) > 10 m s−1, and ZS < 150 m2 

s−2  are detected for at least 54 hours equatorward of 50◦ latitude. We resample the detected TC dataset to 

match the 6-hourly data frequency of IBTrACS. The HRMFAR of Zarzycki & Ullrich is computed 

against the same IB-TC dataset for the period of 1979-2021 using the same definition of hits and false 

alarms mentioned in Chapter 2.5.1. Table 2.2 summarizes the TC detection skill metrics of both methods. 
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The mean start (end) time differences in the table refer to the time differences between the start (end) time 

of the detected TC track and the corresponding IB-TC track’s start (end) time. 

Method HR FAR HRMFAR   Mean start time 

difference (hr) 

Mean end time 

difference (hr) 

Zarzycki & Ullrich 76.2% 20.1% 56.1% 28 -30 

SyCLoPS 78.2% 14.6% 63.6% -49 28 

 

Table 2.2. Detection skill comparison between SyCLoPS and the Zarzycki & Ullrich method 

To summarize, the detection skill improvements are: (1) HRMFAR is increased by 7.5% due to a 

5.5% decrease in FAR and a 2% increase in HR; and (2) the early detection of the pre-TC stage and late 

detection of the post-TC stage are significantly improved, extending TC track length by an average of 136 

hours. The effects of these improvements are revealed in Fig. 2.7. Tracks detected using SyCLoPS are 

visibly longer at both ends (the pre-TC stage and the post-TC stage) compared to those tracked by the 

Zarzycki & Ullrich method. Notably, the new approach more closely matches IBTrACS observations in 

the South Atlantic and the Southeast Pacific, among other subtropical oceans, by largely reducing false 

alarms in those regions. We also notice that many official wind data in IBTrACS’s tracks are missing in 

earlier years in basins of the Indian Ocean (so they are not included in IB-TC) due to the fact that some 

agencies did not accept their regional responsibility until the early 1990s. Hence, many false alarms in the 

tropical Indian Ocean for both methods could actually be real TCs (hits). Discrepancies in wind 

measurement standards, observations, and operational procedures among agencies for different basins are 

also noted in Schreck et al. (2014), suggesting the presence of a “TC gray zone” due to these biases — 

i.e., a range of parameter values where different experts would draw different conclusions on the 

classification of a feature. Therefore, perfectly matching a subjective TC dataset is likely impossible. The 

blue and red dots show the extratropical and tropical transition completion positions of applicable TC 

tracks indicated by the classified catalog. About 40% of the identified TC tracks undergo extratropical 

transition, which is comparable to the global extratropical transition fractions using a CPS method 

reported in Datt et al. (2022). We compare the detected TC tracks of SyCLoPS that have a match to an 
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extratropical transition case recorded in IBTrACS and find that SyCLoPS detects 87% of all such 

extratropical transitions with an average (median) error of +10 (+6) hours in the transition completion 

time (i.e., the timestamp of the first labeled extratropical node after the TC stage). The HRMFAR of this 

new algorithm may be further elevated through post-processing operations such as eliminating QS tracks 

or marginal TC tracks that primarily reside in the transition zone. We advise being cautious when 

eliminating any marginal TCs since they can reside in the “TC gray zone.” As an example, the 2001 

Australia “Duck” is a classic marginal TC (see Garde et al., 2010). Although this storm was not recorded 

by the agency and it does not satisfy our TC track condition, it is labeled as “TC” at four time steps under 

our classification. See Fig. 2.S8 for a labeled track map of this special case. 

          

Figure 2.7. 1979-2021 TC tracks as tracked by (a) SyCLoPS, and (b) the Zarzycki & Ullrich method. 

Black dots are the first locations of false alarm tracks. Blue and red dots are extratropical and tropical 
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transition completion locations indicated by SyCLoPS. 1337 extratropical transition cases and 195 

tropical transition cases are detected. 

Major globally detected LPS annual frequencies for the different classes of LPSs are shown in 

Fig. 2.8. In general, the frequencies of these systems are in accordance with observations. Please refer to 

Fig. 2.S5 for a frequency bar plot of all LPS classes. The first row of Fig. 2.8 contains the least frequent 

LPS classes, followed by MS in the second row, which are all high-impact LPSs that can be considered 

extremes. TC frequencies are consistent with their track activity in the tropics and during extratropical 

transition (Fig. 8a). In Fig. 2.8b, SSs are more frequent in the Mediterranean Sea, the most studied hotspot 

for these features. They are also commonly found in the storm-track regions (western North Pacific and 

the northwestern Atlantic, as defined in Blackmon et al. (1977)), the southwest Atlantic, the southeast 

Pacific, the Japan Sea, and the Tasman Sea close to Southeast Australia. Those regions are all well known 

for their intense or tropical-like LPS activities, which include Australian east-coast cyclones, Chilean 

storms, Japanese south-coast explosive cyclones, TLCs/mesocyclones in the Sea of Japan and the Yellow 

Sea, and subtropical storms across the Atlantic (see e.g., Heo & Ha, 2008; Guishard et al., 2009; Iwao et 

al., 2012; Winckler et al., 2017; Gozzo et al., 2014; Shimada et al., 2014; Cavicchia et al., 2018). We 

expect that the successful classification of subtropical storms is effective for reducing TC false alarms in 

the SyCLoPS framework. PL activity reaches as far south as the Sea of Japan, and they are most prevalent 

in the Nordic Seas, the Gulf of Alaska, and over or near the sea ice of the Southern Ocean (Fig. 2.8c). 

Intense post-TCs are sometimes classified as TLCs in our framework, and removing them has only a 

minor impact on the frequencies of SSs and PLs. MSs are mainly constrained in the tropical monsoon 

region defined in Li & Zeng (2003) and have two evident hotspots in the North Indian Ocean and near the 

Gulf of Tonkin in the South China Sea (Fig. 2.8d). Non-monsoonal TLOs and TDs are found throughout 

the tropics, with some overlap with MS activity and evidence of QS tracks shown by localized high 

frequencies mainly near rainforest regions (Fig. 2.8e). After filtering those QS tracks labeled by the QS 

track condition, strong LPS occurrences largely disappear, leaving other features mostly untouched. SCs 

are more widespread but less concentrated compared to SSs (Fig. 2.8g). EX is the most common type of 
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LPS labeled, and it is omnipresent outside of the tropics (Fig. 2.8h). Disturbances are found globally 

across latitudes, and THLs and DOTHLs are located primarily on arid lands (Figs. 2.8i-k). Finally, high-

altitude LPSs occupy mountainous areas, including parts of the Antarctic continent (Fig. 2.8l). 

 

Figure 2.8. 1979-2022 annual frequency of (a) tropical cyclone (TC), (b) subtropical storm (SS), (c) polar 

low (PL), (d) monsoonal system (MS (MD and ML)), (e) non-monsoonal tropical depression (TD) and 

tropical low (TLO), (f) same as (e), but with quasi-stationary (QS) tracks filtered, (g) subtropical cyclone 

(SC), (h) extratropical cyclone (EX), (i) disturbances (DSD, DST and DSE), (j) thermal low (THL), (k) 

deep (orographic) thermal low (DOTHL), and (l) high-altitude LPSs (HAL and HATHL) as measured by 

3-hourly nodes per 2º×2º grid. 
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We show the vertical cross section composites at the latitude of LPS’s center for the six selected 

LPS classes labeled by SyCLoPS in Fig. 2.9. TCs feature a classic dumbbell-like structure resembling the 

shape of a cumulonimbus, as indicated by the two RH maxima at the lower- and the upper-level (Fig. 9a). 

Diabatic heating or latent heat release in TCs, as suggested by the cyclonic potential vorticity (PV) 

contours, is evident throughout the lower-level and upper-level. The deep warm-core structure suggested 

by the potential temperature contours is most evident in the TC composite. Fig. 2. 9b shows that a typical 

THL features a classic warm and dry low-level core, which is largely constrained to the boundary layer. 

As shown in figures 2.9c and d, weaker tropical systems have far less developed convection and warm 

cores compared to TCs. MSs have comparatively higher RH at each level and a slightly more developed 

lower-level circulation than other typical TDs/TLOs. An eastward tilt of the RH field below 300 hPa is 

also noticeable in the non-monsoonal TD and TLO composite in Fig. 2.9d. Cyclonic PV contours 

stretching down from the subtropical tropopause in the SS composite (Fig. 2.9e) imply that some SSs 

undergo a downward development pathway, extracting cyclonic PV from upper-level PV anomalies or 

PV streamers, which agrees with the Mediterranean hurricane development mechanisms described in 

Flaounas et al. (2022). The warm core and the diabatic heating are more constrained to the lower level for 

PLs, as depicted in Fig. 2.9g. The global patterns (Figs. 2.9e and g) of SS and PL also appear to have less 

noise (induced by local topography) and an enhanced PV signal in the vertical structure of SS and PL 

compared to the patterns (Figs. 2.9f and h) represented by regional SSs and PLs associated with the 

records in the subjective SS and PL datasets. Despite the fact that both TCs and TLCs (SSs and PLs) have 

relatively deep warm cores, the upper-level RH of SSs and PLs (as shown in Figs 2.9e-f) is significantly 

lower than that of TCs and other tropical systems. This distinction supports our choice of the 

RH100MAX criterion in the tropical condition. 
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Figure 2.9. Vertical cross section composites of LPS node classified as (a) tropical cyclone (TC), (b) 

thermal low (THL), (c) monsoonal system (MS (MD and ML)), (d) non-monsoonal tropical depression 
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(TD) and tropical low (TLO), (e)-(f) SS and SSs in the matched-SS dataset, and (g)-(h) PL and PLs in the 

matched-PL dataset. Dark pink dashed lines are contours of cyclonic potential vorticity (unit: PVU 

(1.0×10−6 m2 s−1 K kg−1)), and black contours are potential temperature (K). The TC, MS, SS and PL 

composites are each based on 1000 randomly chosen nodes tagged with the specific type of label in the 

specific type of LPS track (i.e., 1000 TC-labeled nodes in TC-labeled tracks). The non-monsoonal 

TLO/TD composite is based on 1000 randomly chosen nodes labeled “TLO” or “TD”, except those in MS 

or QS tracks. The THL composite is based on 1000 randomly chosen THL-labeled nodes. 

2.6.2 Other Applications 

We now show some simple applications based on the classified catalog produced by SyCLoPS. 

One major benefit of SyCLoPS is that it can reveal a fairly complete history of each LPS track, so that the 

evolution of an LPS can be effectively traced. Thus, a useful application is showing a track along with its 

labeled nodes, such as the example in Fig. 2.10. The example depicts the track history of the western 

North Pacific typhoon Mindulle in 2021. Mindulle is first detected as a disturbance near the equator, then 

gradually intensifies as a non-monsoonal TLO/TD before it becomes stably labeled as TCs. It completes 

its extratropical transition around 40◦ N and later develops into a SS and PL before dissipating as a EX in 

Alaska. The genesis time (the first TD label time), the first TC record time, and the transition completion 

time are all within 12 hours of the corresponding IBTrACS records, while the record given by SyCLoPS 

further extends the IBTrACS track length. A phase diagram displayed by the DEEPSHEAR-RH100MAX 

coordinate is attached to the figure. The phase evolution shows that the RH100MAX of the TC stays at a 

high level while the environmental wind shear gradually increases. The system’s RH100MAX decreases 

sharply during extratropical transition, which is completed when the TC no longer satisfies the 

DEEPSHEAR criteria from the tropical condition. In its final stage, the system enters a lower-sheared 

environment with very low RH100MAX. More examples like this of different LPS classes (including 

North Atlantic hurricanes, the “Duck”, an MS, and TLCs) can be found in Figs. 2.S7-9 in SI. 
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Figure 2.10. An example of different LPS labels in a TC (2021 Typhoon “Mindulle”) lifetime. The phase 

diagram shows its evolution on the RH100MAX-DEEPSHEAR coordinate with the tropical condition 

threshold outlined in dashed lines. We convert all instances of supersaturation of RH100MAX to 100% in 

the phase diagram. S and E indicate the start and the end of the track. The cross marks indicate the 

position of the start of IBTrACS record (black), the first IBTrACS TC record (red), IBTrACS 

extratropical transition completion (purple), and the end of IBTrACS record (gray). 

The labeled nodes can also be combined with the LPS size blobs we generated when computing 

LPSAREA to derive the accumulated integrated kinetic energy (IKE; Powell & Reinhold, 2007) of 

targeted LPSs. Fig. 2.S6 shows an illustration of the labeled LPS size blobs. IKE is directly correlated 

with the potential destructiveness of LPSs, as it takes the size parameter into account. The IKE of an LPS 

is defined as the 1 mdeep mean kinetic energy at the surface level (here approximated by the 925 hPa 

level) within the LPS extent we define for LPSAREA. Accumulated IKE of an LPS can be useful to study 
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trends in LPS activity (Kreussler et al., 2021). In Fig. 2.11, we show the accumulated IKE (in trillion 

joules, TJ) of the four types of high-impact LPS nodes from 1979 to 2022. Specifically, blobs associated 

with TCs (TC nodes) in TC-labeled tracks, 

TDs and TLOs (MD, ML, TD and TLO nodes) in MS-labeled tracks, SSs in SS-labeled tracks, 

and PLs in PL-labeled tracks are selected, respectively, for their IKE accumulations. The results indicate 

that TCs have the most widespread and severe wind impact over land, while the kinetic energy of MSs 

accumulates the most along the coast of the Bay of Bengal. SSs are kinetically active in several hotspots 

globally. The influence from their winds extends to places including the east coast of the United States, 

southeast Australia and New Zealand, southern Chile, northern Japan, and the Mediterranean coasts, 

among other. Besides the Antarctic region, PLs pose the greatest threats to the coasts of the Nordic Seas 

and the Gulf of Alaska. IKE’s spatial distribution patterns may appear different from the LPS frequencies 

because IKE is storm size-sensitive. For example, even though high TC frequencies are found 

concentrated in the Eastern Pacific basin (Fig. 8a), TC IKE is far more prominent in the western North 

Pacific basin due to its largest mean observed TC size among all major basins (Chavas & Emanuel, 

2010). Similarly, IKE for SS in the Mediterranean Sea appear much smaller compared to other hotspots 

like the western North Pacific and the northwest Atlantic, as TLCs in an open ocean basin can be 

relatively larger without topographic constraints. Those larger TLCs can possibly be embedded TLCs or 

“twin-cyclones” like the one shown in Fig. 2.S4, and their existence is documented in many case studies 

in the two basins (e.g., Yamamoto, 2012; Fu et al., 2018; Yokoyama & Yamamoto, 2019). 
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Figure 2.11. Integrated Kinetic Energy (IKE) of (a) tropical cyclone (TC), (b) monsoonal system (MS), 

(c) subtropical storm (SS), and (d) polar low (PL) accumulated over the 1979-2022 period. 

Objectively tracked LPSs are often used in fractional precipitation contribution studies to tease 

out the contribution of each LPS type to the total precipitation (e.g., Prat & Nelson, 2013; Prein et al., 

2023). The outputs from our framework could be a good source for this purpose, as precipitation blobs 

can be derived and labeled in a similar manner as for the size blob. Blobs (areas) that satisfy the smoothed 

850 hPa cyclonic relative vorticity (CRV) threshold (CRV > 2 × 10−5 s−1) and a minimum 3-hourly total 

precipitation threshold of 0.3 mm per 3 hours (0.1 mm hr−1) are highlighted as LPSassociated 

precipitation and tagged with LPS labels (see Fig. 2.S6). We consider this dynamic precipitation detection 

method more flexible than a fixed or uniform radius method that was often implemented in previous 

studies (e.g., Dare et al., 2012; Stansfield et al., 2020). We select each class of high-impact LPS nodes 

and their associated precipitation blobs in the same way as we do for IKE. We demonstrate the fractional 

contribution of precipitation from the four types of high-impact LPS nodes in Fig. 2.12. The results 

suggest that TCs contribute over 40% of total precipitation along the coasts of northwestern Australia and 

south of Baja California. MSs are responsible for a larger fraction of total precipitation than TCs 
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throughout South Asia and inland China. SSs make up about 5% of total precipitation along the coastal 

region of the Mediterranean Sea and about 6-7% near northern Japan and the coasts along the Japan Sea. 

PLs are responsible for several percent of total precipitation in the United Kingdom, northern Europe, and 

along the coast of Alaska. Since TLCs are active in the winter season, one may expect heavy snowfall as 

the form of their precipitation. 

 

Figure 2.12. Fractional precipitation contributions from (a) tropical cyclone (TC), (b) monsoonal system 

(MS), (c) subtropical storm (SS), and (d) polar low (PL) for the 1979-2022 period. 

2.7 Summary and Conclusions 

In this study, we propose an all-in-one detection and classification framework which we refer to 

as the System for Classification of Low-Pressure Systems (SyCLoPS). In essence, SyCLoPS combines 

multiple specialized LPS detectors into a single framework, which has the effect of improving 

classification performance for individual features through a comprehensive treatment of boundary cases. 

SyCLoPS is developed atop the TempestExtremes (TE) software package (Ullrich & Zarzycki, 2017; 
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Ullrich et al., 2021; Ullrich, 2024). It is tuned and subsequently applied to the ERA5 reanalysis. To the 

authors’ best knowledge, this work represents the first attempt to classify all LPSs in a single global 

dataset. Classification parameters and thresholds are set using conventional definitions, observations, and 

physical intuition, with some assistance from mathematical optimization and basic machine learning 

methods.  

To summarize, SyCLoPS performs detection and classification following two main steps: First is 

to detect and track LPSs spanning all intensities globally and compute the input atmospheric parameters 

as shown in Appendix 2C using TE commands. Second, a Python classifier is applied to construct the 

input catalog and take in the input parameters for classifying (labeling) all detected LPS nodes and tracks 

following the workflow shown in Figure 2.1. The classifier also incorporates additional information about 

the nodes and tracks, such as extratropical transition nodes and whether the LPS track should be 

considered quasi-stationary, into the final classified LPS catalog together with the LPS node and track 

labels. The classification process of SyCLoPS features the following novelties: 

1.  Because a single intuitive workflow is employed, all LPS nodes are assigned one of the 16 LPS 

class labels at once. No LPS node is repeated or doubly classified. Consequently, LPS phase 

evolution can be traced using the labeled nodes as shown in Figure 2.10. 

2. No topographical, latitudinal, or temporal restrictions need to be applied in order to use this 

framework, and the detection threshold is low enough to include very weak LPS nodes in the 

detected LPS tracks. As a result, a much more complete LPS lifecycle can be obtained for each 

LPS track. 

3.  To address the insufficiency of using warm-core criteria to disentangle tropical systems, 

SyCLoPS proposes a new way to objectively and physically define tropical and non-tropical 

systems using 100 hPa level relative humidity and large-scale deeplayer wind shear. 

4.  SyCLoPS features the first global tropical-like cyclone (subtropical storms and polar lows) 

detection scheme by detecting similar physical features to tropical cyclones among non-tropical 

system candidates. 
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Using the LPS track labels in the classified catalog, our results show that the unified framework 

improves upon the previously reported best TC detection skill with TE (Zarzycki & Ullrich, 2017; 

Bourdin et al., 2022) by both increasing HR and lowering FAR. We found that the lowered FAR is 

mainly contributed by successfully identifying subtropical storms in the subtropics. Detection skill for 

MS is comparable to previous work (Vishnu et al., 2020). Upon comparing the labels given by SyCLoPS 

to the corresponding IBTrACS labels, we observe that SyCLoPS can reasonably label the LPS status in 

different stages of a TC. We also demonstrate that the resulting classified catalog can be used to study the 

evolution, annual frequencies, vertical cross-section composites, IKE accumulation, and fractional 

precipitation contribution of each LPS class. These potential applications are useful for general LPS 

studies, and it could be valuable if applied to climate model outputs to investigate the trends of LPS 

activities under the effects of climate change. SyCLoPS may also be applicable in real-time operations 

and weather model outputs. Furthermore, information in the classified catalog may be used as data labels 

to train a machine learning model. We intend to pursue additional research tasks on those topics using 

SyCLoPS. 

Users may also personalize the framework to meet their own needs with the data and codes 

provided in SyCLoPS. For example, the detection procedure for a single type of LPS in a given dataset 

can be easily isolated following a single path from the workflow. Users may also modify the TE 

specifications to optimize detection for a specific type of LPS in a specific region. More LPS sub-classes 

may be derived from SyCLoPS catalogs and the detection of other atmospheric features. For example, 

weaker tropical LPSs may be separated into different classes by matching them to distinct tropical waves 

in the lower troposphere, and TLCs may be divided into those that develop in a front-shear environment 

versus a reverse-shear environment. 

There are some notable limitations in SyCLoPS. Firstly, SyCLoPS is based upon ERA5 dataset, 

so the thresholds and parameter choices could be biased if applied directly to another global or regional 

dataset. While we have proposed some suggestions that would allow SyCLoPS to adapt to different 

datasets, and have shown in Appendix 2B that SyCLoPS’s performance is stable across different 
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adaptation experiments, more fine-tuning in the detection and classification processes may be required. It 

should also be noted that a dataset with a resolution coarser than ERA5 may be insufficient for detection 

and classification of smaller features such as early-stage TCs and TLCs. Second, although SyCLoPS 

features detection and classification of LPSs over any terrain, signals in MSLP or any lowlevel 

atmospheric fields can be distorted by elevated or rough topography. Detection over or near those regions 

are subject to greater errors, especially for weak systems. Third, ultimately, the hard cut-off threshold we 

impose between LPS phases is somewhat arbitrary: namely, there is always a gray zone or transition zone 

when it comes to the thresholds for a given LPS. Nonetheless, objective LPS detection and classification 

reduces biases introduced by human error and subjectivity because an objective standard can be strictly 

followed. However, by nature an LPS can exist in an “impure” and somewhat ambiguous state, which is 

contrary to fixed thresholds. This conflict is most obvious when a detected LPS persists at the edge of our 

defined thresholds, leading to its classification jumping between two labels. And lastly, confidence in 

detecting and classifying global TLC systems is still low due to a lack of global observations. The method 

for calculating LPS size in TE as described in Appendix 2E for classifying TLCs can be further improved 

to more accurately represent the size of a smaller TLC in a larger circulation or the background flow. We 

expect that there will be other deficiencies discovered and questions raised in the practical use of this 

experimental framework. Hence, we aim to address the remaining issues and evolve the algorithms for 

future versions of this framework. 
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2.8 Appendixes 

2.8.1 Appendix 2A: Variables Used in SyCLoPS 

Although not listed in Table 2.A1, 10-m U and V-component Wind (VAR_10U and VAR_10V) 

are used in SyCLoPS to calculate the maximum surface wind speed (WS) of an LPS as a reference 

information in the classified catalog. It does not play a role in the detection and classification process.  

Although SyCLoPS is tested on 3-hourly data, as suggested in Appendix 2B below, it’s possible 

to use 6-hourly data or even lower frequency data for parameters that change more slowly and smoothly. 

The latest SyCLoPS software documented in Chapter 2.10 automatically adjusts to the optimal 

configuration for 6-hourly frequency detection. 

Variable Name Pressure Level (hPa) 

U-component Wind (U) 925, 850, 200b 

V-component Wind (V) 925, 850, 200b 

Temperature (T) 850 

Relative Humidity (R)a 850, 100 

Mean Sea Level Pressure (MSL) Sea Level 

Geopotential (Z) 925, 850, 700, 500, 300b 

a. Specific humidity can be converted to R with additional temperature information. 
b. These default levels can be replaced by 250 hPa. See Appendix 2B for details. 

 

Table 2.A1. Variables Used in SyCLoPS 

 

2.8.2 Appendix 2B: Experiments for Climate Model Data Adaptations 

Four adaptation experiments are performed on SyCLoPS to test how SyCLoPS can be adapted to 

a typical high-resolution climate model output. In these high-resolution models (e.g. those in the 

HighresMIP submission), RH at 100 hPa is usually only available in daily frequency, so our first 

experiment resamples ERA5 3-hourly RH data to daily frequency (daily-mean) and recalculates 

RH100MAX for classification (i.e, each grid point will have the same RHMAX100 for 8 3-hourly time 

steps in a day). Most climate models only output 6-hourly frequency (instead of 3) for many of the fields 

we use in SyCLoPS. Therefore, the second experiment resamples the 3-hourly frequency input catalog of 

SyCLoPS to 6-hourly frequency (similar to using a 6-hourly detection rate) before performing the same 
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classification. In addition, the number of nodes (time steps) needed to satisfy the TC, MS, SS and PL 

track conditions is halved to reflect the frequency change. For example, four TC nodes (instead of eight) 

in a track are required for the TC track condition under 6-hourly frequency data. 

Finally, some climate model outputs only have 250 hPa data instead of the 200 hPa data (used in 

DEEPSHEAR and WS200PMX) or 300 hPa data (used in UPPTKCC) we use in SyCLoPS. Therefore, 

the third experiment opts to use 250 hPa data in ERA5 and the subsequent adjustments to the 

classification conditions are needed to achieve the optimal detection skills (or to match our original 

definition to justify the polar jet/front): 

1.  In the tropical condition, the DEEPSHEAR threshold is changed to: DEEPSHEAR < 13 m s−1 

2.  TC Condition is changed to: MSLPCC20 > 225 Pa, LOWTKCC < 0 m2 s−2 and UPPTKCC < -

147 m2 s−2. 

3.  TC Track Condition is changed: At least 6 3-hourly TC-labeled nodes in a track are required to 

satisfy the TC Track Condition. 

4.  WS200PMX should be renamed to WS250PMX with the following changes: In the SC 

condition, use WS250PMX > 35 m s−1. And to separate SS and PL, use WS250PMX > 30 m s−1 

The results of these adaptation experiments are summarized in the table below. As shown, the 

detection skills and labeling accuracy of the three adaptation experiments are generally very similar to the 

original algorithm, suggesting the flexibility of SyCLoPS in adapting to climate model data. It’s also not 

surprising that the TLC detection skill degrades more noticeably at a lower sampling frequency in the 6-

hourly data frequency experiment given that many TLCs are transient. 
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Method TC Detection Label Accuracy MS Detection TLC Detection 

Original HR = 78.2% 

FAR = 14.6% 

HRMFAR = 63.6% 

TS: 96.6% 

TC: 74% 

EX: 78% 

CSI = 0.83 HR ≈ 80% 

IR = 11.9% 

Daily-mean 

RH100MAX 

HR = 78.0% 

FAR = 14.7% 

HRMFAR = 63.3% 

TS: 96.6% 

TC: 74% 

EX: 79% 

CSI = 0.83 HR ≈ 80% 

IR = 11.7% 

6-hourly Frequency HR = 78.4% 

FAR = 15.2% 

HRMFAR = 63.2% 

TS: 96.6% 
TC: 75% 

EX: 78% 

CSI = 0.82 HR ≈ 70% 

IR = 14.8% 

250 hPa Parameters HR = 78.7% 

FAR = 15.1% 

HRMFAR = 63.6% 

TS: 96.3% 
TC: 72% 

EX: 84% 

CSI = 0.83 HR ≈ 80% 

IR = 11.6% 

 

Table 2.B1. Adaptation Experiment Performance 

 

2.8.3 Appendix 2C: Catalog Column Table 

 

Column Unit Description 

TID - LPS track ID (0-based) in both the input and classified catalog 

ISOTIME - UTC timestamp (ISO time) of the LPS node in both catalogs 

LAT ◦ Latitude of the LPS node in both catalogs 

LON ◦ Longitude of the LPS node in both catalogs 

MSLP Pa Mean sea level pressure at the LPS node in both catalogs 

MSLPCC20 Pa Greatest positive closed contour delta of MSLP over a 

2.0◦ GCD (the core of an LPS) 

MSLPCC55 Pa Greatest positive closed contour delta of MSLP over a 

5.5◦ GCD 

DEEPSHEAR m s−1 Average deep-layer wind speed shear between 200 hPa and 850 hPa 

over a 10.0◦ GCD 

UPPTKCC m2 s−2 Greatest negative closed contour delta of the upper-level thickness 

between 300 hPa and 500 hPa over a 6.5◦ GCD, referenced to the 

maximum value within 1.0◦ GCD 

MIDTKCC m2 s−2 Greatest negative closed contour delta of the middle-level thickness 

between 500 hPa and 700 hPa over a 3.5◦ GCD, referenced to the 

maximum value within 1.0◦ GCD 

LOWTKCC m2 s−2 Greatest negative closed contour delta of the lower-level thickness 

between 700 hPa and 925 hPa over a 3.5◦ GCD, referenced to the 

maximum value within 1.0◦ GCD 
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Z500CC m2 s−2 Greatest positive closed contour delta of geopotential at 500 hPa over 

a 3.5◦ GCD referenced to the minimum value within 

1.0◦ GCD 

VO500AVG s−1 Average relative vorticity over a 2.5◦ GCD 

RH100MAX % Maximum relative humidity at 100 hPa within 2.5◦ GCD 

RH850AVG % Average relative humidity over a 2.5◦ GCD at 850 hPa 

T850 K Air temperature at 850 hPa at the LPS node 

Z850 m2 s−2 Geopotential at 850 hPa at the LPS node 

ZS m2 s−2 Geopotential at the surface at the LPS node 

U850DIFF m s−1 sr Difference between the weighted area mean of positive and negative 

values of 850 hPa U-component wind over a 5.5◦ GCD 

WS200PMX m s−1 Maximum poleward value of 200 hPa wind speed within 

1.0◦ GCD longitude 

RAWAREA km2 The raw defined size (see Appendix 2E) of the LPS 

LPSAREA km2 The adjusted defined size of the LPS in both catalogs 

WS m s−1 Maximum wind speed at the 10-m level within 2.0◦ GCD 

Full_Name - The full LPS name based on the classification 

Short_Label - The assigned LPS label (the abbreviation of the full name) 

Tropical_Flag - 1 if the LPS is designated as a tropical system, otherwise 0 

Transition_Zone - 1 if the LPS is in the defined transition zone, otherwise 0 

Track_Info - “TC”, “MS”, “SS(STLC)”, “PL(PTLC)”, “QS” denoted for TC, MS, 

SS, PL and QS tracks; “EXT”, “TT” denoted for extratropical and 

tropical transition completion nodes 

IKE TJ The integrated kinetic energy computed based on the LPS size blobs 

that are used to define RAWAREA 

 

Table 2.C1. Column Table for the Input Catalog (Top) and Classified Catalog (Bottom) 
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2.8.4 Appendix 2D: Condition List 

Condition Name Conditions 

High-altitude Condition Z850 > ZS 

Dryness Condition RH850AVG < 60% 

Cyclonic Condition VO500AVG ≥ (<) 0 s−1 if LAT ≥ (<) 0º 

Tropical Condition RH100MAX > 20%; DEEPSHEAR < 18 m s−1; T850 > 280 K 

Transition Condition Tropical Conditon = True; DEEPSHEAR > 10 m s−1 or 

RH100MAX < 55% 

TC Condition MSLPCC20 > 215 Pa; LOWTKCC < 0 m2 s−2; 

UPPTKCC < -107.8 m2 s−2 

TD Condition MSLPCC55 > 160 Pa; UPPTKCC < 0 m2 s−2 

MS Condition U850DIFF > 0 m s−1; RH850AVG > 85% 

TLC Conditiona MSLPCC20 > 190 Pa; LOWTKCC and MIDTKCC < 0 m2 s−2; 

(LPSAREA < 5.5 × 105 km2; LPSAREA > 0 km2) or 

(MSLPCC20 > 420 Pa; MSLPCC20 : MSLPCC55 > 0.5) 

SC Condition LOWTKCC < 0 m2 s−2; Z500CC > 0 m2 s−2; 

WS200PMXb > 30 m s−1 

TC Track Condition At least 8 (8+) 3-hourly TC-labeled nodes in an LPS track 

MS Track Condition 10+ 3-hourly “TLO(ML)” or “TD(MD)”-labeled nodes in an 

LPS track 

SS Track Condition 2+ 3-hourly TLC-labeled nodes (“SS(STLC)” or “PL(PTLC)”) and 1 

“SS(STLC)”-labeled node in an LPS track 

PL Track Condition 2+ 3-hourly TLC-labeled nodes (“SS(STLC)” or “PL(PTLC)”) and 1 

“PL(PTLC)”-labeled node in an LPS track 

QS Track Condition See Text 2.S3 for details 

a. See Chapter 2.5.3 for a potential alternative. 

b. WS200PMX criteria used in this framework may be supplemented by other parameters in some 

regional models. See Text 2.S4 for details. 

 

Table 2.D1. Classification condition 

 

2.8.5 Appendix 2E: LPSAREA Computation 

To calculate LPS size, we refer to the definition of TC size which is typically determined by a 

TC’s outer surface wind radius. We first use TE to detect blobs (areas) of smoothed 850 hPa cyclonic 

relative vorticity (CRV) > 2 × 10−5 s−1 and 925 hPa wind speed > 12 m s−1. An alternative condition to 

this detection requirement is CRV > 4 × 10−5 s−1 so that TC eyes and EXs’ central weaker wind areas can 

be captured. Wind speed from 925 hPa is used for this calculation, for it is a commonly found lower 
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model level above the surface level. Surface level winds are not used since they can be greatly distorted 

by complex topography. The 12 m s−1 threshold is obtained using a log wind profile from the 8 or 9 m s−1 

surface outer wind speed threshold often found in TC-size-related studies using ERA5 or climate models 

(e.g., Stansfield et al., 2020; Bian et al., 2021). The smoothed CRV field is used to control the boundary 

of an LPS so that the outer wind fields are less likely to connect with an unrelated system nearby. Each 

detected size blob is then assigned to a detected LPS node if the node is within 5◦ GCD of the centroid of 

the blob at the same timestamp, or otherwise within the region bounded by the minimum/maximum 

latitude/longitude (extent) of the blob. Information on the centroid, extent, and size (area) of each blob 

can be directly output by TE. If multiple nodes are found for one blob, the blob is assigned to the node 

with the lowest MSLP. Next, the areas of all the blobs paired with each node are added together as raw 

LPS sizes (areas). 

To avoid misclassifying EXs/SCs as TLCs near shorelines with elevated topography, we adjust 

the raw LPS size if the LPS is close to those shorelines with its wind field largely affected by topography. 

Specifically, we multiply the raw LPS size by 2 if only 30 to 70% of surface geopotential within 5◦ GCD 

of an LPS is smaller than 7000 m2 s−2 (approximately the 925 hPa level). This adjusted LPS size is defined 

as LPSAREA (in km2). For a quick comparison, the sizes of 2010-2021 western North Pacific TCs 

computed by our method and the sizes given by the Japan Meteorological Agency in IBTrACS have a 

reasonably high correlation coefficient of 0.63, with very high statistical significance. Furthermore, the 

average and median global PL size (in radius) given by LPSAREA is 231 and 206 km. which are very 

close to the 221 and 200 km suggested by the PL radius records in the STARS dataset. The non-adjusted 

(raw) LPS size computed by this method is included as the “RAWAREA” column in the input catalog. 

LPSAREA parameter is automatically computed for all LPSs in the SyCLoPS software. 
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2.9 Supplements 

 Text 2.S1. Track Matching in the Objective ERA5 LPS dataset 

TC track matching: A match between the ERA5 LPS dataset and IB-TC is realized when they lie 

within 2◦ GCD of each other at the same timestamp. 98% of the 3510 IB-TC tracks are matched, which 

forms the matched TC dataset. Additionally, we obtain the matched tropical LPS dataset, of which 96% 

of the 4495 tracks are matched, by comparing it to main-type tracks in 1979-2021 IBTrACS without the 

34 knots wind speed filter. This unfiltered version of IBTrACS is also used for the LPS label POS 

computation described in Sec. 3 and the selection of the tropical/subtropical cluster discussed in Text 

2.S2. 

MS track matching: Detected ERA5 LPS tracks having at least 5 nodes lying within 5◦ GCD of a 

record in the daily-frequency Sikka dataset on the same date are considered matches. 88% of the 350 

Sikka tracks are matched, which forms the matched MS dataset. 

SS track matching: A match between the ERA5 LPS dataset and the ERA5 

manually-tracked Mediterranean cyclone dataset is realized when they lie within 2◦ GCD of each other at 

the same timestamp. 98% of the 129 Mediterranean cyclone tracks, which consist of mainly SSs and SCs, 

are matched. Then, potential SSs (STLCs) are chosen by the method described in Section 2, forming the 

matched SS dataset. 

PL track matching: We first round the hourly timestamps in the STARS archive to the nearest 3-

hourly timestamps. Detected ERA5 tracks having the most nodes lying within 3◦ GCD of a record in the 

STARS dataset at the same timestamp are considered matches. 63% of the 186 STARS tracks are 

matched, which forms the matched PL dataset. 

EW track matching: Detected ERA5 LPS tracks having the most nodes lying within 5◦ GCD of a 

record in the objectively-tracked EW dataset at the same timestamp are considered matches. 44% of the 

1396 easterly wave tracks are matched, which forms the matched EW dataset. 

Text 2.S2. Selection of the Tropical/Subtropical Cluster and Sensitivity Test 
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To make the two clusters more alike in terms of their latitudinal locations, warm cores, and underlying 

SSTs, we first select a set of candidates LPS tracks that are more likely to be largely non-

tropical/subtropical and have a more stable warm core for the subtropical 

cluster: 

1. The track is within the year range of 1979-2021 and cannot be a match to any tracks in the 

non-filterd IBTrACS. 

2. The track must begin poleward of 20◦ latitude from the equator to demonstrate a potential non-

tropical origin. 

3. The track must have at least five time steps within 25◦ to 50◦ latitudes from the equator. 

4. The track must establish at least five time steps with both upper- and lower-level warm cores 

(UPPTKCC < 0 m2 s−2 and LOWTKCC < 0 m2 s−2). 

Tracks in the non-filtered IBTrACS are considered candidates for the tropical cluster. Next, we 

choose LPS nodes from both candidate track sets that meet the subtropical latitudinal requirement of 20◦ 

to 45◦ from the equator (a range of latitudes that frequently host both TCs and SCs), the warm-core 

requirement of UPPTKCC < 0 m2 s−2 and LOWTKCC < 0 m2 s−2, and a potential minimum underlying 

SST (data from ERA5) requirement to only include subtropical cluster’s LPSs over a comparable SST to 

that of the tropical cluster. According to observations, almost all TCs with a maximum wind speed over 

35 knots in IBTrACS are over 288 K SSTs, and over 95% of those TCs are over 293 K SSTs (Stansfield 

& Reed, 2021). We find that the final classification could be sensitive to the SST requirement chosen. 

Hence, we select a range of minimum SST requirements from 288 K to 295 K with an interval of 0.5 K to 

perform a sensitivity test on the optimal thresholds needed for the decision trees. 

As shown in Fig. 2.S2, DEEPSHEAR is not sensitive to the SST threshold we choose for the 

requirement, and its threshold is stable at around 10 m s−1. Beyond 293.5 K, the decision trees with a 

depth of 2 only split on DEEPSHEAR (RH100MAX becomes indecisive) as the sample size of the 

subtropical cluster decreases more quickly, making the two clusters more imbalanced. This could mean 
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that a larger proportion of tropical LPS nodes are falsely included in the subtropical cluster at this point. 

For the SST range of 288-293.5 K, sample sizes of the two clusters are comparable, ranging between 50 

and 80 thousand. RH100MAX thresholds (shown with the blue line) within this range are averaged at 

20% and they are also most stable around the 20% level after being rounded off to the nearest 5% as 

indicated by the gray line. Hence, RH100MAX=20% and DEEPSHEAR=10 m s−1 is considered the 

optimal combination to separate the two clusters. Accuracy scores for these decisions range from 77% to 

80%. We use the threshold of SST ≥ 291 K to produce an example result for Fig. 2.3. The dashed line in 

Fig. 2.S2 shows the decision tree with a depth of 1 when only RH100MAX is considered. The threshold 

of RH100MAX in this situation is more stable at about the 50-55% levels, with a roughly 74% accuracy 

score. 

Text 2.S3. Quasi-stationary Track Condition 

We calculate three additional track parameters in the Python classifier, which are track linearity, track 

spread, and track inland ratio, to label QS tracks. Track spread is the standard deviation of the distance 

between each node in a track and the first track node; track linearity is the Pearson correlation coefficient 

of all the nodes within a track on the latitude-longitude coordinate; and track inland ratio is the percentage 

of nodes located within 1◦ GCD of any inland areas, which are defined as those grid points with surface 

geopotential exceeding 150 m2 s−2. One may expect a typical quasi-stationary LPS to be meandering and 

bouncing around some topographical features within a limited region. Hence, the linearity of those tracks 

should be low, the deviation of track nodes from the first detected track node should be rather small, and 

they reside mostly inland or close to shorelines. We select a set of quasi-permanent LPSs near Colombia 

in South America as being representative of quasi-stationary tracks. They exist year-round, potentially 

due to the positive feedback between rainforest evapotranspiration and mesoscale convection (Poveda et 

al., 2014). Drawing from the intuition mentioned above, we optimize the three quasi-stationary thresholds 

of the three parameters by maximizing the filtering of the Colombia LPSs and minimizing the overlap 

between the matched TC tracks and the selected quasi-stationary tracks. The final decision for the quasi-



 62 

 

stationary track condition is that a track needs to have a track linearity lower than 0.55, a track spread 

smaller than 3◦ GCD, and a track inland ratio greater than 65%. 

Text 2.S4. Alternatives to WS200PMX criteria 

In regional models, one may assume the region covers mostly polar regions or the subtropics, so 

the WS200PMX criteria are unnecessary (i.e., it will be either SS and SC or PL and EX in the 

extratropical branch). If the model domain does not cover very high latitudes (i.e., 65◦ or higher), in the 

event that the polar jet/front is further poleward of the domain limit, one may use the following 

alternatives when WS200PMX of an LPS is lower than 30 m s−1 in the SC condition and 25 m s−1 in 

separating PLs:  

DEEPSHEAR and T850 are considered alternatives to WS200PMX. For the alternatives to the 

SC condition, the decision tree classifier selects the WS200PMX alternative criterion in the SC condition 

based on two clusters of 100 thousand node samples selected using the WS200PMX > 30 m s−1 and 

WS200PMX ≤ 30 m s−1 thresholds. The result shows that DEEPSHEAR > 14 m s−1 and T850 > 273 K is 

the best combination, giving a 77% accuracy score. If temperature thresholds are deemed to be avoided 

under global warming scenarios, DEEPSHEAR > 12 m s−1 alone is also acceptable with a 72% accuracy 

score. 

The alternatives to the WS200PMX criterion for distinguishing PLs and SSs following the TLC 

condition are found in a similar way as in the SC condition. Results show that DEEPSHEAR < 11 m s−1 

and T850 < 273 K is the best combination, giving an 80% accuracy score. Similarly, DEEPSHEAR < 11 

m s−1 alone is also acceptable with a 77% accuracy score. One can also choose to treat PLs and SSs as a 

single type of LPS in a region, so this criterion is not needed for the TLC condition. 

Text 2.S5. Justification of Parameter Specifications 

It’s nearly impossible to additionally optimize every parameter selection process (i.e., 

determining the optimized GCD used in some parameters), as it will require significantly larger time 

complexity to compute. Most of the chosen parameter specifications are derived directly or indirectly 

from previous studies. Here is a brief justification of some of the chosen parameters: 



 63 

 

1. MSLPCC55, UPPTKCC: These are the same parameters used in the previous TE’s TC 

tracking algorithms (Zarzycki & Ullrich, 2017), which have been optimized with respect to the 

GCD distance. The 1◦ GCD offset allowance in UPPTKCC to search for a thickness maximum 

is also used in Zarzycki & Ullrich (2017) based on observational intuition. They also found 

that the TC detection result is relatively insensitive to this offset value. 

2. MSLPCC20: The 2.0◦ GCD specification in MSLPCC20 is chosen to represent the “core” of 

cyclones. For example, Weatherford and Gray (1988) defined the TC outer core as the 1◦ - 2.5◦ 

GCD region from the TC center. The region outside of the core may be regarded as the outer 

region/wind field (i.e., within the 5.5◦ GCD as specified in MSLPCC55). 

3. VO500AVG, RH100MAX, RH850AVG: The 2.5◦ GCD specification is chosen in accordance 

with MSLPCC20 with a 0.5◦ GCD buffer given that they are upper-level parameters. 

4. MIDTKCC, LOWTKCC, Z500CC: Rather than being assessed for a particular value, these 

three parameters are computed only to confirm if they are non-zero. Specifically, they indicate 

whether there are warm cores or a 500 hPa closed circulation close to the core of an LPS. 

Hence, a rather small GCD of 3.5◦ is used with a 1.0◦ offset allowance. Since we only need to 

know if a low-level warm core is present, it should be acceptable— though untested—to 

replace the 925 hPa geopotential needed for LOWTKCC with 850 hPa geopotential if some 

datasets or models use a vertical coordinate system with missing values below the surface. 

5. DEEPSHEAR: The 10◦ GCD specification is chosen to be reasonably large to reflect the local 

large-scale environment. 

6. U850DIFF: The 5.5◦ GCD specification is chosen to be the same as MSLPCC55. 

7. WS200PMX: The 1.0◦ offset allowance is chosen to be the same as for the others. 
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Figure 2.S1. 1979-2022 mean RH100MAX at each grid point. The black solid-line contour is the 20% 

RH100MAX threshold we choose for the tropical condition. 

 

Figure 2.S2. Sensitivity of RH100MAX and DEEPSHEAR thresholds to the minimum SST requirement 

used in the decision tree classifier. See Text 2.S2 for details. 
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Figure 2.S3. (a) T850 distribution of potential tropical systems that already satisfy the RH100MAX and 

DEEPSHEAR thresholds of the tropical condition in the workflow, and (b) percentage distribution of 

U850DIFF for the matched MS dataset (blue) and EW dataset (orange). Red dots indicate the thresholds 

we choose for the tropical condition and the MS condition. 

 

Figure 2.S4. An example of an “embedded” TLC on Jan 16, 2023 in the North Atlantic. 

This storm was later recognized as a notable off-season subtropical storm in National Hurricane Center’s 

2023 best track, indicating its potential to become a “real” TC. (a) shows its visible satellite image near 

peak intensity. A developed eyewall structure can be clearly seen. Its 925 hPa wind and MSLP field 

during the same time are shown in (b). We can see that its 987 hPa core (the TLC portion) was embedded 

within a synoptic-scale cyclonic circulation, where winds of near-gale scale were widespread. A weaker 
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MSLP minima was also developing to the north of the TLC at this time, kicking off a twin-cyclone 

system. 

 

Figure 2.S5. Frequencies (in percentages) of each type of LPS labels in our classified LPS catalog. 
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Figure 2.S6. (a) An illustration of LPS size blobs and (b) precipitation blobs with LPS labels when they 

are paired with labeled LPS nodes and tracks. We choose a time slice that contains all four types of high-

impact LPS (TC, MS, SS and PL), which include 2021 Typhoon "Malou" and 2021 Cyclone “Appolo,” 

a.k.a. Medicane (Mediterranean hurricane) “Nearchus.” These labeled ERA5 LPS size and precipitation 

blob files are available in the dataset on Zenodo (see Chapter 2.10). 
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Figure 2.S7. As in Fig. 2.10, but for two interesting TC cases in the North Atlantic basin. 

 

Figure 2.S8. As in Fig. 2.10, but for two marginal TC cases. (a) is a classic tropical transition case 

happened near Australia (the “Duck”), and (b) shows an example of a South Asia monsoonal system 

recorded as a land depression by Indian Meteorological Department in IBTrACS. They both labeled “TC” 

four times by our classification, but are not recorded as TCs in IBTrACS, potentially because they are too 

transient to be realised by the agencies and that they are close to or over land as when they form. 
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Figure 2.S9. As in Fig. 2.10, but for two TLC cases. (a) is a well-studied 1995 medicane, as documented 

in Pytharoulis et al. (2000), Emanuel (2005), and others. (b) is a polar low described as “a most beautiful 

polar low” in Nordeng and Rasmussen (1992), as shown by its beautiful eye on satellite images before 

making landfall. 

2.10 Software and Published Datasets 

The SyCLoPS software is publicly available through the GitHub repository: yepkids/SyCLoPS. 

The software consists of two primary components: a main driver program that wraps all 

TempestExtremes (TE) commands using Python subprocesses, and a classifier module that performs the 

low-pressure system (LPS) classification workflow. After specifying the required variable names and 

input files, users can execute the main program by following the prompts provided in the software. The 

workflow generates an intermediate LPS catalog containing all parameters required for classification, 

followed by a final catalog containing the classified node- and track-level labels for each detected LPS. 

Detailed installation instructions, implementation guidance, and documentation of all software updates 

are available in the GitHub repository. 

Major improvements introduced since the initial release of SyCLoPS include: 

https://github.com/yepkids/SyCLoPS
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1. Resolution-dependent TC criterion: A variable MSLPCC20 threshold is introduced for TC 

classification and is automatically adjusted according to the horizontal grid resolution of the input 

dataset to optimize TC detection skill. 

2. Improved track stitching: The prioritizing option in TE's StitchNodes utility, together with an 

additional stitching refinement algorithm implemented in the classifier, minimizes "jumpy nodes" 

and erroneous track connections in 6-hourly LPS tracking (see Text 3.S2). 

3. Adjusted labels: An Adjusted_Label column in the classified catalog is introduced to reduce 

uncertainties arising from hard threshold criteria and noise in reanalysis and model data (see Text 

3.S3). 

4. Refined extratropical transition detection: The extratropical transition detection scheme is 

improved to further reduce errors in determining the timing of extratropical transition completion 

(see Text 3.S4). 

5. Hybrid TC classification: A new “Hybrid TC” label is introduced to recover previously missed 

TC detections in the North Atlantic (see Text 4.S1). 

6. Simplified classification workflow: In the latest pre-release version of SyCLoPS, several 

ambiguous or unnecessary labels within the High-altitude and Dryness branches have been 

removed to produce a more physically intuitive classification workflow. The updated workflow is 

illustrated in Figure 2.S10. 
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Figure 2.S10. As in Figure 2.1, but for a depiction of the updated LPS classification workflow in the 

latest pre-release version of SyCLoPS. 

 Published dataset relevant to Chapter 2: SyCLoPS ERA5 Low-Pressure System (LPS) Dataset. 

Zenodo. DOI: 10.5281/zenodo.10906284. 

 

 

 

 

 

https://doi.org/10.5281/zenodo.10906284
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Chapter 3. The Evolution of Tropical Cyclone Intensity and Size in 

Observations and HighResMIP Models 

3.1 Abstract 

The destructive potential of a tropical cyclone (TC) depends on both its intensity and size, yet the 

coupled evolution of these properties remains insufficiently explored. This study investigates TC 

intensity–size relationships of TCs in observations and historical simulations from 12 HighResMIP 

models in the North Atlantic (NA) and western North Pacific (WNP). We apply the System for 

Classification of Low-Pressure Systems (SyCLoPS) to track TC life cycle and a novel quadrant wind radii 

calculation mirroring the IBTrACS format to enable consistent model–observation comparisons. 

SyCLoPS effectively removes weak tropical and extratropical systems misidentified as TCs in a 

conventional tracker, leading to improved TC tracking performance in ERA5 and models. TC track types 

are classified by their precursors and posterior scenarios based on SyCLoPS and IBTrACS labels. They 

are also grouped by intensity–size evolutionary pathways defined by peak intensity, size at peak intensity, 

and terminal size. Tropical depressions are more likely to intensify into intense but compact TCs, whereas 

monsoon depressions in the WNP and TCs undergoing extratropical transition tend to grow substantially 

in size as they evolve. In observations, the largest TCs are not the most intense and generally occur at 

higher latitudes. In contrast, most models have the strongest TCs reach peak size at lower latitudes. Only 

the highest-resolution (~20 km) model assessed captures intense, compact TCs that are common in 

observations. Despite this, the model ensemble mean performs comparably to ERA5 regarding TC track 

density, TC track type compositions, and differences in intensity and size characteristics between ENSO 

phases. 
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3.2 Introduction 

Tropical cyclones (TCs) are among the most destructive weather phenomena, impacting coastal 

regions with strong winds, heavy rainfall, and storm surges (Hagen, 2025; Needham et al., 2015; Peduzzi 

et al., 2012). TC intensity determines localized wind damage, while size influences wind duration and the 

extent of storm surge and rainfall (Irish et al., 2008; Lin et al., 2015; Matyas, 2010; Powell & Reinhold, 

2007). Examining TC evolution in intensity–size space thus provides a more complete view of their 

development and destructive potential.  

Musgrave et al. (2012) compared the time evolution of TCs to the main sequence of stars by 

drawing an analogy between an intensity-size diagram and a Hertzsprung-Russell (H-R) diagram. Using 

the analogy, TCs can be separated into four categories: "weak dwarf (WD)," "strong dwarf (SD)," "super 

giant (SG)," and "weak giant (WG)." Over the 2024 Atlantic hurricane season, Helene, the deadliest 

storm of the year, was one of the largest U.S. landfalling TC according to the International Best Track 

Archive for Climate Stewardship (IBTrACS; Knapp et al., 2010), even surpassing Katrina (2005). Helene 

was large and moderately intense, fitting the SG category. In contrast, Milton, which arrived shortly after 

Helene, was compact but extremely intense, representing a SD. These examples illustrate two destructive 

TC evolutionary pathways: storms that grow both large and intense (see Dunnavan & Diercks, 1980), and 

those that remain small but reach extreme strength (see Hawkins & Imbembo, 1976). The deadly 

hurricane Noel (2007), which traced across Hispaniola and Cuba, exemplifies WGs—weak but 

exceptionally large systems that still cause massive damage even as a post-TC. The different 

characteristics of each TC evolutionary pathway imply the need for tailored disaster mitigation strategies. 

 The relationship between intensity and size as TCs evolve has been explored through idealized 

simulations (e.g., Kilroy et al., 2017; Musgrave et al., 2012; Ooyama, 1969) and observations (Chavas et 

al., 2016; Chen et al., 2022; Ruan & Wu, 2022; Song et al., 2020). In model simulations, TCs often 

continue to grow larger and reach their lifetime maximum size (LMS) after reaching their lifetime 

maximum intensity (LMI). In western North Pacific (WNP) observations, Song et al. (2020) found that a 
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TC can reach its LMS before its LMI, or vice versa, depending on the peak intensity of the TC, the 

latitude, and the large-scale environment. Chen et al. (2022) classified TCs into two groups: one with a 

low linear regression coefficient (RC) between intensity and size, and one with a high RC. They found 

that high-RC TCs expand more rapidly and are more frequently found at higher latitudes, suggesting links 

between size expansion and the local Coriolis parameter 𝑓 (Chan & Chan, 2014; Chavas & Emanuel, 

2014; Smith et al., 2011). Moreover, studies have shown that a larger initial size of the pre-TC vortex may 

favor rapid expansion but suppress rapid intensification (Carrasco et al., 2014; Cocks & Gray, 2002; Lee 

et al., 2010; Martinez et al., 2020). While most studies focus on the mature or developing stages of the TC 

life cycle, Nguyen & Schenkel (2025) investigated changes in the outer size of TCs during extratropical 

transition (ET) in reanalysis and found that TC size remains largely unchanged until the end of the 

transition. Despite previous efforts, a comprehensive analysis and detailed classification of TC intensity-

size pathways based on the entire lifecycle of observed TCs is lacking. 

Despite being extensively explored in idealized simulations focused on individual TCs, the 

general TC intensity-size relationship has received much less attention in climate models. Wu et al. 

(2015) investigated a 9-km regional model and found that the model failed to reproduce the TC intensity-

size relationship in the WNP shown by satellite-based TC wind field observations from 2007-2013. 

Schenkel et al. (2018) investigated North Atlantic (NA) and WNP TC size evolution in a GFDL high-

resolution (~25 km grid spacing) model. They found that the model's patterns of TC size evolution 

generally align with those in the reanalysis and are partially controlled by TC track patterns (i.e., track 

orientation) and size at genesis. Kreussler et al. (2021) examined TC integrated kinetic energy (IKE; 

Powell & Reinhold, 2007)—a metric primarily controlled by TC size—in three sets of high- and low-

resolution CMIP6 endorsed High-Resolution Model Intercomparison Project (HighresMIP; Haarsma et 

al., 2016) models. They concluded that compared to the low-resolution models, high-resolution models 

simulate stronger, albeit smaller, TCs, and that coupled simulations exhibit similar behavior despite lower 

overall intensity. To the best of the authors’ knowledge, no studies have drawn direct comparisons of TC 

size between HighResMIP models and observations of any kind. 
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An obstacle to analyzing the complete life cycle of TCs in models is an accurate and consistent 

objective detection framework. However, the recently developed System for Classification of Low-

pressure Systems (SyCLoPS; Han & Ullrich, 2025), based on the state-of-the-art feature detection 

software TempestExtremes (TE; Ullrich et al., 2021; Ullrich & Zarzycki, 2017), provides a complete and 

consistent framework for labeling every detected low-pressure system (LPS) node, thereby distinguishing 

the pre-TC, TC, and post-TC stages of a detected TC track. This approach also substantially boosts TC 

detection skill scores compared to the original TE-based algorithm. The current study presents several 

enhancements to SyCLoPS, improving its applicability to models with varying grid resolutions. 

Furthermore, we develop an algorithm in TE that can conveniently output a set of four quadrant wind 

radii for each detected TC node in a format that matches IBTrACS. With these developments, one can 

track the evolution of TC intensity and size over time in model simulations and classify their evolutionary 

pathways according to their precursors and post-TC (posterior) scenarios. Model performance for TC 

track density, intensity and size can also be validated directly against IBTrACS with higher reliability.  

This study evaluates the evolution of TC intensity and size in the NA and the WNP—the two 

basins that have very active TC activity and relatively high-quality observations—in both observations 

and a suite of high-resolution climate model simulations from HighResMIP. Chapter 3.3 introduces the 

models and observations used for evaluation and explains our TC tracking algorithms and TC size 

calculation method. Chapter 3.4 discusses the advantages of using SyCLoPS for tracking TCs to more 

accurately represent TCs in climate models, followed by an overview of TC intensity and size in 

observations in Chapter 3.5 and model evaluations in Chapter 3.6. 

3.3 Data, Tracking, and TC Size Estimation 

 3.3.1 Model data 

 We analyze outputs from nine atmosphere-only (highresSST-present) simulations from 9 selected 

HighResMIP models, with each simulation representing a model, and three coupled (Coup.) simulations 

(hist-1950) from three of these models. All simulations run from 1950 to 2014. All models have a 
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nominal resolution of either 25 or 50 km. Models with coarser nominal resolution are not considered 

since they are likely not sufficient for resolving the TC surface wind structure as required in this study. 

All atmosphere-only simulations use sea surface temperature (SST) and sea ice conditions from the 

Hadley Centre Global Sea Ice and Sea Surface Temperature data set (HadISST.2.2.0; Kennedy et al., 

2017). Table 3.1 provides a summary of model simulations considered in this study. 

Model Run Atmospheric 

mesh spacing 

at equator 

(km) 

Lat × lon, level Analysis 

grid (º) 

Reference 

CNRM-CM6-1-HR r1i1p1f2; 

r1i1p1f2 

(coupled) 

55 360 × 720, 91 0.5 × 0.5 Voldoire 

(2019) 

EC-Earth3P-HR r1i1p1f1 39  512 × 1024, 91 0.35 × 0.35 Consortium 

(EC-Earth) 

(2018) 

ECMWF-IFS-HR r1i1plf1; 

r1i1plf1 

(coupled) 

25 800 × 1600, 91 0.5 × 0.5 Roberts et al. 

(2017) 

ECMWF-IFS-LR r1i1plf1 50 400 × 800, 91 1 × 1 Roberts et al. 

(2017b) 

HadGEM3-GC31-

HM 

r1i1plf1; 

r1i3p1f1 

(coupled) 

39 768 × 1024, 79 0.23 × 0.35 Roberts (2017) 

IPSL-CM6A-ATM-

ICO-VHR 

r1i1plf1 25 720 × 1440, 79 0.25 × 0.25 Boucher et al. 

(2022) 

IPSL-CM6A-ATM-

ICO-HR 

r1i1plf1 50 360 × 720, 79 0.5 × 0.5 Boucher et al. 

(2022a) 

MRI-AGCM3.2-S r1i1plf1 20 960 × 1920, 64 0.1875 × 

0.1875 

Mizuta et al. 

(2019) 

MRI-AGCM3.2-H r1i1plf1 60 320 × 640, 64 0.5625 × 

0.5625 

Mizuta et al. 

(2019a) 

Table 3.1. Model descriptions of selected HighResMIP simulations. 

 3.3.2 Observations 

 IBTrACS is a well-known global TC observation dataset that integrates best track data provided 

by regional specialized meteorological centers (agencies) designated by the World Meteorological 

Organization (WMO). Due to discrepancies among agencies and changes over time in observational 

technologies, wind measurement standards, and operational procedures, care must be taken when 

comparing tropical cyclone records across basins (Schreck et al., 2014). One notable difference arises 
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from discrepancies in maximum wind speed measurement standards (wind averaging periods) adopted by 

different regional agencies. For example, U.S. agencies, including the National Hurricane Center (NHC) 

and the Joint Warning Center (JTWC) use a 1-min averaging period, whereas most of the WMO regional 

agencies use a 10-min period. Thus, the number of observed TC tracks and nodes varies slightly 

depending on the chosen standard for processing IBTrACS data. See Supplements (Chapter 3.10) Text 

3.S1 for details on how this discrepancy affects the performance of TC tracking. 

 For the purposes of this study, we process IBTrACS as follows: (1) Records that are not recorded 

at hours of 0, 6, 12, and 18 are removed. (2) If available, wind speed data provided by WMO regional 

agencies are used for the analysis. However, if the data is missing, we use JTWC wind estimates after 

converting them to match the averaging period used in the target basin (the NA and WNP) via the 

conversion ratios for at-sea TCs suggested by Harper et al. (2010). (3) All tracks that never reach 34 knots 

(kt) are removed; remaining tracks are defined as observed TC tracks. (4) An observed TC node in a track 

is defined as a record with at least a 34 kt maximum wind speed that is not labeled as extratropical, 

subtropical, or post-tropical by both the WMO and a U.S. agency. 

 IBTrACS also contains consistent wind radii observations in units of nautical miles (n. mile; 1 

n.mile = 1.852 km) from 2001 onward in most basins and provided by U.S. agencies. When available, 

these wind radii data are used in both the WNP and NA. Wind radii data from the extended best track 

(EBT; Demuth et al., 2006) are used to supplement missing radii data from 1988 to 2001 in the NA basin. 

Wind radii are normally recorded for all TCs with an intensity above 34 kt. Some scattered, small along-

track gaps in the wind radii data in both basins are filled by linear interpolation. The resulting 

observational dataset covers the period from 1988 to 2024 in NA and from 2002 to 2024 in WNP. Only 

the overlapping periods are analyzed when observations are compared to model outputs. The overlapping 

period is 1988-2014 in the NA and 2002-2014 in the WNP. 

 We use the 0.25° ERA5 reanalysis (Hersbach et al., 2020) and a conservatively regridded 1° 

ERA5 (the lowest grid resolution among our models) to evaluate the sensitivity of the trackers to grid 
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resolution. TC intensity and size derived from the two ERA5 datasets are presented in figures alongside 

the model results for comparison. 

 3.3.3 Tracking algorithms 

In this study we compare two TE-based trackers: the original TE-based TC tracking algorithm, 

referred to as the ZU method or ZU (Ullrich et al., 2021; Zarzycki & Ullrich, 2017) and SyCLoPS. 

Compared to non-TE-based trackers, ZU was shown to have the best detection skills, as measured by hit 

rate minus false alarm rate (HRMFAR), among all investigated trackers for the ERA5 reanalysis (Bourdin 

et al., 2022). SyCLoPS tracks all types of LPSs globally without topographic restrictions and further 

reduces false alarms among global detected TC tracks in ERA5 compared with ZU (Han & Ullrich, 

2025). Therefore, SyCLoPS is used as our primary TC tracking algorithm. Links to the latest SyCLoPS 

and TE software repositories can be found in the Open Research section. TCs detected in the two target 

basins are selected based on the basin boundaries depicted in Figure 3.S1. 

Both ZU and SyCLoPS require TCs to have a strong upper-level warm core and a steep mean 

sea-level pressure (MSLP) gradient. However, a warm-core criterion alone is likely insufficient to 

distinguish many warm-core or warm air-secluded extratropical systems (Bourdin et al., 2022; Han & 

Ullrich, 2025; Hart, 2003). SyCLoPS also verifies the tropical characteristics of the system using a 100 

hPa relative humidity threshold and a large-scale deep-layer shear threshold. Additionally, we introduce a 

regression formula that adjusts the MSLP gradient threshold in SyCLoPS’s TC detection configuration to 

account for varying model resolutions, thereby maximizing SyCLoPS's TC detection skill at any 

resolution. ZU enforces that all LPSs at the node level be TC candidates, so all final tracks are considered 

fully TC in nature. SyCLoPS tracks arbitrary LPSs and then labels each node, which permits TCs to be 

defined both at the node and aggregate track level. Here, only “TC” labeled nodes along “TC” labeled 

tracks are selected from the SyCLoPS dataset. Appendixes 3A and 3B provide details of the tracking 

algorithms implemented in this study.  

SyCLoPS’s use of distinct node and track labels provides us an opportunity to evaluate TC 

detection hit rate (HR) and false alarm rate (FAR) at both levels. Tracker performance at the track level is 



 84 

 

measured using the HRMFAR metric for both algorithms and critical success index (CSI) when 

evaluating SyCLoPS at the node level. HR and miss rate (MR) of TC tracks is defined as the proportion 

of IBTrACS tracks that are listed by the tracking algorithm (i.e., hits) and missed by the algorithm (i.e., 

misses). A hit (miss) is marked when a detected TC track contains a node that is (not) found within 2.0° 

great-circle distance of an IBTrACS record at the same timestamp. The FAR for TC tracks is defined as 

the proportion of tracks listed by the tracking algorithm that don’t correspond to a track in IBTrACS. At 

the node level, hit and false alarm rates (node HR and node FAR) are calculated similarly. A hit occurs 

when a TC-labeled node in SyCLoPS is found within 2.0° of an observed TC node in IBTrACS; 

otherwise, it’s labeled as a miss. A false alarm (FA) occurs when no TCs in IBTrACS are found within 

2.0° of a TC-labeled node in SyCLoPS. The CSI is defined as: 

 
𝐶𝑆𝐼 =

ℎ𝑖𝑡𝑠

ℎ𝑖𝑡𝑠 + 𝑚𝑖𝑠𝑠𝑒𝑠 + 𝑓𝑎𝑙𝑠𝑒 𝑎𝑙𝑎𝑟𝑚𝑠
 

(3.1) 

 3.3.4 Track type 

 TC tracks may be further labeled using pre-TC and post-TC status using the SyCLoPS LPS track 

and node labels. Pre-TCs may be labeled as monsoon depressions (MDs), tropical depressions (TDs), or, 

in some rare cases, extratropical cyclones. Post-TCs may be labeled as extratropical systems if they have 

completed ET. Consequently, TC tracks can be placed into several categories based on TC precursor 

labels (precursor type) and post-TC scenario (posterior type). Precursor types include TD, MD, and 

tropical transition (TT), whereas posterior types include landfall (LD), ET, and Non-ET (NT). IBTrACS 

agencies provide enough TC status labels for the observed TC tracks to justify ET in two basins. 

However, observations lack specific classification before TC genesis. Therefore, we use LPS tracks 

identified by SyCLoPS in ERA5 and pair them with each IBTrACS TC track to complete the pre-TC 

classification. SyCLoPS detects all types of LPS tracks, including extremely weak features. 

Consequently, 98% of the observed tracks have an ERA5 counterpart. 
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 A TT precursor type is assigned to tracks that were once identified as non-tropical systems in 

SyCLoPS before being labeled as TCs. From the remaining tracks, the precursor type is classified as an 

MD type if the track is labeled a "monsoonal system (MS)" in SyCLoPS, otherwise it is classified as a TD 

type. In SyCLoPS, a track is labeled as a MS track when a weak tropical LPS is embedded in a 

sufficiently moist, predominantly westerly wind low-level monsoonal environment for a minimum 

prescribed duration. See Han & Ullrich (2025) for details on the classification workflow and the physical 

justification for the classification. For the posterior type, a LD label is given when a TC is on land 

equatorward of 40° following its TC stage. If the track is not assigned the LD label, it is labeled as an ET 

if the LPS transitions into an extratropical system (except for extratropical disturbance) within 18 hours of 

the last TC label in SyCLoPS. The ET labeling condition has been optimized against IBTrACS 

observations in the WNP and NA using ERA5 data, which identifies 91% of ET tracks matched in 

IBTrACS with a comparable ET fraction. Additional details are provided in Text 3.S4 and Figure 3.S2. 

Observed ET tracks are identified by TC status labels in IBTrACS. The remaining tracks are designated 

"Non-ET (NT)" for their posterior type. These are TCs that weaken significantly over the ocean due to a 

deteriorating environment. 

 Next, tracks are divided into seven categories in the WNP and five categories in the NA, based on 

the precursor and posterior type mentioned above. The categories are MD-LD, TD-LD, MD-ET, LD-ET, 

MD-NT, TD-NT, and TT in the WNP, and MD, TD-LD, TD-ET, TD-NT, and TT in the NA. TT is a 

relatively rare precursor type in both basins, and MD is relatively rare in the NA, so they are not further 

divided into three sub-categories. Figure 3.1 illustrates the tracks and their categories in both basins.



 86 

 

 

Figure 3.1. Tracks of TC in different track categories based on precursor types (TD, MD, TT) and 

posterior type (LD, ET, NT). 

 3.3.5 TC size estimation 

 A threshold of 34 kt, the minimum near-surface (10 m) wind speed required for damaging gale-

force winds and a named TC, is often used to evaluate TC size. In IBTrACS, this threshold is applied in 

each quadrant (i.e., northeast, southeast, southwest, and northwest) to give TC size in terms of wind radii 

(R34). R34 has also been used to quantify TC size in many previous studies focusing on observations and 

operational forecasts (e.g., Cangialosi & Landsea, 2016; Chan & Chan, 2015; Quiring et al., 2011). 

IBTrACS wind radii are classically represented as four uniform R34 radii in quarter circles (Figure 3.2a), 

and TC size sometimes calculated by averaging over the four quadrants (Cangialosi & Landsea, 2016; 

Quiring et al., 2011). However, this metric underestimates the size of asymmetric TCs (i.e., TCs with 

large variations between quadrants) because area scales with the square of the mean radius and the 

variance of the four quadrants, so the mean radius does not conserve TC size under different magnitudes 

of asymmetry. Many studies also use the average of the nonzero quadrantal radius to represent TC size 

(e.g., Avenas et al., 2023; Chavas & Knaff, 2022; Sampson et al., 2017). However, this method can 

overestimate TC size when the asymmetry is large, especially when a zero radius (34 kt threshold not 
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reached) occurs in some quadrants. Instead, we propose to linearly interpolate 360 radius values between 

the center of each quadrant to best represent the smoothly varying wind field in real TCs (Figure 3.2a). 

This imitates the operational wind radii representation graphics of the Advanced Dvorak Technique 

(ADT; Olander & Velden, 2007, 2019) that are available in real-time online (Figure 3.2b). Herein, TC 

size (𝑅𝑠𝑖𝑧𝑒) is defined as the radius of the circle whose area is equal to that of the feature demarcated by 

the R34 curve, defined in polar coordinates as 𝑅𝑐(𝜃), and discretized using 1º azimuthal wedges as 

follows: 

 

𝑅𝑠𝑖𝑧𝑒 = √
1

2𝜋
∫ 𝑅𝑐(𝜃)2𝑑𝜃

2𝜋

0

≈ [
1

360
∑ 𝑅𝑐(𝜃𝑖)2

360

𝑖=1

]

1/2

 

 

(3.2) 

 Using equation (3.2), the example TC shown in Figure 3.2b has a  𝑅𝑠𝑖𝑧𝑒 of 55 n.mile, which is 

greater than the 50 n.mile radius calculated by the arithmetic mean of the four quadrants (see dashed 

circles in Figure 3.2a). If the zero-radii southwest quadrant is discarded when calculating the mean, its 

size will inflate to 67 n.mile. 

 Wind speeds in models and reanalysis are typically much lower than reality because of their 

relatively coarse model grids, necessitating lower wind speed thresholds to produce realistic estimates of 

storm size. A storm radius computed with a much lower 10 m wind speed of 6 m/s – 9 m/s (r6 - r9) is 

often used for representing TC size in reanalysis and models (e.g., Schenkel et al., 2018; Stansfield et al., 

2020). These size metrics have been shown to best match a short period of satellite observations for TCs 

in reanalysis products (Bian et al., 2021; Schenkel et al., 2017). However, these metrics average wind 

speeds over all azimuths, again leading to possible underestimation of the size of weaker and more 

asymmetric TCs, and cannot be directly compared to the quadrant format in IBTrACS. 

 Following the insights above, our proposed size algorithm is implemented in TE as follows: We 

first bin grid points within a fixed radius of the storm by quadrant and distance from the center of the 

storm to produce a radial profile of wind speeds within each quadrant. Then, we find the radius 
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corresponding to a particular wind threshold, which is optimized for the model grid spacing. Finally, 

equation (3.2) is then used to compute storm size. See Text 3.S5 for additional implementation details. 

 Note that there is a discrepancy between the definition of the “maximum extent” of the IBTrACS 

quadrantal wind radii and the azimuthally averaged quadrantal wind radii in our size estimate algorithm. 

Namely, we do not adopt the maximum extent approach because it is susceptible to large errors from 

noise in the model's near-surface wind field and from nearby systems in the vicinity. Chavas & Knaff 

(2022) and DeMaria et al. (2009) suggest a conversion ratio of 0.85 between maximum and central or 

mean quadrantal radii. Here, we also apply the 0.85 coefficient to convert IBTrACS data to align with the 

output of our size estimation algorithm. 

 Reanalysis and high-resolution climate models are expected to more accurately simulate mean 

sea-level pressure (MSLP) gradients near TC boundaries than near TC centers. However, wind speed 

biases can still occur due to the limitations in model grid resolution. For model grid spacing between 

0.25º to 1º, the “instantaneous” wind speed is effectively an averaged wind speed over approximately 27 

to 108 minutes. This is significantly longer than the 1-minute and 10-minute averaging periods used by 

most operational agencies. Therefore, the model-derived R34 may not directly correspond to the R34 

metric employed in IBTrACS. To address this discrepancy, we compare the TC sizes of 2500 NA and 

2500 WNP TCs in the most recent IBTrACS records with their corresponding objectively detected TCs in 

different reanalysis products. A range of 𝑅𝑐  from 20 to 40 kt are used to calculate the size of all detected 

TCs. The results in Figure 3.2c indicate that, excluding the small number of underrepresented TCs with 

zero size, the 𝑅𝑐  of TCs in reanalysis data sets, regardless of grid resolution, align best with IBTrACS at 

30-31 kt with a mean absolute error (MAE) of ~25 n.mile. The bias suggests a ~28% uncertainty (relative 

to the average size of selected cases) in the size estimation in reanalysis, which is comparable to the 

uncertainties (~30%) in the NA R34 observations in IBTrACS (Landsea et al., 2012). Note that a 30-31 kt 

wind is equivalent to a 1-min 34 kt wind speed converted to an average wind speed over one hour using 

the 0.90 conversion ratio as suggested by Harper et al (2010). Therefore, the 30 kt wind radius (R30) is 

considered the 𝑅𝑐  and an equivalent measurement to observational R34 for all the models investigated in 
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this study. R30 is then used to calculate TC size (𝑅𝑠𝑖𝑧𝑒) in the models. Finally, consistent with our 

approach for IBTrACS, we apply linear interpolation to fill minor data gaps in 𝑅𝑠𝑖𝑧𝑒 for modeled TC 

nodes that exceed 30 kt intensity but do not have a detectable R30 at any quadrant. 

 

Figure 3.2. (a) Illustration of the quarter circle and interpolated R34 using the quadrantal wind radii 

information given in the lower left of (b), which reads 80, 55, 0, and 65 in the four quadrants. (b) is 

adapted from the ADT real-time website, showing the ADT wind radii analysis on Typhoon Mitag (2025) 

at 20:30 UTC, September 18, 2025. (c) Mean absolute error and mean error between the average TC size 
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(𝑅𝑠𝑖𝑧𝑒) of selected IBTrACS records and corresponding TC nodes within 2º of IBTrACS locations at the 

same timestamp in ERA5 (red), 1º ERA5 (orange), and MERRA2 (blue; Gelaro et al., 2017). 

3.4 Comparing ZU and SyCLoPS TC Trackers 

To highlight SyCLoPS’s strengths in more fairly representing TC performance in earth-system 

models, we first evaluate the performance of ZU and SyCLoPS TC trackers in ERA5 against IBTrACS 

over 1988-2014 (the longest overlapping period). The results are summarized in Figure 3.3. Figures 3.3a 

and b show, consistent with the main improvement of SyCLoPS found in Han & Ullrich (2025), 

SyCLoPS improves the HRMFAR detection skill score by ~22% in the NA and ~8% in the WNP mainly 

by successful removing most of the false alarm tracks. HRs in SyCLoPS are also slightly higher than 

those in ZU. This is likely because SyCLoPS does not apply ZU's stricter minimum time step and 10-m 

wind speed requirements for filtering tracks. SyCLoPS yields detection skill improvements in other 

basins similar to those in the WNP (not shown). Nevertheless, both ZU and SyCLoPS miss ~40% of 

tracks in the NA, which is a striking difference from the WNP. We briefly discuss this NA behavior in 

Chapter 3.7.1. The detection results of the regridded 1º ERA5 also indicate that SyCLoPS’s detection 

skills are much less sensitive to grid resolution changes than ZU. As shown in Figure 3.3c, ZU detects a 

much larger number of total TC nodes than SyCLoPS and observations. However, after removing all FAs 

from ZU, ZU matches IBTrACS very well in the mid-latitudes, indicating that ZU is incorrectly tagging 

extratropical cyclones as TCs at these latitudes. At lower latitudes, FA-free ZU detects a smaller number 

of TC nodes than observations and SyCLoPS, especially in the Southern Hemisphere. Upon further 

investigation, we find that the low-latitude FA nodes removed from ZU are mostly very weak LPS nodes 

(e.g., MSLP > 1005 hPa). These results are consistent with Bourdin et al., (2022) who performed a 

detailed evaluation of FAs in multiple trackers and found common failure modes were strong 

extratropical cyclones and weak tropical storms.  

 Figure 3.3d provides the global node-level detection skill for SyCLoPS. SyCLoPS labels ~70% of 

TC nodes in IBTrACS correctly but includes ~20% FAs, producing a CSI of 60%. In some cases, an 
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observed TC can be paired with an LPS node detected by SyCLoPS that is not labeled as a TC node. This 

could be attributed to reanalysis errors from an overly weak LPS in ERA5. An ERA5 LPS node is 

deemed too weak if its MSLP exceeds 1005 hPa (a typical standard to distinguish tropical storms and 

TDs) and is at least 10 hPa higher than its paired observed TC node, it lacks a 500 hPa cyclonic 

circulation or upper-level warm core per SyCLoPS requirements, or is otherwise absent from ERA5. If 

these nodes are treated as true negatives, the MR drops to about 15%. Similarly, some FAs may occur due 

to underestimation of TC intensity from IBTrACS agencies or appearing overly strong in ERA5. By 

discarding FAs that meet SyCLoPS's strict warm-core and MSLP gradient criteria and have an MSLP 

below 1005 hPa, but are classified only as a TD or disturbance in IBTrACS, the FAR decreases to ~13%. 

With these modifications, the adjusted CSI reaches 73% for ERA5 and 72% for 1º ERA5.
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Figure 3.3. Summary of TC detection performance of the SyCLoPS (in oranges) and ZU (in blues) 

tracker based on evaluations of 1988-2014 ERA5 against IBTrACS. 

 Figure 3.4 presents models’ performance for replicating observed global TC node density, as 

assessed by both trackers. For most models and ERA5, SyCLoPS provides greater accuracy than ZU, 

primarily by reducing errors in standard deviation magnitude. However, SyCLoPS performs more poorly 

for the EC-Earth3P model. Closer examination reveals that ZU selects a significantly larger number of 

weak tropical LPS nodes than SyCLoPS (not shown), many of which are likely FAs. The two models 

with the highest resolution (MRI-S and IPSL-VHR) are not clearly better than the other models when it 

comes to TC performance under either tracker, mainly due to their overestimations of TC frequency. In 

general, we find that the patterns of TC node density differences between the two trackers in coupled 

simulations do not differ from those in their uncoupled counterparts (not shown explicitly). Performance 

of CNRM improves most notably in its coupled run in both trackers. The ocean coupling likely reduces 

TC frequency and greatly improves its TC density spatial correlation. Noticeably, SyCLoPS leads to 

comparable improvements in both the 12-model ensemble mean and ERA5. In SyCLoPS, the multi-

model ensemble mean outperforms every individual model in terms of the centered root-mean-square 

error of TC density, with performance comparable to that of 1º ERA5. Geographically, after SyCLoPS 

removes the many likely FAs detected in ZU, both ERA5 and the ensemble mean produce fewer TCs than 

IBTrACS in the NA and WNP. Noticeably, SyCLoPS produces much better TC spatial distributions in 

the Southern Hemisphere. SyCLoPS slightly (but consistently) underestimates TCs north of 30º N in the 

NA, indicating it is more conservative in identifying high-latitude TCs. TCs at these latitudes can display 

both subtropical and tropical features, making many of them hybrid systems (see Chapter 3.7.1 for further 

discussion). 

 In summary, we show that using SyCLoPS significantly reduces the number of false alarm TC 

tracks while maintaining HRs under different grid resolutions. It also reduces false alarm nodes along TC 

tracks, including post-TC extratropical or subtropical cyclones and LPS nodes that are likely too weak to 

be considered TCs. Together, these improvements help reduce the loss of detected TCs due to 



 93 

 

discrepancies in model grid resolution and prevent non-TCs from polluting the TC evolution datasets 

used for this study. The results shown in Figure 3.4 further demonstrate that SyCLoPS is an effective 

tracking algorithm for more accurately representing and evaluating TCs simulated by climate models. 

 

Figure 3.4.  1988-2014 4º × 4º TC annual mean density differences between models and IBrACS (the 

reference (Ref) and observations (Obs)) by both trackers. The two Taylor diagrams at the top combine 

information about the normalized variance (along radial distance) and spatial correlation (along azimuthal 

angle) of TC density. Points closer to the "Ref" location have a lower root-mean-square error (dashed 
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concentric isoline), indicating more skillful performance. Model identifiers in the Taylor diagrams are 

ordered by decreasing resolution measured by the model atmospheric mesh spacing at the equator. 

“(Coup.)” in model names indicate that they are coupled simulations. The two HadGEM models are not 

shown in the Taylor diagrams because their estimates of TC frequencies are too high and would be placed 

outside the display range in both trackers. 

3.5 TC Intensity and Size in Observations 

 The time evolution of an average NA and WNP TC in intensity-size space is depicted in Figure 

3.5. We choose MSLP over maximum wind speed as the intensity indicator to avoid interagency 

inconsistencies in wind measurement standards and because models tend to better represent MSLP 

minima than wind speed maxima (Davis, 2018; Manganello et al., 2012; Zarzycki et al., 2021). To be 

consistent with the wind radii and NA data sources, we use MSLP data from the JTWC in the WNP. The 

best-fit curve in Figure 5a suggests that the evolution of an average TC is analogous to the evolution of 

“main sequence” stars on a H-R diagram. The point of lifetime maximum intensity (LMI) for an average 

TC can be used to divide this diagram into four subspaces, by using the lowest MSLP (~970hPa) and 

associated TC size at this point (105 n.mile). Under this classification, the four subspaces are named 

“weak dwarf (WD),” “strong dwarf (SD),” “super giant (SG),” and “weak giant (WG)” based on their 

intensity and size. The evolutionary pathways of each TC are termed as follows: (1) the WD path is 

assigned to TCs that never move beyond WD; (2) the WG path includes TCs that achieve the WG 

category but never intensify below 970 hPa; (3) the SD-expanding (SD-E) and SD-shrinking (SD-S) paths 

include TCs that reach the SD category at LMI and maximizing or shrinking in size, respectively, at the 

end of their TC stage; and (4) the SG-E and SG-S paths include TCs that reach the SG category at LMI, 

maximizing or shrinking in size, respectively, at the end of their TC stage. 

 We mark the average initial TC intensity and size, LMI and size at LMI, and the final TC 

intensity and size for each pathway in Figure 3.5a. All paths begin in the lower right WD space and 

generally exhibit a similar initial size, except for WG-path TCs which begin with a larger size. The 
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intensity and size of a WD-path TC changes little, while a WG path TC expands more rapidly with 

intensification but does not change substantially after reaching its LMI. An SD-path TC expands slowly 

but quickly intensifies to the SD stage. Depending on the posterior scenario, these storms can then rapidly 

weaken and shrink (SD-S) or moderately expand towards a WG (SD-E). SG paths tend to start at a 

slightly larger size, expanding moderately and intensifying quickly. This makes them the largest and 

strongest on average at their LMIs. SG-E paths grow even larger at the end of their lifecycle, highlighting 

the threat they pose at each stage, while SG-S storms dissipate into the larger end of the WD quadrant. 

 In Figures 3.5b-c, we present examples from each of the evolutionary pathways in the NA and 

WNP, overlaid with the joint probability density function (pdf) showing the normalized frequencies of 

TCs in intensity-size space. The largest TC size in both basins is around 350 n.mile during their 

observation period. Notably, the WNP has a larger number of intense TCs, particularly in the SG 

category, than the NA. Consequently, the WNP has a slightly larger average TC size (89 n.mile) than NA 

(79 n.mile) over 2002-2024. Some examples from the NA are shown in Figure 3.5b and were mentioned 

in Chapter 3.2. Katrina (2015) is classified as an SG-S, while Milton (2024), which had a peak intensity 

similar to Katrina's but was considerably smaller, is classified as an SD-E. The “expanding” annotation 

indicates that Milton expanded as it underwent ET. The costly and deadly Hurricane Sandy (2012) is an 

SG-E, but is on the weaker side. Its unusual expansion at the end of ET makes it one of the largest TCs in 

the NA during the analysis period. In the WNP, the highly impactful Typhoon Mankghut (2018), which 

follows a path through the upper left portion of the SG space, represents a type of TC not found in the 

NA. In contrast, the very intense Haiyan (2013) was relatively small, placing it on the larger end of the 

SD-S category.  
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Figure 3.5. (a) The 4 subspaces of the intensity (hPa)-size (n.mile) space and summaries of different TC 

evolutionary pathways. (b) The Observed TC frequencies (joint pdf) and classic examples in the intensity-

size space in the NA during 1988-2024, and (c) in the WNP during 2002-2024. Circle, cross, and triangle 

in the figure marks the track at its start, LMI, and end, respectively. 

Next, we analyze the relationship between the track type as defined by the precursor and posterior 

scenarios and the evolutionary pathway defined above. Figure 3.6 shows that in both basins, ET tracks are 

more likely to follow the more dangerous SG-E path, while LD, non-ET, and TT type TCs are more likely 

to stay weaker as a WD. In the NA, not surprisingly, there are many more TT tracks and far fewer MD 

tracks compared to the WNP. WGs are mostly found in TD-ET and TT tracks, while SG-E paths are 

dominated by the TD-ET track type featuring longer track lengths and recurvature over ocean as depicted 

in Figure 3.1. TD-LD tracks favor shrinking SD and SG paths as TC winds are suppressed by overland 

friction. In the WNP, WG paths are most frequently found with MD-ET and TT tracks. A WNP MD track 

is more likely to develop into an SG than an SD. Notably, these MDs usually form closer to the continent 

(see Figure 3.1) and are more likely to landfall than other precursor types; therefore, they tend to shrink in 

their later stage. However, this result also highlights their ability to grow large in a shorter period of time 

close to land. Conversely, TD tracks, especially those ending in LD or NT, are more likely to start 

shrinking into a smaller SD than a SG. Lastly, we compare the differences between NA and WNP TD-

type TCs. The results show that, although the WNP favors stronger TD-type TCs, they don't necessarily 
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grow larger than those in the NA. This implies that the greater SG numbers in the WNP mainly arise from 

MD-type TCs. 

Figure 3.6. Track type versus evolutionary pathway heatmaps for observations in both basins for the NA 

during 1988-2024 and the WNP during 2002-2024. The heatmaps for each basin are normalized 

horizontally for each track type, and the total TC track counts are shown on top. The difference between 

the two basins is based on normalization across all the 12 categories shown in the subfigure. 

3.6 TC Intensity and Size in HighResMIP Models 

 The joint pdfs of TC frequencies in the intensity-size space for all models during the overlapping 

period (1988-2014 for the NA and 2002-2014 for the WNP) in the two basins are depicted in Figure 3.7. 

Unsurprisingly, many models fail to produce TCs as intense as those in observations. MRI-S (the highest 

resolution model in this study) and CNRM-HR simulate more intense TCs than the other models, with 

high-end intensities comparable to observations. In alignment with observations, models produce the 

most intense TCs around or below 20° N, with the exceptions of ECMWF-LR and the two IPSL models. 

Unlike intensity, the largest TC sizes simulated by the models (~300-400 n.mile) are mostly comparable 

to those in IBTrACS. This suggests that modeled TCs tend to increase in size much more quickly with 

intensity than observations, rendering most of the models, including ERA5, incapable of producing the 

substantial number of observed SDs. Although models such as CNRM-HR simulate more realistic TC 
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intensities, they still fail to capture the observed intensity–size relationship. In contrast to IBTrACS, 

models’ most intense TCs are also their largest ones. 

 In observations, one group of more intense TCs tends to be smaller and reside in the lower 

tropics, indicative of the constraint on size by the Rhines scale in the low latitudes (Chavas & Reed, 2019; 

Lu & Chavas, 2022). These very intense TCs are most commonly observed to be close to the threshold 

that separates "giants" from "dwarfs" (105 n. miles). Another group of weak, larger TCs are generally 

found between 30° and 40° N, which should contain TCs undergoing ET. Overall, there is a 

monotonically increasing relationship between size and latitude, which can be explained by the 𝛽-plane of 

the Rhines scale and the transport of larger planetary angular momentum (Chan & Chan, 2014; Chavas & 

Lin, 2016). The increase in average latitude with size is less pronounced in the models, likely due to the 

blending of large, intense TCs that primarily reside in low latitudes in the models. This observation is 

most evident in CNRM-HR, where the average latitude of TCs at the higher end of the size dimension 

steadily decreases to around 20° N, matching that of the most intense TCs in the model. ERA5 exhibits an 

intensity–size relationship similar to that of ECMWF-HR, the climate model that shares the same 

underlying atmospheric model. However, the largest TCs in ERA5 occur, on average, at more realistic 

latitudes than most models, likely owing to the benefits of data assimilation. 

 The coupled simulation counterpart indicated by "(Coup.)" in the model names generally reduces 

the number of large, intense TCs in HadGEM-HR and CNRM-HR, and it only reduces the number of 

very intense TCs in ECMWF-HR. Nevertheless, the relationships between latitude and size as well as 

intensity and size remain largely unchanged across the three models. 

 On a positive note, we find that, in general, size expands more moderately and realistically with 

intensity as model resolution improves. The MRI-S model (~20 km resolution) successfully reproduces 

many SDs, as well as the flattening of size with increasing intensity as seen in observations. However, it 

is not directly clear why there exist two inflection points in the intensity-size relationship from MRI-S. 

We attempt to discuss this in Chapter 3.7.2. Resolution does not appear to be the primary factor affecting 

TC performance in terms of intensity and size: MRI-H (~60 km resolution) somewhat captures the 
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flattening of the intensity-size relationship at medium intensity. A similar signal is present in CNRM, 

though much less pronounced. This suggests that it may be some feature of the MRI model design that is 

better capturing this relationship. 
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Figure 3.7. Joint pdf of the normalized frequency of MSLP (hPa) and TC size represented by 𝑅𝑠𝑖𝑧𝑒 

(n.mile) of each model, reanalysis, and IBTrACS observations over the overlapping period in the two 

basins. The average latitude at which TCs occur are shown for each bin in the intensity and size 

dimensions (values at bins with less than five samples are not shown). Subfigures of models (the first 

three rows) are ordered from highest to lowest model horizontal resolution. 

 Heatmaps of track type and evolutionary pathway for all the models are depicted for the NA 

(Figure 3.8) and WNP (Figure 3.9). Consistent with the pdfs in Figure 3.7, most models (including 

ERA5) produce few SD-path TCs in either basin. However, models that simulate more realistic intensities 

do produce several SG-path TCs. These larger TCs are mostly classified as the TD-ET track type, which 

aligns with observations. 

 

Figure 3.8. Heatmaps of normalized TC frequency of different TC track type and evolutionary pathway, 

overlaid with TC track counts in the NA basin for the overlapping period (1988-2014). The last column 

sums up the counts in all pathways for each track type. 
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 In the NA, models that produce SGs generate too few SG-path TCs for the TD-LD track type 

compared to observations. MRI-S, the best-performing model, produces generally more realistic numbers 

for SD and SG paths. However, MRI-S tends to produce a larger number of ET tracks and too few LD 

tracks, resulting in a significantly higher ET fraction compared to IBTrACS—a trait also observed in 

ERA5 and some of the other models. On the other hand, models (including ERA5) tend to significantly 

underestimate TT track numbers in the NA. These discrepancies could be partially due to biases 

introduced by the tracking algorithm because these hybrid TCs are more likely to be missed by the tracker 

(see Chapter 3.7.1 for discussion). Additionally, the HadGEM models simulate too many TCs, and the 

IPSL models significantly overestimate MD tracks. ECMWF-HR produces reasonable numbers for each 

TC track type, except for the TT type. Interestingly, despite an overall underestimation of total TC counts, 

the proportion of TC tracks of each track type in the ensemble mean matches the observed proportions 

better than ERA5 in the NA basin. Coupled simulations generally produce fewer NA TCs in each 

category than their uncoupled counterparts. While this improves the overestimation in HadGEM-HR, it 

reduces too many TCs in ECMWF-HR, and the results are mixed for different track types in CNRM-HR. 

 In the WNP, MRI-S again outperforms other models in simulating SD and SG paths for each 

track type. However, it does not capture the pattern of more landfalling SG-path TCs with an MD 

precursor and more landfalling SD-path TCs with a TD precursor. Interestingly, the coarser MRI model 

(MRI-H) captures this pattern more accurately than its high-resolution counterpart. CNRM-HR 

reasonably reproduce the composition and count of each track type for the SG paths, while the three 

ECMWF models simulate total TC numbers that closely match observations. However, the two HadGEM 

models generate too many TD-type TCs and too few MD-type TCs. Overall, as shown in the ensemble 

mean, the models produce a reasonable total number of WNP TCs but simulate too few MD tracks and 

too many TD-NT tracks compared to observations. The effects of coupling in the WNP are mixed. Total 

TC frequency is substantially reduced in CNRM-HR, resulting in an underestimation relative to 

observations, whereas it is further elevated in HadGEM-HR, which already severely overestimates TC 

activity. 
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Figure 3.9. The same as in Figure 3.8, but for the WNP during the overlapping period (2002-2014). 

 Figure 3.10 compares TC counts across track types and evolutionary pathways between El Niño 

and La Niña phases of ENSO for atmosphere-only models, ERA5, and observations in both basins. 

Statistical significance (p-value < 0.1) is assessed for each individual model and for ERA5 using a two-

tailed t-test. Ensemble-mean significance is evaluated with a t-test applied to the mean differences across 

the nine models. In addition, the ensemble-mean result is considered statistically significant only if at 

least 7 of the 9 models show differences with the same sign. Only when the category is statistically 

significant are annotations of differences in percentage shown. 

 In the NA, the most robust signals in observations are the smaller total number of super giants 

and the accompanied elevated numbers of SDs in some track types in El Niño years compared to La Niña 

years. Additionally, El Niño years clearly favor more TT cases. Although model results vary, most 

models and the 9-model ensemble mean successfully reproduce the significantly larger number of TT 

tracks and smaller number of SGs in some categories. ERA5 and its corresponding ECMWF-HR model 
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show similar patterns and do not outperform the ensemble mean compared to observations. In the WNP, 

the most robust signal in observations is the larger number of SGs accompanied by the reduction in WDs 

in in El Niño years compared to La Niña years. This pattern is very well captured by the model ensemble 

mean. 

Figure 3.10. Heatmaps showing the percentage differences in the number of TCs in each track type and 

evolutionary pathway category between El Niño and La Niña years in both basins for each atmosphere-

only (uncoupled) model, ERA5, and IBTrACS. El Niño (La Niña) years in the models and in ERA5 are 

defined as those during the overlapping period with an average Niño 3.4 index from May through 

November greater than 0.4 K (less than -0.4 K), as calculated using the HadISST dataset. For IBTrACS, 

the ending year of the overlapping period is extended from 2014 to 2024 to account for more samples for 

producing more robust observed differences. Percentage notations are only shown when the underlying 

category passes the significance test with a p-value of less than 0.1. 
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3.7 Discussion  

 3.7.1 Missing TC tracks in the NA 

 The remarkably lower HR in the NA may contribute to biases in model TC performance in this 

study. ERA5 NA TC numbers are underestimated in both SyCLoPS and ZU trackers. The ERA5 and 

IBTrACS heatmaps in Figure 3.8 further suggest that the misses in SyCLoPS are primarily landfalling 

and weak Non-ET and TT tracks. As shown in Figure 3.1, TT tracks are also much more prevalent in the 

NA than in the WNP. Some small, weak TCs are likely underrepresented in ERA5 due to biases in the 

reanalysis and its ~31 km resolution, but this issue is likely not unique to the NA basin. We further 

inspect tracks not labeled "TC" but detected in SyCLoPS and find that many of these tracks are classified 

as subtropical storms, a type of subtropical hybrid LPS that shares similarities with TCs but are usually 

weaker and smaller with shallower convection. These systems may also be responsible for the majority of 

the large number of FAs detected in ZU. This misclassification might be attributed to the deficiencies in 

the tracking criteria used by both trackers and in ERA5 itself. However, we do not observe this 

phenomenon in the WNP, suggesting the distinct hybrid nature of many NA TCs as identified by the 

NHC. Guishard et al. (2009) found that 27% of North Atlantic subtropical hybrid (shallow warm-cored) 

storms detected in the reanalysis overlap with IBTrACS records, highlighting a "gray zone" in how 

agencies define TCs. Since these storms are prevalent in the South Atlantic (Evans & Braun, 2012), this 

could imply that some of these South Atlantic systems would be classified as TCs by the agency if they 

occurred in the NA. In the latest pre-release version of SyCLoPS, we identify a new LPS category, 

"Hybrid TC," which primarily resides in the subtropical NA. Preliminary results indicate that 

incorporating this new category into TC detection in the NA recovers a portion of the missed hits while 

maintaining low FARs in both ERA5 and JRA-3Q. 

 3.7.2 Factors modulating TC intensity-size relationship in models 

 Moon et al. (2020) and Roberts et al. (2015) found that overestimation of the TC radius of 

maximum wind (RMW) and size is greater in models with coarser resolutions, and further that the bias 
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remains with the finer (0.25°) resolution models when more intense wind speeds are simulated. Similarly, 

according to Figure 3.7, a connection may be drawn between model performance in reproducing the 

observed TC intensity-size relationship and model resolution. Nevertheless, improvements in model 

resolution appear to contribute only partially to capturing the relationship: Flattening is only apparent in 

the MRI and CNRM family of models, with the most obvious flattening occurring in the 20 km MRI-S 

model. 

 Curiously, the MRI model exhibits two clear inflection points. The initially faster-than-observed 

size expansion in all models likely stems from their relatively coarse horizontal grid spacing, which is 

insufficient to resolve the rapid contraction of RMW during early-stage intensification. Next, in alignment 

with observations (but distinct from other models), TC size in MRI models largely stops growing as the 

intensity increases further, indicating that RMW stabilizes. This implies that the TC grows large enough 

to feel the constraints of the Rhines scale, which acts to shrink TCs to an upper limit (Lu & Chavas, 

2022). The ability to maintain a stable TC size at this stage likely depends in part on the model 

formulation, so different configurations in other models may contribute to their overestimation of size at 

this stage. As Nardi et al. (2022) demonstrated with a ~25 km model, the inward movement of the 

eyewall outer wind radii, as well as the profiles of the secondary circulation—which reflects the radially 

inward transport of angular momentum—are sensitive to perturbations in the parameters of the planetary 

boundary layer turbulence scheme. Similar conclusions were reached in Gopalakrishnan et al. (2013) 

using a model with 3 km resolution. Previous studies have also emphasized the role of the diabatic 

heating generated by the TC outer region’s convection activity and rainbands in the expansion of TC size 

(Fudeyasu & Wang, 2011; Hill & Lackmann, 2009; Wang, 2009). Therefore, cumulus convection scheme 

parametrizations can also be critical to modeling realistic TC sizes. The second inflection point in the 

MRI models appears to be because the deepening MSLP has exceeded the MSLP gradient permitted for 

the given model resolution, leading the wind field to progressively expand as the system intensifies. 

While outside the scope of this study, it could be beneficial to analyze the full wind structure evolution of 
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very intense TCs simulated in different HighResMIP models, and to compare this with finer wind field 

observations of analogous TCs.  

 Lastly, as implied by Figures 3.8-10, the TC intensity-size relationship, as indicated by the 

evolutionary pathways, can also be modulated by TC track types (i.e., the geographic locations and 

orientations of tracks) and ENSO. These factors are largely controlled by SST patterns and the large-scale 

environment. Theoretically, air-sea interactions in the coupled HighResMIP model runs should hold an 

advantage over uncoupled simulations in more realistically representing the underlying environment. 

However, our analysis finds no improvement in the representation of the intensity-size relationship in the 

coupled simulations compared to their uncoupled counterparts. 

3.8 Summary and Conclusions 

 This study examines the relationship between the intensity and size of TCs and their time 

evolution in the intensity-size domain using observations and high-resolution HighResMIP models. 

Leveraging a new tracking algorithm and a new method to estimate TC size in gridded data that is better 

aligned with IBTrACS's wind radii format, we can detect TCs more robustly in models and compare 

modeled TC size with IBTrACS. Our main findings are summarized below. 

 Chapter 3.4 compares two TC-tracking algorithms in ERA5 and demonstrates that SyCLoPS 

improves upon existing TC trackers. Its ability to remove false alarm TC tracks and nodes along each 

track prevents extratropical LPSs and weak tropical systems from polluting an objective TC dataset. As a 

result, TC performance is improved with SyCLoPS for many models and ERA5. With this new tracker, 

we find that the 12-model HighResMIP ensemble mean performs comparable to the regridded 1º ERA5. 

A new adjustable MSLP threshold in SyCLoPS has been implemented to optimize TC detection 

performance for a range of grid resolutions, which allows for a fairer comparison between lower and 

higher resolution models. This feature could also prove valuable for detecting TCs in increasingly popular 

AI-driven climate models that are trained on 0.25º ERA5 data but operate at much lower grid resolutions 

(e.g., Brenowitz et al., 2025; Kochkov et al., 2024). 
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 Inspired by Musgrave et al. (2012), Chapter 3.5 compares the distribution and evolution of 

observed TC in intensity–size space and draws an analogy with stars in a H–R diagram. We identify four 

categories of TCs (subspaces)—weak dwarfs (WD), strong dwarfs (SD), weak giants (WG), and super 

giants (SG)—and classify TC evolution into 6 evolutionary pathways based on the subspaces where TCs 

reach its LMI and terminate. The main takeaways are: 

● WG storms start with the largest initial size, show the fastest size growth, but reach low peak 

intensities. SG storms begin with a moderate initial size yet reach the highest LMI and the largest 

size at LMI and the final stage. The extremely impactful Katrina (2005) and Sandy (2012), as 

well as typhoon Mangkhut (2018) all belong to this group. 

● SDs and WGs can also be highly destructive—SDs via extremely intense winds, WGs via 

extensive precipitation. The evolution-path clustering framework thus provides useful guidance 

for stakeholders to prepare for different disasters brought by different types of TCs. 

 By leveraging LPS class/status labels provided in SyCLoPS and IBTrACS, we can classify TC 

track types based on their precursors and whether they make landfall or complete ET at the end. We show 

that in observations: 

● TC tracks from a MD precursor in the WNP favors “giant” TC paths over “dwarf” paths. This 

aligns with Liu & Chan (2002) and Teng et al. (2019), who suggest that larger TCs in the WNP 

are frequently associated with a monsoonal flow surge and the monsoon trough. Because a larger 

portion of MDs make landfall than other precursor types, these giant, landfalling MDs are likely 

among the most destructive. 

● A significant portion of ET tracks continue to grow and maintain relatively high strength at the 

end of their TC stage, as represented by the SG-E path. These TCs could pose a significant threat 

to extratropical regions as post-TCs (Sainsbury et al., 2020). The expansion of some TCs during 

ET does not contradict previous studies that found TC sizes generally remain unchanged during 

ET (Nguyen & Schenkel, 2025; Schenkel et al., 2018). However, we note that ET tracks are more 

likely than other track types to follow the SG-E path, especially in the NA. 
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 In Chapter 3.6, we analyze and validate TC intensity-size relationship and the relationship 

between TC track types and evolutionary pathways in HighResMIP models. The main findings are: 

● All models, except for the highest resolution model MRI-S, and ERA5, fail to capture the TC 

intensity-size relationship and produce barely any “strong dwarfs.” We suggest that MRI-S 

performs better not only because of its higher resolution, but also because of the model 

formulation, such as its planetary boundary layer and cumulus/convection scheme. 

● While the models vary in their representation of the relationship between track types and 

evolutionary pathways, the ensemble mean reasonably reproduce the observed TC track type 

composition in the NA and even outperforms ERA5. 

● The differences in the number of TCs among track types and evolutionary pathways between El 

Niño and La Niña years are broadly captured by most atmosphere-only models. The ensemble 

mean in both basins closely matches ERA5 and observations. 

 This study demonstrates the value of using the ensemble mean to minimize model errors, as using 

the HighResMIP model ensemble mean produces superior results in the distribution of TC density, TC 

track type composition, and differences between ENSO phases. The study also suggests that a model 

resolution finer than ~0.25° is required to fully reproduce the observed TC intensity-size relationship. 

Although, we also show that atmosphere-only models with the highest resolutions tend to overestimate 

TC frequencies. This overestimate could be partly neutralized with a coupled ocean, as the ocean provides 

essentially a limitless source of energy in atmosphere-only models with prescribed SST. However, 

coupling opens the door to SST biases that are potentially even more problematic for TC distribution, and 

we find no evidence that it improves the intensity–size relationship in the three HighResMIP models. 

Therefore, the most successful Earth system model should balance performance between correct TC 

frequencies and its ability to capture the intensity-size relationship. The upcoming HighResMIP2 model 

outputs, which promise higher atmosphere and ocean resolutions (Roberts et al., 2025), the recent 

emergence of many kilometer-scale dynamical models (e.g., in Judt et al., 2021), and the combination of 
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generative AI and dynamical downscaling of climate model ensembles, as proposed by Google (Lopez-

Gomez et al., 2025), may provide useful insights towards solving this compound problem. 

3.9 Appendixes 

Appendix 3A: Details of Tracking algorithms 

Both the ZU method and SyCLoPS define an LPS candidate as a nodal point whose MSLP must 

increase by at least a threshold amount within a great-circle distance (GCD) in all directions. This 

requirement is referred to as the MSLP closed contour criteria (MSLPCC; CC stands for “closed 

contour”). MSLP minima are merged to the lowest MSLP nodal point within 6º GCD for both algorithms. 

Here, we use a 6-hourly temporal frequency for both algorithms. We also use 250 hPa level data instead 

of the default 300 and 200 hPa level data originally used in the two algorithms to accommodate data 

availability in the climate models we use. Han and Ullrich (2025) demonstrated that resampling the 

resulting LPS catalogs to 6 hours or replacing 300 and 200 hPa data with 250 hPa data does not 

negatively impact SyCLoPS's detection skill. 

ZU finds LPS candidate nodes that satisfy: 

1. An increase in MSLP of 200 Pa within a radius of 5.5° GCD (MLPSCC55 > 200 Pa). 

2. A warm core indicated by a maximum upper level (250-500 hPa) thickness within 1° of the LPS 

center that decreases by at least 6 m within 6.5º (UPPTKCC < -6 m). 

Then, consecutive candidates are stitched in time when they are found within 8º GCD of the current 

candidate node (8º stitching distance) to form LPS tracks. Tracks that meet the additional criteria below is 

defined as TC tracks: 

1. The underlying surface elevation is below 15 m for at least 10 6-hourly time steps. 

2. The maximum near-surface wind speed exceeds 10 m/s within 2.0º for at least 10 6-hourly time 

steps. 

3. The track remains within the latitude band of 50°S–50°N for at least 10 6-hourly time steps. 
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SyCLoPS finds all detectable LPS candidates that are at least 10 Pa lower than their surroundings 

within 5.5º (MSLPCC55 > 10 Pa). The detected LPS candidates are stitched in time when they are within 

6° of each other. Note that the stitching distance is reduced from 8º in ZU. An explanation of this change 

and an alternative method to keep the 8º distance is provided in Text 3.S2. Tracks with an MSLPCC55 

greater than 100 Pa for at least three 6-hourly time steps are retained. The first two steps are done in TE. 

Next, a Python program classifies TC nodes and TC tracks using the following criteria:  

1. The LPS candidate’s mean relative humidity (RH) at 850 hPa within 2.5º is at least 60%. 

2. The LPS candidate has a 100 hPa maximum RH within 2.5º that exceeds 20%, a mean 250-850 

hPa deep layer wind shear within 10.0º below 13 m/s, and a central 850 hPa temperature over 280 

K (the tropical LPS criteria). Note that all the model 100 hPa RH data is provided at daily mean 

frequency. This inconsistency does not affect SyCLoPS performance (see Han and Ullrich, 2025, 

appendix B). 

3. LPS candidates that satisfy the TC criteria are labeled as TC nodes. The TC criteria states that, 

first, a TC node must have a low-level (700-925 hPa) warm core indicated by a local thickness 

maximum within 1.0º (LOWTKCC < 0 m) and a UPPTKCC < -117.6 𝑚2 𝑠−2 (12 m). The 

MSLPCC20 threshold varies by grid resolution (see Appendix B for details on how these 

thresholds are determined). 

4. LPS tracks that have at least three 6-hourly LPS time steps that are classified as TC nodes are 

identified as TC tracks. 

5. LPS labels in the TC tracks are adjusted to reduce uncertainties arising from hard cutoff TC 

criteria thresholds and noise in the reanalysis and model data. This adjustment improves TC node 

CSI by ~1%. Please see Text 3.S4 for details on how we make the adjustment. 

6. Detected TC nodes are defined as the TC-labeled nodes in the TC tracks. 

SyCLoPS tracking and classification can be performed via the SyCLoPS Python program (Han & 

Ullrich, 2026) upon configuring a few user settings. 
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Appendix 3B: Varying detection thresholds with grid resolution in SyCLoPS 

SyCLoPS, as well as many other trackers, are trained on a specific reanalysis with fixed 

horizontal resolution. For example, the TRACK algorithm (Hodges et al., 2017) was calibrated using the 

European Center for Medium-Range Weather Forecast operational analyses from 2003 to 2005 

(Bengtsson et al., 2007), the ZU method (Zarzycki & Ullrich, 2017) is initially optimized on JRA55 and 

CFSR (Saha et al., 2010), and SyCLoPS is trained on ERA5. Although the latter two algorithms are based 

on TE’s closed contour criteria, which by its design, minimizes the sensitivity of the closed contour delta 

value to grid resolution, resolution may still be a factor in determining the optimal thresholds of the TC 

detection scheme's closed contour criteria, as gradients are smoothed out at lower resolution. 

To verify this theory, we test the optimal thresholds for the 0.25° ERA5 on the coarsened 1° ERA5. We 

find that the detection skill, as measured by HRMFAR, decreased by ~4% from its maximum possible 

skill of ~71%, and the number of selected TC nodes was far lower than that of observations and 0.25° 

ERA5, indicating clear underrepresentation. The results show that, given the minimum LOWTKCC 

requirement, the UPPTKCC threshold of -117.6 𝑚2 𝑠−2 and the time step requirement of three 6-hourly 

intervals are rather stable and insensitive to changes in grid resolution. However, the optimal MSLPCC20 

threshold decreases by 100 Pa when the grid resolution is reduced 16-fold. This suggests that the strength 

of a TC’s upper-level warm core is less sensitive to model resolution than the pressure gradient within the 

inner region, which is consistent with the finding in Moon et al. (2020). Because the MSLP field 

generally varies smoothly, a linear relationship between MSLPCC20 (y) and grid spacing (x in deg2) can 

be developed using linear regression:  

𝑦 = −107𝑥 + 247 (3.B1) 

𝑦 levels off at ~240 Pa as 𝑥 surpass ERA5 grid resolution of 0.25° × 0.25° and approaches 0 

deg2. Therefore, a threshold of MSLPCC20 > 240 Pa is used for any models with a grid resolution equal 

to or finer than 0.25°. The threshold at any other resolutions is determined by Eq. B1 and then rounded to 

the nearest 5 Pa. The threshold reaches 0 when the resolution exceeds 1.5°, indicating that this detection 
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scheme should not be used with a resolution coarser than 1.5º. However, tracking TCs in a dataset with a 

grid resolution coarser than this level is generally not recommended. Note that the chosen MSLPCC20 

and UPPTKCC thresholds differ from those suggested in Han & Ullrich (2025) for 250 hPa data. The 

updated thresholds proposed here are expected to be less sensitive to grid resolution. 

We evaluate the detection scheme using the default SyCLoPS configuration and the 250 hPa 

configuration, optimizing thresholds to maximize HRMFAR. The default setup uses 200 hPa winds for 

the deep-layer shear parameter and 300 hPa geopotential for UPPTKCC. The resulting thresholds and 

detection performance are summarized below: 

ERA5 

resolution 

250 hPa / 

default 

Best configuration, given LOWTKCC 

<  0 m2/s2 

Detection skills (HR; FAR; 

HRMFAR; Node number; 

Adjusted CSI) 

0.25º 250 hPa UPPTKCC < -117.6 m2/s2 (-12 m); 

MSLPCC20 > 240 Pa; time step >= 3 

(6-hourly)  

83.2%; 12.9%; 70.3%; 38048; 

72.7% 

default UPPTKCC < -107.8 m2/s2 (-11 m); 

MSLPCC20 > 215 Pa; time step >= 4 

(6-hourly) 

81.9%; 12.0%; 69.8%; 40416; 

73.5% 

1.0º 250 hPa UPPTKCC < -117.6 m2/s2; 

MSLPCC20 > 140 Pa;  

time step >= 3 (6-hourly)  

84.1%; 13.3%; 70.8%; 37857; 

72.5% 

default UPPTKCC < -107.8 m2/s2; 

MSLPCC20 > 135 Pa; 

time step >= 4 (6-hourly)  

83.0%; 13.2%; 69.8%; 37548; 

72.8% 

 

Table 3.B1. Recommendations for TC detection configurations and their optimal detection skills based 

on evaluations of 6-hourly ERA5 against the 1988-2014 IBTrACS. 

For the default setting, a linear regression between grid resolution and MSLPCC20 can be 

similarly constructed as 𝑦 = −85𝑥 + 220. As shown in Table 3.B1, the detection skills, as measured by 

HRMFAR and the adjusted CSI, saturate at around 70% and 73%, respectively, for all scenarios tested. 

TC node numbers are generally slightly lower in the 1° data than in 0.25°, implying slightly higher rates 

of missing TC nodes when compared to 42989 observed TC nodes in IBTrACS. Similarly, using 250 hPa 

data slightly improves the HRMFAR but slightly compromises TC node frequencies. All SyCLoPS 
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updates mentioned in this work are included in the latest SyCLoPS software version (Han & Ullrich, 

2026; see Chapter 2.10 for details). 

3.10 Supplements 

Text 3.S1. Sensitivity of TC subjective data processing to TC detection skill 

For instance, the Indian Meteorological Department (IMD) did not assume its WMO regional 

responsibilities until 1990; therefore, TC records are missing from the WMO records in IBTrACS in the 

North Indian Ocean before 1990. Wind estimates by the Joint Typhoon Warning Center (JTWC), a 

United States agency responsible for issuing TC reports outside NA and Eastern North Pacific (ENP), 

supplement much of the missing data in the basin. However, JTWC mainly uses the Dvorak model 

(Dvorak, 1975, 1984) for wind estimates in earlier years, which compromises estimation quality (Chu & 

Sampson, 2002). 

Most global agencies use 10-minute sustained wind speed to measure TC near-center 10-meter 

maximum wind speed, following the guidance of the WMO, whereas U.S. agencies, such as the National 

Hurricane Center (NHC) and JTWC, use 1-minute measurements. WMO (Saha et al., 2010) has suggested 

a conversion ratio of 0.93 between the 1-minute and 10-minute measurement standards for tropical 

cyclones at sea, whereas a ratio of 0.88 was traditionally considered. Additionally, IMD uses 3-minute 

sustained winds. Due to these differences in measurement standards, the definition of a named TC—a 

tropical system that possesses a maximum wind speed of at least 34 knots near its center—will vary 

across basins. Since most contemporary TC tracking algorithms are optimized based on global named 

TCs or the 10-minute standard (Tory et al., 2013; Zarzycki & Ullrich, 2017; Han & Ullrich, 2025) and 

more TCs (~60%) are named based on the 10-minute standard, objective trackers likely stand at a middle 

ground, albeit slightly biased toward the 10-minute standard. This could contribute to underestimating TC 

frequency in the North Atlantic (NA) and ENP in models. Nevertheless, when comparing model results 

using TC trackers to best track, we recommend using the definition of named TCs in each basin to best 

match the past and future observations and to fairly evaluate trackers’ performance. Below, we compare 
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four different best track data sets to demonstrate the impact of differently processed IBTrACS data on the 

performance of the two tracking algorithms applied to ERA5 for the period of 1988–2014. 

The following four 6-hourly data sets from 1988-2014 are compared here:  

1. The original IBTrACS data set (IB-ORI) used in this study, which has 42964 TC records. 

2. IB-WMO that uses wind estimates from WMO agencies and does not include records with 

missing WMO wind estimates. It has 41619 TC nodes. 

3. IB-1MIN that only uses global JTWC’s 1-min data. It contains 43574 TC nodes 

4. IB-10MIN that converts all wind estimates in IB-RAD to the 10-min standard. It contains 40629 

TC nodes. 

In each dataset, TC records with maximum wind speeds of at least 34 knots in tracks with at least 

one instance of maximum wind speed reaching at least 34 knots are selected. See Table 3.S1 for a 

comparison of TC detection skills when SyCLoPS is applied to ERA5 against the four subjective data 

sets. The number of TC records (frequency) in each dataset is also shown in Table 3.S1. As a reference, 

SyCLoPS selects 38,048 TC instances in ERA5. As shown in the table, TC detection skill remains 

relatively stable across the different IBTrACS datasets. The lowest hit rate minus false alarm rate 

(HRMFAR_ is obtained using IB-WMO, primarily because of its higher false alarm rate (FAR). We 

speculate that this elevated FAR is partly attributable to inconsistencies among TC records reported by 

different WMO agencies. 

Text 3.S2. Justification of the stitching distance for tracking TCs 

The stitching distance is reduced from 8º in the ZU method to 6º for the SyCLoPS algorithm to 

minimize the chance of the end of one track being stitched to another LPS track. This adjustment is 

implemented because the designated merging distance at 6º is short compared to a 8º stitching distance. 

Under this condition, the very low detectable LPS threshold (MSLPCC55 > 10 Pa) can make it much 

more likely for a weaker LPS to falsely connect to another LPS track rather than terminate itself. TCs 

almost never travel at a speed greater than 6º per 6 hours (or 111 km/hr)—99.99% of the TC records in 
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the original IBTrACS dataset have a translation speed below this threshold. Hence, the 6º GCD stitching 

distance should be considered safe for tracking the TC stage of TC tracks using SyCLoPS.  

We also do an experiment using 8º stitching distance with a newly developed “prioritize MSLP” 

function in TE’s SitchNodes to minimize false track connections. This option orders all candidates by 

their intensity (indicated by MSLPCC55) instead of the earliest candidate to occur in the data set. It 

prioritizes the most intense LPS candidates across all time steps to connect to a possible future candidate 

within the prescribed stitching distance, effectively identifying the strongest connections between 

sequential candidates while jumping around in time. We find that this method removes almost all false 

connections at the post-TC stage. Although some track differences are observed in the weak pre-TC stage 

compared with the 6º method, the TC stage of the TC tracks remains unchanged. Therefore, it can serve 

as an alternative method to detect TC and other LPS tracks at a 6-hourly interval, and we recommend 

choosing this option when post-TCs and extratropical cyclones are considered as they generally have a 

higher translation speed. We also found that using the “prioritize MSLPCC55” function slightly improves 

extratropical transition detection skills as defined in Text 3.S4 at the same stitching distance. In the 

SyCLoPS software, “prioritize MSLPCC55” is automatically turned on if the input stitching distance is 

larger than the merging distance. 

Text 3.S3. Adjusting LPS labels in SyCLoPS 

As mentioned in the SyCLoPS paper (Han & Ullrich, 2025), using a hard cutoff threshold to 

determine a class of LPS can lead to bias when LPSs are in a transitional or ambiguous state. In the 

experiment, several combinations of UPPTKCC and MSLPCC20 thresholds close to the optimal 

configuration produce detection skills not statistically different from those of the optimal configuration, 

indicating the flexibility of an optimal threshold. Additionally, noise and glitches in reanalysis and model 

data (e.g., data assimilation and topographical noise) may fluctuate the values of the MSLPCC20, 

UPPTKCC, and LOWTKCC parameters used in the TC criteria. Considering the factors above, we 

introduce an “Adjusted Label” column in the classified LPS catalog produced by the new version of 
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SyCLoPS Python software (Han, 2026). The labels in this column are adjusted from the original labels in 

the following manners: 

1. Only TD nodes (including nodes with TD and TD(MD) labels) and TD/TLO nodes in monsoonal 

system (MS) tracks are under consideration for adjustment. 

2. For TCs, if no more than 5 consecutive 6-hourly TD nodes occur within a stable TC-labeled 

period and do not show evidence of notable short-term weakening, these nodes within the short 

TC label break period are reclassified as TC nodes. A short break within a stable TC-labeled 

period is identified when the break is sandwiched by two uninterrupted TC-labeled periods that 

are longer than the duration of the TC label break. A notable short-term weakening is recognized 

when labels other than TD are found during the break, or when the MSLP at TD nodes during the 

break exceeds the MSLP from linear regression between the start and end of the break by at least 

5 hPa. 12% of TD nodes in the 1988-2014 ERA5 TC tracks are reclassified under this adjustment. 

3. Similarly, TD and TLO nodes in MS tracks are adjusted to “TD(MD)” and “TLO(ML)” during 

the monsoonal system label (“TD(MD)” and “TLO(ML)”) breaks. 12% of TD or TLO-labeled 

nodes in the 1988-2014 ERA5 MS tracks are reclassified under this adjustment. 

Text 3.S4. Extratropical transition condition optimization 

In SyCLoPS, the ET condition is redefined to optimize its labeling accuracy compared to the 

IBTrACS data used in this study. ET detection skills are evaluated using the hit rate minus false alarm 

rate (HRMFAR). The hit rate is defined as the number of successfully selected ERA5 ET tracks in 

SyCLoPS divided by the total number of ET tracks successfully detected by SyCLoPS's TC detection 

algorithm. The false alarm rate is defined as the proportion of selected ERA5 ET tracks that have a match 

with the observed TC track, but not with any of the observed ET tracks. An ET track in observations is 

defined as a TC that transform directly from the TC stage (i.e. a tropical system that maintains at least 34 

kt wind speed) to the extratropical stage (i.e., labeled as an extratropical cyclone or subtropical storm) in 6 

hours without first weakening into a tropical depression (TD). In SyCLoPS, the boundary between TC 

and TD labels are not defined by LPS’s near-surface wind speed and is subjective to some degrees of 
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uncertainty. We test various maximum allowable time windows, ranging from 6 to 36 hours after the last 

TC node and before an LPS is classified as extratropical, to define an ET track. The result shows that the 

HRMFAR is maximized at 65% (HR: 91%) when the time window is chosen to be 18 hours. Under this 

condition, the ET fraction in ERA5 is at 40%, comparable to the observed value of 36%. We then define 

the ET completion time to be at the first timestep during the 18 hours window. After removing a few 

outliers, the mean and median ET completion time errors compared to IBTrACS are -3 and -6 hours, 

respectively. And the mean and median absolute errors in ET completion time are 15 and 12 hours, 

respectively. See the error distribution in Figure 3.S2 for details. We also test this ET condition using the 

200 hPa and 300 hPa ERA5 data as the default setting in SyCLoPS and achieve similar results despite a 

slightly higher false alarm rate. 

Text 3.S5. Implementation of TC size algorithms in TE 

The new function implemented in TempesetExtremes (TE) is the radial_quadrant_profile and 

firstwhere operator in NodeFileEditor. NodeFileEditor takes TC node locations and 10 m wind data as 

input. Next, radial_quadrant_profile divides the TC wind field surrounding the TC center into four 

geographic quadrants and a certain number of bins of a certain bin width (in GCD), both of which are 

customized by the user. For all models except the 1.0º ECMWF-LR, which uses a 0.5º bin width, the bin 

width is chosen to be 0.25º in this study. Then, TE computes the radial quadrant wind profile of a TC by 

averaging wind speed data points within each bin for each quadrant, generating four distinct wind profiles 

within 13º GCD. The firstwhere operator is used to search for the bin index of the first data point along 

each of the four quadrant wind profiles that drops below the 30 kt (15.4 m/s) cutoff radius wind threshold 

(30 kt or 15.4 m/s). The search only begins after the bin where the maximum wind speed is found within 

3° of the TC centers. The software finds the bin indices and multiplies them by the bin width to convert 

them to wind radii in GCD in the four quadrants ordered by northeast, southeast, southwest, and 

northwest. Finally, before calculating the final TC size, the TC size Python calculator subtracts half of the 

bin width from the input wind radii and converts them into quadrantal wind radii in nautical miles. This 

Python calculator is available in the GitHub repository mentioned in Chapter 3.10. 
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Figure S3.1. The boundaries of the NA and WNP basins defined in this study. The shapes (basin masks at 

0.5º resolution created by Englander et al. in 2025) with different colors show the major global oceans. 

TCs detected between 100° and 180° E north of the equator are considered WNP TCs. TCs detected 

between 100°W and 180°W north of the equator, as well as between 0° and 20°E and 0° and 30°N, are 

classified as NA TCs, except for those located within the lower-left portion of the defined boundary that 

overlaps with the northern Pacific polygon (red). 
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Figure S3.2. ET completion timing errors of detected ET tracks compared to IBTrACS records. Five 

outliers are not displayed in this distribution and are not included when calculating the error statistics. 

 

Data set  HR FAR HRMFAR Node Adjusted CSI 

IB-ORI 83.2% 12.9% 70.3% 72.7% 

IB-WMO  83.9% 14.1% 69.8% 71.6% 

IB-1MIN  82.2% 12.0% 70.3% 73.5% 

IB-10MIN  84.7% 13.8% 70.9% 73.4% 
 

Table S3.1. Comparison of TC detection skills among differently processed IBTrACS data. 

 

3.11 Software and Published Datasets 

The Python program for calculating modeled TC size is archived on the GitHub repository: 

yepkids/TC-Size. This program takes near-surface (10-m) U-component and V-component wind fields 

from model or reanalysis data and output the wind radii at the four quadrants and the final size measured 

in radius (n. mile). TempestExtremes commands for extracting quadrantal radial wind profiles ran in the 

https://github.com/yepkids/TC-Size


 121 

 

subprocesses of the Python TC size calculator. Please see the GitHub page for more information on 

implementing the TC size calculator. 

Published dataset relevant to Chapter 3:  

1. Objectively Detected HighResMIP Tropical Cyclone Tracks and Tropical Cyclone Size (1988–

2014) for Model Evaluation. Zenodo. DOI: https://doi.org/10.5281/zenodo.18178615 

2. Objectively Detected and Classified HighResMIP Surface Low-pressure System Tracks (1988-

2014). Zenodo. DOI: https://doi.org/10.5281/zenodo.18226201  
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Chapter 4. Improvements in Tropical Cyclone Representation in JRA-3Q 

over ERA5 

4.1 Abstract 

 Reanalysis products are widely used for long-term tropical cyclone (TC) studies, yet the fidelity 

of their TC representation remains uncertain. We evaluate TC representation in the recently released JRA-

3Q reanalysis against the higher-resolution ERA5 using the SyCLoPS tracker. JRA-3Q achieves 

substantially higher detection skill, with a hit rate of 90% and a false alarm rate of 6% during 1979–2024. 

Unlike ERA5, which exhibits markedly degraded detection skill during the pre-satellite era, JRA-3Q 

maintains stable performance over time. Analyses of false alarms and missed TCs in the North Indian 

basin, TC vortex evolution following TC bogussing, and the spatial variance of column-integrated moist 

static energy suggest that JRA-3Q’s improvements arises from both reduced model biases and a more 

effective, consistently applied TC bogus scheme. TC representation errors are qualitatively decomposed 

into contributions from the tracking algorithm, the reanalysis, and uncertainties in IBTrACS, highlighting 

the relative strength of both reanalyses. 

4.2 Introduction 

Tropical cyclones (TCs) are a central focus of climate and Earth system modeling studies because 

they can generate catastrophic weather events worldwide. Recent advances in reanalysis have enabled a 

wide range of climatological and physical studies of TCs in continuous space and time. Given the 

uncertainties in the International Best Track Archive for Climate Stewardship (IBTrACS; Knapp et al., 

2010), particularly during the earlier decades due to limitations in observing systems and operational 

practices (Kossin et al., 2013; Landsea & Franklin, 2013; Vecchi & Knutson, 2011), previous studies 

have highlighted the value of objectively identifying TCs in reanalyses to augment confidence in best-

track datasets by uncovering undetected historical TCs (Hodges et al., 2017; Truchelut et al., 2013). 
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The fifth-generation European Centre for Medium-Range Weather Forecasts reanalysis (ERA5; 

Hersbach et al., 2020; Soci et al., 2024) is often preferred for TC studies because it provides relatively 

high horizontal and vertical resolution and a comprehensive set of physical variables over an extended 

period (e.g., Bhatia et al., 2022; Slocum et al., 2022; Zhang & Chan, 2023). For similar reasons, ERA5 is 

also widely used to train modern AI weather and climate models that have shown value for TC forecasts 

and outlooks across multiple time scales (e.g., Alet et al., 2025; Kochkov et al., 2024; Lopez-Gomez et 

al., 2025; Watt-Meyer et al., 2025).  Studies have shown that, compared with previous generations of 

reanalyses, ERA5 reproduces more TC and monsoonal low-pressure system (LPS) tracks than other 

reanalyses (Vishnu et al., 2020; Zarzycki et al., 2021) and better represents TC size and structure (Bian et 

al., 2021; Carstens et al., 2024; Malakar et al., 2020). However, ERA5 biases are also well documented, 

particularly its underestimation of TC intensity (Dulac et al., 2024; Xu et al., 2024) and biases in 

environmental fields (Slocum et al., 2022). Its TC intensity underestimation can be larger than that of 

lower-resolution reanalyses, such as the Climate Forecast System Reanalysis (CFSR) and Japanese 55-

year Reanalysis (JRA-55; Kobayashi et al., 2015), which incorporate vortex reconstruction or TC bogus 

data (i.e., pseudo-observations from best-track datasets) in the assimilation cycle (Zarzycki et al., 2021; 

Carstens et al., 2024). Dirkes et al. (2023) further showed that ERA5 does not necessarily improve TC 

moist static energy (MSE) variance budget profiles relative to other reanalyses. Previous studies have also 

pointed to ERA5’s overestimated TC frequency in the Indian Ocean and a low bias in the North Atlantic 

(Bourdin et al., 2022; Han & Ullrich, 2026; M. J. Roberts et al., 2020), though it is unclear if the error can 

be fully attributed to reanalysis.  

The recently introduced Japanese Reanalysis for Three Quarters of a Century (JRA-3Q; Kosaka 

et al., 2024) provides new opportunities for long-term TC analysis at a higher horizontal resolution than 

its predecessor, JRA-55 (0.375° versus 0.563°), although it has coarser spatial grid spacing than ERA5 

(0.25°). JRA-55 performs competitively in representing TCs (Hodges et al., 2017; Murakami, 2014; M. J. 

Roberts et al., 2020; Zarzycki et al., 2021) but suffers from an artificial long-term decline in TC intensity 

caused by assimilating wind-profile retrievals around TCs (Kobayashi et al., 2015). JRA-3Q addresses 
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this bias with a new TC bogus scheme based on IBTrACS, yielding a higher and more stable TC 

detection rate (i.e., hit rate) throughout the reanalysis period (Kosaka et al., 2024). ERA5 also assimilates 

TC bogus during its back-extension period (1940–1978), but with a substantially different 

implementation.  

In this study, we show that JRA-3Q not only represents TC intensity more accurately than ERA5 

and achieves a substantially higher HR, likely owing to its TC bogus scheme, but also markedly reduces 

the false alarm rate (FAR) across all basins—an improvement that cannot be explained by TC bogussing 

alone. Using the physics-based, machine learning-aided LPS tracker SyCLoPS (Han & Ullrich, 2025), 

JRA-3Q attains a hit rate (HR) of 90% and a FAR of 6% during the satellite era (1979–2024), 

representing, to our knowledge, the best TC detection skill scores reported for a global reanalysis. The 

corresponding values for ERA5 are 78% and 11%. ERA5 also performs substantially worse than JRA-3Q 

during the pre-satellite era when both reanalyses employ TC bogus observations. These results motivate a 

detailed comparison of TC representation in the two reanalyses in Chapter 4.4, quantified by the HR and 

FAR, and an investigation of the factors contributing to JRA-3Q’s improved performance. In Chapter 4.5, 

we further decompose the sources of error contributing to TC representation biases. 

4.3 Data and Methods 

  This study uses three reanalysis products: ERA5 from 1940 to 2024 at 0.25º × 0.25º resolution; 

JRA-3Q from 1948 to 2024 at 0.375º × 0.375º resolution; and JRA-55 from 1958 to 2024 at 0.5º × 0.625º 

resolution. We focus on ERA5 and JRA-3Q reanalysis for this study, so the common analysis period is 

1948–2024, when the two reanalyses overlap. The six major TC basins—North Atlantic (NA), eastern 

Pacific (EP), western Pacific (WP), North Indian (NI), South Indian (SI), and South Pacific (SP)—are 

analyzed separately for each reanalysis. Basin boundaries are shown in Supplements (Chapter 4.6) Figure 

4.S1. TC observations are obtained from the IBTrACS. We retain only “main” tracks and remove tracks 

that never reach a 10-m wind speed of 34 kt. To minimize interagency heterogeneities and maximize 
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coverage across eras and basins, track filtering uses only wind speeds from U.S. sources. Shifting data 

sources yields similar results but slightly higher FAR, especially in the pre-satellite era (1948-1978). 

The System for Classification of Low-pressure Systems (SyCLoPS; Han & Ullrich, 2025) is the 

primary TC tracker used for all three reanalyses at 6-hourly intervals because of its superior detection 

skill and comprehensive LPS classification ability across system types and intensities. In this study, this 

framework facilitates diagnosis of the LPS characteristics associated with missed TC tracks and TC 

precursors in reanalyses. The conventional Zarzycki and Ullrich (ZU; Zarzycki & Ullrich, 2017) tracker is 

included for comparison. Both trackers are built on TempestExtremes (Ullrich et al., 2021), with the ZU 

algorithm modified by removing its surface elevation constraint to ensure consistency with 

SyCLoPS. Details of these two tracking algorithms can be found in the appendixes of Han & Ullrich 

(2026). 

The HR and miss rate (MR) are defined as the proportion of IB tracks detected and missed by the 

tracking algorithm, respectively (i.e., hits and misses). A hit occurs when a detected TC track contains a 

node within 2.0° great-circle distance of an IBTrACS record at the same timestamp. FAR is defined as the 

proportion of tracks identified by the tracking algorithm that are not found in IB; that is, tracks with no 

detected TC nodes within 2.0° of any IBTrACS record. TC detection skill is summarized by HR minus 

FAR (HRMFAR). 

Previous studies using different trackers have shown notably lower HRs in the NA basin when 

evaluated against IBTrACS observations (Bourdin et al., 2022; Han & Ullrich, 2026; Ye et al., 2026). 

Han & Ullrich (2026) found that many of these missing tracks are detected as subtropical storms in 

SyCLoPS. To address this limitation, we update SyCLoPS to recover as many missing tracks as possible 

while avoiding introducing FAs. Specifically, we do so by identifying a class of "hybrid TCs" that fail 

SyCLoPS’s tropical 100-hPa humidity criterion but satisfy the remaining TC requirements—primarily the 

upper-level warm-core and mean sea-level pressure (MSLP) gradient criteria. These systems occur 

predominantly in the NA and are counted as detected TC tracks in the NA for ERA5 and JRA-3Q. Details 

on hybrid TC detection are provided in Text 4.S1 and Figure 4.S2. 
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The column-integrated Moist static energy (MSE; ℎ̂) analyzed in this study is calculated as: 

ℎ̂ = ∫ (𝐶𝑝𝑇 + 𝑔𝑍 + 𝐿𝑣𝑞) 𝑑𝑝
𝑝𝑏

𝑝𝑡

 
(4.1) 

where 𝑝𝑏 and 𝑝𝑡is the bottom and top pressure levels, here chosen as 925 and 1 hPa, as suggested 

by Wing et al. (2019). 𝑞 is the water vapor mixing ratio, and the other terms have their conventional 

definitions. The spatial variance of ℎ̂ is defined as the square of ℎ̂′. The prime indicates the deviation 

from a 10º box centered at TC locations. 

4.4 Results 

The first row of Figure 4.1 compares TC intensity distributions and wind–pressure relationships 

among the three reanalyses for TCs since 2000. JRA-3Q most realistically reproduces observed TC 

intensity, likely owing to its more aggressive TC bogus scheme. Despite its finer horizontal and vertical 

resolution, ERA5 only marginally improves upon JRA-55 in the lifetime minimum MSLP distribution, 

and this advantage largely disappears in the wind–pressure relationship because ERA5 more severely 

underestimates near-surface wind speeds. All three reanalyses reproduce the observed peak near 990–

1000 hPa but fail to capture the low-MSLP tail associated with the strongest TCs. 

The remaining rows of Figure 4.1 summarize the nine-year moving average time series of 

detection skill (HRMFAR) of SyCLoPS and ZU in each reanalysis. Overall, SyCLoPS demonstrates 

superior TC detection skill to ZU across most basins in the three reanalyses, primarily through reducing 

FAs, especially subtropical/extratropical cyclones and weak tropical systems, as indicated in the SP and 

EP, respectively. SyCLoPS also removes dozens of FAs in the South Atlantic basin (not shown). In the 

NA, SyCLoPS further improves both HR and FAR by including hybrid TC tracks. The benefit is 

substantial for JRA-3Q, modest for ERA5, and absent for JRA-55, where the additional FAs outweigh the 

recovered hits. This highlights the inherent difficulty of objectively identifying hybrid TCs, whose 

characteristics lie near the classification boundaries of both operational agencies and objective tracking 

algorithms. 
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As shown in Figure 4.1, JRA-3Q consistently outperforms ERA5 and JRA-55 across all basins 

under both tracking algorithms through a combination of higher HR and lower FAR. In the well-observed 

NA, EP, and WP basins, JRA-3Q maintains a consistently low FAR, with HRMFAR approaching or 

exceeding 90%. The temporal evolution of detection skill further distinguishes the reanalyses: In the 

Northern Hemisphere, JRA-3Q remains largely stable throughout the record, except for a modest increase 

in FAR over the EP before 1970. In contrast, ERA5 exhibits a pronounced improvement from the pre-

satellite (1948–1978) to the satellite era (1979–2024), reflecting both higher HR and lower FAR. This 

suggests that the TC bogussing scheme used in ERA5 is less effective than that of JRA-3Q in 

compensating for sparse conventional observations, resulting in degraded TC representation. The 

unphysical upward trend in HRMFAR extends into the satellite era, likely due to assimilation of more 

comprehensive satellite observations. Similar behavior is also documented in the older generation ERA40 

reanalysis (Murakami, 2014).  JRA-55 shows the opposite behavior, with relatively high initial detection 

skill that gradually deteriorates over time, which is consistent with the downward trend of TC detection 

rate reported in Kosaka et al. (2024). In the Southern Hemisphere, all three reanalyses exhibit 

substantially lower detection skill during the pre-satellite era, suggesting that much of the degradation 

arises from limitations in historical best-track observations rather than reanalysis biases. 

The NI basin exhibits the largest advantage in FAR for JRA-3Q relative to ERA5, yet its peak 

HRMFAR remains lower than in the other basins. Unlike other basins, the NI contains numerous 

monsoonal systems that can intensify near coastlines even inland, while hybrid cyclones are rare because 

of its low latitude. These characteristics make the NI an ideal and interesting basin for investigating 

differences in TC representation over tropical land and ocean. 
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Figure 4.1. First row: TC intensity representation in ERA5 (blue), JRA-55 (green), and JRA-3Q (red). 

Second to fourth rows: Nine-year moving average time series of TC detection skill (HRMFAR; solid lines 
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for SyCLoPS and dotted lines for ZU) and decadal-mean FAR (markers). The vertical dotted line 

separates the pre-satellite and satellite era. 

Figure 4.2 shows that, even during the satellite era, ERA5 produces substantially more unique 

FAs than JRA-3Q, with most occurring over the Indian subcontinent. Although JRA-3Q also produces 

inland FAs, they are less concentrated west of 80°E and over the western Ganges Delta, where monsoon 

depressions frequently propagate (Vishnu et al., 2020). Inland ERA5 FAs span a wide intensity range 

(980–1005 hPa) and exhibit a mature cyclone structure, with strong asymmetric ascent and elevated near-

surface equivalent potential temperature indicative of a warm, moist boundary layer near the center (Fig. 

4.2c). Their asymmetric and westward-tilting circulation resembles that described by Hunt et al., (2016), 

likely reflecting the influence of the nearby Himalayas that modifies the circulation and suppresses 

convection on the eastern flank. In contrast, the corresponding systems in JRA-3Q are substantially 

weaker and less organized (Fig. 4.2d). Unique FAs in JRA-3Q are generally weaker but more symmetric 

(Fig. 4.2e), although part of this difference may reflect its coarser vertical resolution. The composite of 

the corresponding systems in ERA5 yields a less organized structure but similarly weak wind speeds (Fig. 

4.2f). These findings suggest that the underlying forecast model in ERA5 is more prone to generating 

overly strong circulations in this region compared to JRA-3Q, despite assimilating broadly similar 

observations. 

IBTrACS tracks uniquely reproduced in ERA5 are considerably fewer than those uniquely 

reproduced in JRA-3Q, and the two reanalyses capture distinct subsets of tracks (Fig. 4.2g). ERA5 unique 

hits are dominated by northwestward-moving monsoon depressions from the northern Bay of Bengal, 

whereas JRA-3Q unique hits originate farther south, reach higher intensities, and include substantially 

more Arabian Sea TCs. Their vertical structures further differ: ERA5 unique hits closely resemble its FAs 

but with slightly stronger circulation (Fig. 4.2i), while the corresponding systems in JRA-3Q display 

slightly weaker wind speeds and a similar asymmetric structure (Fig. 4.2j). In contrast, JRA-3Q unique 

hits exhibit a mature, nearly symmetric vortex with near-surface winds exceeding 18 m s-1, whereas the 

same systems appear much weaker and less organized in ERA5 (Figs. 4.2k–l). 
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Figure 4.2. NI unique FAs during the satellite era in (a) ERA5 and (b) JRA-3Q (2° × 2° shading). Dots 

mark the locations of peak intensity for inland FA tracks, colored by minimum sea-level pressure (MSLP; 

grayscale). The second row shows 10° west–east vertical composites centered on these occurrences, with 

shading indicating vertical velocity, black contours the meridional wind (m s⁻¹), and green contours 

equivalent potential temperature (K). Panels (g) and (h) show unique hits, with dots marking peak 
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intensity based on 10-m wind speed (grayscale). The final row shows the vertical composites centered on 

the unique hit occurrences in both reanalyses. 

Previous studies have shown that reanalyses employing TC vortex bogussing outperform those 

without it (Schenkel & Hart, 2012; Zick & Matyas, 2015). Therefore, it is reasonable to hypothesize that 

the TC bogus scheme in JRA-3Q contributes to its superior reproduction of observed TCs. Although 

ERA5 also assimilates TC bogus data derived from IBTrACS MSLP observations, the two systems differ 

substantially in implementation. ERA5 assimilates each IBTrACS MSLP record as a single point 

observation, whereas JRA-3Q constructs a synthetic three-dimensional TC vortex using the reported 

MSLP, an empirically estimated gale-force wind radius, gradient wind balance, and prescribed wind and 

pressure profiles. Observations sampled from the vortex center and surrounding locations are then 

assimilated as TC bogus data (Kosaka et al., 2024). 

The first two rows of Figure 4.3 compare the impacts of TC bogussing in the WP during 1951–

1978, when both reanalyses assimilate TC bogus observations and relatively consistent MSLP 

observations are available. Direct-bogus cases are defined as tracks lacking a detectable LPS record in 

SyCLoPS within 12 h before the first MSLP record in the corresponding IBTrACS track but become 

immediately detectable at the first record; all other tracks are classified as “indirect-bogus” cases, 

representing cases with pre-existing disturbances that likely benefited more indirectly from TC bogus. In 

JRA-3Q direct-bogus cases, neither a closed MSLP contour (white contours in Figure 4.3) nor a coherent 

elevated 850-hPa relative vorticity region exists before bogussing, yet within six hours the vortex 

develops dramatically into a well-organized cyclone with a distinct inner core. In contrast, ERA5 direct-

bogus cases show only modest vortex intensification, with slightly stronger low-level vorticity and 

limited MSLP deepening. The effect is even weaker for ERA5 no-bogus cases, whose vortices are already 

well developed before the first IBTrACS record. Although JRA-3Q indirect-bogus cases also contain 

preexisting weak vortices, they undergo substantially greater structural development following bogussing 

than their ERA5 counterparts. 
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The last two rows of Figure 4.3 show the spatial variance of column-integrated MSE (h') for 100 

randomly selected weaker (985–995 hPa) and stronger (935–945 hPa) Northern Hemisphere TCs across 

the two reanalyses and eras. Under weak temperature gradients, h' reflects moisture variability associated 

with organized convection (Carstens & Wing, 2022). ERA5 consistently exhibits smaller inner-core h' 

than JRA-3Q within both intensity bins, suggesting weaker convection associated with the central dense 

overcast region, and weaker diabatic activities related to surface enthalpy flux and radiative processes. 

However, as noted by Dirkes et al. (2023), differences in h' among reanalyses may also arise from MSE 

advection, data assimilation tendencies, and other unresolved physical processes, warranting further 

investigation through process-oriented diagnostics. ERA5 also shows substantially larger h' in the satellite 

era than in the pre-satellite era, whereas JRA-3Q remains relatively consistent, suggesting reduced 

sensitivity to observing-system changes likely associated with its consistent use of TC bogussing. 
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Figure 4.3. See the text for details. 

4.5 Discussion and Conclusions 

In this study, we identify substantial improvements in TC representation in JRA-3Q relative to 

ERA5 and JRA-55. Figure 4.1 shows that JRA-3Q achieves higher detection skill across all basins and 

maintains stable performance in Northern Hemisphere basins where better observational coverage is 

anticipated. On the other hand, ERA5 shows an unnatural upward trend in the HRMFAR scores across 

both the pre- and satellite eras. This suggests that caution should be exercised when using ERA5 for long-
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term TC climatological analysis. In the Southern Hemisphere basins, the performance of both ERA5 and 

JRA-3Q degrades substantially, suggesting inherent limitations in TC representation in reanalysis under 

conditions of poorer-quality best-track data. We further investigate the sources of JRA-3Q’s 

improvement. Over the NI, where JRA-3Q shows the largest HRMFAR gain, it produces far fewer inland 

FAs than ERA5, suggesting smaller biases in its underlying forecast model (Figure 4.2). Figure 4.3 

indicates that JRA-3Q’ TC bogus scheme plays an important role in establishing TC-like vortices, 

whereas the bogussing impact is diffuse in ERA5. JRA-3Q also exhibits larger spatial variance of inner-

core column-integrated MSE for TCs of comparable intensities and maintains consistency between the 

pre-satellite and satellite eras. This further suggests that its bogussing approach contributes to a more 

stable TC representation over different periods. 

Ultimately, misses and FAs mentioned in this study arise from three broad sources: (1) tracking 

algorithm biases, (2) reanalysis deficiencies including biases in the underlying model, TC bogussing, and 

other assimilation processes, and (3) uncertainties (subjectivities) in the IBTrACS best-track dataset. 

Figure 4.4 attempts to qualitatively decompose these sources of error for JRA-3Q and ERA5 by 

leveraging the unfiltered SyCLoPS LPS and IBTrACS datasets. While this decomposition cannot fully 

isolate the contribution of each source, it provides insight into their relative roles. 

Missed TCs attributed to tracking errors are those classified by SyCLoPS as non-tropical systems, 

or, as tropical depressions for at least one day. These boundary cases are most sensitive to classification 

thresholds. Cases failing only the one-day TC duration criterion are classified as mixed errors because it 

is inherently subjective to determine the minimum duration for which a TC is considered formed. 

Remaining misses are attributed to reanalysis deficiencies because they are classified as weak tropical 

systems (i.e., without a detectable upper-level warm core). Black hatching indicates cases without even a 

matchable LPS in SyCLoPS. Because FAR is nearly zero in the well-observed NA, EP, and WP basins in 

both reanalyses, we assume negligible tracking-related FAR except for hybrid TC–related FAs in the NA. 

FAs matched to IBTrACS tracks that fail the 34-kt wind speed requirement are classified as potential 

IBTrACS errors. Such cases are more likely to reflect IBTrACS errors when the same FA is reproduced 
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by both reanalyses (brown hatching), or when they occur during the pre-satellite era. Finally, green 

hatching in the HR column indicates cases lacking detectable precursors in both SyCLoPS and a low-

level relative vorticity tracker (Hodges et al., 2017; Bourdin, 2026) before the first observation of the 

corresponding IBTrACS track. These cases are expected to benefit more directly from TC bogussing 

because pre-genesis disturbances are generally detectable as weak LPSs or low-level waves before 

operational monitoring begins. 

Figure 4.4 shows that JRA-3Q generally exhibits smaller "pure" reanalysis errors in both misses 

and FAs than ERA5, contributing to its lower MR and FAR across most basins. Improvements in MR and 

FAR over ERA5 can be roughly attributed, respectively, to differences in JRA-3Q’s TC bogus scheme 

and its underlying model. JRA-3Q’s HR also remains relatively stable between the pre-satellite and 

satellite eras, whereas ERA5 experiences a marked degradation in the pre-satellite era, particularly over 

the EP, where both MR and FAR increase substantially. This degradation likely reflects the combined 

effects of sparser observations and the relatively weak influence of TC bogussing, allowing model biases 

in ERA5 to "show through." Though, neither reanalysis recovers the artificially low observed TC 

frequency in the EP during the pre-satellite era (~12 annually versus ~18 in the satellite era), even with 

FAs included. 

Despite JRA-3Q’s superior overall performance, some aspects warrant caution. First, its FAR in 

the NI, particularly during the pre-satellite era, is unusually low (~0.3 annually) given the larger 

uncertainties in IBTrACS during this period. This may indicate that JRA-3Q misses some TCs that were 

also absent from IBTrACS in the earlier decades, while some ERA5 FAs may correspond to 

undocumented TCs in both eras. That is, whereas ERA5 tends to overestimate the intensity of these NI 

systems, JRA-3Q may instead underestimate them similarly due to its model design. Fig. 4.2g supports 

this interpretation, showing several inland-moving monsoonal systems captured by ERA5 but missed by 

JRA-3Q. This is also evidenced by the relatively larger number of NI TC tracks missed by JRA-3Q with 

no detectable match and by Malakar et al. (2020), who found that ERA5 represents TC intensity and 

structure evolution in the NI better than other reanalyses, including JRA-55. These inland systems are 
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also susceptible to long-term IBTrACS uncertainties because, although they may establish TC-like 

vertical structures, they may not meet the threshold for sustained surface winds implemented by 

operational agencies due to land friction. Furthermore, JRA-3Q contains a larger fraction of tracks 

without detectable pre-record disturbances, suggesting greater reliance on TC bogussing for vortex 

initiation. Consistent with this, Figure 4.3 shows that mature vortices in JRA-3Q emerge unphysically 

from largely nonexistent precursors after bogussing. The much weaker impact of TC bogus observations 

in ERA5 might result from the procedure to reduce their assimilation weight from the preliminary ERA5 

extension (Bell et al., 2021) to avoid generating unrealistically strong TCs during the back-extension 

period in the final product (Soci et al., 2024). These underscore the challenges of reconciling TC bogus 

with other parts of the reanalysis. 
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Figure 4.4. Decomposition of error sources and uncertainties in the hit rate (H), missing rate (M) and 

false alarms (F) in ERA5 and JRA3Q over satellite and pre-satellite era across the six basins. Numbers 

over the bars are decadal-mean TC counts. See the text for more details. 

We acknowledge that further understanding and decomposition of these TC representation 

deficiencies require process-oriented diagnosis of the reanalyses and more importantly, their underlying 

general circulation models. Our preliminary analysis shows that ECMWF-IFS-HR (C. D. Roberts et al., 

2017), a HighResMIP model that mirrors the underlying model of ERA5, exhibits similar biases to ERA5 

in its uncoupled historical run over a 27-year period. These biases include an underrepresentation of EP 

and NA TCs and an overrepresentation of inland NI TCs (Figure 4.S3). Similar behavior occurs in some, 

but not all, analyzed HighResMIP models. Interestingly, ECMWF-IFS-HR also overproduces TCs near 
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the tropical West African coast and adjacent inland regions, although whether this shares the same 

mechanism as NI FAs remains unclear. We hope this study provides guidance for the appropriate use and 

selection of reanalysis products in TC research and motivates future improvements in reanalysis systems. 

4.6 Supplements 

Text 4.S1. Introduction of Hybrid TC Label in SyCLoPS 

Many of the missed North Atlantic TC detections in ERA5 are classified as subtropical systems 

because they fail to satisfy the RH100MAX criterion (maximum relative humidity at 100 hPa within 2.0°) 

in SyCLoPS's Tropical Condition. Since the thresholds defining the tropical condition were trained using 

the global TC population, the RH100MAX threshold may be overly restrictive for the North Atlantic, 

leading to a very low FAR but also a comparatively low HR. To evaluate this possibility, we perform a 

sensitivity analysis by lowering the original RH100MAX threshold (RH100MAX > 20%) in 5% 

increments while keeping all other TC classification criteria unchanged. The results indicate that both 

ERA5 and JRA-3Q achieve their best overall performance with a relaxed threshold of RH100MAX > 5%. 

Under this criterion, the HR for North Atlantic TCs increases in both reanalyses, with only a 

comparatively modest increase in FAR. In contrast, JRA-55 exhibits only marginal improvements in HR 

across all tested thresholds while incurring a substantially larger increase in FAR. Based on these results, 

SyCLoPS assigns the “Hybrid TC” label to low-pressure systems that satisfy the TC classification criteria 

under this modified tropical condition. 

Figure 4.S2 shows the spatial distribution of global hybrid TCs in hybrid TCs tracks, defined as 

tracks containing at least four 6-hourly Hybrid TC nodes. In both ERA5 and JRA-3Q, Hybrid TCs occur 

most frequently over the subtropical North Atlantic, corresponding closely to many observed TCs that 

were previously missed by the standard detection algorithm. Because hybrid TC tracks are rare outside 

the North Atlantic, including these systems produces little change in the HR and FAR of either reanalysis 

in the other basins. On the other hand, hybrid TC in JRA-55 are much more spatially dispersed, likely 

explaining its poor performance when hybrid TCs are included in the North Atlantic TC evaluation. 
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These results suggest that future users of SyCLoPS should carefully consider whether to include 

hybrid TCs when evaluating North Atlantic TCs in other datasets. Before doing so, users should verify 

that the dataset reproduces a realistic spatial distribution of hybrid TCs comparable to that found in ERA5 

and JRA-3Q. Otherwise, including hybrid TCs may lead to worse TC detection performance.  

 

Figure 4.S1. Basin boundaries used in this study. 

 

 

Figure 4.S2. Hybrid TC 4° × 4° 1958-2023 annual-mean track density. 
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Figure 4.S3. TC 4° × 4° annual-mean density differences between HighResMIP models and IBrACS over 

1988-2014.  
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Chapter 5. Conclusions 

5.1 Other Ongoing Applications of SyCLoPS 

This dissertation has established the foundation for the development of SyCLoPS and presented 

two application studies that use SyCLoPS to evaluate tropical cyclone (TC) representation in climate 

models and atmospheric reanalyses, highlighting their respective strengths and limitations. The potential 

applications of SyCLoPS extend well beyond the studies presented in this dissertation, as the framework 

is capable of detecting and classifying 14 types of low-pressure systems (LPSs) in a wide range of large-

scale atmospheric datasets. Beyond the studies included in the previous chapters, I have been involved in 

several additional projects that leverage SyCLoPS, including the detection of North Atlantic TCs in the 

fully coupled high-resolution E3SM model (Balaguru et al., 2026), the association of LPSs with 

mesoscale convective systems over the continental United States, the evaluation of tropical and 

extratropical cyclones in kilometer-scale Earth system model simulations, and the development of 

Reanalysis-Augmented Best Tracks for Tropical Cyclones (RABTracks; Bourdin et al., 2026).  

Recent published studies and ongoing work have further demonstrated the potential applications 

of SyCLoPS to extratropical transition (ET) pathways of TCs (Jin et al., 2026) and extratropical 

predictability in AI-hybrid models (Zhang, 2026). Jin et al. (2026) used the SyCLoPS ERA5 dataset to 

investigate the pathways of TC extratropical transition in the relatively understudied Southern 

Hemisphere and identified four clusters of distinct synoptic environments associated with ET, each 

leading to different downstream weather regimes. Zhang (2026) used SyCLoPS to evaluate the Neural 

General Circulation Model (NGCM) developed by Google Research by initializing model forecasts at the 

TC genesis times identified in the SyCLoPS ERA5 dataset. The study then evaluated the forecasted 

extratropical atmospheric fields, represented by 500-hPa geopotential height, against ERA5 across TC 

track clusters defined based on the SyCLoPS dataset. 

Applications of SyCLoPS across diverse datasets and scientific problems have revealed 

limitations in the original framework and motivated continuous improvements to enhance its adaptability 
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and reliability. Many of the deficiencies discovered have been addressed in the later releases of SyCLoPS, 

as descripted in Chapter 2.10. As SyCLoPS continues to be applied to new datasets and research 

questions, we anticipate continued maintenance and further development of the framework to support 

broader applications in atmospheric science. 

5.2 Future Open Science Questions 

SyCLoPS was developed as a tool to facilitate the exploration of open scientific questions in 

atmospheric science. As demonstrated in the previous sections, SyCLoPS has already been applied to 

evaluate TC and extratropical cyclone performance in reanalysis products and physical and AI models, 

investigate tropical–extratropical interactions associated with TC propagation, and to be linked with other 

weather features of different scales. Beyond these applications, this subsection highlights several 

scientific questions for which SyCLoPS, in combination with other feature-detection algorithms, may 

provide a useful framework for further investigation. 

Within the broader field of TC research, numerous unresolved questions remain regarding TC 

genesis pathways and the roles of different types of TC seeds. Although SyCLoPS does not track all TC 

seeds back to their initial atmospheric-wave stages, it identifies surface LPS signals throughout their 

lifecycles, including initial tropical systems that subsequently dissipate or develop into TCs in reanalyses 

and model outputs. This provides a straightforward framework for comprehensively quantifying TC seed 

survival rates and investigating the mechanisms that govern the transition from precursor disturbances to 

developed TCs. When combined with an atmospheric-wave tracker and classifier or a TC tracker based 

on low-level vorticity signals (e.g., TRACK; Hodges et al., 2017), this framework could enable a more 

complete characterization of TC genesis pathways, from initial LPSs embedded in synoptic-scale 

precursors (i.e., seeds)—including monsoon troughs, easterly waves, equatorial waves, the subtropical jet, 

and ITCZ-related disturbances—to mesoscale development pathways. These development pathways may 

include bottom-up development (e.g., Halverson et al., 2007; Dunkerton et al., 2009), top-down 

development (e.g., Bister & Emanuel, 1997; Ritchie & Holland, 1997), and genesis associated with 
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processes originating near the tropopause, including tropical transition and formation induced by tropical 

upper-tropospheric troughs (e.g., McTaggart-Cowan, 2013). Such a combined framework could address 

several fundamental questions regarding TC genesis: Is there a preferred or dominant pathway of TC 

formation across different geographic regions and seasons? Which combinations of TC seed type and 

mesoscale development pathway are most favorable for TC genesis and subsequent intensification, and 

which are most likely to lead to the most destructive SG-E intensity-size evolution pathway as discussed 

in Chapter 3.5? What environmental conditions separate the development trajectory between developing 

and non-developing TC seeds? How do the composition and characteristics of different TC genesis 

pathways change under climate change? 

As discussed in Chapter 2.6, SyCLoPS can be used to evaluate the compound hazards (e.g., winds 

and precipitation) associated with all detectable LPSs. Our results show that not only TCs, but also other 

systems—including global monsoonal lows, subtropical storms, and polar lows—can produce compound 

hazards that are more severe and frequent than those associated with TCs in many regions. Therefore, we 

advocate taking an "LPS class-blinded" and "hazard-centered" approach to characterizing LPS activity, 

emphasizing that all LPSs should be considered important and meaningful when assessing their potential 

to produce extreme hazards, including precipitation (rainfall and snowfall), winds, storm surges, and heat 

waves, regardless of their classification or intensity. Indicators of these hazards can be evaluated over the 

lifecycle of individual LPS tracks or aggregated into two-dimensional spatial fields that provide 

stakeholders with information on the accumulated magnitude, probability (risk), or return period of 

hazardous events over a designated period. Applied to future climate projections, this hazard-centered 

framework can provide a more comprehensive perspective on how LPS activity and its associated hazards 

may change under a warming climate. 

Another intriguing future direction for SyCLoPS applications is a global, comprehensive 

investigation of the much less studied population of tropical-like cyclones, including subtropical storms 

(e.g., Mediterranean cyclones) and polar lows. These systems have traditionally been documented 

individually across different basins (e.g., Dias Pinto et al., 2013; Emanuel, 2005; Nordeng & Rasmussen, 
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1992). More recently, Emanuel et al., (2025) proposed grouping these systems together as “surface flux-

driven cyclones outside the tropics,” or CYCLOPs. In that study, several case studies were examined 

individually to investigate the potential role of surface fluxes in the genesis and evolution of these 

systems. However, substantial uncertainties remain, as surface fluxes alone may not fully explain the 

development and maintenance of all analyzed cases. SyCLoPS provides a potential framework for 

addressing these uncertainties by enabling systematic detection and tracking of tropical-like cyclones 

across diverse atmospheric datasets. A global climatology derived from SyCLoPS could facilitate 

investigations of tropical-like cyclone seeds, genesis pathways, and life cycle evolution using approaches 

analogous to those widely applied in TC research. When combined with environmental analysis, process-

oriented diagnosis, and other feature detection algorithms in reanalyses and idealized simulations, 

SyCLoPS could help clarify the relative roles of surface fluxes, atmospheric dynamics, and environmental 

conditions, and other large-scale features (e.g., blocking, atmospheric rivers, and cutoff lows) in 

controlling the formation and evolution of these understudied cyclone populations. 

Finally, SyCLoPS produces Lagrangian, label-rich datasets together with environmental 

parameters and spatial information, providing a useful foundation for training AI emulators and predictive 

models for a range of applications. For example, SyCLoPS could provide training data for AI emulators 

and weather models, including the latest Google weather forecast model WeatherNext2 (Alet et al., 2026), 

to predict TC genesis, track characteristics, intensity, and lifecycle evolution from the early stages of TC 

development, at substantially lower computational cost than full-scale physical forecast models. 

SyCLoPS may also provide a useful foundation for developing AI-based hazard prediction systems. For 

individual storms, an AI model could use the Lagrangian evolution of individual LPSs as a physically 

meaningful representation of the weather systems responsible for hazards, enabling predictions of the 

probability and magnitude of precipitation, wind, storm surge, and other hazards conditioned on the 

characteristics and environmental evolution of an LPS. At subseasonal-to-seasonal timescales, spatial 

maps of the aggregated magnitude or risk of specific LPS-related hazards could be generated directly 

from LPS activity and lower-frequency environmental indicators, providing a computationally efficient 
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framework for predicting the spatial distribution of weather hazards and their potential changes under 

current and future climate conditions. 

Taken together, these potential applications demonstrate that SyCLoPS is more than just a tool 

for identifying and classifying LPSs. It also provides a common framework for connecting LPSs with 

atmospheric features across spatial and temporal scales, as well as relating them to relevant hazards of 

concern to different stakeholders. Using SyCLoPS and other feature-detection algorithms alongside 

climate datasets, numerical simulations, and emerging AI models can bridge the gap between traditional, 

process-based understanding and data-driven approaches to atmospheric predictability. We envision 

SyCLoPS as an evolving framework that will facilitate new investigations into the formation, evolution, 

predictability, and hazards of the full spectrum of low-pressure systems, thereby contributing to a more 

comprehensive understanding of their roles in weather and climate. 
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