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Abstract The short duration of high‐quality, reliable tropical cyclone (TC) observations limits our ability to
detect long‐term trends. Here, we analyze TC frequency trends in the NOAA 20th Century Reanalysis (20CR)
versions 3 and 2c over the 19th and 20th centuries. TC counts in these data sets are particularly sensitive to TC
lifetime maximum wind intensity thresholds, even with the sign of the trends reversed. Higher thresholds
identify more organized vortex circulations and reveal observational inconsistencies inherited from assimilated
sea‐level‐pressure data. Similar analysis is performed in other reanalysis data sets and tracking algorithms to
assess the robustness of our results. Changes in large‐scale environmental fields influencing TC activity since
the pre‐industrial era differ markedly between 20CR versions 3 and 2c, further reducing confidence in
reanalysis‐based trend assessments. Our results underscore the continuing challenge of inferring robust, long‐
term TC frequency changes from historical reanalyses.

Plain Language Summary Reliable observational records of tropical cyclones (TCs) are limited
before the satellite era (post‐1980s), making it difficult to assess long‐term changes in TC activity.We examined
TC frequency trends in two versions of the NOAA 20th Century Reanalysis spanning the full 20th century, and
most of the 19th century. The impact of assimilating observed surface pressure from TC best‐track data sets is
clearly notable in the TC frequency time series. We performed a similar analysis using different reanalysis data
sets, as well as with different tracking algorithms used to identify TCs to determine the robustness of our results.
We also evaluated the changes in environmental variables that influence TC frequency, and found major
discrepancy between the two versions of 20CR reanalysis, leading to the conclusion that these reanalysis
products may not be suitable for determining reliable long‐term TC frequency trends.

1. Introduction
Detecting and understanding how tropical cyclones (TCs) respond to anthropogenic climate change is crucial
given their significant societal impacts. Has there already been a century‐scale change in the global and regional
TC counts associated with the current levels of global warming? The answer remains uncertain, largely owing to
the relatively short and uneven observational record of TCs, which constrains reliable detection of long‐term
changes in TC activity (Camargo et al., 2023; Klotzbach et al., 2022; Knutson et al., 2019; Kossin et al., 2013).

Before the satellite era, global best‐track records of TCs were especially prone to discontinuities and sampling
gaps (Landsea, 2007; Landsea et al., 2010). Observations improved substantially with the advent of global sat-
ellite monitoring in the 1970s (Kossin et al., 2007), but the improved detection capability introduced a spurious
upward trend in TC numbers by capturing storms that would previously have gone unrecorded (Landsea
et al., 2010; Klotzbach et al., 2022). However, relying solely on the relatively short span of high‐quality TC data
hinders consensus on attribution to greenhouse warming, as short records likely contain substantial contributions
from internal climate variation or non‐greenhouse gas forcings (Knutson et al., 2019; Murakami et al., 2020;
Vecchi et al., 2021).

Long‐term reanalyses provide alternative data sets to assess trends in TC frequency extending back to the mid‐
19th century (e.g., Chand et al., 2022). These data sets combine historical observations with weather forecast
models to produce a best‐guess reconstruction of past atmospheric conditions, partially overcoming the limited
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temporal and spatial coverage of direct observations (e.g., Slivinski, 2018). Using the NOAA (National Oceanic
and Atmospheric Administration) 20th Century Reanalysis version 2c (20CRv2c), Chand et al. (2022) reported a
robust declining trend in TC frequency at global and regional scales throughout the 20th Century. This finding has
been challenged by Emanuel (2024), who argued that the apparent decline was an artifact of the increasing density
of surface‐pressure observations during the considered time period. He contended that observations assimilated
into the model serves to both improve detection of real TCs and suppress model‐generated storms, based on his
analysis of the newer version 3 (20CRv3) data set. Chand et al. (2023) responded to these claims, arguing that
Emanuel (2024) examined the flow curvature in the lower troposphere (850‐OWZ proxy) rather than tracked TCs.
Since the proxy may identify many atmospheric circulations that are not TCs, this could lead to trends that reflect
a broader class of circulations rather than TCs alone. These conflicting findings underscore the substantial un-
certainty in long‐term TC frequency estimates from reanalyses, driven by changes in availability of observations,
assimilation techniques, and the tracking algorithms used to identify TCs in reanalyses (Aarons et al., 2021;
Bourdin et al., 2022; Hersbach et al., 2020).

Here, we revisit global and regional TC frequency trends over the past century by comparing multiple reanalyses.
We analyze TC counts from two TC tracking methods to assess the sensitivity of results to the choice of tracking
scheme. We also compare the trends in the environmental fields associated with TCs in 20CRv3 and 20CRv2c.

2. Data and Methods
We use TC track data for different reanalysis data sets from the Huracán Project (see https://research.reading.ac.
uk/huracan/about‐huracan/project‐overview/). These TC tracks are based on the TRACK algorithm (Hodges
et al., 2017). An additional data set derived using the Okubo–Weiss–Zeta (OWZ) algorithm (Tory et al., 2013) is
considered to test the robustness to tracking method. Large‐scale environmental fields from two reanalyses are
also analyzed to assess the physical consistency of the detected TC frequency changes.

2.1. Best‐Track Data Set

The International Best Track Archive for Climate Stewardship version 4 (IBTrACSv4; Knapp et al., 2010) with
data from the National Hurricane Center (NHC) or the Joint Typhoon Warning Center (JTWC) are used as the
observational reference. We consider IBTrACS TC counts during various periods, noting that substantial data
quality issues remain especially before the satellite era (Klotzbach et al., 2022; Knutson et al., 2019; Vecchi &
Knutson, 2008). We only consider observed TCs that reach at least tropical storm intensity (>34 kt) in our
analysis.

2.2. Reanalysis Data Sets

TC track data available through the Huracán Project are obtained from four long‐term reanalysis products (Table
S1 in Supporting Information S1). Two are from the NOAA 20th Century Reanalysis project: version 3 (20CRv3,
1806–2015; L. C. Slivinski et al., 2019) and 2c (20CRv2c, 1831–2014; Compo et al., 2011), and two are from the
European Center for Medium Range Forecasts (ECMWF): the Atmospheric Reanalysis of the 20th Century
(ERA‐20C, 1900–2010; Poli et al., 2016) and the Coupled Reanalysis of the 20th Century (CERA‐20C,
1901–2010; Laloyaux et al., 2018). Each reanalysis spans over 100 years and avoids major artificial trends
associated with evolving observing systems by assimilating only near‐surface observations available throughout
the record.

20CRv3 comprises 80 ensemble members. 20CRv2c is an earlier version of 20CRv3, with 56 ensemble members.
20CRv3 and v2c both assimilate only observations of surface pressure from multiple sources, including station
measurements, marine observations, and, notably, TC pressure reports from IBTrACS (Compo et al., 2011; L. C.
Slivinski et al., 2019). ERA‐20C consists of a single ensemble, and assimilates surface pressure, marine winds as
well as IBTrACS pressure reports (Poli et al., 2016). CERA‐20C uses the same observations as ERA‐20C but
employs a coupled atmosphere‐ocean model and includes 10 ensemble members (Laloyaux et al., 2018).

Our analysis focuses primarily on 20CRv3, for which the TRACK algorithm (Hodges et al., 2017) is applied to all
80 ensemble members, with comparisons to the other three reanalyses in which TRACK is applied to all available
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ensemble members to assess the robustness of the reanalysis‐based TC frequency trends. For large‐scale envi-
ronmental analysis, we directly use the 20CRv2c and 20CRv3 ensemble mean.

2.3. TC Tracking Algorithms

Given the sensitivity of TC counts to algorithm choice (e.g., Bourdin et al., 2022), we complement our analysis
with 20CRv2c TC tracks derived using the Okubo–Weiss–Zeta (OWZ) algorithm (Tory et al., 2013). Both
TRACK and OWZ rely on dynamics‐based variables but differ in their detection philosophy: TRACK identifies
TC‐like vortices by tracking relative vorticity maxima on isobaric surfaces, whereas OWZ detects systems based
on the OWZ parameter, emphasizing low‐level vorticity and curvature thresholds (Bourdin et al., 2022).

2.4. LMI Thresholds and Analysis Definitions

We apply an intensity‐based threshold criteria to the reanalysis‐based TC tracks to exclude weak systems, based
on their lifetime maximum intensity (LMI; maximum wind speed reached by a TC during its lifetime). Specif-
ically, we use LMI thresholds of 15, 25, and 35‐kt to examine the sensitivity of the TC frequency trends to these
thresholds.

We explore long‐term change in annual TC numbers at global and regional scales. Trend analyses focus on three
main periods: 1850–2015, 1900–2015, and 1950–2015. The longest period begins at the pre‐industrial baseline
(1850–1900) to capture the full TC record derived from 20CR. By contrast, the 1900–2015 period allows
comparison among reanalyses with overlapping coverage (Section 3.2), while 1950–2015 trends represent an era
of more TC observations. Linear trends are evaluated using a two‐sided t test, accounting for autocorrelation
effects, and are considered significant with a p‐value threshold of 0.05.

The annual number of TCs (NTC) refers to the total number of TCs forming during 12 months. The TC seasons
are defined as January to December in the Northern Hemisphere, and July to June in the Southern Hemisphere, in
order to take into account the peak TC season in each hemisphere. The TC basins are defined within the tropics
(40°S–40°N) in each hemisphere: North Indian Ocean (NI), 0°E–90°E; Western North Pacific (WNP), 90°-
E–180°E; Eastern North Pacific (ENP), 180°E to the west coast of America; North Atlantic (NATL), from the east
coast of America to the 0°; South Indian Ocean (SI), 0°E–90°E; Australian Region (AUS), 90°E–170°E and South
Pacific (SP), 170°E–240°E.

2.5. Environmental Fields

We also examined large‐scale climate variables that are known to be closely related with TC genesis and have
been widely used to understand changes in TC frequency. These include sea surface temperature (SST), mean sea
level pressure (MSLP), vertical wind shear (VWS), column relative humidity (CRH), potential intensity (PI)
(Bister & Emanuel, 2002), and a tropical cyclone genesis index (TCGI). The specific TCGI used here is based on
PI, VWS, CRH and absolute vorticity at 850 hPa (Camargo et al., 2014, 2025; Tippett et al., 2011). We computed
the changes in these variables from a pre‐industrial baseline (1851–1900) for both 20CRv2c and 20CRv3 to
evaluate consistency between versions and with TC frequency trends.

3. Results
3.1. TC Frequency Trends in 20CRv3

The TC frequency in the 20CRv3 data set and an LMI threshold of 15 kt shows a clear downward trend in global
and hemispheric annual TC frequency over the century‐scale 1900–2015 period, in contrast to an upward trend
during 1850–1900 (Figure 1a; Figure S1 in Supporting Information S1). A similar NTC trend pattern is also
evident in the NATL and WNP, as well as in most other basins except the NI and SI (Figure 1; Figure S1 in
Supporting Information S1 top row). The results are mostly consistent with the findings of Chand et al. (2022),
who used the earlier 20CRv2c with OWZ tracking algorithm, with the exception of the upward trend being
weaker and the WNP showing a slight downward trend.

However, increasing the LMI threshold to 25 and 35 kt reverses the sign of the century‐scale trend over
1900–2015, yielding increasing global‐scale and basin‐wide annual TC frequencies (Figure 1; Figure S1 in
Supporting Information S1, middle and bottom rows). For example, the global trends over 1900–2015 shift from
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− 0.22 to +0.31, and +0.22 TCs per year as the LMI threshold increases from 15 to 25 and 35 kt, all of which are
statistically significant (Table S2 in Supporting Information S1).

The reversal of the century‐scale TC number trend with increasing LMI threshold reflects a discontinuity in the
representation of slightly more intense storms in 20CRv3. As shown in Figure 1; Figure S1 in Supporting In-
formation S1 (middle and bottom rows), higher LMI thresholds (≥25 kt) show pronounced step increases in the
NTC around 1945. At the 25 kt threshold, global NTC exhibits a notable increase of about 20 TCs, compared to
the earlier period (Figure 1d). At LMI ≥ 35 kt global TC counts are very low (approximately 5 TCs until around
1945, after which they rise sharply). The WNP contributes substantially to the step increase around 1945
(Figures 1f and 1i), which largely explains the upward shift in the global trends at the same time and thresholds
(Figures 1d and 1g). Also contributing to this step increase, SH basins show a similar sensitivity to the LMI
threshold, with discontinuities around (SI) or after (SP, AUS) 1945 (Figure S1 in Supporting Information S1).

This step increase is closely associated with the historical expansion of TC observations. IBTrACS data avail-
ability starts in 1851 for the NATL (Landsea & Franklin, 2013) and in 1945 for the WNP (Chu et al., 2002), and
both records were subsequently assimilated into 20CRv3 (L. C. Slivinski et al., 2019). Consequently, the abrupt
increase of 20 TCs in the global annual mean after 1945 likely reflects the improved detection and reporting of
TCs after World War II (e.g., Emanuel, 2018), rather than a physical change in TC activity. In addition, evidence

Figure 1. Time series of the 20CRv3 TC counts globally, in the NATL, and in the WNP from 1850 to 2015 with an increasing LMI threshold: TCs with LMI ≥15 kt,
LMI ≥25 kt, and LMI ≥35 kt. Included is NTC (blue), a 5‐year running mean (red), and trends post‐1836, 1900, and 1950 (dashed lines with associated gradient (∇)).
Dashed vertical lines indicate years 1850, 1900, and 1945.
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from the LMI analysis suggests that the 1900–2015 decreasing trend—if real—mainly arises from weaker storms
generated within the reanalysis. This trend may reflect a genuine climate signal in weak TC‐like vortices or arise
from changes in the density of assimilated observations, as suggested by Emanuel (2024).

Storms with an LMI between 15 and 25 kt, representing weak TCs, exhibit a significant downward trend (Figure
S2 in Supporting Information S1). The ensemble spread of NTC likewise declines over time (Figure S3 in
Supporting Information S1), indicating increased agreement among ensemble members as the number of
assimilated surface pressure observations increases (Figure S4 in Supporting Information S1). Together, these
results support the interpretation that increased assimilation of conventional observations suppresses spurious or
“rogue” TCs that do not exist in nature but can arise in reanalyses under sparse observational constraints
(Emanuel, 2024). This evidence suggests that the observed decline in the number of weak TCs could potentially
be primarily driven by the increasing availability of conventional observations, rather than reflecting a physically
meaningful change in NTC. In addition, we examine TC duration defined as the time a storm spends at or above
each intensity threshold. For all storms with LMI ≥ 15 kt, the duration generally decreases over 1900–2015,
whereas for stronger storms (LMI ≥ 25 and 35 kt; Figure S5 in Supporting Information S1), duration tends to
increase or remain roughly unchanged, showing a reversal in TC duration trends as the LMI threshold increases.
This behavior is consistent with the sensitivity of TC counts to LMI thresholds (Figure 1) and suggests that weak
vortices are suppressed by the increase in observations.

3.2. Intercomparison of TC Frequency Trends Across Reanalyses and Tracking Methods

To assess the long‐term trends of NTC across different data sets, we extend the analysis to other reanalyses,
namely 20CRv2c, ERA‐20C, and CERA‐20C (Figure 2). As ERA‐20C and CERA‐20C begin in 1900, the
comparison is limited to the 20th century. First, the total number of identified TCs varies across data sets, with
ERA‐20C yielding the fewest and 20CRv2c the most globally (see also Table S3 in Supporting Information S1).
Second, both IBTrACS and 20CRv3 show a clear step increase around 1945, especially for global and WNP TCs
as noted above, whereas 20CRv2c, ERA‐20C, and CERA‐20C display only moderate changes. Notably, the four
reanalyses disagree substantially before 1950 but converge afterward, showing similar variability and no evident
trends, indicating improved consistency during the modern observational era (Figure 2; Figure S6 in Supporting
Information S1). Figure S7 in Supporting Information S1 also demonstrates progressively stronger correlations
among reanalyses and with IBTrACS over time, from the early reanalysis period (post‐1900) to the satellite era
(post‐1980), for both global and regional TCs, with the data over NATL consistently showing the highest
agreement.

Overall, no single reanalysis appears more reliable for long‐term TC trend analysis. All these reanalyses
assimilate pressure data from the International Surface Pressure Databank, which integrates observations from
land stations, marine platforms, and IBTrACS (Cram et al., 2015). However their TC representations differ due to
variations in assimilation approaches and model configurations, particularly in how very low values of TC
pressure data are handled (e.g., Laloyaux et al., 2018; L. C. Slivinski et al., 2019). For example, 20CRv3's higher‐
resolution forecast model enables more effective assimilation of very low central pressures of TCs. In contrast,
20CRv2c assimilates TC pressure data but assigns larger observational errors to stabilize assimilation
(L. C. Slivinski et al., 2019), and CERA‐20C and ERA‐20C often reject very low pressure data values during
quality control (Laloyaux et al., 2018). Consequently, the influence of IBTrACS and the associated step increase
in TC frequency (Figures 1 and 2) is most evident in 20CRv3 than in the other reanalyses, while the influence of
assimilation of IBTrACS on ERA‐20C and CERA‐20C is not straightforward.

In addition, the role of resolution in these reanalyses (Table S1 in Supporting Information S1) has an important
impact on TCmaximum intensity, but while the mean number of TCs tend to increase with resolution, this is not a
linear relationship, as models with the same resolution can have very different number of global NTC (Camargo
et al., 2020, 2025; Roberts et al., 2020). Because our LMI thresholds are very low, they are not filtering the intense
storms most sensitive to resolution, so we do not expect the different resolutions (e.g., 20CRv3's higher reso-
lution) to significantly impact these NTC trends. Beyond the direct effects of data assimilation, the increasing
number of surface observations after around 1945 likely improved TC detectability in all reanalyses. This may
partly explain the upward trends seen in ERA‐20C, as well as the increasing agreement among reanalyses and
with IBTrACS after 1950 (Figure 2; Figures S6 and S7 in Supporting Information S1).
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Figure 2. Time series of TC counts in IBTrACS (black), CERA‐20C (orange), ERA‐20C (green), 20CRv3 (blue), and
20CRv2c (purple): (a) global, (b) NATL, and (c) WNP basins over 1900–2015. Each reanalysis has a LMI ≥25 kt threshold,
and IBTrACS has a LMI ≥35 kt threshold. Shading corresponds to the NTC ensemble spread at a 95% confidence interval for
reanalyses with more than 1 ensemble member.
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To assess the sensitivity of TC frequency trends to the choice of tracking algorithm, we compare two 20CRv2c
ensemble members for which both TRACK and OWZ high frequency data variables are available. We focus on
the 1950–2014 period, which represents a more consistent modern observational era and thus helps minimize the
influence of large data uncertainties on the algorithm evaluation. As shown in Figure 3; Table S4 in Supporting
Information S1, TRACK generally detects more TCs than OWZ (approximately 40, 3, and 10 more globally, in
the NATL, and WNP, respectively, at 25 kt), as discussed in Bourdin et al. (2022). Despite these differences in
absolute counts, the NTC trends exhibit a qualitatively similar sensitivity to the choice of LMI threshold, shifting
from negative or near‐zero trends to more positive values as the threshold increases, indicating that TC frequency
trends are determined by the reanalysis and not by the choice of tracking algorithm (Figure 3; Figure S9 and Table
S4 in Supporting Information S1). However, since both TRACK and OWZ tend to include weaker storms, this
finding may not extend to more restrictive tracking algorithms.

Figure S8 in Supporting Information S1 extends this comparison to 20CRv3, although the setups are not directly
comparable: in 20CRv2c, two individual ensemble members are analyzed, whereas in 20CRv3, TRACK rep-
resents the mean of 80 ensemble members and OWZ is derived from the ensemble‐mean environmental state,
based on data from (Ye et al., 2024). Notwithstanding these methodological differences, the NTC trends derived
from TRACK and OWZ remain generally consistent in both sign and magnitude. In addition, Figure S9 in
Supporting Information S1 illustrates that the 1900–2015 trend reverses from negative to positive when the LMI
threshold increases from 15 to 25 kt in both 20CRv2c + OWZ and 20CRv2c + TRACK, confirming that TC
frequency trends in both 20CRv3 and v2c are highly sensitive to the chosen LMI threshold but largely insensitive
to the tracking algorithm.

Figure 3. NTC time series for ensembles 1 and 2 20CRv2c based on TRACK (purple) and OWZ (gold) globally and for the NATL and WNP basins from 1950 to 2014
with LMI ≥15 kt (top panels) and ≥25 kt (bottom panels) thresholds. Ensemble one is shown in solid lines, ensemble 2 in dashed lines.

Geophysical Research Letters 10.1029/2026GL122083

JONES ET AL. 7 of 11

 19448007, 2026, 14, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2026G

L
122083 by Jingyi Z

huo - Princeton U
niversity , W

iley O
nline L

ibrary on [12/07/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



3.3. Large‐Scale Environmental Fields

Here we examine changes (present: 1951–2010) from the pre‐industrial baseline (1851–1900) in the large‐scale
environmental fields that influence TC frequency, to assess whether the TC trends identified in 20CRv3 and
20CRv2c can be linked to changes in their background environments. Figure 4a shows widespread tropical SST
warming, accompanied by limited warming or even cooling in the central to eastern equatorial Pacific, resulting in
an enhanced zonal SST gradient across the equatorial Pacific (Figure S10a in Supporting Information S1)
(e.g., Seager et al., 2019; Seager et al., 2022). The associated enhancement of the zonal MSLP gradient
(Figure 4b; Figure S10b in Supporting Information S1) is consistent with this strengthened SST gradient and
indicates an intensifying Walker circulation. At the global scale, changes in the Walker circulation reflect large‐
scale tropical overturning and largely determine the mean vertical motion (e.g., Held & Zhao, 2011). A
strengthening of theWalker circulation manifests as increased upward mass flux in the ascending branches, where
deep tropical convection is most active, thereby contributing to a more overall favorable large‐scale environment
for TC formation (e.g., Vecchi & Soden, 2007). At the regional scale, particularly over the western Pacific warm
pool, a strengthened Walker circulation enhances ascent over this primary TC genesis region, increasing mid‐
level humidity and reducing saturation deficit, thereby favoring TC formation. This interpretation aligns with
Chand et al. (2022), despite the attributed the decline in TC frequency in 20CRv2c to a weakening Walker
circulation inferred from a different MSLP data set (Kaplan et al., 2000). Nevertheless, the Walker circulation
represents only one aspect of the large‐scale environment, and TC activity is influenced by multiple environ-
mental factors (e.g., Sobel et al., 2021; Vecchi et al., 2019).

Figure 4. Changes in (a) sea surface temperature, (b) mean sea level pressure, (c) vertical wind shear, (d) potential intensity, (e) column relative humidity, and (f) tropical
cyclone genesis index between the historical period (1951–2010) and the preindustrial period 1851–1900) in 20CRv2c (left) and 20CRv3 (right).
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However, beyond the large‐scale circulation metrics, we find no coherent or substantial changes in individual TC‐
relevant environmental fields, including vertical wind shear (Figure 4c; Figure S10c in Supporting Informa-
tion S1), potential intensity (Figure 4d; Figure S10d in Supporting Information S1), column relative humidity
(Figure 4e; Figure S10e in Supporting Information S1), or the TC genesis index (Figure 4f; Figure S10f in
Supporting Information S1), that would be capable of explaining the pronounced step like increase in TC fre-
quency observed after 1945 (Figure 1). We also directly examined TC genesis density (Figure S11 in Supporting
Information S1) which shows a widespread increase in TC occurrence across basins, consistent with the results
shown in Figure 1; Figure S1 in Supporting Information S1, but again revealed discrepancies between the two
versions, namely in the Central and South Pacific, consistent with Figure 4. This suggests that the step increase
after 1945 is unlikely to be a product of changes within the large‐scale environmental fields, but rather it is
probably related to changes in availability in the observational pressure data assimilated.

Crucially, the comparison between 20CRv2c and 20CRv3 environmental fields reveals substantial discrepancies
in both the spatial patterns of the changes in large‐scale environments, and their magnitude (Figure 4). For
example, the magnitude of changes between the preindustrial and historical periods is generally larger in 20CRv3,
with particularly pronounced differences in the eastern North and South Pacific (Figure 4f). In addition, the
tropical mean column relative humidity even exhibits opposite trends in 20CRv2c and 20CRv3 (Figure S10e in
Supporting Information S1). These inconsistencies indicate that even the sign and amplitude of large scale
environmental trends are not robust across 20CR versions. Such uncertainty undermines confidence in attributing
long term TC frequency trends inferred from these reanalyses to physically meaningful changes in the back-
ground environment.

4. Conclusion
Based on the 20CRv3 reanalysis, which provides a best‐guess reconstruction of atmospheric conditions since the
1850s, we assessed historical long‐term trends of TC frequency. Our results show that TC frequency trends are
highly sensitive to the LMI threshold applied. For LMI threshold ≥15 kt, global and regional TC frequency
declines significantly from 1900 to 2015. However, raising the threshold to 25 or 35 kt, thereby excluding weaker
systems, shifts the trend to more positive values, yielding increases of TC frequency at both global and regional
scales. We also identify discontinuities in TC frequency around 1945, coinciding with the post–World War II
expansion of systematic observations in the NATL and WNP. This result clearly shows that 20CRv3 inherits TC
data density and quality issues from IBTrACS. Consequently, TCs detected in 20CRv3 reanalyses should not be
used to infer long‐term trends.

The detected TC frequency trends in 20CR and their sensitivity to LMI thresholds are robust across different
tracking algorithms but vary with reanalysis data sets. Because all reanalyses studied here assimilate the Inter-
national Surface Pressure Databank, which includes pressure reports from IBTrACS, they inevitably inherit data
issues from best‐track data sets, though in different ways depending on assimilation schemes and model design. In
addition, our analysis of environmental fields reveals stark discrepancies between 20CRv2c and 20CRv3, further
underscoring that long‐term TC frequency trends derived from the 20CR data sets are not robust.

Historical reanalyses nevertheless remain valuable for studying extremes, particularly where satellite‐era records
are too short. Midlatitude storms, heat waves, and cold‐air outbreaks are often well represented in regions with
dense observations (Brönnimann & Luterbacher, 2012; Donat et al., 2013; Messori et al., 2016). By contrast,
tropical cyclones are more difficult to model—requiring high resolution—and remain poorly constrained by
observations. A key aspect of using reanalyses is therefore to properly account for their uncertainties (e.g., Parker,
2016). Despite the issues we identify for TCs in 20CRv2c and 20CRv3, it remains challenging to detect true
changes in TC frequency while disentangling artifacts in reanalysis trends that arise from the combined influence
of models and observations.
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Availability Statement
Twentyth Century Reanalysis data sets 20CRv3 (L. C. Slivinski et al., 2019) and 20CRv2c (Compo et al., 2011)
are provided by the NOAA PSL, Boulder, Colorado, USA, from their website at https://psl.noaa.gov. European
Centre for Medium‐Range Weather Forecasts (ECMWF) data sets ERA‐20C (Poli et al., 2016) and CERA‐20C
(Laloyaux et al., 2018) are available at https://apps.ecmwf.int/datasets/. NOAA's International Best Track
Archive for Climate Stewardship (IBTrACS (Knapp et al., 2010);) data, last accessed on 28 May 2024, is
available at https://www.ncei.noaa.gov/products/international‐best‐track‐archive. Huracán tropical cyclone
tracks are available at https://research.reading.ac.uk/huracan/science/data/. OWZ track data for two ensembles of
20CRv2c are available at https://github.com/savinchand/20CRv2‐TC‐Tracks. OWZ track data for 20CRv3
shown in Figure S6 of Supporting Information S1 is available at https://doi.org/10.5281/zenodo.14411917 (Ye
et al., 2024).
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