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Abstract

Forecasting rainfall in the tropics is a major challenge for numerical weather
prediction. Convection-permitting (CP) models are intended to enable forecasts of
high-impact weather events. Development and operation of these models in the
tropics has only just been realised. This study describes and evaluates a suite of
recently developed Met Office Unified Model CP ensemble forecasts over three

domains in Southeast Asia, covering Malaysia, Indonesia and the Philippines.

Fractions Skill Score is used to assess the spatial scale-dependence of skill in
forecasts of precipitation during October 2018 - March 2019. CP forecasts are skilful
for 3-hour precipitation accumulations at spatial scales greater than 200 km in all
domains during the first day of forecasts. Skill decreases with lead time but varies
depending on time of day over Malaysia and Indonesia, due to the importance of the
diurnal cycle in driving rainfall in those regions. Skill is largest during daytime when
precipitation is over land and is constrained by orography. Comparison of CP
ensembles using 2.2, 4.5 and 8.8 km grid spacing and an 8.8km ensemble with
parameterised convection reveals that varying resolution has much less effect on
ensemble skill and spread than the representation of convection. The parameterised
ensemble is less skilful than CP ensembles over Malaysia and Indonesia and more
skilful over the Philippines; however, the parameterised ensemble has large drops in
skill and spread related to deficiencies in its diurnal cycle representation. All
ensembles are under-spread indicating that future model development should focus on

this issue.
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1. Introduction

The nations of South East Asia are susceptible to devastating impacts of heavy
rainfall such as flooding and landslides. Deep convection is central to extreme rainfall
intensity in the region (e.g. Matsumoto et al., 2017) and it also plays an active part in
the dynamics of the larger scale atmospheric phenomena that dominate in the region.
There are many contributing factors to the occurrence of convective rainfall events on
a range of spatial and temporal scales from the longest to the shortest such as: the El
Nino-Southern Oscillation (Hamada et al. 2012; Villafuerte and Matsumoto 2015;
Supari et al. 2018), the Madden-Julian Oscillation (MJO; Wu et al. 2013; Peatman et
al. 2014; Xavier et al. 2014; Birch et al. 2016; Vincent and Lane 2018; Lestari et al.
2019), cold surges (Chang et al. 2005; Lim et al. 2017), equatorial waves (Ferrett et

al. 2020) and tropical cyclones (Takahashi and Yasunari 2008).

Rainfall variability in many regions of Southeast Asia has a strong diurnal cycle, a
result of local land-sea breeze circulations, surface heating during the day and the
delayed response of deep convection (e.g. Mori et al., 2004; Yamanaka, 2016).
Coarse-grid models (including all current operational global models) rely on
convection parameterisations and are known to struggle to capture accurately tropical
rainfall features (e.g. Neale & Slingo, 2003; Johnson et al., 2016), such as the diurnal
cycle (Yang and Slingo 2001; Love et al. 2011), the propagation of the MJO and
equatorial waves (Lin et al. 2006; Holloway et al. 2013; Peatman et al. 2015; Peatman
et al. 2018), and other aspects of convection (Qian 2008; Pearson et al. 2010, 2014).
Consequently, there has been considerable effort to improve the representation of
these processes in models, namely by increasing model resolution so that deep

convection can be explicitly simulated by the dynamical core of the model reducing
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the need for convection parameterisations. In a numerical weather prediction context,
there is a trade-off between resolution, model domain size and ensemble size.
Resolving deep convection requires a model capable of representing non-hydrostatic,
compressible dynamics and a horizontal (and vertical) grid spacing that is much less
than the depth of deep convective updrafts (10-20 km). If achieving this resolution
requires that the domain is too small, the behaviour of systems developing in the
domain will be almost completely specified by the lateral boundary conditions
imposed by the parent, lower resolution model, in which the model is nested and there
is no benefit in the high-resolution prediction. If the domain is large enough to allow
the interior solution of the high-resolution model to deviate from that of its parent,
then a compromise must be made on resolution and ensemble size in order to obtain

an ensemble forecast in near-real time.

The current state-of-the-art for operational numerical weather prediction is that deep
convective motions are only partially resolved; such models have horizontal grid
spacing of the order 1-10 km and are described as “convection-permitting” (CP) and
the ensembles are small (~10 members). Often shallow moist convection is not
resolved and may be parametrized as part of the convective regime of the boundary
layer scheme, although the approach taken to turbulence and boundary layer
parameterization also depends on model resolution. While CP forecasts are more
computationally expensive, they are better able to represent processes that drive
convection (Clark et al. 2016). Studies have shown significant improvement in the
initiation of convection (Mittermaier et al. 2013; Birch et al., 2014a; 2014b; 2015;
Woodhams et al., 2018), the diurnal cycle of convection (Sato et al. 2009; Love et al.

2011; Birch et al. 2015), and large-scale modes that drive convection (Miura et al.
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2007; Holloway et al. 2013) in CP models compared to those with parameterised

convection.

Forecasting at convective scales is inherently uncertain, even at short lead times
(Hohenegger and Schar 2007). This uncertainty can be associated with many things,
such as model physics, initial conditions, or boundary conditions. Therefore,
ensembles of forecasts are used to account for uncertainty. These convective-scale
ensembles have been developed in regions world-wide (e.g. Gebhardt et al. 2011;
Golding et al. 2014; Schwartz et al. 2015; Hagelin et al. 2017; Roberts et al. 2019)
with obvious improvements in forecast accuracy compared to a single forecast
(Hagelin et al. 2017). While there have been many studies of the benefits of using
ensemble forecasts to predict the risk of high impact weather in the extra-tropics
(Hanley et al. 2013; Bednarczyk and Ancell 2015) and CP ensembles have been
shown to add value to forecasts of mesoscale phenomena such as sea breezes (Cafaro
et al. 2019), there are fewer studies examining how CP ensembles may benefit
forecasts of extreme rainfall in the tropics more widely and Southeast Asia
specifically. A few recent studies have focused on CP ensemble forecasts over
Singapore and the surrounding region (Porson et al. 2019; Sun et al. 2020). These
studies focused on comparing the effect of global models in which CP ensembles are
nested on forecast skill and spread (Porson et al. 2019) and comparing objective and
subjective evaluation methods of forecasts of squall lines (Sun et al. 2020). Both
studies evaluate against observations in relatively small regions around Singapore

(approx. 400km x 400km).

In this study CP ensemble forecasts are one-way nested in limited area domains

within the operational MOGREPS global ensemble using three horizontal resolutions.



112 Three domains within the Southeast Asia region are examined, including Peninsular
113 Malaysia, Java and the Philippines. The aim of this study is to quantify the usefulness
114  of CP ensemble forecasts of precipitation in this region, the scale dependence of

115  forecast skill as well as the role of the diurnal cycle in forecast skill.

116  Descriptions of the CP ensembles and other datasets used for the analysis are

117  provided in Section 2. The methods for evaluation of forecasts using observations are
118  outlined in Section 3. Section 3 also provides details of the construction of a variation
119  of the ensemble forecast, and a persistence forecast, that are used to assess the role of
120  the diurnal cycle in forecast skill. Section 4 provides the results of the study, detailing
121  the spatial scale-dependence in the skill of the forecasts, the role of the diurnal cycle
122  and the spread of the ensembles in relation to mean forecast error as a function of lead

123  time. Results are summarised in Section 5.

124  2.Data

125 2.1 Ensemble forecasts

126  The convection-permitting (CP) ensemble forecasts consist of 18 ensemble members
127  and were created by nesting limited area simulations using the Met Office Unified
128  Model (MetUM) within the 18-member operational Global ensemble of the Met

129  Office Global and Regional Ensemble Prediction System (MOGREPS-G). The CP
130  ensembles were initialised twice daily (00 UTC and 12 UTC) over a period of six
131  months spanning October 2018-March 2019, producing hourly forecast output in
132  three domains corresponding to Malaysia, Indonesia and the Philippines (Figure 1)
133 out to 120 hours, except for 2.2km forecasts which are ran for 60 hours. Only the 00

134  UTC forecasts are shown here, however analysis has also been carried out for the 12
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UTC forecasts with similar results after the initial model spin-up period, albeit

displaced by twelve hours.

The forecasts use horizontal grid spacing of 2.2, 4.5 and 8.8 km and are nested in
MOGREPS-G that has a horizontal grid spacing of 20km at the equator and 70
vertical levels. The global ensemble initial conditions are derived from the ensemble
transform Kalman filter (ETKF) method and a stochastic parameterisation scheme is
also used in the global ensemble (Bowler et al., 2008). Each member of the limited
area ensembles is obtained by one-way nesting from a MOGREPS-G forecast
(dynamical downscaling). No additional stochastic perturbation scheme is used within
the CP forecasts. The MetUM dynamical core solves a non-hydrostatic, deep
atmosphere equation set using a semi-implicit, semi-Lagrangian time-stepping
method and has 80 vertical levels. The science configuration of the dynamics and
physics schemes of the atmosphere and land used for the CP simulations in tropical
regions, “RAL1-T”, is documented in Bush et al. (2020). RAL1-T is the tropical
subversion of RAL1 (Regional Atmosphere and Land configuration). The tropical
version is required since the mid-latitude version (RAL1-M) has relatively weak
turbulent mixing and stochastic perturbations which causes convection to initiate too
early and convective cells to be small in the tropics. In order to account for this,
RALL1-T uses the prognostic cloud prognostic condensate (PC2) cloud scheme
(Wilson et al. 2008), has an interactive boundary layer free-atmosphere mixing length

and has no stochastic boundary layer perturbations.

An 8.8km ensemble with parameterised convection is also included and uses the
configuration of the operational global atmosphere version 6 (GA6) documented in

Walters et al. (2017). This ensemble is referred to throughout as the GA ensemble.
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Before analysis is carried out all forecasts are re-gridded to a common 9 km grid
using an area-weighted conservative re-gridding scheme included in the python

library “Iris” developed by the Met Office.

2.2. GPM-IMERG

To verify forecasts, rainfall is taken from The Integrated Multi-satellitE Retrievals for
GPM (GPM-IMERG; Huffman et al. 2019). The product used is Level 3 half-hourly
Final Run Precipitation at a resolution of 0.1° and combines precipitation estimates
from GPM constellation satellites (see
https://gpm.nasa.gov/missions/GPM/constellation) and Global Precipitation
Climatology Centre (GPCC) precipitation rain-gauges. Precipitation estimates from
passive microwave radiometers are combined with estimates from infrared data from
geostationary weather satellites. Analyses of monthly GPCC gauge accumulations are
then used to reduce biases in the multi-satellite monthly averages where available.

Results using this dataset are referred to in this paper as “GPM” for simplicity.

Before any analysis takes place, the GPM precipitation field is also converted to an
average hourly rain rate and is interpolated from a 0.1 degree grid to a common 9 km
grid. Note that this is a slightly higher resolution than the native grid but the area-
weighted conservative interpolation scheme maps between staggered grids with
similar spacings without affecting integrals over larger scales.. It should also be noted
that generally both heavy rainfall and rainfall over ocean tend to be underestimated by
GPM (Tan and Duan 2017; Kahn and Maggioni 2019; Sunilkumar 2019; Tan and
Santo 2019). Nonetheless, studies suggest that in the Philippines, unless examining
very heavy rainfall (99" percentile), GPM captures rainfall relatively well

(Sunilkumar 2019). The Singapore diurnal cycle of rainfall is well represented in
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GPM (Tan et al. 2019) and Tan and Santo (2018) also concluded that GPM was a
reliable precipitation source for a flooding event in Malaysia during 2014-2015. A
recent study finds that GPM precipitation is similar to local precipitation for
percentiles between the 85" and 95" and concludes that IMERG can be used for

forecast evaluation of precipitation up to the 95th percentile (De Silva et al. 2021).

3.Methods

3.1. Fractions Skill Score

The Fractions Skill Score (FSS; Roberts & Lean, 2008) is a metric that compares two
gridded fields and measures the degree of correspondence as a function of spatial
scale. In order to calculate the FSS the re-gridded (see section 2) forecast and
observation fields are converted into binary fields (1 or 0) based on values in each
grid cell being above or below a threshold. In this study a threshold of the 95"
percentile of rainfall is used, calculated using all grid cells (including zero values)
over the re-gridded domains and the six months spanned by the forecasts. The
threshold is calculated separately using GPM-IMERG and the ensemble forecast data
for the GPM and forecast binary fields respectively. The threshold varies depending
on time of day in the case of GPM and depending on lead time in the case of
forecasts. Percentiles are used for the threshold choice in calculations (rather than a
fixed rain rate threshold) to counteract the influence of intensity bias that effects the

frequency of “event” occurrence.

A neighbourhood length (N; number of grid cells) is defined and is used to convert
regularly gridded fields into fractions based on how many grid cells within
neighbourhoods of size NxN have cell values exceeding the threshold (see figure 2 in

Roberts & Lean, 2008). The FSS is given as:
9
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MSE(N)

FSS(N) =1- MSE (N)yref (l)
where
1 Ny N 2
MSEw) = —NxNyZi=1 i2110wyi; — Moy j] )
— 1 Ny N 2 Ny N 2
MSEyret = 3~ |20 272, O + i 22 My (3)

Such that Oy and M) are the fields of fractions for neighbourhood length N for
observations and models respectively. Nx and Ny are the number of neighbourhoods in

the full domain along the longitude and latitude axes respectively.

This calculation can be computed for varying N to obtain FSS as a function of
neighbourhood size. The aim is to allow for the fact that the location of features on
the smallest scales in CP models, associated with convective updrafts, is highly
unpredictable, while the probability that a certain fraction of neighbourhood area is
occupied by precipitation cells (reaching an intensity threshold) may be predicted
skilfully. Furthermore, in the absence of data assimilation for high resolution
observations (such as radar) there is no information in the initial conditions on the
smaller scales. The FSS value must lie between 1 and 0 with an FSS of 1 indicating a
perfect forecast. FSS is expected to increase with neighbourhood size. A threshold of
FSS can be used to determine the minimum spatial scale at which the forecast is
considered skilful. This is taken to be 0.5 if observed rainfall frequency is sufficiently

low (see Roberts & Lean, 2008).

Using this calculation as a basis, this study examines the ensemble-aggregated FSS
(eFSS), the dispersion FSS (dFSS) and the localised FSS (LFSS). Because this study

deals with an ensemble, it is required that FSS for all ensemble members is

10
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summarised, so to do this the average of MSEn) and MSEnyref is taken over all
ensemble members and all forecasts in the six-month period prior to calculation of the

FSS using Equ. 1, resulting in the eFSS (Dey et al. 2014).

In order to obtain a measure of ensemble spread in relation to skill the dFSS is also
calculated. The method for this is very similar to that of the eFSS except rather than
compare ensemble members to observations they are compared to the control member
of the ensemble (Rezacova et al. 2009; Dey et al. 2014). This provides a metric that
demonstrates how similar precipitation patterns are between members of the
ensemble. It is possible that model bias can influence metrics of spread (e.g. Wang et.
al 2018). However, this FSS-based metric uses a percentile threshold, therefore

accounting for precipitation intensity biases as part of the calculation.

Finally, a localised FSS (Woodhams et al. 2018) is used to determine regions in the
domain that have particularly high or low values of skill relative to the full domain.
For this metric the MSE ) and MSEyrer are calculated for each neighbourhood (using
the same domain-wide threshold precipitation rate, calculated from a percentile of the
data from all forecasts at all grid points, as described above) but are not averaged over

the domain prior to FSS calculation.

3.2. Persistence Forecast and ‘Shifted Forecast’

Forecast skill should be benchmarked against some more simple climatological or
persistence-based reference forecast, since a useful forecast has to provide greater
skill than these basic methods. The FSS is calculated for three variations of forecast

over Oct 2018-Mar 2019. The three variations are:

e The standard CP ensemble forecasts.

11
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e A ‘shifted ensemble forecast’, where forecast time stamps (for all lead times)
are shifted by adding one day such that the forecast is verified against

observations that occur a day later than the actual forecast verification times.

e A persistence forecast based on forward extrapolation from observations.

The ‘shifted forecast’ tests how much potential predictability comes from the
similarity of the observed diurnal cycle from one day to the next (e.g., the pattern of
precipitation over mountains and coasts). If the standard ensemble were no more
skilful than the shifted forecast, it would imply that the model gives little useful
information beyond its representation of the diurnal cycle in that flow regime and

season.

The persistence forecast uses no model data but instead uses hourly GPM
precipitation from the day prior to forecast initialisation and replicates this for every
24-hour period of the forecast. If the observed precipitation at each location were
dominated by its diurnal cycle then the persistence forecast would be almost perfect,
while the ‘shifted forecast” would have the same skill as the standard ensemble and
comparison of both these forecasts with observations would reflect model bias.

However, longer timescale variability reduces the skill in the persistence forecast.

4. Results

4.1. Rainfall climatology and 4.5 km forecast bias

GPM 95" percentile rainfall amounts in the Malaysia and Indonesia domains have a
pronounced diurnal variation (dashed lines in Fig. 2b). Each domain has 2 peaks in
rainfall; one around 0800 UTC and one around 2000 UTC. Malaysia and Philippines
local time is UTC+8 hours and Indonesia local time is UTC+7 hours so these times

12
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correspond to local early evening when rainfall is mostly over land and local early
morning when rainfall is mostly over ocean (Mori et al. 2004). The morning peak is
larger in the Malaysia domain than in the Indonesia domain. This is because rainfall
off the northwest coast of Sumatra is relatively strong during early morning. The
Philippines also has a variation throughout the day at similar times, but it is not as
pronounced as that in the other two domains (Fig. 2b). Only the 95" percentile is
shown here, but the diurnal variation is consistent across other intensities, such as

average rainfall (not shown).

Percentiles are also calculated for forecasts. Note here that there is no averaging
involved in this calculation; the percentiles are calculated over all ensemble members,
all available forecasts and all grid points in the domain. For three-hourly
accumulations, the forecasts tend to underestimate the 95 percentile rainfall in
comparison to GPM (Fig. 2b; Table 1). A similar result was found by Woodhams et
al. (2018) examining the 95" percentile rainfall in East Africa forecasts. In contrast,
the 95™ percentile and mean of 24-hourly accumulations (Fig 2a; c) are overestimated,
as is the 3-hourly 99" percentile (Table 1). Woodhams et al. (2018) find that in
Africa, at higher percentiles, such as 99%, the CP model has higher values than
observed. This is consistent with other studies that find that CP models in the extra-
tropics overestimate rainfall amounts and persistence at very high intensities, but
underestimate rainfall at lower intensities (e.g. Kendon et al., 2012). However, bias
varies with lead time and CP models tend to have large amounts of rainfall after spin-
up. Note also that GPM is known to underestimate heavy rainfall events (Tan and
Duan 2017; Sunilkumar 2019) which will impact the extent to which the model shows
‘bias’ in comparison, though De Silva et. al (2021) find that 95" percentile rainfall

over the Maritime Continent in GPM is suitable for forecast verification.
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Forecast precipitation rapidly increases during the initial hours of the forecast as the
model spins up, then declines with lead time (Fig. 2b). Variations with the diurnal
cycle are captured in the forecasts and peaks tend to occur at the correct times of day,
however the difference between the morning and evening peaks in rainfall is larger
than in GPM for the Malaysia and Indonesia domains. This suggests that rainfall over
the ocean is not as well captured in the model, or is overestimated in GPM, or a
combination of both. Since both heavy rainfall and rainfall over ocean tend to be
underestimated by GPM (Tan and Duan 2017; Kahn and Maggioni 2019; Sunilkumar

2019) this suggests the bias largely lies with the ensemble.

The 95" percentile of precipitation in Malaysia forecasts also shows a relatively large
decrease following the first day of forecasts (Fig. 2). Such abrupt declines between
day 1 and day 3 are less evident in the Indonesia and Philippines domains (Fig. 2).
This visible drop in forecast precipitation for Malaysia may be a result of the spatial
distribution of precipitation in the Malaysia domain between ocean and land. Indeed,
when performing the percentile analysis for only land points and only ocean points
this decline is visible for the ocean rainfall but less so for the land rainfall (not
shown). This may be a result of differing drivers of rainfall in the regions. In the
Malaysia domain there is strong rainfall off the east coast of Sumatra, mainly driven
by convergence because of Sumatran orography (Wu et al. 2009). Rainfall in the
Indonesia domain is also largely driven by convergence lines between land masses,
though Wu et al. (2009) suggest that differences in orography of nearby land masses
may explain differences in ocean rainfall across Southeast Asia, such as between the
east coast of Sumatra and the west coast of Borneo. Therefore, the representation of

orography may be a large factor in diurnal cycle rainfall biases.
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Other aspects of the ensemble may also contribute to biases, such as initial conditions,
or the dynamical configuration and parameterizations of the parent ensemble. The
drop in rainfall is also found by Dipankar et al. (2020) in similar CP forecasts
covering Singapore and surrounding regions, such as Peninsular Malaysia and
Sumatra (SINGV). Dipankar et al. (2020) find that rainfall in a version of the model
driven by the global UM declines over ocean following 24 hours. This was not the
case in a version of the model driven by the ECMWF operational deterministic
forecast. It is suggested that this is primarily a result of the lateral boundary
conditions and a dry bias in global UM forecasts. Further analysis would be required
to determine the precise causes of bias here, and why they differ between regions.
Examining the spatial pattern of extreme precipitation in subsequent figures will
highlight the differences between the domains further. At longer lead times rainfall in
Malaysia and Indonesia domains continues to decrease, whereas Philippines rainfall

remains well captured at all lead times.

In GPM the highest values of 95" percentile rainfall are over ocean, particularly over
the west coast of Sumatra (Fig. 3a;b). On the first day of forecasts the largest
precipitation amounts occur over mountainous regions of Sumatra and Java (Fig.
3d;e), in contrast to GPM. There is some heavier rainfall off the west coast of Sumatra
where the observed rainfall peaks, but they are smaller than the land rainfall amounts.
The 95" percentile of rainfall in the Philippines domain is well replicated with
comparable rainfall amounts to GPM in the south of the Philippines and the north-east
region of Borneo (Fig. 3f). Rainfall over mountains is heavier in the forecasts than

observed, explaining the discrepancies in the diurnal variations of rainfall (Fig. 2a; b).

15
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As lead time increases the 95 percentile of rainfall off the west coast of Sumatra
decreases (Fig 3g). Rainfall over the ocean here decreases at a faster rate than that
over land between lead day 1 and lead day 3, explaining the large decrease in the
rainfall shown in Fig. 2b after lead day 1. The rainfall in the ocean to the north of Java
and in the Strait of Malacca does not show this decrease and even increases slightly.
As mentioned previously it seems likely there is a meteorological phenomenon in this
area that is more accurately captured than equivalent phenomena occurring west of
Sumatra and results in this differing behaviour. One possibility is convergence lines in
the Strait of Malacca resulting from land-sea breezes (Weller et al. 2017; Mohd Nor et
al. 2020) that are relatively well represented and persist in the forecast. At longer lead
times rainfall over mountainous regions continues to decrease (Fig. 3j;k). Rainfall
amounts over the Philippines show less change as lead time increases (Fig 3l), as is

also indicated in Fig. 2.

4.2. Skill of 4.5 km ensemble forecasts of daily precipitation accumulations

The spatial scales over which forecasts of 24-hourly accumulated rainfall can be
considered skilful is assessed using the ensemble-aggregated Fractions Skill Score
(eFSS) to determine the smallest scale for useful forecast information from each of
the ensembles. Forecast skill of 24-hourly precipitation exceeds the skilful threshold
of 0.5 (red line in Fig. 4) at spatial scales greater than around 150 km on the first day
of forecasts for all three domains. Skill in the Philippines domain is slightly higher
and so forecasts are considered skilful at spatial scales greater than around 50 km.
Skill decreases as lead time increases such that by the end of the 5-day forecasts only
spatial scales exceeding 350 km are considered skilful. It should be noted that here the

ensemble-average FSS is examined for comparison with ensemble spread, not a
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metric based on the probabilistic output of the FSS. The skill of the probabilistic
ensemble output is slightly higher (not shown) and so the probabilistic forecasts will
be able to be displayed usefully at slightly smaller scales than these (approximately

50-100km smaller depending on lead time and region).

While this is useful information for forecasting daily rainfall totals, variations in
rainfall with the diurnal cycle and between land and sea mean that forecast skill is
likely to vary with both location and time of day, particularly in Malaysia and
Indonesia. To further understand contributors to forecast skill it is important to also

examine diurnal variations in forecast skill, as well as spatial variations in skill.

4.3. The role of the diurnal cycle in 4.5 km forecast skill

As mentioned previously, rainfall has a strong diurnal cycle during the day and can be
defined by two peaks: one during local early morning when rainfall is mostly over the
ocean (not shown), and one during local early evening when rainfall is over land (Fig.
5). In GPM during early evening the highest values of rainfall are over Sumatra and
Borneo (Fig. 5a; b). The rainfall over Sumatra tends to be located around orographic
features: mountains run down the west side of Sumatra. There are also large amounts
of rainfall just off the west coast of Sumatra. There are smaller amounts of rainfall

over Peninsular Malaysia, Java and the southern Philippines (Fig 5a;b;c).

For forecasts, twelve hours after forecast initialisation the spatial pattern of 95%"
percentile precipitation is similar to that in GPM but with varying amounts.
Precipitation in Sumatra is most strong in the northwest (Fig. 5d), unlike GPM where
larger amounts of precipitation run the full length of the island. Forecasts do not
capture the precipitation off the west coast of Sumatra (Fig. 5d), though they still have

some precipitation over the ocean, similar to GPM. Three days into the forecast

17



395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

precipitation over the ocean is decreased (Fig. 5g) but the precipitation over land is
still relatively strong. Examining early morning in the forecasts also shows that
precipitation over the ocean around Sumatra decreases following the first day forecast
(not shown), explaining the large drop in Malaysia domain precipitation shown in Fig.
2a. By the final day of the forecast precipitation amounts have slightly decreased but

the spatial pattern remains the same (Fig. 5j;k;1)

To examine how forecast skill depends on the diurnal cycle in the region, the skill of
the three ensembles is examined. The shading in Fig. 6 demonstrates eFSS for the
standard ensemble forecast, but the eFSS=0.5 “skilful threshold” contours are shown
for all three forecast variations described in Section 3. Forecasts with skill exceeding
0.5, regions to the right of the colored lines in Fig. 6, are considered skilful for the
given spatial scale and lead time. Forecasts with lines further to the left in the figure

are therefore more skilful at smaller spatial scales.

Forecast skill of three-hourly precipitation is strongly tied to the diurnal cycle for the
Malaysia forecasts (Fig. 6a) and the Indonesia forecasts (Fig. 6b). The Philippines
forecast skill shows some link to the diurnal cycle but this is less pronounced than that
of the other two domains (Fig. 6¢). Skill tends to be largest in the daytime when
precipitation is over land and smallest at night when precipitation is offshore. It is
likely that this is due to precipitation that is constrained by topography, and therefore
more predictable, during the day. For the first day forecasts are considered skilful at
spatial scales greater than approximately 200 km (Fig. 6). After the first day forecast
skill begins to decrease as lead time increases. On day 5 of the forecasts there is skill
on spatial scales greater than around 400 km. These scales are comparable to analysis

by Dey et al. (2014) that showed skill on scales greater than 200 km for forecasts of

18



419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

extreme rainfall in the UK using a similar nested 2.2 km ensemble. Woodhams et al.
(2018) also find that a deterministic CP model forecast of extreme rainfall over East

Africa is skilful at spatial scales around 275-300 km.

The reliance of skill on time of day leads to a question: how much of forecast skill is
driven simply by diurnal variations? The ensemble forecast is compared with the
other two forecast variations described in section 3.2 in order to gain an idea of the
role of persisting weather in the forecast skill, and how much value is added by the
dynamical ensemble forecast. It is found that the standard ensemble forecast is more
skilful than the persistence forecast for all three domains, indicating that the ensemble
forecast contains more information about the weather occurring in the future than can
be inferred from local knowledge of the diurnal cycle observed on the day before

making the forecast.

The ‘shifted forecast’ (see section 3.2) tests how much predictability comes from the
characteristics of the diurnal cycle in the current flow regime and season. The
standard forecast is substantially more skilful than the shifted forecast in all three
domains (Fig. 6). This implies that substantial skill in the precipitation forecast is
associated with phenomena with multi-day timescales, or that the forecast is skilfully
predicting day-to-day variation in the characteristics of the diurnal cycle which are
conditional on the large-scale environment. It is expected that as lead time increases
the standard ensemble forecast skill must tend towards the skill of the shifted forecast
as the model forecast increasingly becomes no better than a forecast of a different

day.

Interestingly, for Malaysia (Fig. 6a) and Indonesia (Fig. 6b) the shifted forecast is

more skilful than the persistence forecast at all lead times beyond the initial 3 hours.
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During the first 24 hours the difference is small. Moving into day 2, the persistence
forecast becomes substantially worse than the shifted forecast, implying that the
precipitation field has multi-day variability that is captured by the model. This is
particularly true for the Philippines (Fig. 6¢), which has a large drop in the skill of the
persistence forecast following day 1 relative to the model. In conclusion, even at five-
days lead time, the ensemble forecast is still more skilful than a forecast based on

persistence, as well as the shifted forecasts, that mainly capture the diurnal cycle.

Skill is increased when precipitation is located over land, perhaps because it is more
constrained by orography. To examine this further, a Localised Fractions Skill Score
(LFSS, see section 3.1) can be calculated (Fig. 7). It should be noted that while the red
line in Fig. 7 indicates a threshold of 0.5 in keeping with Fig. 6, this should not be
considered a threshold of ‘skilfulness’ in this context. Rather, the LFSS is a tool to

understand the distribution of skill across the full domain, in relation to the eFSS.

During early evening higher skill tends to be located over land where the forecast has
most precipitation, such as in the northwest region of Sumatra (Fig. 7a) and over Java
(Fig. 7b). Comparing the spatial patterns of skill to the 95" percentile of precipitation
(Fig. 3) shows that the spatial patterns are similar in these regions. There is much less
skill over ocean for the Malaysia and Indonesia domains (Fig. 8a;b). Peaks in skill
over ocean also tend to be lower than those over land (Fig. 8). This supports the idea
that most skill comes from precipitation that is spatially constrained, and results in the

diurnal variation of skill as precipitation moves from ocean to land.

There are also regions of high skill that have lower 95" percentile rainfall in both
GPM and forecasts, such as the north of the Philippines (Fig. 7c). This skill is likely

tied to synoptic-scale variability, i.e. tropical cyclones. This region of skill is also
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relatively independent of the diurnal cycle and is still present at other times of day

(not shown), supporting this hypothesis.

As lead time increases, skill decreases rapidly but is still highest in mountainous
regions and in the north of the Philippines (Fig. 7d-i). Localised skill analysis
suggests that the diurnal cycle is more important for skill in Malaysia and Indonesia
since rainfall is more spatially constrained by orographic features when over land. For
the Philippines, skill is more likely to come from synoptic-scale systems that are not

as dependent on time of day.

4.4. Ensemble spread-skill relationship for 4.5 km forecasts

The dispersion Fractions Skill Score (dFSS; Dey et al. 2014) is used to assess spatial
differences between ensemble members, or “ensemble spread”, in relation to forecast
skill (see section 3.1). If the ensemble is “well calibrated” then the dFSS and eFSS
should be the same. If the dFSS is smaller than the eFSS, then the ensemble is over-
spread (under-confident) and if the dFSS is larger than the eFSS, then the ensemble is
under-spread (over-confident). For Malaysia forecasts the dFSS is larger than eFSS
(Fig. 9a;b) at all lead times and spatial scales, indicating that ensemble members are
too similar to one another compared to the difference between the forecasts and
observations. This is also true for Indonesia and the Philippines (Fig. 9c-f). Ensembles
are under-spread in relation to the skill, and displacement errors in forecast rainfall
features are typically larger than the differences between ensemble members. This is
consistent with previous studies that find MetUM convective-scale ensembles to be
under-spread (Porson et al. 2020, Cafaro et al. 2020), and being under-spread is a
common error for CP ensembles generally (Schwartz et al. 2014; Beck et al. 2016;

Raynaud and Bouttier 2017). Problems with spread can be linked to model errors (e.g.
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Stensrud et al. 2000) and initial conditions and lateral boundary conditions from the
parent ensemble. However, finding the underlying cause in this case would require

further study.

The spread also varies with the diurnal cycle, consistent with the variation in
ensemble skill. Ensemble spread is smallest (larger dFSS) during local evening, with
dFSS peaking around 8-11pm (lead 12-15), particularly at longer lead times (Fig.
9a;c;e). Consistent with the skill results discussed previously, this is when
precipitation is typically over land and is more spatially constrained, and therefore
more similar between ensemble members. When precipitation is over ocean there is

slightly more ensemble spread, indicated by reduced dFSS.

4.5. The role of resolution and convection parameterisation in forecast skill and

spread

The 4.5 km ensembles examined in the earlier sections are part of a larger set of
nested ensembles that include ensembles with a 2.2 and 8.8 km horizontal grid
spacing, but the same model levels (see section 2.1), and provide an opportunity to
examine the role of resolution in forecast skill. Analysis of an 8.8 km ensemble with
parameterised convection (GA ensemble) is also included to examine how much skill
is gained from partially resolving convection with the dynamical core. Resolution
tends to play a fairly minor role in forecast skill for all three regions (Fig. 10). This is
also the case when using a higher rainfall percentile threshold, such as the 99"
percentile (not shown). 2.2 km CP, 4.5 km CP and 8.8 km CP ensembles all have
similar variation in skill as a function of lead time and in this measure the 2.2 and 4.5
km forecasts are barely distinguishable. This was found to be true evaluating across

the range of neighbourhood scales from grid-scale to 288 km (results are only shown
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for 144 km, the smallest scale for which the eFSS exceeds 0.5 for all domains in the
first day). During early evening, when skill in the 4.5 km ensemble (blue line in Fig.
10) is highest, the 8.8 km CP ensemble (red line) has less skill in the Malaysia domain
than the 2.2 km and 4.5 km ensembles (Fig. 10a), but in general the differences are
small. A possible reason for this is that resolution may be less important at longer lead
times where large-scale conditions dominate, and so resolution variations have little

effect on skill.

There is a larger difference in the skill between the CP ensembles and the GA
ensemble (green line in Fig. 10), though this is region dependent. For the Malaysia
domain the GA ensemble is less skilful across all lead times, except for the first few
hours of forecasts, during the spin-up period (Fig. 10a). Parameterised convection has
less effect on skill in the Indonesia domain, though skill peaks earlier in the day
compared to the CP ensemble skill. (Fig. 10b). A note to make here is that the diurnal
cycle of precipitation in Malaysia and Indonesia is not as well captured by the GA
ensemble (not shown); the observed peaks in rainfall tend to occur a few hours earlier
in the GA ensemble, around 6 UTC (early afternoon local time) and 18UTC (early
morning local time). The afternoon skill peak therefore coincides with a time when
rainfall is increasing in observations and decreasing in the GA ensemble. This peak in
skill in the Indonesia domain likely reflects a time when rainfall patterns match better
than other times of day, but not for the correct reasons; rainfall in the GA ensemble
does not move over ocean during night in the same way as in observations and the CP
ensembles (not shown). Since rainfall in the Malaysia and Indonesia domains is
largely driven by diurnal variations it is expected that the skill of the GA ensemble is

less than the CP ensembles that capture diurnal variations more accurately.
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While there is little difference between the skill in the CP ensembles it is important to
note that rainfall is reduced in lower resolution 8.8 km CP ensembles (Table 1). Peaks
also tend to occur slightly later in the day in these ensembles, particularly for the
Malaysia domain, with the early morning peak hardly being captured at all (not
shown). This is indicative of larger errors in the diurnal cycle of precipitation in the
lower resolution ensembles, despite little difference being shown in the FSS measure
of spatial skill. It is therefore important not to consider all CP ensembles to have equal

value for operational forecasting despite similar FSS values.

In the Philippines domain there is almost no difference in skill between the CP
ensembles at all resolutions (Fig. 10c). However, following the first 12 hours of the
forecast the GA ensemble has slightly more skill than the CP ensembles, in contrast to
the other two regions. A possible reason for this is that precipitation patterns
associated with certain, likely larger scale, phenomena are represented more
accurately in the GA ensemble. The CP forecasts spin up at initialisation and this may
explain the higher skill of the GA model since less spin up may occur from the initial
conditions. This is a surprising result since previous studies find that drivers of
Philippines rainfall, such as tropical cyclones, can be represented more accurately by
CP models (Bousquet et al. 2020). A full analysis of the differences in the
representation drivers of rainfall between CP and GA ensembles is outside of the

scope of this study, but this result certainly highlights an area of future research.

Resolution also has a small impact on ensemble spread (Fig 9d-f). All three CP
ensembles are under-spread to a similar degree at the 144 km neighbourhood scale.
Note here that ensemble spread is shown over a sub-region with boundaries 2 degrees

away from the 2.2 km boundaries to avoid a larger influence of lateral boundary
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conditions on the 2.2 km ensemble than the larger domain ensembles. When
performing analysis over the full 2.2 km ensemble domain the spread of the 2.2 km
ensemble is smaller than that of the 4.5 km and 8.8 km CP ensembles (not shown) as
a result of the role of lateral boundary conditions on ensemble spread. Ensemble
spread in the GA ensemble is relatively similar to the CP ensembles at most times of
day but reduces during early afternoon (local time; approximately 4 UTC) when
observed rainfall is moving from over ocean to over land (Fig. 10d; e). This suggests
that the ensemble spread in the spatial patterns of rainfall is much less than the CP
ensemble as a result of the parameterisations used. In the Philippines, where rainfall is
not as strongly driven by the diurnal cycle, ensemble spread is similar in the GA
ensemble and the CP ensembles, particularly during the first two to three days of the

forecast.

5. Summary and Conclusions

Convection-permitting (CP) ensemble forecasts in the Tropics have, until now, been
relatively uncommon. Recently, the UK Met Office have developed such systems
over Singapore (Porson et al. 2019) and East Africa (Cafaro et al. 2020). Model
development has now extended to further domains in Southeast Asia, covering
Malaysia, Indonesia and the Philippines. In this study the skill of newly-developed CP
ensembles over these regions has been examined using the Fractions Skill Score
(FSS), with a particular focus on the role of the diurnal cycle and quantifying the

spread of the ensemble in relation to skill.

The skill of forecasts of precipitation in the Malaysia and Indonesia domains are
strongly linked to the diurnal cycle, peaking during local early evening when rainfall

is over land and dropping in local early morning when rainfall is over ocean (Fig. 6).
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The diurnal variation suggests that orographic and coastal features play a role in skill,
such that precipitation over mountainous regions is spatially constrained and therefore
better captured by the model. Land-sea contrast is also important to the characteristics
of the rainfall. Examination of maps of the Localised Fractions Skill Score (LFSS)
confirms this, as the largest skill tends to be over mountainous regions and skill is
much lower over the ocean (Fig. 7; Fig. 8). The diurnal cycle is less strong in the
Philippines domain, suggesting that other modes of variability drive precipitation
there. Skill decreases as lead time increases, and forecasts are skilful at spatial scales
greater than 400 km for all lead times and all domains, providing a suggested scale for

future forecast display.

The large role played by the diurnal cycle motivates the question as to how much of
the skill is potentially predictable simply by representing well the diurnal cycle in the
region. Vogel et al. (2018) found that forecasts of precipitation in West Africa that
were based on climatological precipitation outperformed operational ensemble
forecasts that used parameterised convection schemes. Here, comparisons are made to
persistence forecasts to examine how the CP ensembles perform relative to a forecast
from recently observed rainfall. In this case all three ensembles have much higher
skill than a persistence forecast, suggesting that there is significant added value in the
CP ensemble compared to a forecast based on observed rainfall from the previous
day. Skill for a ‘shifted forecast’, in which the forecast date stamps are shifted one
day later and therefore verified against observations from one day after the true
verification date, is also presented to determine how much of the model skill is related
to simulation of the diurnal cycle. The skill of the shifted forecast is larger than the
persistence forecast, but less than the standard ensemble forecast, for lead times

longer than one day. This suggests that increased CP ensemble forecast skill is
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associated with phenomena characterised by multi-day timescales that are captured by

the model, highlighting the usefulness of the CP ensemble in this region.

Variation of horizontal grid spacing, across 2.2, 4.5 and 8.8 km, plays a fairly small
role in ensemble skill assessed using the Fractions Skill score over the full range of
neighbourhood scales. These results agree with previous studies that also find 1-2km
resolution forecasts rainfall in the United States to perform as well as 4km forecasts
(Kain et al. 2008; Schwarz et al 2009; Loken et al. 2017). However, other studies
found that increased resolution resulted in higher forecast skill for United States
rainfall (Schwarz et al. 2017; Shwartz and Sobash 2019). Schwartz and Sobash (2019)
suggest that this could be because of higher quality initial conditions than in previous
studies. Given the computational cost of higher resolution forecasts this is a result to

be considered in future forecast model development focussing on this region

The 8.8 km GA ensemble using a parameterised convection scheme has less skill
compared to the CP ensembles, but only in the regions where rainfall patterns are
strongly driven by the diurnal cycle, i.e. Malaysia and Indonesia. In the Philippines
region, CP ensembles have slightly lower skill than the GA ensemble suggesting that
CP forecasts add limited value when forecasting spatial patterns of rainfall in the
Philippines region. This is likely due to the higher latitude location of the Philippines
and hence stronger synoptic scale forcing of rainfall and weaker dependence on local
thermal contrasts in forcing convective systems. Also, there are no additional high-
resolution observations assimilated into the CP forecasting system and the initial
conditions for each forecast member are obtained simply by interpolating the parent
global member onto a finer grid. The only benefit that could come from the higher

resolution is an improvement in the representation of the lower boundary and weather
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system dynamics. The higher resolution forecasts need to spin up and this may
explain the apparently higher skill of the 8.8 km model with parameterised
convection, rather than explicit. The model dynamics with parameterisation is more
similar to the global model parent and therefore less spin up may occur from the
initial conditions. An important note and caveat to make here is that while resolution
plays a small role in skill measured using the FSS there are many other reasons why a
higher-resolution model is preferable. Other aspects of rainfall, aside from spatial
pattern, such as intensity and timing, are of importance and should be considered

when choosing models for an operational forecast.

The spread of the ensemble is examined using the dispersion Fractions Skill Score
(dFSS), which compares ensemble member pairs to obtain a measure of the spatial
differences within the ensemble. Spread also varies with the diurnal cycle such that
there is less ensemble spread when precipitation is over land, again supporting the
idea that convection is more constrained by orography at that time (Fig. 9). The
ensemble is under-dispersive. Spread is 59%, 61% and 33% less than ensemble mean
forecast error on average over 4.5 km forecasts for Malaysia, Indonesia, and
Philippines domains respectively, confirming that these ensembles suffer from a
persistent drawback of CP ensembles. While using percentiles for the threshold choice
in calculations (rather than a fixed amount threshold) somewhat counteracts the
influence of rainfall intensity bias, there are further possible causes of reduced
ensemble spread, such as the influence of initial and lateral boundary conditions and
model errors. Studies have found various ways to improve ensemble spread, such as
combining ensembles (Beck et al. 2016) and time-lagging ensemble member forecasts
(Porson et al. 2020). Porson et al. (2019) assessed the difference in skill and spread in

an ensemble covering Singapore nested in two different global ensembles. They find
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that spread is sensitive to initial conditions at the beginning of the forecast and lateral
boundary conditions towards the end of the forecast. While beyond the scope of the
present study, investigating why the ensembles analysed here are under-spread would
be an interesting topic of future research. Assimilation of high resolution data to
generate a higher resolution regional analysis would be expected to improve initial
conditions for the CP ensembles, introducing spread associated with observed
mesoscale features and acting to reduce artificial forecast spin up effects which may
reduce skill. However, assimilation in the convection-dominated regime in the tropics
is challenging, due to convective instability and the high variance on small spatial and
temporal scales, and prototype systems assimilating satellite radiance data are

currently under development in the Southeast Asia region (Heng et al. 2020).

Despite the lack of sufficient spread in the CP ensembles shown here, the forecasts
have significant skill beyond that shown by a persistence forecast based on observed
climatology. Aside from improvements to ensemble spread, future work with these
forecasts should focus on sources of skill in the three different regions, including the
role of large-scale conditions in forecast skill. Understanding drivers of forecast skill
will lead to improved forecasts of high-impact weather in the region and should

therefore be a high priority in future.
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Region GPM/model 95" pc 99" pc
resolution
Malaysia GPM 1.85 5.62
2.2 1.49 7.13
4.5 0.78 6.45
8.8 0.62 6.04
8.8 (GA) 1.41 2.78
Indonesia GPM 1.35 4.76
2.2 0.52 5.69
4.5 0.48 5.87
8.8 0.12 4.21
8.8 (GA) 1.23 2.57
Philippines GPM 0.34 2.66
2.2 0.18 3.21
4.5 0.27 4.34
8.8 0.11 2.93
8.8 (GA) 0.58 2.19
951
952 Table 1: The average over all lead times of 95 and 99" percentiles for 3-hourly

953  accumulations of GPM and 2.2 km CP, 4.5 km CP, 8.8km CP, 8.8km GA forecasts for

954 all three regions (using 2.2 km domains in Fig. 1). All values are converted to rain
955 rate in mm hr,

956

957
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100°E 120°E 140°E

Figure 1: Malaysia (black boxes), Indonesia (blue boxes) and Philippines (red boxes)
forecast domains for 2.2 km forecasts (dashed lines) and 4.5 km forecasts (solid
lines). The full domain shows the 8.8 km domain. For analysis, the 8.8 km forecasts

are subset to the relevant smaller regional domains.
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Figure 2: GPM-IMERG (dashed lines) and 4.5 km forecast (solid lines) 95™
percentile for a) 24-hourly accumulations, b) 3-hourly accumulations and c) mean of
24-hourly precipitation accumulations as a function of forecast lead time. All values
are converted to rain rate in mm hr. Values shown here are the thresholds used for

FSS calculation (see section 3). For forecasts the percentile are calculated over all

ensemble members, all forecasts and all gridpoints in the domain.
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Figure 3: GPM-IMERG and 4.5 km forecast 95" percentile precipitation for
Malaysia (left panels), Indonesia (centre panels) and Philippines (right panels). The
95" percentile is calculated for 24-hourly accumulations and is displayed as mm hr™.
Forecast precipitation is shown for lead day 1 (hours 00-24), lead day 3 (hours 48-

72) and lead day 5 (hours 96-120).
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979 Figure 4: Fractions Skill Score (eFSS) of 24-hourly accumulated precipitation

980  exceeding 95" percentile aggregated over all 4.5 km forecasts in Oct 2018-Mar 2019
981 as function of spatial scale (x-axis) and lead time (y-axis) for a) Malaysia model
982 domain, b) Indonesia model domain, and c) Philippines model domain. The red line

983 shows the eF'SS=0.5 “skilful” contour.

984
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987 Figure 5: GPM-IMERG and 4.5 km forecast 95" percentile precipitation for

988 Malaysia (left panels), Indonesia (centre panels) and Philippines (right panels). The

989 95" percentile is calculated for 3-hourly accumulations at 12-15UTC (local evening)
990 and is displayed as mm hrt. Forecast precipitation is shown for lead day 1 (hours 12-
991 15), lead day 3 (hours 60-63) and lead day 5 (hours 108-111).
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993
994 Figure 6: eFSS of 3-hourly accumulated precipitation exceeding 95" percentile

995 aggregated over all 4.5 km forecasts in Oct 2018-Mar 2019 as a function of spatial
996 scale (x-axis) and lead time (y-axis) for a) Malaysia model domain, b) Indonesia
997 model domain, and c) Philippines model domain. The red line shows the eFSS=0.5
998 “skilful” contour for 3-hourly forecasts. The blue line shows the eFSS=0.5 contour
999  for 3-hourly “shifted forecasts” where the forecast time-stamp has been shifted a day
1000 ahead of observations. The green line shows the FSS=0.5 contour for a persistence
1001 forecast such that lead time corresponds to the lag of the persistence forecast (see

1002 methods).
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1004 Figure 7: Localised FSS (LFSS) for the 72 km neighbourhood scale 3-hourly
1005 accumulated precipitation exceeding 95" percentile aggregated over all 4.5 km

1006 forecasts in Oct 2018-Mar 2019 for the Malaysia model domain (left panels), the
1007 Indonesia model domain (centre panels), and Philippines model domain (right
1008 panels). LFSS is calculated for lead hours 12-15, 60-63 and 108-111. The red line
1009 shows the LFSS=0.5 contour.
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1012 Figure 8: eFSS calculated using land and ocean points for the 72 km neighbourhood
1013 scale 3-hourly accumulated precipitation exceeding 95" percentile aggregated over

1014 all 4.5 km forecasts in Oct 2018-Mar 2019 for a) the Malaysia model domain, b) the

1015 Indonesia model domain, and c) Philippines model domain. Solid lines show eFSS
1016 over land and dashed lines show eFSS over ocean.
1017
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Figure 9: Dispersion Fraction Skill Score (dFSS) of 3-hourly accumulated

precipitation exceeding 95™ percentile aggregated over all 4.5 km forecasts in Oct

2018-Mar 2019 as function of spatial scale (x-axis) and lead time (y-axis) for a)

Malaysia domain (Note - local time is UTC+8), c) Indonesia domain and e)

Philippines domain. The red line shows the dFSS=0.5 contour for 3-hourly forecasts.
The difference between eFSS and dFSS for the same forecasts as in a), ¢) and €) are
shown in b), d) and f) such that a negative value indicates the ensemble is under-

spread and a positive value indicates the ensemble is over-spread.
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1028

1029 Figure 10: Fraction Skill Score (a-c) and the difference with the dispersion Fraction
1030 skill score (d-f) at a spatial scale of 144 km of 3-hourly accumulated precipitation
1031 exceeding 95" percentile aggregated over all forecasts in Oct 2018-Mar 2019 as a
1032 function of lead time (x-axis) for a) & d) Malaysia model domain, b) & €) Indonesia
1033  model domain, and c) & f) Philippines model domain. The color of the lines indicates
1034 the type of forecast; 2.2 km CP (black), 4.5 km CP (blue), 8.8 km CP (red), and 8.8
1035 km GA (green). Horizontal dashed line in a)-c) indicates a skilful forecast
1036 (eFSS>0.5). In d)-f) negative values indicated an under-spread ensemble, positive
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1037 values indicate an over-spread ensemble. Analysis in d)-f) is performed over a

1038 subregion of the stated 2.2 km region (see figure discussion).
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