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Abstract

Bhutan, a South Asian country located in the Eastern Himalayas, is an important
member of the Bay of Bengal Initiative of Multi—sectorial Technical and Economic
Cooperation (BIMSTEC). BIMSTEC Centre for Weather and Climate (BCWC), established at
National Centre for Medium Range Weather Forecasting (NCMRWF), India promotes
collaborative research in the field of weather prediction and climate change among the
scientists of BIMSTEC member countries. Through the present work BCWC brings together
the researchers of Bhutan and India to verify the probabilistic precipitation forecast by
NCMRWEF Global Ensemble Prediction System (NEPS-G) for the 2020 Monsoon season over
Bhutan. The Global Precipitation Measurement (GPM) IMERG Final Run data and the
satellite-gauge merged gridded dataset prepared at NCMRWF have been used as verifying
observations. The gauge data have been provided by National Centre for Hydrology and
Meteorology (NCHM), Bhutan. Various standard probabilistic forecast verification metrics like
RMSE-Spread relationship, Brier Skill Score (BSS), Rank Histogram, Reliability Diagram and
Relative Operating Characteristic (ROC) curve have been used to carry out the verification.
Since the verifying data over the mountainous North Bhutan region is not reliable the validation
work is mainly confined to South Bhutan region. BSS of the model is found to be positive
nearly at all forecast lead times for higher thresholds (>25 mm/day and >45 mm/day) values of
precipitation. The ensembles are under-dispersive but the forecasts are generally reliable. The
ROC curves show that the forecasts have good skill in discriminating events from non-events,
particularly for heavier precipitation thresholds. The ROC score of the probabilistic forecast is
found to be higher than the control forecast (i.e., NCMRWEF’s operational global deterministic

model (NCUM-QG) forecast).
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1. Introduction

The landscape of Bhutan extends from 26.64° N to 28.2° N by latitudes and 88.74°E to
92.16° E by longitudes and it lies in the Northern Temperate Zone. Located in the Eastern
Himalayas in Southeast Asia, Bhutan experiences a diverse climate due to its altitude and
topography. A very pleasant weather generally persists throughout the elevation of the valley
except in the northern and southern extremes. The middle valley of Bhutan experiences a
pleasant temperate climate with moderate changes between winter and summer. A map of

Bhutan is presented in Figure 1.
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Figure 1. Map of Bhutan.

Bhutan has an extremely varied climate due to the vast difference in altitude and also
due to the impact of the North Indian Monsoon. In the northern part of Bhutan where the
mountains rise up to 7000m, the climate is similar to that of arctic and has alpine and subalpine
climates. In the southern part, the country experiences a hot and humid summer and cool winter,
with usual heavy monsoon rains. The south of Bhutan experiences a tropical climate during the
monsoons. The Himalayas create a barrier effect for the south-westerly monsoon winds coming
from the Bay of Bengal, resulting in orographic lifting which is responsible for the heavy

rainfall in the southern foothills of Bhutan and a rain-shadow zone in the North.
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The Bay of Bengal Initiative of Multi—sectorial Technical and Economic Cooperation
(BIMSTEC) was established on June 6, 1997. It is a regional organization that comprises seven
member states namely, Bangladesh, India, Sri Lanka, Thailand, Myanmar, Bhutan and Nepal.
There are several sectors in which BIMSTEC perform, and for every such sector, there are
several centres set up in different parts of the member countries. “Security” is one such sector
and it includes a subsector “Disaster Management”. The BIMSTEC Centre for Weather and
Climate (BCWC) located at the National Centre for Medium Range Weather Forecasting
(NCMRWF), Noida, Uttar Pradesh, India has been established under the subsector “Disaster

Management”. BCWC aims at the following objectives:

- To Facilitate and foster cooperation amongst the BIMSTEC members to work more
competently in fields of both fundamental and scientific research related to weather
predictions and climate change, for mutual benefit.

- To Promote an enriched spectrum of research pertaining to weather and climate.

- To Publish the important research outcomes under the framework of BIMSTEC, on

weather and climate.

Bhutan has joined the BIMSTEC in February 2004. Since then, it has become a very important
member of the organization. Bhutan collaborates with other member countries in various
sectors to address common challenges, promote regional cooperation and facilitation of trade

and most importantly promote economic growth.

A high resolution (~ 12 km) global ensemble prediction system, NEPS-G is run
operationally at NCMRWF on the high-performance computing system “Mihir” to generate
medium range (for forecast lead time of 10 days) probabilistic forecast of the weather. A brief
description of this ensemble prediction system is available in section 2. The performance of

NEPS-G over the Indian subcontinent for different seasons and events has been studied before
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by a few investigators (Mamgain et al., 2020a; Chakraborty et al., 2021; Shanker et al., 2022).
The present study aims to study the performance of NEPS-G in forecasting precipitation over
Bhutan for the Monsoon season (June, July, August and September) of 2020. A number of
probabilistic verification metrics have been used to carry out the forecast validation. The details
of the methodology and the verifying data are provided in section 2. Itis the diverse topography
and climatology of Bhutan that drew our attention to do a specific study of the forecasts made
over the years. Moreover, the authors are not aware of any study that includes verification of

probabilistic precipitation forecast over Bhutan by a global ensemble forecasting system.

2. Model, Data and Methodology

The global ensemble prediction system of NCMRWF (NEPS-G) is based on the global
version of Met Office Global and Regional Ensemble Prediction System (MOGREPS) of Met
Office, UK. The horizontal resolution of NEPS-G is about 12 km and it has 23 (1 control +22
perturbed) ensemble members. The operational deterministic model (NCUM) forecast is used
as the control forecast of NEPS-G. The perturbations to the initial condition for the 22 perturbed
ensemble members are generated by the Ensemble Transform Kalman Filtering (ETKF)
method (Bishop et al., 2001). These perturbations are added to the initial condition generated
by the Hybrid 4D VAR data assimilation method to prepare 22 perturbed initial conditions at
00, 06, 12 and 18 UTC every day. The control member (NCUM) runs from the unperturbed
initial condition (IC) generated by the Hybrid 4D VAR data assimilation method. Out of these
22 perturbed members, 11 members are integrated forward in time for 10 days forecast lead
time from the initial conditions of 00 UTC and 12 UTC every day. Eleven perturbed members
and one control member running from 00 UTC initial condition of current day combine with
the eleven perturbed members running from 12 UTC initial condition of previous day to form
a 23-member ensemble forecast. The Stochastic Kinetic Energy Back Scattering (SKEB)

(Tennant et al., 2011)and Stochastic perturbation of Physics Tendency (SPT) (Sanchez et al.,
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2016) schemes are used to represent the uncertainty in model physics. A more detailed

description of NEPS-G is available at Mamgain et al. (2020b).

NEPS-G provides 23-member ensemble forecast of 3-hourly accumulated precipitation
up to 10 days forecast lead time. From these forecast data, 24-hourly accumulated daily
precipitation for each forecast lead day has been prepared for the four monsoon months (JJAS)
of the year 2020. The Global Precipitation Measurement (GPM) is a joint mission between the
National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration
Agency (JAXA), providing the next-generation global observations of rain, snow and other
precipitation data (Hou et al., 2014). The Integrated Multi-satellite Retrievals for GPM
(IMERG) is a multi-satellite precipitation product which is obtained by combining passive
microwave (PMW) and infrared (IR) data of GPM constellation satellites. IMERG data is
available at a spatial resolution of 0.1° and a temporal resolution of 30 minutes. The details of

data and algorithm description can be found in (Huffman et al., 2020).

The GPM precipitation data has been classified into Levels 1, 2 and 3. We have taken
into account the Level 3 data for our verification. Level 3 data is just a spatial and temporal

resampling of the geophysical parameters of level 1 and 2 data.

The level 3 data has been further classified into 3 types (Huffman et al., 2020) —

1. The IMERG Early Run — this gives real-time low latency gridded global multi-satellite
precipitation estimates

2. The IMERG Late Run — this gives near real-time gridded global multi—satellite
precipitation estimates with quasi-Lagrangian time interpolation.

3. The IMERG Final run — this is a research-quality gridded global multi—satellite
precipitation estimates with quasi—Lagrangian time interpolation, gauge data and

climatological adjustment.
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For the purpose of our research on the verification of NEPS-G precipitation forecast over
Bhutan, we have used the IMERG Final Run data as the verifying observation. The verifying
IMERG data will be referred as ‘GPM’ data hereafter. The data have been directly downloaded
from the official site of NASA Global Precipitation Measurement Data Directory. The link to

the site has been cited below — https://gpm.nasa.gov/data/directory

Daily gauge precipitation data are collected at different stations by the National Centre
for Hydrology and Meteorology (NCHM), Bhutan. A satellite (GPM) — gauge (shared by
NCHM, Bhutan) merged gridded dataset of about 10 km resolution has been prepared at
NCMRWF (Mitra et al., 2009). This gridded data has been up-scaled to the model resolution
(12 km) and also used as verifying observation. A brief description of the methodology used to
create NCMRWF merged Satellite and Gauge precipitation for Bhutan (NMSG-B) is given

below.

The first guess used in the successive correction method for rainfall analysis is taken
from the GPM satellite. In the present work, IMERG version 6 data product is used for NMSG-
B. The other data used are the 24-h accumulated rainfall values from rain gauge/AWS
observations over Bhutan. The daily rainfall records of 116 rain gauge stations with varying
availability periods were used for the present study. However, the data density varies from day
to day during the period JJAS 2020. These 116 stations include both the hydro-meteorology
observatories and Agromet observatories. The locations of all the 116 rain gauge stations
considered for preparing the new merged rainfall data are shown in Figure 2(a). As seen in
Figure 2(a), the spatial density of the station points is not uniform throughout the country. The
density of the stations is relatively high in south Bhutan and low over northern Bhutan of the
country. Figure 2(b) shows the geographical distribution of such gauge observations on a

typical day (14th June 2020).
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Gauge/AWS data recevied Locations over Bhutan on 14 Jun 2020

Number of recevied locations:71
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Figure 2. (a) Total Network of rain gauge/AWS stations over Bhutan and (b) Network of 71
rain gauge/AWS stations used for the development of NMSG-B on 14th Jun 2020

The objective analysis technique for rainfall used (Tripoli & Krishnamurti, 1975; Krishnamurti
et al. 1983; Mitra et al., 2003;) in the present study is based on the successive correction method
of Cressman (1959) which modifies the initial guess (satellite estimates) based on the
observations (rain gauge). In this method, the first guess value for each station is obtained by
interpolating the satellite measurements. The difference between the observed value and the
first guess provides the error estimate at the station location. The corrections at the grid points
are obtained by using the successive iterative corrections on these error estimates. Mitra et al.,
(2003, 2009) have discussed the details of weights and interpolations for this successive

iteration correction.

The spatial distributions of mean daily rainfall from gauge, GPM satellite and NMSG-
B are presented for 14th Jun 2020 over Bhutan (Figure 3). Figure 3 indicates that a few stations
in the country had more than 16 mm/day of rainfall. Compared to the gauge station analysis
(Figure 3(a)), the GPM analysis (Figure 3 (b)) underestimates the rainfall over most of the
country. In the NMSG-B analysis, areas with rainfall amounts greater than 16 mm/day match
well with the Gauge analysis and are close to GPM. Further, the mean rainfall averaged over

the whole Bhutan region for 14th June 2020 from gauge-based, GPM satellite and NMSG-B
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are 10.7 mm, 4.4 mm and 7.2 mm, respectively (Figure 4). This indicates that after merging the
satellite and gauge data (NMSG-B) there is an improvement in verifying the dataset compared
to GPM satellite data. Reddy et al., (2019, 2022) have mentioned that the satellite and gauge
merged (NMSG) product estimated the rainfall better than the other satellite products over

India. Hereafter, NMSG-B data will be referred to as ‘Merged’ data.

(b) GPM SAT (c) Merged(Gauge+SAT)
N 5N

28.5N

28N

27.5N

27N

26.5N 26.5N
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: T T T g 26.50
B88.5E B9E 89.5E 90E 90.5E 91E 91.5E 92E 92.5E B88.5E B9E B9.5E 90E 90.5E 91E 91.5E 92E 92.5E

—_—

0.5 1 2 4 8 16 32

(a) (b) (c)
Figure 3. Spatial distribution of rainfall (mm/day) from (a) surface Gauge/AWS (b) GPM
Satellite and (c) NMSG-B over Bhutan on 14th Jun 2020.

29 44 Jun 2020

Rainfall (mm/day)

Gauge GPM SAT Merged (Gauge+SAT)

Figure 4. Mean rainfall (mm day™') averaged over the whole Bhutan region from (a) surface
Gauge/AWS (b) GPM Satellite and (c) NMSG-B on 14™ Jun 2020.

The forecast characteristic of a forecasting system cannot be fully understood from the
computation of a single verification metric. So various standard probabilistic verification
metrics have been used to validate the precipitation forecast of NEPS-G over Bhutan. These

metrics are: (1) Root Mean Squared Error (RMSE) - Spread relationship, (2) Brier Skill Score
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(BSS), (3) Rank Histogram, (4) Reliability Diagram, (5) Relative Operating Characteristics

(ROC) and Area Under the ROC Curve (ROC Score).

3. Results and Discussion
3.1. Relationship between RMSE of ensemble mean and ensemble spread

Root mean squared error (RMSE) or the square root of mean square error is the measure
of the amplitude of the error associated with the forecast which tells us about the accuracy of
the forecast. This does not suggest the direction of the forecast. The root mean square error is

given by:

RMSE = \/%Z{.V:l(a —0,)? (1)

where N is the total number of forecast and observation pairs. F; is the ensemble mean forecast

and O; is the observation data for that particular grid.

The forecast variance at i grid point is given by :
1
0% = ;{Zk(Fi — F)?} (2)

The mean forecast spread is given by

1
L 1
5= [txof] ®
where n is the number of ensemble members or ensemble size, F; is the ensemble mean forecast
at i™ grid point and Fy is the forecast of k™ ensemble member. According to Palmer (2019), the
mean spread should be equal to the root mean square error of the ensemble mean for a perfect
ensemble prediction. The ratio of spread to RMSE  indicates overconfidence or

underconfidence if it is <1 or > 1, respectively.

A smaller value of the root mean square error indicates more accuracy of the forecast. Since no

ensemble prediction system can take into consideration all the uncertainties associated with
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NWP modelling the ensemble forecasts are generally under-dispersive and the spread is smaller
than RMSE. Since the atmosphere and its model are chaotic systems both RMSE and spread

increase with forecast lead time.

Figure 5 shows the variation of RMSE and Spread with forecast lead time for
precipitation over North (Figure 5(a)) and South Figure 5(b)) Bhutans using both GPM and
Merged Data as verifying observations. The RMSE computed between the NEPS-G ensemble
mean and GPM data is represented by RMSE GPM, while the RMSE computed between the
NEPS-G ensemble mean and Merged data is represented by RMSE Merged. The RMSE
computed between the control forecast and GPM data is represented by CTRL RMSE GPM,
whereas the RMSE computed between the control forecast and the satellite-gauge merged data

is represented by CTRL RMSE Merged. Spread is a representation of the NEPS-G ensemble

spread.
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Figure 5. Variation of RMSE and Spread with forecast lead time for precipitation over (a)
North Bhutan and (b) South Bhutan using GPM and Merged data as verifying observation.

For North Bhutan (Figure 5(a)), we see that the RMSE GPM shows the lowest RMSE
values while CTRL RMSE Merged shows the highest. This indicates that the control forecast
shows a large error when validated against the Merged dataset. The dashed line representing
the ensemble spread always lies below the RMSE lines indicating the underdispersion of the
member forecasts. The RMSE and spread should increase with forecast lead time, but in the
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case of North Bhutan although spread shows an increasing tendency with forecast lead time
the RMSE of both control and ensemble mean remain nearly constant. One of the possible
reasons for such a constant RMSE may be a small sample size; another can be the variable
itself, i.e., accumulated precipitation. In previous study by Shanker et. al. 2022, it was found
that the rate of growth of error/spread of NEPS-G rainfall forecast over the Indian region is
quite low when compared to other variables such as u and v wind (at 200 and 850 hPa) over

the Indian region.

For South Bhutan, the RMSE of control forecast shows a general increasing trend with
forecast lead time. The RMSE of ensemble mean forecast (RMSE GPM and RMSE Merged)
initially increases with forecast lead time till day four. Then it starts decreasing and remains
constant. For control forecast (CTRL RMSE GPM and CTRL RMSE Merged). RMSE values
increase till day 5 then decrease on day 6 then again increase after that. The sharp variations of
the RMSE values of both ensemble mean and control forecasts over a short period of time may
be due to the small sample size (Atger, 2004). The smaller RMSE value of ensemble mean
forecast compared to the control forecast at all forecast lead times indicates the superiority of
ensemble mean forecast over control. Although the forecast is underdispersive with respect to
ensemble mean forecast during first few forecast lead days both the RMSE curves (RMSE

GPM and RMSE Merged) show same tendency of variation with forecast lead time.
3.2. Brier Score (BS) and Brier Skill Score (BSS)

The brier score is used to measure the accuracy of the probabilistic forecast of a ‘yes’

or ‘no’ event. It is defined as:

1 N
BS=— > (p. o, )2 “4)
N : | |
=1
where, N is the number of ‘forecast — observation’ pairs, piis the forecast probability of

occurrence of an event, o; is the observed outcome which is noted in binary, 1 if the event
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occurred and 0 if it did not. Thus, BS yields a value between 0 and 1. Brier Score is negatively
oriented, i.e. smaller the BS, more will be the accuracy of the forecast. For a perfect forecast,
BS is 0. As the skill of the forecast decreases with lead time, BS increases. The Brier score
strongly depends on the climatological frequency of an event over an area. For events that have
rare chances of occurrence, BS will show a low value but that does not necessarily mean that
the forecast is skilful. The low value of BS in case of rare events is due to the large number of

zero values of forecast-observation pairs.

Although we have not included the BS outcomes of the precipitation forecast during
JJAS, 2020 over Bhutan, in this report, it was calculated for the primary verification and the
calculation of Brier skill score (BSS). BSS is computed from the BS. It measures whether the
forecast is more skilful than a reference forecast. It does so by comparing the BS of a
forecasting system to that of a reference forecast system, which is typically the climatology.
Unlike BS, the BSS is positively oriented. For a better improved forecast system, the score can
have a maximum value of 1. It is the usual practice, to consider the climatological forecast as
the reference. However, the skill of a new forecasting system can also be determined by

calculating the score relative to the old forecast system (Wilks, 2019). The BSS is defined as

BSS = 1 — (BS / BSref) (5)

where BS is the Brier score of the present forecasting system and BSi.r is the Brier score of the

reference forecasting system.

The BSS for South Bhutan (Figure 6(a)) for the exceedance of 2.5mm/day of rainfall
ranges between -0.2 and -0.27 for Merged data and -0.32 and -0.45 for GPM. The score
decreases with forecast lead time. For the exceedance of 25mm/day of precipitation (Figure
6(b)), BSS calculated from GPM data starts with 0.15 on Day 1, shows a slight increase in

score to 0.175 on Day 2, then again gradually decreases to 0.03 on Day 10 whereas BSS values
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Figure 6. Variation of Brier skill score with Forecast lead time for South Bhutan using GPM

(blue) and Merged (red) data as verifying observations for precipitation exceeding (a) 2.5

mm/day, (b) 25 mm/day and (c) 45 mm/day.
obtained from Merged data is negative from day 5 onwards. For precipitation exceeding
45mm/day (Figure 6(c)), the skill measured against GPM gradually reduces from about 0.15
on day-1 forecast to about 0.07 on day 7 forecast (day 8-10 being negative) whereas, in the
case of Merged dataset, BSS values are negative at all lead times. The negative value of BSS
for light precipitation (>2.5 mm/day) may be due to the positive bias of model over the region.

For heavier rainfall categories better skill with respect to GPM may be because both model and

GPM (as already mentioned in Section 1) under-estimates heavy precipitation amount.

The skill of the model is compromised to some extent in the case of our study over the
whole Bhutan (results not shown). This is justified by the part-wise study of North Bhutan and
South Bhutan. The verifying data over mountainous North Bhutan is not very reliable because
GPM data under-estimates precipitation and density of gauge observations over North Bhutan
is very low. Also, the numerical models show lower prediction skill over irregular topography
of hilly region. Again, NEPS-G has a wet bias for low thresholds of precipitation. The sample
size readily affects the verification of accuracy and reliability of the model forecast, hence the
poor result over North Bhutan can be understood, which in turn had affected the forecasts over

all of Bhutan on an average. So, we have presented the verification result of BSS only for South
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Bhutan. In the next sections also, we will study the verification of forecasts only over South

Bhutan.
3.3. Rank Histogram

Rank histogram or Talagrand histogram (Hamill, 2001) is used to determine where does
the degree of observed intensity lies within the forecast distribution. For a specified domain,
we gather the forecasted value of the parameter given by each ensemble member and then it is
compared to the observation. Now, these observed and forecasted values are arranged in
ascending order, the rank that the observation falls in is then plotted on a histogram graph. A
rank histogram can be used to assess the consistency of ensemble forecasting system. It also
describes the ensemble spread and bias. Depending on the shape of the rank histogram curve,

we can say if the forecast is perfect or not.

For a perfect forecast the shape of rank histogram should be flat. A ‘u” shaped rank
histogram indicates under-dispersive and an ‘n’ shaped rank histogram indicates over-
dispersive ensemble members. Taller bars at lower ranks indicate positive bias and at higher
ranks indicate negative bias of the forecast. After plotting the rank histogram, we can test the
flatness of the rank histogram using Pearson’s chi-squared () test (Wilks, 2019; Brocker,

2018). Larger the value of ¥ less uniform will be the histogram.

The Rank Histograms in Figure 7 for South Bhutan, for both GPM and Merged data as
verifying observations, show a very sharp negative slope from which we can clearly note that
the model had over forecasted the precipitation events on most of the cases. The u-shaped rank
histograms also indicate that the ensemble members are under dispersive and hence the forecast
is over-confident. For GPM and Merged data, the x> values across South Bhutan are 75,440.55
and 51,005.38, respectively. Thus, when NEPS-G is validated against the Merged dataset, a

lower value of %* is obtained for South Bhutan, indicating a more uniform rank histogram.
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Figure 7. The Rank Histogram curve for the precipitation over South Bhutan using GPM
(blue) and Merged (red) data for Day 5 forecast lead time. A perfectly calibrated 22-member
ensemble would have a flat histogram at 4.35% (dotted black line).

3.4. Reliability Diagram

The reliability diagram (Wilks, 2019) is an important metric used for the verification of
forecast probabilities. It is conditioned on the forecast and tells us - given the forecast
probability what is the relative observed frequency of the event. Reliability gives a check on
how trustworthy the forecast is. If it says that the probability of occurrence of a certain event
1s x% on ‘n’ number of occasions and the actual occurrence of the event is found to be x% in
those ‘n” occasions and it holds true for all possible values of x, the model is considered to be
perfectly reliable. This distribution of forecast and observation probability is portrayed by a
graph called the reliability diagram. In a reliability diagram, also known as an attribute

diagram, observed relative frequency is plotted against forecast probability.

The line of perfect reliability is the diagonal with slope 1. In such cases, the forecast probability
exactly matches the relative observed frequency. If the reliability curve lies below the line of
slope 1, or the line of perfect reliability, then the system has over-forecasted the events and if
the reliability curve lies above the line of perfect reliability, the system has under-forecasted

the events. A reliability diagram often comes with a sharpness diagram as a subplot. The
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sharpness diagram shows the number of times each probability value was predicted. For a value

of 0 or 100%, it indicates that the forecast is very sharp.

The reliability diagram can be linked with the Rank histogram as well. The
underconfident or overconfident forecast can be detected from the spread of the rank histogram.
It can even tell us about the accuracy of the forecast from the Brier Score. The decomposition
of the Brier score gives us the values of reliability, resolution and uncertainty. If the value of

reliability is more, the Brier score will be more, which indicates lesser accuracy.

The Reliability Diagrams for South Bhutan using GPM and Merged data for precipitation
exceeding 2.5 mm/day, 25 mm/day and 45 mm/day for day-5 forecast are shown in Figure 8(a),
8(b) and 8(c) respectively. The rainfall thresholds 2.5, 25 and 45 mm/day represent light,
moderate and heavy precipitations. We have selected these values to study the model
performance for precipitations of varying intensities. The reliability diagram was analysed for
all 10-day lead times but for brevity, only day-5 forecast is presented here. In each figure,
values of BSS, reliability terms, resolution terms and uncertainty terms are also given at the

bottom for both GPM and Merged data as verifying observation.

Observed Relative Frequency
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Figure 8. The reliability diagrams for South Bhutan using GPM (blue) and Merged (red)
data for precipitation exceeding (a) 2.5mm/day (b) 25mm/day and (c) 45 mm/day for Day 5
forecast lead time.
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From the figures, for GPM, it can be seen that the forecast is reliable for all thresholds.
At very low probability values the reliability curve lies close to the line of perfect reliability.
At probability values above 0.2, the curve shows over-forecasting for all three probability
thresholds. Over-forecasting is more in Figure 8(a) for a precipitation threshold of 2.5mm/day
than the other two thresholds. The sharpness diagram of Figure 8(a) also shows that on most
occasions forecast probability is 100%. Though there is over-forecasting for all three
precipitation thresholds it is clear from the figures that higherforecast probability is
corresponded by higher observed relative frequency. The over-forecasting in the reliability
diagram is not fully due to the limitation of the forecasting system, the small sample size of the

data also has contributed significantly to it (Richardson, 2001).

In the case of Merged data as verifying observation, Figure 8(a) shows that for light
precipitation the resolution and reliability term both are low compared to the curves obtained
using GPM data. Like GPM, the reliability curve for Merged data also showing a large number
of forecasts with 100% probability. The nature of the reliability curves for precipitation
thresholds of 25 mm/day and 45 mm/day is the same as those obtained in the case of GPM data
but the performance of the model using Merge data as verifying observation has declined as
can be seen from lower values of resolution and higher values of reliability in Figures 8(b) and

8(c), respectively.

3.5. Relative Operating Characteristics (ROC) Curve

The Relative Operating Characteristic (ROC) plot helps us distinguish between the
occurrence and non-occurrence of events. It is a discrimination-based graphical display of
forecast verification. The ROC diagram was first introduced into the world of meteorology by

Mason (1982).
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The ROC curve plots a graph of hit rate (HR) against false alarm rate (FAR). Hit rates and false
alarm rates are calculated using the probability thresholds to determine a ‘yes’- ‘no’ forecast
when charted in a contingency table (Table 1). The false alarm rate and hit rate are calculated

as:

FAR = No. of false alarms/ total number of ‘No’ observations

HR = No. of hits / total number of ‘Yes’ observations

Observation
Yes No
False
Yes Hit Forecast Yes
Alarm
Forecast
Correct Forecast
No Miss
Negatives No
Observed
Observed No Total
Yes

Table 1. Contingency Table for Forecast and Observation.

Both HR and FAR will be high for low probability threshold values. On increasing the
probability threshold value, the probability of correctly predicting the event decreases but
simultaneously the false alarm rate also decreases. If the rate of decrease in hit rate is less than
that of the false alarm rate, the model prediction can be called as skilful. The diagonal line in
an ROC curve shows an equal rate of change of hit rate and false alarm rate, thus considered
as no skill line. The area under the ROC curve also serves as another metric of study for the

purpose of verification. The area reflects the measure of the discrimination quality of the
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However, an area of 0.5 shows no skill.

ROC curves for day-5 forecast of precipitation exceeding 2.5, 25 and 45 mm/day over
South Bhutan using GPM data are shown in Figures 9(a), 9(b) and 9(c) respectively. The green
asterisks in these figures indicate the HR and FAR of control forecast. For precipitation
exceeding 2.5 mm/day the curve in Figure 9(a) shows very high values of HR and FAR. This
specifically does not show any remarkable skill of the system. High values of both HR and
FAR are due to the fact that the model has a large wet bias for low precipitation hence it predicts
a yes forecast more often than actual, which on the other hand increases the false alarm rates
as well. The area under the curve is nearly 0.618 which is indicative of some skill. NEPS-G
shows much better skill for forecast of precipitation exceeding 25 mm/day (Figure 9(b)). In
this case, the hit rates are very high as compared to the false alarm rates. Hence, the curve is
inclined towards the vertical axis. The false alarm rate in this case is nearly zero when 90% of
the members predict the event. The area under the curve is 0.798 which is indicative of a skillful

forecast.
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Figure 9. The ROC curves for South Bhutan using GPM data for precipitation exceeding (a)
2.5mm/day (b) 25mm/day and (c) 45 mm/day for Day 5 forecast lead time. The green asterisk
indicates the control forecast.

For precipitation exceeding 45 mm/day, the curve shows high hit rates and fairly low rate of
false alarms. The curve almost coincides with the y-axis initially showing perfect hits. The
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truncated shape of ROC at the lower probability threshold end indicates the need of a larger
ensemble size for skillful forecast of heavy rainfall events. The area under the curve is 0.821,

which is by far the highest area under the curve.

The fact that the green asterisk lies below the ROC curve for the probabilistic forecast in all
the figures indicates that the probabilistic forecast has better skill than the control forecast for

all three precipitation thresholds.

ROC curves for day-5 forecast of precipitation exceeding 2.5, 25 and 45 mm/day over
South Bhutan using Merged data are shown in Figures 10(a), 10(b) and 10(c) respectively.
These figures show a fairly good forecast skill of NEPS-G, for higher thresholds in particular,
similar to that obtained using GPM data but slightly better as seen by the larger areas under the
curves in case of low thresholds. For precipitation threshold of 2.5 mm/day the ROC curve in
Figure 10(a) indicates high values of both HR and FAR, quite similar to the case using GPM
data (Figure 9(a)). In this case also false alarm rate is more than 50% even when more than
95% of ensemble members predict precipitation. The area under the curve is nearly 0.625 which

is slightly higher than the value obtained using GPM data.
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Figure 10. The ROC curves for South Bhutan using Merged data for precipitation exceeding (a)
2.5mm/day (b) 25mm/day and (c) 45 mm/day for Day 5 forecast lead time. The green asterisk
indicates the control forecast.
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For precipitation threshold greater than 25 mm/day as shown in Figure 10(b), it is a
much better skilled forecast. The hit rates are high and false alarm rates are low. Hence, the
curve is inclined towards the vertical axis. So the forecast is skillful but the area under the curve

(0.718) is not as high as it was obtained (0.798) using GPM data as verifying observation.

The ROC curve for precipitation threshold of 45 mm/day shows the best discrimination
property as it was shown in the case of verification using GPM data. The area under the curve
is 0.727 which indicates a more skilful forecast than the other two precipitation thresholds but
the skill is not as good as was obtained verifying against GPM data. In this case also the green
asterisk representing the control forecast lies below the ROC curves for all three precipitation
thresholds indicating better discrimination properties of the probabilistic forecast than the

deterministic forecast.

Area under ROC Curve using GPM and Merged Data for South Bhutan

Since the forecast skill of a forecasting system reduces with forecast lead time the area
under the ROC curve (also called ROC score) also should decrease with forecast lead time.
Figure 11 shows that ROC score reduces with forecast lead time for all three precipitation

thresholds. This is true for both the cases of verifications using GPM and Merged data.

As seen from Figure 11 ROC score obtained using GPM data is greater than the merged
data at all forecast lead times for precipitation exceeding 25 and 45 mm/day whereas, for
precipitation greater than 2.5 mm/day, both GPM and Merged datasets are showing identical
ROC score at most of the lead times. Both for GPM and Merge data, highest ROC score is
obtained for threshold value of 45 mm/day and the lowest ROC score for threshold value of
2.5 mm/day at all forecast lead times. The ROC score for the control forecast is the area under
the straight lines connecting the green asterisk (Figures 9 and 10) with the points HR=0, FAR=0

(i.e., the origin) and HR=1, FAR=1 (i.e., the top left corner point). Since the green asterisk
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always lies below the ROC curve of the probabilistic forecast the ROC score of the control
forecast is always smaller than that of the probabilistic forecast of NEPS-G indicating the

superiority of the probabilistic forecast of an ensemble prediction system.
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Figure 11. Variation of ROC score with forecast lead time for South Bhutan using GPM (blue)
and Merged (red) data as verifying observation for precipitation exceeding (a) 2.5 mm/day,
(b) 25 mm/day and (c) 45 mm/day.

4. Summary and Conclusion

Bhutan is a landlocked country located in the eastern Himalayan region and is a member
of BIMSTEC. BCWC is an organization under BIMSTEC and established at NCMRWE, India.
One of the aims of BCWC is to promote collaborative research among the scientists of member
countries in the field of weather prediction and climate change. In the present study, researchers
of Bhutan and India have carried out the verification of probabilistic precipitation forecast over
Bhutan provided by the 23-member global ensemble prediction system of NCMRWF (NEPS-
G). The GPM IMERG Final run precipitation data (denoted as GPM) and the satellite-gauge
merged data (denoted as Merged data) prepared at NCMRWEF, both of 0.1° resolution, have
been used as the verifying data. The standard probabilistic verification metrics like RMSE-
spread relationship, Brier Skill Score, Rank Histogram, Reliability diagram and Relative
Operating Characteristic have been used to validate the daily precipitation forecast of Monsoon

Months (June, July, August and September) of 2020.
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RMSE value for North Bhutan is lower than that of South Bhutan. Since the verifying
data over North Bhutan is not reliable (due to sparse gauge density and erroneous GPM data)
the low value of RMSE may not be indicative of good forecast over the region. Moreover,
contrary to the usual characteristic of forecast the RMSE over North Bhutan does not increase
with forecast lead time. However, the probabilistic forecast is under-dispersive over both

regions and spread increases with lead time.

Due to the unreliability of the verifying data over North Bhutan, all the other
verification metrics have been determined over South Bhutan only. Since the area of
verification reduces the results suffer from obvious problem of small sample size. The Brier
Skill Score is negative for light precipitation both for GPM and Merged data. This may be due
to the well-known positive bias of model forecast for light rainfall category. Model shows
positive skill when verified against GPM data for heavier rainfall categories (>25mm/day and
>45 mm/day) nearly for all forecast lead days but when verified against Merged data model
skill is positive only for moderate precipitation (>25 mm/day) during first four forecast lead
days. The better forecast skill achieved using GPM data may be due to the fact that both model
and GPM under-estimate the heavier rainfall. For all three forecast categories, model shows

usual characteristic of decreasing skill with increasing forecast lead time.

The rank histogram shows that the forecast is under-dispersive both for GPM and
Merged data but the distribution is more uniform against Merged data. The day-5 reliability
curves for all three categories show that the forecast is reliable. The ensemble prediction system
over-forecasts precipitation of all three categories. The small sample size of the data may also
have contributed to the over-forecasting nature of the results. The reliability is found to be
better when the forecast is verified against GPM data. The ROC curves show that the forecast
has good skill in discriminating events from non-events for all three categories but it is most
skilful for heavy precipitation category (>45 mm/day). The positive bias in light precipitation

BCWC Research Report BCWC/RR/01/2024 28| Page



\\QN\ Rie

BIMSTEC
f Verification of Probabilistic Precipitation Forecast over Bhutan \\y

forecast is evident from the nature of the curve which shows high false alarm rate at high
probability threshold value. The area under ROC curve or ROC score reduces with forecast
lead time for all three categories. Highest ROC score is achieved for heavy precipitation

category and the score is better when forecast is verified against GPM data.
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