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Abstract The predictions for Super Typhoon Lekima
(2019) have been evaluated from official forecasts, global
models, regional models and ensemble prediction systems
(EPSs) at lead times of 1–5 days. Track errors from most
deterministic forecasts are smaller than their annual mean
errors in 2019. Compared to the propagation speed, the
propagation direction of Lekima (2019) was much easier to
determine for the official agency and numerical weather
prediction (NWP) models. The National Centers for
Environmental Prediction Global Ensemble Forecast
System (NCEP-GEFS), Japan Meteorological Agency
Global Ensemble Prediction System (JMA-GEPS) and
Meteorological Service of Canada Ensemble System
(MSC-CENS) are underdispersed, and the Shanghai
Typhoon Institute Typhoon Ensemble Data Assimilation
and Prediction System (STI-TEDAPS) is overdispersed,
while the ensemble prediction system from European
Centre for Medium-Range Weather Forecasts (ECMWF)
shows adequate dispersion at all lead times. Most
deterministic forecasting methods underestimated the
intensity of Lekima (2019), especially for the rapid
intensification period after Lekima (2019) entered the
East China Sea. All of the deterministic forecasts
performed well at predicting the first landfall point at
Wenling, Zhejiang Province with a lead time of 24 and
48 h.

Keywords Typhoon Lekima (2019), track, intensity,
landfall point, forecast verification

1 Introduction

Tropical cyclones (TCs) are among the most impressive
weather systems in the western North Pacific (WNP)
region, not only as serious natural weather phenomenon
but also in terms of the intense precipitation, strong winds
and storm surges they can cause. Each year, on average,
approximately 9 typhoons make landfall in Chinese
mainland (Lu and Zhao, 2013), leading to enormous
disasters and property losses.
Recent studies have highlighted improved TC track

forecasting by global numerical weather prediction (NWP)
models (Yamaguchi et al., 2017; Hodges and Klingaman,
2019; Chen et al., 2020). Chen et al. (2020) compared the
results from ECMWF-IFS, NCEP-GFS and UKMO-
MetUM deterministic forecasts for the 2010–2019 WNP
typhoon seasons and found that, on average, the ECMWF
had the smallest track errors for all typhoons across the
entire WNP region. The three global models all showed
obvious improvement for lead times beyond 72 h.
However, in terms of central mean sea level pressure and
maximum sustained winds, typhoon intensities are still
underestimated due to a lack of resolution and the use of
parameterized processes for regional and/or global models
(DeMaria et al., 2014). Kaplan et al. (2010) demonstrated
that it is difficult for models to predict rapid transitions in
intensity. Emanuel and Zhang (2016) also found that even
though the skill of TC track forecasts has increased in
recent years, the TC intensity forecast skill has improved
slowly. To improve the performance of TC intensity
forecasts, the National Oceanic and Atmospheric Admin-
istration (NOAA) initiated the ongoing Hurricane Forecast
Improvement Project (HFIP) in 2008 (Gall et al., 2013).
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Super Typhoon Lekima in 2019 (Fig. 1), considered as
one of the strongest typhoons which made three times of
landfall in China, underwent a significant rapid intensifica-
tion after entering the East China Sea, and resulted in huge
damage in Eastern China. Operational forecasting systems,
including official forecasts, global and regional models,
and ensemble prediction systems (EPSs), issued track and
intensity forecasts after the formation of Lekima (2019).
The main purpose of this paper is to verify and compare

the track and intensity forecast performance of Super
Typhoon Lekima (2019) from several deterministic
methods and EPSs. Specifically, this paper focuses on
the following 4 questions regarding Lekima (2019):
1) What is the accuracy of the track and intensity

forecasts from the official operational, deterministic
models and ensemble prediction systems for Super
Typhoon Lekima (2019) from day 1 to 5?
2) For each modeling system, how did the 24 to 120 h

forecast performance for Lekima (2019) compare to the
model’s annual mean performance?
3) How does the track ensemble spread compare with

the ensemble mean track?

4) What is the landfall point prediction performance of
all the deterministic forecast methods?
Section 2 that follows describes data (both best track and

forecast data) and the evaluation methodology used in this
study. Section 3 presents the verification results for the
deterministic track and intensity biases, errors and skill, the
ensemble track errors, and the landfall point forecast
errors. Section 4 is the summary and conclusions.

2 Data and method

2.1 Best track data

The best track is a subjective assessment of a typhoon’s
center location and intensity that is identified by trained
analysts at the Shanghai Typhoon Institute of China
Meteorological Administration (CMA-STI) using all
observations available at the time of the analysis (typically
some period of time – even several months – after the
typhoon occurs). The best track will often differ from the
“operational” track that is estimated real-timely during the

Fig. 1 Genesis time, track path, intensity evolution and three landfall points of Super Typhoon Lekima (2019).
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lifetime of the storm. In particular, the best track from the
CMA-STI consists of center position, maximum 2-min
surface wind speed, and minimum central pressure (MCP)
every 6 h during the life cycle of a tropical or subtropical
cyclone. The CMA-STI’s best tracks also include landfall
information: location, time and intensity. The CMA-STI
best track data can be accessed online (available at CMA
tropical Cyclone data center website) (Ying et al., 2014).

2.2 Forecast data sets

Various types of TC forecast guidance are available in the
WNP. This study focuses on forecast performance of
operational official forecasts, global models, regional
models and EPSs for Super Typhoon Lekima (2019).
Table 1 shows detailed information regarding all forecast
guidance products used in this study.
Official forecasts provided by the typhoon warning

centers and national meteorological forecast agencies
consist of human-generated track and intensity informa-

tion. NWP systems, including both regional and global
models, also provide predictions of TCs. The track and
intensity forecast data from both the official forecasts and
NWP were obtained through the Global Telecommunica-
tion System (GTS) of the World Meteorological Organiza-
tion (WMO) in real time. The track data for Lekima (2019)
from European Centre for Medium-Range Weather Fore-
casts Ensemble Prediction System (ECMWF-EPS), UK
Met Office Ensemble Prediction System (UKMO-EPS),
National Centers for Environmental Prediction Global
Ensemble Forecast System (NCEP-GEFS), Japan Meteor-
ological Agency Global Ensemble Prediction System
(JMA-GEPS) and Meteorological Service of Canada
Ensemble System (MSC-CENS) were downloaded from
The International Grand Global Ensemble (TIGGE)
database (Swinbank et al., 2016) in near real-time. These
data were available online at Research Data Archive at the
National Center for Atmospheric Research (NCAR),
Computational and Information Systems Laboratory’s
website. The track data from Shanghai Typhoon Institute

Table 1 Details of forecast guidance

Category Abbreviation Full name or short description

Deterministic guidance Official forecasts CMA China Meteorological Administration

JMA Japan Meteorological Agency

JTWC Joint Typhoon Warning Center

KMA Korea Meteorological Administration

HKO Hong Kong Observatory

Global models ECMWF-IFS European Centre for Medium-Range Weather Forecast Integrated Fore-
casting System

JMA-GSM Japan Meteorological Agency Global Spectral Model of JMA

NCEP-GFS National Centers for Environmental Prediction Global Forecast System

UKMO-MetUM UK Met Office Unified Model system

Regional models GRAPES-TCM Shanghai Typhoon Institute Regional TC-forecasting model based on
Global/Regional Assimilation and PrEdiction System (GRAPES)

GRAPES-TYM National Meteorological Center of CMA Regional Typhoon forecasting
model based on Global/Regional Assimilation and PrEdiction System

(GRAPES)

TRAMS Tropical Regional Atmosphere Model for the South China Sea based on
Global/Regional Assimilation and PrEdiction System (GRAPES)

Shanghai-TCM Shanghai Typhoon Institute Regional TC forecasting model based on
Weather Research and Forecast modeling system

HWRF The atmosphere-ocean coupled Hurricane Weather Research and Forecast
modeling system

Ensemble prediction system ECMWF-EPS European Centre for Medium-Range Weather Forecasts Ensemble Predic-
tion System

JMA-GEPS Japan Meteorological Agency Global Ensemble Prediction System

MSC-CENS Meteorological Service of Canada Ensemble System

NCEP-GEFS National Centers for Environmental Prediction Global Ensemble Forecast
System

UKMO-EPS UK Met Office Ensemble Prediction System

STI-TEDAPS Shanghai Typhoon Institute Typhoon Ensemble Data Assimilation and
Prediction System

Guomin CHEN et al. A forecast verification of typhoon Lekima (2019) 19



Typhoon Ensemble Data Assimilation and Prediction
System (STI-TEDAPS) was gathered from the typhoon
forecast database of CMA-STI.

2.3 Methods of track, intensity and landfall point forecast
error verification

The direct track error (TE) is calculated by the great-circle
distance between the forecasted points to the observed
point (obtained from best track data set). As described by
Froude et al. (2007), TE can be decomposed into two
components: the along-track error (ATE) and the cross-
track error (CTE). Figure 2 shows the relationship among
the TE, ATE, and CTE. Therefore, a negative (positive)
ATE indicates the forecast typhoon motion was too slow
(fast) compared to the observed typhoon. Similarly, a
negative (positive) CTE corresponds to a forecasted
typhoon that is left (right) compared with the observed
typhoon.

The forecasted landfall point is the intersection between
the forecasted track and the coastline. Therefore, the
landfall point forecast error is defined as the great-circle
distance from the forecasted landfall point to the observed
landfall point.
The ensemble spread (SP) and ensemble mean track

error (EMTE) are compared to assess the statistical
reliability of TC ensemble track forecasts. The position
of the ensemble mean is the average of all ensemble
member positions at a given lead time. Similar to the TE,
the EMTE is defined as the great-circle distance between
the mean forecasted point of all ensemble members and the
position of the best track. The SP can be defined as the root
mean square (RMS) average of the distances between the
ensemble mean position and the ensemble member
positions (Whitaker and Loughe, 1998):

SP ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

N

XN

i¼1
f – f ðiÞ� �2

r

, (1)

where f is the ensemble mean position, N represents the
number of ensemble members and f(i) is the track
forecasted position of member i.
In this paper, maximum sustained surface wind speed is

used to represent typhoon intensity for the evaluation. It
should be emphasized that the average time used to define
the maximum sustained wind speeds is not the same at
different official forecast agencies. To make the verifica-
tion results consistent, the maximum sustained wind speed
in the official forecasts was converted to 2-min average
according to WMO documentation (Harper et al., 2010).
The recommended wind speed conversion factors for
tropical cyclone conditions could be found in Table 1. One
of this WMO documentation. However, the wind speed
data from global or regional models was not converted,
since the wind speed data was always output directly from
the models themselves.
The intensity forecast mean relative error (MRE) is then

defined as the mean difference between the best track
intensity and the forecasted typhoon maximum sustained
surface wind speed. As the name suggests, the mean
absolute error (MAE) for intensity forecast is an average of
the absolute value of the errors.
The skill score (SS) allows a comparison of a score for a

forecast with the score for a reference forecast (e.g.,
climatology (Murphy, 1992), persistence (Yu et al., 2007),
or random walk (DelSole and Tippett, 2016)). A simple SS
for track forecast can be defined as the following equation:

SSTrack ¼
TECLIPER –TEForecastMethod

TECLIPER
� 100%, (2)

where TECLIPER is the mean direct track error from the
climatology and persistence track forecasting system
(CLIPER) (Murphy, 1992). The CLIPER is considered a
no-skill forecast and generally taken as a benchmark for
forecast verification of a particular track forecast method.
is the mean direct track forecast error for a particular
forecast method.
As was the case for the track forecasts, the following

equation can be used to compute the score skill for
intensity forecast:

SSIntensity ¼
IETCSP – IEForecastMethod

IETCSP
� 100%, (3)

where IETCSP is the mean intensity error from a tropical
cyclone statistical prediction (TCSP) (Yu et al., 2007). The
TCSP model can be a useful benchmark for intensity
forecast verification. is the mean direct intensity forecast
error for a particular forecast method.
The above definition of SS allows a simple and direct

evaluation of the forecasts, when compared to CLIPER
data for the track and to TCSP, respectively (Chen et al.,

Fig. 2 Schematic of the decomposition of TE into the compo-
nents CTE and ATE. The circle “OB1” point represents the initial
position of the observed typhoon from best track. The diamonds
“OB2” and “FC” represent the instantaneous positions of the
observed and forecasted typhoons, respectively.
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2016a) data for the intensity. The CLIPER and TCSP
statistical models currently only provide forecasts for lead
times out to 3 days; therefore, the SS results discussed
below are only focused on 24, 48 and 72 h.

3 Results

3.1 Deterministic track error

First, the general track forecast performance of the
deterministic forecast methods (including the official
forecasts, global models and regional models) is evaluated
for Super Typhoon Lekima (2019) and verified against the
CMA-STI’s best track.
Table 2 shows the mean track errors (non-homogeneous

comparison) of the deterministic forecast methods for
Typhoon Lekima (2019) and the annual means of 2019 at
the lead times of 24, 48, 72, 96, and 120 h. For official
forecasts, the mean track errors of Lekima (2019) from
KMA at 24 h and HKO at 120 h are greater than their
annual mean errors. The 24, 48, 72, 96, and 120 h track
errors of Lekima (2019) from CMA, JMA and JTWC
outperform their annual mean errors by 6.5–18.8 km
(7.6%–22.1%), 5.8 – 31.9 km (4.1%–21.3%), 34.0–95.2
km (16.4%–40.5%), 47.2–77.4 km (15.7%–26.6%) and
28.4 – 74.5 km (7.7%–19.5%). Evaluation data for non-
homogeneous comparisons shown in Table 2 have
different sample sizes in each category. Therefore, it is
needed for discussing inter-model comparisons to match
numbers of each sample. The same forecast dates and lead
times for the same category of forecast methods (official
forecasts, global models, and regional models) are selected
for homogeneous comparisons (Table 3). For the homo-
geneous comparison, JMA, JTWC, and CMA have the
smallest mean track errors at 24 and 96 h, 48 and 120 h,
72 h, respectively.
For global models, the track forecast performance of

ECMWF-IFS and NCEP-GFS for forecasting Lekima
(2019) is better than their annual mean track forecast
performances in 2019 at each lead time level. The track
errors of ECMWF-IFS and NCEP-GFS are only 47.7,
86.7, 142.1, 164.9, 230.4 km and 64.9, 114.3, 193.2,
302.1, and 342.8 at 24, 48, 72, 96, 120 h, respectively.
However, the mean track errors for Lekima (2019) from
UKMO-MetUM are larger than the model’s annual mean
values from 48 to 120 h. Additionally, the results from
homogeneous comparison indicate that ECMWF-IFS
outperformed the other three global models, with mean
track errors of 35.4, 72.7, 120.8, 166.3, and 188.0 km at
24, 48, 72, 96 and 120 h (Table 4).
For regional models, most models had better perfor-

mance for forecasting Lekima (2019) compared with their
average performance in 2019; only the mean track errors
from GRAPES-TYM for Lekima (2019) at 24 and 120 h
are greater than the corresponding annual means. Homo-

geneous comparisons of the mean track errors of regional
models indicate that GRAPES-TYM, GRAPES-TCM and
HWRF outperformed other regional models at lead time
of 24 h, 48 and 72 h, and 96, and 120 h, respectively
(Table 3).
Figure 3 shows the ATE and CTE components of the

official forecasts, global models and regional models. For
lead times less than 48 h, on average, the along-track
components only show a small bias of 30 to 60 km for all
the regional and global models. However, with lead time
increasing, the negative along-track biases increase for all
official forecasts (Fig. 3(a)), global models (Fig. 3(c)) and
regional models (Fig. 3(e)). The 10% quintile of ATEs
from most forecast methods exceed – 500 km, indicating
that for long forecast lead times, the forecasted Lekima
(2019) from most models propagate too slowly, on
average, compared to the observed track. The cross-track
component does not show a distinct bias for any forecast
method (Figs. 3(b), 3(d), and 3(f)).
The propagation direction (resulting in the CTE) of

Lekima (2019) is much easier to handle for the official
agencies and models. The propagation speed (resulting in
the ATE) of Lekima (2019), however, seems to have been
more difficult to predict for all the forecasting methods.

3.2 Deterministic intensity error

The non-homogeneous comparison of intensity forecast
performance for Lekima (2019) and the whole year of
2019 (Table 4) shows that KMA, UKMO-MetUM and
TRAMS have larger MAEs for Lekima (2019) compared
to those from the whole year of 2019 based on the
maximum sustained wind speeds at each lead time level
(Table 4). For four-fifths of the lead times for the JTWC,
ECMWF-IFS and HWRF systems, the forecast perfor-
mance for Lekima (2019) is worse than the annual mean
forecast for 2019 for that modeling system.
Table 4 also shows that the intensity forecast relative

errors of most methods are negative from 24 to 120 h,
indicating these methods underestimate Lekima’s inten-
sity. However, the HKO and UKMO-MetUM have
positive errors in the maximum sustained wind speed for
all 5-day forecasts. CMA, KMA, TRAMS, and GRAPES-
TYM have positive errors for lead times of 120, 120, 72,
and 120 h, respectively. Furthermore, the detailed intensity
relative error results for all forecast methods show that the
positive errors are centered upon the first 2 or 3 days of
Lekima’s life cycle. All the forecast methods evaluated in
this paper failed to predict the rapid intensification after
Lekima (2019) entered the East China Sea.
The homogeneous comparison of intensity forecast

performance (Table 3) shows that, for official forecasts,
JTWC, JMA, and CMA have the smallest absolute
intensity forecast errors at 24 h, 48 and 96 h, 72 and
120 h, respectively. For global models, NCEP-GFS has the
smallest absolute intensity errors within the first 2 days.

Guomin CHEN et al. A forecast verification of typhoon Lekima (2019) 21
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However, ECMWF-IFS has the smallest absolute intensity
errors at 96 and 120 h.
The distributions of relative intensity errors from each

method are shown in Fig. 4, using maximum sustained
wind speed. For official forecasts (Fig. 4(a)), the maximum
negative errors appear at 72 and 96 h of lead time, followed
by 48 h, but the relative errors are the smallest at 120 h for
all the official forecasts. Conversely, the global models
have the largest negative errors at 120 h, and the maximum
negative error, greater than – 40 m$s–1, is from JMA-GSM
at 120 h (Fig. 4(b)). TRAM has the smallest forecast
deviation among the regional models (Fig. 4(c)), with
mean relative intensity error values of – 1.1, – 1.6, and 0.3
m$s–1 at the lead times of 24, 48, and 72 h, respectively
(Table 4).
Chen et al. (2016b) used the Taylor-diagram to evaluate

the internal relationship between the correlation coefficient
(CC) and standard deviation (SD) together with the
centered pattern root mean square (CRMS) of the intensity

forecast. The Taylor-diagram is first used to display the
quality of the model predictions compared directly with
observations (Taylor, 2001).
For ease of comparison, the standardized deviation for

intensity forecasts from each method is normalized by
corresponding observed TC intensity. Therefore, in a
typical Taylor-diagram, the best prediction always has the
highest CC compared to the “OBS,” with SD and CRMS
values approaching 1 and 0, respectively. Figure 5 shows
the Taylor-diagram results for the evaluation of the
maximum sustained wind forecasts for Lekima from
official forecasts, global models, and regional models.
Most official forecast SD values are concentrated from 0.8
to 0.9, and all six points from HKO exceed the SD value of
1.0 (Fig. 5(a)); additionally, the CC values from CMA at 0,
48 and 96 h and from HKO at 0 h are greater than 0.95. SD
values less than 1.0 mean the forecast method under-
estimate Lekima’s intensity, and conversely, high CC
values also mean that the forecast method has excellent

Fig. 3 Along-track and cross-track error components from the official forecast (a, b), global models (c, d) and regional models (e, f) for
forecasting Super Typhoon Lekima (2019). The bar in the middle of the plot represents the median values of the errors, and the lower and
upper ends of the boxes represent the 25th and 75th quantile values. The bars below and above the box represent the 10% and 90%
quantile values, and the circles represent the outliers.
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Table 4 Summary of non-homogeneous comparison of mean absolute error and relative error for the intensity forecast from deterministic forecasts

for typhoon Lekima (2019) and the whole year of 2019 at lead times of 24, 48, 72, 96 and 120 h. The highlighted values in bold text indicate that the

error of the forecast method for Lekima (2019) is larger than the annual mean

24 h 48 h 72 h 96 h 120 h

MAE MRE MAE MRE MAE MRE MAE MRE MAE MRE

Official forecasts CMA Lekima 4.2 – 0.6 5.8 – 0.9 6.9 – 1.3 8.8 – 1.0 5.0 1.8

Annual
mean

4.3 – 0.5 5.9 – 0.6 7.0 – 1.2 7.3 – 0.2 7.1 1.8

JMA Lekima 4.1 – 2.8 7.1 – 4.8 9.7 – 5.9 8.9 – 4.9 5.2 – 2.1

Annual
mean

4.3 – 1.1 6.5 – 1.4 7.7 – 1.5 7.2 – 0.3 7.2 2.6

JTWC Lekima 5.3 – 2.0 8.5 – 3.1 12.7 – 4.9 11.0 – 4.5 5.3 – 1.3

Annual
mean

4.8 1.6 6.2 1.2 7.6 0.8 7.8 1.0 7.0 2.0

KMA Lekima 5.7 – 2.8 7.1 – 2.9 10.0 – 2.3 8.0 – 0.2 6.6 4.1

Annual
mean

5.3 – 1.9 6.6 2.9 7.3 – 3.4 6.7 – 2.4 6.5 0.5

HKO Lekima 6.8 6.4 7.3 5.7 4.2 2.1 2.7 2.7 3.0 3.0

Annual
mean

4.0 – 1.5 5.4 – 1.5 6.4 – 2.6 6.8 – 3.6 6.0 – 3.5

Global models NCEP-GFS Lekima 6.1 – 5.0 5.7 – 5.0 9.7 – 5.0 11.2 – 6.0 8.7 – 4.8

Annual
mean

5.0 – 3.8 6.1 – 4.3 6.8 – 4.9 7.6 – 4.3 7.6 – 3.8

ECMWF-IFS Lekima 9.8 – 10.0 10.8 – 9.3 10.4 – 8.2 8.6 – 4.1 5.2 – 0.6

Annual
mean

6.0 – 4.7 7.1 – 4.6 7.4 – 3.5 7.2 – 2.2 7.6 – 1.7

UKMO-
MetUM

Lekima 9.1 3.3 11.1 4.2 12.1 4.8 12.0 6.5 11.4 9.8

Annual
mean

8.0 – 0.2 9.3 – 0.2 10.4 0.6 11.0 3.3 10.8 5.6

JMA-GSM Lekima 4.9 – 2.8 6.3 – 4.8 9.8 – 5.9 13.8 – 4.9 11.6 – 2.1

Annual
mean

5.7 – 1.1 8.9 – 0.9 10.7 – 1.3 10.4 – 1.5 9.2 0.0

Regional model Shanghai-
TCM

Lekima 4.3 – 6.9 7.8 – 7.3 7.2 – 5.6 / / / /

Annual
mean

6.5 – 6.0 7.1 – 5.8 7.4 – 5.6 / / / /

TRAMS Lekima 7.9 – 1.1 9.7 – 1.6 12.8 0.3 / / / /

Annual
mean

6.4 – 4.1 8.8 – 5.6 9.3 – 5.1 / / / /

GRAPES-
TYM

Lekima 5.6 – 3.0 5.4 – 3.6 7.1 – 1.2 8.4 – 3.0 9.0 5.5

Annual
mean

5.6 – 2.7 6.6 – 4.2 7.6 – 2.3 8.1 – 4.6 8.3 2.4

GRAPES-
TCM

Lekima 4.3 – 3.0 6.1 – 4.2 7.5 – 3.3 / / / /

Annual
mean

4.9 – 1.7 6.5 – 2.1 6.9 – 1.9 / / / /

HWRF Lekima 4.8 – 3.0 9.4 – 9.0 11.6 – 7.0 12.5 – 7.0 7.0 – 5.6

Annual
mean

5.3 0.9 6.2 – 1.5 7.3 – 3.2 7.4 – 4.4 6.1 – 9.7

Note: The sample sizes are the same as in Table 2 (unit: m$s–1).
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intensity forecast capacity. Therefore, Figure 5(a) shows
that the intensity forecast results from HKO for Lekima
(2019) were overestimates.
For global (Fig. 5(b)) and regional (Fig. 5(c)) models, in

general, the CC values are much larger for regional models
than global models. However, most models underestimate
Lekima’s intensity, except for HWRF at 0 h, UKMO-
MetUM at 24 to 120 h, Shanghai-TCM at 96 and 120 h,
TRAMS at 72 h, and GRAPES-TYM at 120 h.

3.3 Deterministic track and intensity forecasts skill

The SSs of the deterministic track and intensity forecasts
for Lekima (2019) are compared in Figs. 6 and 7,
respectively. For track forecasts, all the examined official
forecasts, global models and regional models have positive
skill at lead times of 24, 48, and 72 h. However, the skill of
most official forecasts for forecasting Lekima (2019) are
less than the skill of their annual mean, except for CMA at

Fig. 4 The distributions of maximum sustained wind relative
intensity error from (a) official forecast, (b) global models and (c)
regional models for forecasting Super Typhoon Lekima (2019).

Fig. 5 Taylor diagrams for evaluating the maximum sustained
wind forecast performance for Super Typhoon Lekima (2019)
from the (a) official forecasts, (b) global models, and (c) regional
models.
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24, 48 h and HKO at 24, 48, and 72 h. Additionally, for
both global and regional models, only the skill scores for
ECMWF-IFS and TRAMS at 24 h exceed their annual
mean skill scores.
For intensity forecasts, most official forecasts have

positive skills for Lekima (2019) at the lead times of 24,
48, and 72 h, except for JTWC and HKO intensity SS at 72
h. At the lead time of 24 h, all 5 official forecasts’ SSs for
forecasting Lekima’s intensity were larger than their annual
mean intensity SSs in 2019. The verification results for the
four global models’ intensity predictions for Lekima (2019)
indicate that ECMWF-IFS, UKMO-MetUM have negative
skill at 24, 24, and 72 h, respectively. Unlike the global

models, all of the regional models have positive SSs for
forecasting Lekima’s intensity for lead times within 72 h,
and for most regional models, the SSs for Lekima are larger
than the model’s annual SS.
The increase in intensity forecasting skill for both

regional and global models has been substantial in the last
few years (Chen et al., 2020), starting from values of
approximately – 30% in 2010, and reaching values up to
10%–20%, and even 30% in 2018–2019. However,
following Chen et al. (2020), since the early years of the
21st Century, the errors of intensity forecast models have
evolved only slightly, with maximum decreases of only
2–3 m$s–1.

Fig. 6 Track forecast skill score of the official forecast, global
models and regional models at lead times of (a) 24 h, (b) 48 h, and
(c) 72 h for forecasting Super Typhoon Lekima (2019).

Fig. 7 Intensity forecast skill score from the official forecast,
global models and regional models at lead times of (a) 24 h,
(b) 48 h, and (c) 72 h for forecasting Super Typhoon Lekima
(2019).
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3.4 Ensemble track error

Figure 8 shows the EMTEs of ECMWF-EPS, NCEP-
GEFS, JMA-GEPS, MSC-CENS, UKMO-EPS and STI-
TEDAPS for Typhoon Lekima (2019), corresponding to
their annual mean track errors in 2019. Overall, the EMTE
of each EPS increases linearly during the entire 120 h
forecast period for Typhoon Lekima (2019), and the
calculated ranges of the EMTEs are between 270 and 890
km by 120 h.
It is important to note that EPS can provide a TC track

probability result that ranges from 0 to 1, while traditional

deterministic global and regional models can only provide
the result 0 or 1 for a TC position (Leonardo and Colle,
2017). A simple way to measure the reliability of an EPS’s
probability forecast is to compare EMTE and SP. For a
perfectly reliable EPS, the ensemble spread should be
considered equal to the ensemble mean (Buizza, 1997). For
an EPS to be statistically reliable, the EMTE should exhibit
the similar value as the SP. In other words, the ensemble
mean track error value should be reflected in the average
difference between the ensemble mean value and the
individual ensemble members. If the EMTE is greater than
the SP, it implies that the EPS is underdispersive, and the

Fig. 8 Annual mean values of ensemble mean track errors in 2019 and ensemble mean track errors of (a) ECMWF-EPS, (b) NCEP-
GEFS, (c) JMA-GEPS, (d) MSC-CENS, (e) UKMO-EPS, and (f) STI-TEDAPS for forecasting Super Typhoon Lekima (2019).
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Fig. 9 Ensemble track forecast error and spread scatter plot for (a) ECMWF-EPS, (b) NCEP-GEFS, (c) JMA-GEPS, (d) MSC-CENS,
(e) UKMO-EPS, and (f) STI-TEDAPS.
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model system is overconfident in forecasting TCs. In
contrast, if the SP is greater than the EMTE, that means the
EPS is overdispersive, and the system is underconfident in
forecasting TCs.
Figure 9 shows scatterplots of the ensemble mean error

and ensemble spread of six EPSs at each lead time for
Lekima (2019). In Fig. 9, the abscissa represents the track
error, and the ordinate represents the ensemble spread. The
maximum EMTE of ECMWF-EPS is only 590.3 km, and
the corresponding SP is 443.5 km at 120 h of lead time. For
the other four EPSs (except for STI-TEDAPS, with a
maximum lead time of only 72 h), the EMTEs (SPs) all
exceed 750 km (600 km) at 120 h. For NCEP-GEPS, JMA-
GEPS and MSC-CENS, the EMTEs are larger than the SPs
with increasing lead time. For STI-TEDAPS, the SPs are
larger than the EMTEs with increasing lead time. These
results indicate that STI-TEDAPS is overdispersive, and
NCEP-GEFS, JMA-GEPS and MSC-CENS are under-
dispersive for predicting the track of Lekima (2019).
However, for ECMWF-EPS and UKMO-EPS, the differ-
ences between the EMTEs and SPs are smaller.
NCEP-GEFS has unusual forecast results because the

observed Lekima (2019) is going to make the third landfall
at Weifang Shandong province, however, the NCEP-GEFS
still predicted that it would go to north-eastward along with
the edge of westerly trough.

3.5 Landfall point forecast error

Typhoon Lekima (2019) made its first landfall in Wenling,
Zhejiang Province, as a super typhoon with a maximum

2-min surface sustained wind speed near the typhoon
center of 52 m$s–1 and the MCP in the typhoon center of
930 hPa at 17:45 on August 9 (UTC). Approximately 43 h
later, Lekima (2019) made its second landfall as a tropical
storm in Qingdao, Shandong Province, with a maximum 2-
min surface sustained wind speed near the typhoon center
of 23 m$s–1 and the MCP in the typhoon center of 980 hPa
at 12:45 on August 11 (UTC). Before merging with a cold
front and turning into an extratropical cyclone, Lekima
(2019) made the third landfall in Weifang, Shandong
Province at 03:00 on August 12 (UTC).
As a super typhoon, Lekima (2019) enters present

history as having the third strongest intensity on record
among the typhoons that have made landfall in Zhejiang
Province. It caused significant wind, rainfall and flooding
damage when it made the first landfall in Wenling and
caused severe rainfall damage throughout eastern China.
To assess the landfall point forecast errors of each

forecast method, three different lead times are chosen for
calculating the above three landfall point forecast errors:
24, 48, and 72 h before landfall. Table 5 shows the landfall
point forecast errors at the lead times of 24, 48, and 72 h for
Lekima (2019) from official forecasts, global models and
regional models are shown. For the first landfall point in
Wenling, the 24 h landfall point forecast errors for CMA,
JMA, HKO, NCEP-GFS, ECMWF-IFS, UKMO-MetUM,
JMA-GSM, TRAMS, and HWRF are less than 50 km.
Notice that the forecasted tracks issued by JTWC, JMA-
GSM, Shanghai-TCM, TRAMS, GRAPES-TYM, and
GRAPES-TCM do not made landfall in Wenling at 72 h.
For the second landfall point in Qingdao, the landfall point

Table 5 The 24, 48, and 72 h forecast errors of the landfall point for Typhoon Lekima (2019) from official forecasts, global models and regional

models

Lead time 24 h 48 h 72 h

Landfall point Wenling Qingdao Weifang Wenling Qingdao Weifang Wenling Qingdao Weifang

CMA 7.9 47.5 200.3 10.3 85.2 435.9 65.8 108.3 422.3

JMA 44.7 68.2 212.1 20.3 75.3 423.1 17.3 134.5 /

JTWC 99.7 90.6 206.1 105.4 99.3 416.9 / 154.3 /

KMA 67.2 91.3 212.7 32.0 110.3 354.6 103.9 199.3 418.9

HKO 14.8 74.8 211.8 48.5 64.4 428.5 47.3 102.3 /

NCEP-GFS 49.5 38.9 / 31.1 81.8 428.7 379.4 187.2 439.7

ECMWF-IFS 21.3 7.0 203.7 71.7 59.4 / 164.1 72.8 /

UKMO-MetUM 0 66.6 201.1 156.9 112.3 422.5 232.6 84.3 537.3

JMA-GSM 33.4 89.3 199.3 16.6 54.4 435.3 / 111.3 330.7

Shanghai-TCM 65.4 106.3 196.7 26.3 87.3 452.2 / / 419.9

TRAMS 6.6 78.4 199.4 18.9 78.4 419.1 / / /

GRAPES-TYM 58.7 115.6 198.8 68.8 45.3 441.2 / 87.9 431.7

GRAPES-TCM 101.3 45.3 15.9 33.4 90.3 457.2 / / 433.4

HWRF 34.6 89.3 / 11.2 105.4 436.1 894.1 77.4 424.5

Note: The slashes represent the forecasted track did not make landfall at that lead time (unit: km).
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forecast error ranges are from 7.0 to 115.6, 45.3 to 112.3
and 72.8 to 199.3 km at the 24, 48, and 72 h. Furthermore,
for the third landfall point in Weifang, the landfall forecast
errors from all the deterministic forecast methods approach
or exceed 200 and 400 km at 24 and 48 h. The above
results indicate that most of the forecast methods
successfully predicted the first and second landfall points
in Wenling and Qingdao at lead times of 24 and 48 h.
However, almost all the methods failed to forecast the third
landfall point in Weifang within 72 h.

4 Summary and conclusions

A post-verification of the forecast performance associated
with Typhoon Lekima (2019) has been conducted for 5
official forecasts, 4 global models, 5 regional models and 6
ensemble prediction systems. Most official forecasts, such
as CMA, JMA, and JTWC, show good performance in
terms of mean track errors (TEs), as their forecast
accuracies for Lekima (2019) outperform their annual
mean errors. However, the mean track errors of Lekima

Fig. 10 Error variation intervals of (a) track forecast and (b) intensity forecast for official guidance by referring TC best track data sets
form CMA-STI, JMA and JTWC, respectively. The rectangle bars, upper and lower error bars represent the mean, maximum and
minimum value of errors by referring different best track data sets, respectively. For instance, the track errors of CMA for Lekima at 24 h
are 66.1, 60.7, and 63.1 km after referring CMA-STI, JMA and JTWC best track data sets, the mean, maximum and minimum value of
track errors would be 63.3, 60.7, 66.1 km in this figure.
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(2019) from KMA and HKO at 24 and 120 h are larger
than their annual mean errors. For the global models, the
performance of NCEP-GFS and ECMWF-IFS for fore-
casting Lekima (2019) is better than their annual mean
errors. Homogeneous comparisons among the global
models, show that ECMWF-IFS is, moreover, the most
accurate global model for forecasting the track of Lekima
(2019).
All forecast methods have a remarkable negative bias in

the along-track forecasts for Lekima (2019) with increas-
ing lead time. This implies that the Lekima (2019)
forecasts by all the deterministic methods propagated too
slowly on average. This phenomenon is more pronounced
after Lekima (2019) made landfall in Wenling and entered
the inland area. As Lekima (2019) underwent extratropical
transition (ET), all the forecasts have their maximum slow
speed biases in the direction along Lekima’s observed
track. The systematic slow speed biases in both the
regional and global models may be mainly because lower-
level flow was decoupled erroneously from the upper-level
flow (Carr and Elsberry 2000; Payne et al. 2007).
EPS mean track errors (EMTEs) are evaluated by the

scatter plot charts associate with EPS spreads (SPs) in this
study. The scatter plots of the EMTEs and SPs of the EPSs
suggest that, for the ECMWF-EPS and UKMO-EPS, the
differences between the EMTEs and SPs are very small.
However, NCEP-GEFS, JMA-GEPS and MSC-CENS are
underdispersed, and the STI-TEDAPS is overdispersed
with the lead time increasing for predicting the position of
Lekima (2019).
The intensity forecasts are also evaluated in terms of

maximum sustained wind speed for Lekima (2019). For
most deterministic forecasts, there exist large negative
errors compared to the observed intensity form Lekima
(2019), which means that most of the deterministic
methods underestimated the intensity. Overall, the correla-
tion coefficients of the regional models are larger than
those from the global models.
Additionally, this study used SS to evaluate the track and

intensity forecast skill of the deterministic methods, by
comparing an absolute forecast quality score with the score
of a climatology, persistence forecast. For track forecast-
ing, all the deterministic methods had positive skill;
however, most SSs for official forecasts of Lekima (2019)
are less than the skill of their annual mean. For intensity
forecasting, all regional models have positive SSs, while
some of the global models (such as ECMWF-IFS, UKMO-
MetUM at 24 h and UKMO-MetUM at 72 h) have negative
SSs.
Lekima (2019) made landfall at three points in eastern

China. Examining the forecast errors for those three
landfall points shows that all the deterministic forecasts
have good performance in predicting the first landfall point
at Wenling, Zhejiang Province at 24 and 48 h lead time.
The landfall forecast errors for that point are less than
100 km for most official forecast, global models and

regional models at 24 and 48 h. However, for the other two
landfall points, at Qingdao and Weifang in Shandong
Province, all the landfall forecast errors from deterministic
methods exceed 200 km at 24 and 48 h.
It needs to be emphasized that the above conclusions are

based on the best track data sets from CMA-STI. However,
there are other two best track data sets from JMA and
JTWC in the western North Pacific region. The differences
regarding TC position and intensity among these three data
sets are obvious (Ying et al., 2011). Therefore, the
verification results would change if the best track data
form JMA and JTWC are used. For instance, as Fig. 10(a)
shows there may exist 3% to 10% track error variation
intervals for the official agencies forecasting Likema
(2019) by referring to TC best track data sets form
CMA-STI, JMA and JTWC. In addition to the differences
in the best track data sets obtained directly from CMA-STI,
JMA and JTWC, it also should be noted that wind speeds
of official agencies forecast data are converted for
comparison with best track data from CMA-STI, JMA
and JTWC. For example, the CMA’s forecasted 2-min
average maximum sustained surface wind speed data
should be converted to 10-min or 1-min average before
evaluating its intensity error by referring JMA or JTWC
best track data sets. Considering these two effects, the
intensity error variation intervals as represented by wind
speed are 5% to 35% (Fig. 10(b)).
Future work will aim to evaluate the forecasts of the TC

size and precipitation caused by Lekima (2019). In
particular, if the track forecast results for Lekima are
sufficiently accurate, such that Lekima’s positions and
landfall points were relatively certain, the maximum wind
radius and rainfall information would become more
important than the track for operational predictions.
Maximum sustained wind and rainfall relate directly to
potential damage. The role of the rapid intensification of
Lekima (2019) will also be assessed further to better
understand the dynamic mechanism of the negative
intensity forecast errors associated with almost all the
global and regional models and to improve the ability of
the TC intensity forecast, especially for the TC rapid
intensification process.
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