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Abstract

Scientific and technical changes to flood forecasting models are implemented
to improve forecasts. However, responses to such changes are complex, partic-
ularly in global models, and evaluation of improvements remains focussed on
generalised skill assessments and not on the most relevant outcomes for those
taking decisions. Recently, the Global Flood Awareness System (GloFAS) flood
forecasting model has been upgraded from version 2.1 to 3.1 with a significant
change to its hydrological model structure. In the updated version 3.1, a single
fully configured hydrological model (LISFLOOD) has been adopted, including
ground water and river routing processes, instead of two coupled models, a
land surface and a simplified hydrological model, of the previous version 2.1.
This study aims to evaluate changes in the simulated behaviour of floods and
the forecast skill of the two GloFAS versions based on different decision cri-
teria for early action. We evaluate GloFAS reforecasts for the Brahmaputra
and the Ganges Rivers in Bangladesh for the period 1999-2018. For the Brah-
maputra River, the old GloFAS 2.1 version performs better than the 3.1 ver-
sion, especially in predicting low- (90th percentile) and medium-level (95th
percentile) floods. For the Ganges, GIoFAS 3.1 shows improved probability of
detection of low- to medium-level floods compared to version 2.1, especially
for lead times longer than 10 days. Both versions show limited skill for more
extreme floods (99th percentile) but results are less robust for these less fre-
quent floods given the lower number of events. Using lead-time dependent
thresholds improves the false alarm ratio while reducing the probability of
detection. The changes in model structures influence the model performance
in a complex and varied way and forecast skill needs further investigation
across regions and decision-making criteria. Understanding the skill changes
between different model versions is important for decision-makers; however,
focused case studies such as this should also be used by model developers to
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1 | INTRODUCTION

Global flood forecasts are now available from a few days
ahead to the seasonal scale due to improvement of
numerical weather prediction (NWP) models (Emerton
et al., 2016) and can support a variety of anticipatory
actions such as evacuation of vulnerable people, manage-
ment of flood defence structures, crop planning decisions
and emergency aid distributions (e.g., Coughlan de Perez
et al., 2016; Emerton et al., 2020). These operational flood
forecasting models use ensembles of NWPs, known as
ensemble prediction systems (EPS), instead of single
value deterministic forecasts, to provide flood forecasting
with longer lead time (Cloke & Pappenberger, 2009). In
EPS, a number of possible scenarios are generated by
changing model initial conditions or using output from
multiple models (Jain et al., 2018; Weigel, 2011). Ensem-
bles of river discharge forecasts are generated using EPS
of weather forecast information as input (Thiemig
et al., 2015; Figure 1). Ensemble forecasts provide advan-
tages over single deterministic forecasts by considering
uncertainty, and allowing to provide predictions in the
form of probability (Cloke & Pappenberger, 2009;
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guide future changes to the system to ensure that they lead to improvements
in decision-making ability.

Brahmaputra, decision-making, flood forecast, forecast skill, Ganges, GloFAS

WMO, 2012). Scientific and technical changes to the
operational flood forecasting models are regularly imple-
mented in order to improve forecasts. The impacts of
these changes on model performance and forecast quality
are evaluated with skill assessments to ensure robust sys-
tem developments and ensure the trust of general fore-
cast users. However, in computationally expensive global
systems, which require substantial resources to evaluate
fully, forecast responses to model changes and evaluation
of model performance often necessarily remains focused
on generalised forecast skill at the global scale (Cloke
et al., 2017). Therefore, it is also essential to consider the
impact of model changes on the different anticipatory
decisions being made by those organisations using the
forecasts including humanitarian, national and local level
disaster management agencies. More user-oriented
decision-led evaluation is important for operational
global scale models that are used for forecast-based
action by humanitarian organisations ahead of and dur-
ing floods, for preparedness and real-time emergency
operations (e.g., Emerton et al., 2020).

Methods of forecast verification of ensemble probabi-
listic forecasts differ from the deterministic forecast case
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(Bartholmes et al., 2009) and a larger variety of accuracy
metrics and skill scores are available to assess probabilis-
tic forecasts (Weigel, 2011; Wilks, 2011). Therefore, the
quality of ensemble forecasts can be assessed in different
ways, depending on how they are used and interpreted
and on user's criteria and perspectives (Weigel, 2011).
Some common approaches to assess flood forecast skill
are based on exceedance probabilities of different flood
thresholds that can have operational significance (Alfieri
et al.,, 2014; Bartholmes et al., 2009). The selection of
appropriate flood thresholds and forecast trigger proba-
bilities is important for specific early actions such as aid
distribution by humanitarians or warnings to alert com-
munities and national disaster management agencies
(Coughlan de Perez et al., 2016). For instance, the
European Flood Awareness System (EFAS) has two
important flood thresholds, that is, the severe alert level
indicating severe flooding and high alert level at bankfull
conditions, which are estimated based on selected return
periods (Thielen et al., 2009). Similarly, single-value
(static) flood thresholds are traditionally used in global
hydrological forecasting models, such as the Global Flood
Awareness System (GloFAS) model (Alfieri et al., 2013)
using return periods computed from reanalysis data of
river discharge, which help remove the impact of biases
that are often substantial in a global system as GloFAS
(Harrigan, Zsoter, et al., 2023). The single value thresh-
olds in GloFAS are based on reanalysis river discharge
data and do not, account for differences of forecast clima-
tology across lead times. However, a recent study shows
that lead time dependent thresholds (with values chang-
ing across the forecast horizon) provide better results
than static thresholds that are generated from reanalysis
or observed river discharge (Zsoter et al., 2020).

GloFAS has been developed jointly by the Joint
Research Centre of the European Commission and the
European Centre for Medium-Range Weather Forecasts
(ECMWEF) as part of the Copernicus Emergency Manage-
ment Service (CEMS), to anticipate upcoming floods for
river basins all over the world with 30-day lead-time
(now extended to 46 days), and the system has been oper-
ational since 2011 (Alfieri et al., 2013). Global scale evalu-
ations suggest that GlIoFAS has skill in forecasting large-
scale floods for the large river basins in the world (Alfieri
et al.,, 2013; Harrigan, Zsoter, et al., 2020), for example
the Pakistan flood of 2010 for lead-times 1 to 15 days
(Bischiniotis, van den Hurk, Zsoter, et al., 2019).

The GIloFAS forecasts have been used to support
humanitarian decision-making in countries such as
Uganda and Mozambique (Coughlan de Perez
et al., 2016; Emerton et al., 2020). In Bangladesh, the
Flood Forecasting and Warning Centre (FFWC) has been
using the GIloFAS extended-range forecast to predict
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flood events during the monsoon since 2016. Humanitar-
ian agencies such as the Bangladesh Red Crescent,
United Nations Food and Agriculture Organisation,
United Nations Office for the Coordination of Humani-
tarian Affairs, United Nations Population Fund also use
the GloFAS forecasts to support their aid distribution
decision at lead times of about 10 days before the onset of
floods.

There have been several model versions implemented
in the GloFAS flood forecasting system since 2011, as the
system is being continuously refined (Harrigan, Zsoter,
et al., 2023). The recent upgrade to version 3.1 included a
major change to the modelling approach, driven by the
need of having a single hydrological model (for runoff
production and routing) that would be easier to calibrate
and consequently to improve forecasts overall at the
global scale, at least for most catchments where calibra-
tion data are available (Alfieri et al., 2020). GloFAS 3.1 is
based on the full configuration of the LISFLOOD hydro-
logical model (Alfieri et al., 2013; Thielen et al., 2012),
while version 2.1 was based on the coupling of ECMWF's
land surface model HTESSEL (now known as ECLAND)
with the channel routing component of LISFLOOD
(GloFAS Wiki, 2021). The upgraded version was evalu-
ated against the previous one by comparing the overall
performance using generalist scores such as the Kling-
Gupta Efficiency (KGE; Gupta et al., 2009) and looking at
their distributions for thousands of catchments
(Harrigan, Zsoter, et al., 2023). This synthetic compara-
tive evaluation is necessary when developing a global sys-
tem that can be used for several applications across the
world, but there is a need to understand the implications
of each model transition for specific users at the local
scale as results may change across catchments and
metrics.

For example, for the many different agencies using
GIloFAS in Bangladesh it is important to understand how
the implementation of GloFAS 3.1 affected the ability to
predict floods in the country's major flood-prone river
basins like the Brahmaputra and Ganges, and how
changes in the forecasting model might impact the
robustness of any early action plans required for flood
preparedness. For instance, the FFWC needs to improve
early warning with longer lead-times to anticipate
extreme flood events as well as annual floods (bankfull
condition), whereas humanitarian agencies are piloting
forecast-based early actions for extreme floods (for exam-
ple, aid distribution) some days before the flood event.
Considering these needs, the present study aims to evalu-
ate changes in forecast performance with the recent
model transition for two different river basins in
Bangladesh, as exemplary case studies, and for a set of
use cases to drive the evaluation.
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following

Therefore, our study addresses the
objectives:

i. Understand any differences in simulated flood
behaviour between GIoFAS version 2.1 and 3.1 in
terms of flood magnitude and the rise and decay of
the annual flood wave.

ii. Evaluate forecast skill against lead-time for Glo-
FAS2.1 and GIloFAS3.1 taking into account (and
removing the impact of) lead-time dependent biases
(Zsoter et al., 2020), against the operational annual
flood threshold (90th percentile).

iii. Evaluate forecast skill for different flood prepared-
ness decisions considering several thresholds of
impact, based on observed river discharge and water
level.

Carrying out such a multi-criteria decision-led evalua-
tion is crucial for any operational forecasting model tran-
sitions, not only to gain a comprehensive understanding
of the multifaceted model performance changes but also
for tailoring flood preparedness strategies to the local
capacity of global flood forecasting systems. Hydrological
model performance is known to vary with local catch-
ment characteristics, given the variety of hydro-
meteorological conditions and the uniqueness of place
and environmental features (Beven, 2000). On the other
hand, early action plans and decision-making criteria
also change with the varying risk profile and local capaci-
ties of each area of interest (Bischiniotis, van den Hurk,
Coughlan de Perez, et al., 2019). Thus, local detailed eval-
uations of global hydrological models are necessary as a

HOSSAIN ET AL.

assessment can be made more relevant only if local end-
users criteria are considered (Lopez et al., 2020).

We have selected two river basins in Bangladesh, the
Ganges and the Brahmaputra (Figure 2), which are
affected by floods annually, from transboundary flows,
that cause damages to agricultural crops, physical infra-
structure and affect livelihoods (Islam et al., 2010;
Mirza, 2003). To provide forecasts on an extended range
is a challenge for forecasters for such transboundary
basins with sufficient skilful lead-times for early action in
Bangladesh. Different users such as disaster and flood
managers, community people and humanitarian agencies
need longer forecast lead-times for better flood prepared-
ness decisions. The first objective of our skill assessment
provides an analysis of model capabilities to simulate the
evolution of high river discharges, particularly peak
flows, which occur during the monsoon season. The sec-
ond objective provides a skill assessment of the two
model versions considering lead time dependent thresh-
olds to find whether forecast skill improves. Finally, the
third objective assesses model skill of the two model ver-
sions from different decision perspectives relevant to
early action. The reforecast data of the two model ver-
sions are compared with observed floods from two river
gauges: from Bahadurabad gauging station on the Brah-
maputra and the Hardinge Bridge River gauging station
on the Ganges River, both in Bangladesh (Figure 2). We
calculate the KGE to study model performance as well as
the false alarm ratio (FAR) and probability of detection
(POD) scores to investigate forecast skill considering dif-
ferent early action decision criteria such as lead-time,
flood thresholds, forecast probability and acceptable mar-

decision-led multi-criteria model performance  gin of error. This decision-led forecast analysis will give
75°E 80°E 85°E 90° E 95°E
=z =z
1>y B3]
o« o«
z z
0] o
N N
@ stream gauging station
/\/ Major River Network
[ canges vasin
[ sranmaputra basin
[ imtemational border
DEM (SRTM) (meter)
=z valu'emuh 8806 =z
& B E FIGURE 2 Ganges and
180 90 0 180 360 Kilometers g
q Brahmaputra basin with stream gauging
. stations at Bahadurabad and Hardinge
75°E 80°E 85°E 90°E 95° E Bridge in Bangladesh.

85U8D17 SUOWWIOD BAFe81D) 8|edl|dde au Aq peusenob 8Je Sso11e YO ‘8sN JO S8 10} Afeiq1 18U UO /8|1 UO (SUO 1 IPUOD-PUB-SLLBY W00 A3 | IM Afe.q)1)BUI|UO//:SC1Y) SUORIPUCD PUe SWiS | 8U3 S *[£202/TT/0] Uo Ariqiaulluo /81N ‘1881 AQ 6G62T €4//TTTT 0T/I0p/W0d 8| Im" AReaq | puljuo//SAY Wolj papeojumoq ‘0 ‘X8TEESLT



HOSSAIN ET AL.

the opportunity to understand how forecast skill changes
in two different flood-prone river basins with major
implications for decision-making and anticipatory actions
aimed at saving the lives of millions of people and reduc-
ing impacts to vulnerable livelihoods.

2 | DESCRIPTION OF THE STUDY
BASINS

Floods occur annually in the Brahmaputra and the Gan-
ges basin in Bangladesh due to South Asian monsoon
rainfall between June and September. Both rivers origi-
nate from the high altitude of the Himalayan mountain
range in the Tibet region in China (Frenken, 2012). The
drainage area of the Brahmaputra is estimated as
580,000 km? of which China, India, Bangladesh and
Bhutan share 50.5%, 33.6%, 8.1% and 7.8%, respectively
(Bora, 2004). The basin area of the Ganges is about
1,089,370 km? which extends over an area of Tibet
(China) (3.67%), Nepal (12.85%), India (79.2%) and
Bangladesh (4.28%; Rajmohan & Prathapar, 2013). Both
basins consist of diverse landscapes, from high altitude
Himalayan Mountain to floodplain delta (Figure 2) and
despite being close and connected (the Brahmaputra
flows downstream into the Ganges), they present differ-
ent characteristics, with different river topologies and
diversified climatic patterns (Mirza et al., 1998). In both
basins, around 60% to 70% of annual precipitation falls
during the monsoon (Bhattachaiyya & Bora, 1997;
Immerzeel, 2008), and there is strong spatial and tempo-
ral variation in monsoon rainfall (Immerzeel, 2008), with
higher precipitation in the Brahmaputra basin, especially
in upstream areas, with respect to the Ganges (Mirza
et al., 1998). The average river discharge at Bahadurabad
on the Brahmaputra and Hardinge Bridge on the Ganges
river during the monsoon season (June-September) is
41,000 and 23,314 m> s}, respectively (BWDB, 2017).
The flood characteristics of the two basins vary remark-
ably in terms of magnitude, timing and duration
(Figure 3), with large interannual variability for both
basins. Flood records show the Ganges River experiences
floods in August and September, whereas the Brahmapu-
tra can experience multiple flood pulses from June to
September.

Flooding in Bangladesh is defined by the FFWC as
when the river level exceeds the ‘danger level’ threshold
(usually 90th percentile). At the danger level, floodwater
starts to cause damage to property, crops or infrastruc-
tures. A ‘severe flood’ is defined when river discharge
reaches the 99th percentile. The flood characteristics in
terms of duration can vary from a few days or more than
a month. The most impactful floods along the
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Brahmaputra in Bangladesh occurred during the 1998
monsoon when both rivers experienced synchronisation
of flood events and the flood duration was more than
2 months (Islam et al, 2010; Siddique &
Chowdhury, 2000). The flooding situation becomes dev-
astating in Bangladesh when floods peaks of the river
basins synchronise (Islam et al., 2010; Mirza, 2003).
Recent successive extreme flood events in 2016, 2017 and
2019 are characterised by exceedance of the previous
maximum high water level in conjunction with an
unusually rapid rise in water levels in the Brahmaputra
basin (Hossain et al., 2019; Hossain et al., 2021). Interest-
ingly, the Ganges River in Bangladesh experiences com-
paratively less flood events after 2004 (Figure 3b). The
trend analysis of annual maxima of both water level and
discharge show a positive trend for the Brahmaputra and
a negative trend in the Ganges at the two stream gauging
stations located in Bangladesh (Figure S1). This may be
due to the human alterations to the natural flow of the
Ganges which is affected by the anthropogenic interven-
tions such as construction of dam and reservoirs to divert
flow (Khan et al., 2014). For instance, diversions occur at
Farakka barrage just 50 km from the international border
of Bangladesh (Paura, 2004).

3 | GLOFAS FLOOD FORECAST
SYSTEM

GloFAS provides operational (real-time) forecasts daily
for the whole world at 0.1° resolution (in versions 2.1 and
3.1; recently further increased to 0.05° in the latest ver-
sion 4.0 release) and with 51 ensemble members
(Harrigan, Zsoter, et al., 2023). Forecasts are made freely
available through a web interface, with different forecast
layers available including the probability of exceeding dif-
ferent return period flows out to 30 days. GloFAS uses
global scale NWPs and a hydrological model to generate
flood forecast information. Daily meteorological forcing
is provided from the Integrated Forecasting System
ensemble of the ECMWF weather forecasts, with
51 ensemble members (50 perturbed and 1 control simu-
lation) with variable grid resolution; ~18 and ~36 km
horizontal resolution for up to 15 days and 16 to 30 days,
respectively (Alfieri et al., 2013; Harrigan, Zsoter,
et al.,, 2023). To initialise the hydrological simulation,
GIloFAS uses ERA5 reanalysis river flow data along with
the first day of the control member of the ECMWF
ensemble forecasts (Figure 4).

In GloFAS2.1 (and previous versions) the hydrologi-
cal component consists of ECMWF's land-surface scheme
ECLAND (previously known as HTESSEL) (Balsamo
et al., 2009; Pappenberger et al., 2010) coupled to a
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spatially distributed hydrological river routing model
(Van Der Knijff et al., 2010; Figure 4). The surface and
sub-surface runoff are generated from ECLAND while
LISFLOOD performs ground water mass balance and
river flow routing. On 26 May 2021 the GloFAS opera-
tional system was upgraded to version 3.1, using a fully
configured LISFLOOD model (both surface and routing
components) instead of the coupled ECLAND/
LISFLOOD approach (GloFAS Wiki, 2021; Figure 4). The
LISFLOOD routing and groundwater model parameters
were calibrated in GloFAS2.1 using daily observed
streamflow data from 1287 stations over 795 catchments
worldwide (Hirpa et al., 2018). However, the calibration
did not cover the Indus, Ganges or Brahmaputra River
basins in South Asia. The LISFLOOD hydrological model
adopted for GloFAS3.1 is calibrated across more

catchments (1226 river basins), including the Ganges and
Brahmaputra) (Alfieri et al., 2020).

4 | DATA

Forecast datasets from two different model versions were
compared against observed river discharge (both direct
and derived) and water level observations at Bahadura-
bad and Hardinge Bridge on the Brahmaputra and the
Ganges River, respectively. The observed data is available
at www.hydrology.bwdb.gov.bd under FFWC data dis-
semination policy, whereas reforecast data is available
from the Copernicus Climate Data Store (CDS) through
https://cds.climate.copernicus.eu/cdsapp#!/dataset/cems-
glofas-reforecast?tab=overview.
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Schematic of GloFAS 30-day flood forecast system. The diagram is simplified based on Harrigan, Zsoter, et al. (2023) and

GloFAS (2021). Here, steps in solid arrow lines are associated with both GloFAS versions (2.1 and 3.1), single dotted lines with version 2.1
and double dotted lines with version 3.1. A schematic of LISFLOOD can be found in Figure S2.

41 | Observed river discharge and water
level data

River discharge and daily water level were collected from
the hydrological division of the Bangladesh Water Devel-
opment Board (BWDB) at the Bahadurabad and Hard-
inge Bridge gauging station on the Brahmaputra and the
Ganges River in Bangladesh. These two stations are
the only discharge measurement stream gauging stations
of the two river inside Bangladesh and have a long record
of water level and discharge data. The location of the
river gauge can be seen in Figure 2. The water level is col-
lected manually every 3 h interval five times in a day,
starting from morning 06.00 AM to 06.00 PM with no
data at night. River velocities and cross-sections are mea-
sured by BWDB usually twice in a month. Daily dis-
charge is calculated using a rating curve. Prior to 2016
river discharge was calculated using observations from a
current metre, but since this date velocity observations
are collected with an Acoustic Doppler Current Profiler.

4.2 | Flood forecast data

Reforecasts for each model version (GloFAS 2.1 and Glo-
FAS 3.1) are available for a common period from 1999 to
2018. These provide forecast data from a consistent model
version and a long time period which is required for
robust system evaluation (Harrigan, Zsoter, et al., 2023).

GIoFAS reforecasts are produced twice per week on
Monday and Thursday respectively, using ECMWF
weather reforecasts and initialised by ERAS5 reanalysis
flow (Harrigan, Zsoter, et al., 2020). Reforecasts are avail-
able for a long time period (20 years) but with only
11 ensemble members instead of 51 up to 30 days lead-
time at daily time step due to computational constraints
(Harrigan, Zsoter, et al., 2023).

5 | METHODS

Our approaches are divided into three parts. First, we
evaluate changes in the overall accuracy of predicted
river flows between GloFAS2.1 and GloFAS3.1 comput-
ing general scores (KGE and components) with respect to
observed river flows. Then, forecast skill is assessed by
calculating action-relevant scores (FAR and POD) with
and without applying a lead-time dependent correction
to remove the impact of lead-time dependent biases.
Finally, the forecast skill is evaluated against decision-
making criteria for GloFAS2.1 and GloFAS3.1. To evalu-
ate the general overall model accuracy of GloFAS in sim-
ulating river flow, we use the mean of the ensemble
forecasts. On the other hand, for our decision-led evalua-
tion, we calculate action-relevant scores based on the
probability of exceeding thresholds calculated from the
whole ensemble, that is, percentage of forecast members
above a threshold, considering the ensemble spread.
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5.1 | Comparison between observed and
simulated floods

The overall ability of GIoFAS2.1 and GloFAS3.1 to simu-
late flows in the Brahmaputra and Ganges Rivers is
assessed using the ensemble mean. We use the KGE
(Equation 1) which includes three components: correla-
tion, variability, and bias (Gupta et al., 2009; Kling et al.,
2012) and is widely used as objective function for hydro-
logical model calibration and evaluation (Knoben
et al., 2019; Liu, 2020).

KGE:l—\/(r—1)2+(a—1)2+(ﬂ—1)2, (1)

Hsim Osim
p=tiam g i

Hobs Oobs.

k]

where r represents the correlation between observation
and simulation, f is the bias ratio and «a is the flow vari-
ability ratio. The optimal value for these components is
1. Here, oos and oy, are the standard deviations in
observation and simulation, whereas ug, and pu,, are
simulation and observation mean, respectively. A KGE
equal to 1 indicates perfect agreement between simula-
tion and observation, while several authors considered
that KGE <0 indicates that the mean of observation pro-
vides a better estimate than the simulation (Castaneda-
Gonzalez et al., 2018; Koskinen et al., 2017) and that the
model can be considered as ‘not satisfactory’
(Schonfelder et al., 2017). However, Knoben et al. (2019)
shows that negative KGE values do not essentially indi-
cate that a model performs worse than the mean flow
benchmark, as this would rather correspond to KGE
values < —0.41.

The KGE is decomposed into its three components to
assess linear correlation, model bias and variability error
of the reforecasts datasets against observed discharge for
lead-time 1 to 30 days. The linear correlation (r) identifies
any linear relationship between observed and simulated
discharge (Moriasi et al., 2007) but is sensitive to outliers
(Legates & McCabe Jr., 1999). The Bias ratio (f) of the
KGE can be converted to percent bias (Pbias) by
(f—1)*100 (Harrigan, Zsoter, et al., 2020) and provides
information on model overestimation or underestima-
tion. The variability ratio () is used to measure relative
variation of simulated and observed flow (Gupta
et al., 2009), and o >1 indicates more variability in the
simulated results than in the observed data. Assessing all
these three components together is important to under-
stand how effectively the model represents the real
world.

HOSSAIN ET AL.

Flow duration curves are used to explore the temporal
distributions of river flow in the reforecasts, and examine
the duration of extreme flow above 90th, 95th and 99th
percentiles. We selected three different lead-times that
are relevant for early action: shorter lead-time (5 days),
medium-range lead-time (10 days) and extended-range
lead-time (15 days). The annual cycle of the observed and
simulated floods are examined through the long-term
mean for each of these three lead-times to provide a com-
parison of how the simulations capture the rise and decay
of the annual flood wave.

5.2 |
events

Forecasting skill for observed flood

The objective of GloFAS is to provide early information
on flood events and bias in the magnitude of flows is
acknowledged but not considered to be problematic for
this objective. This is because GloFAS adopts an
approach whereby flood threshold exceedance probabili-
ties within GloFAS are calculated based on thresholds
obtained from the simulated flows climatology, with the
assumption that when a GloFAS forecast indicates that
the simulated 1 in 5 year flow (20% annual exceedance
probability) threshold will be exceeded this corresponds
to a real-world 1 in 5 year flow threshold exceedance.
For instance, for the Brahmaputra River at the Bahadur-
abad gauging station the 1 in 5year observed flow is
75,000 m> s~ ! whereas the 1 in 5 year GloFAS threshold
is 93,000 m® s™'. Given this, any evaluation of the Glo-
FAS forecasting skill needs to also follow this approach.
Any evaluation of model performance should consider
specific thresholds which classify flood events, that is,
flow above a threshold. In this study we assess GIoFAS
skill using a threshold of bankfull discharge (90th per-
centile) as defined by the FFWC. For annual floods, the
bankfull condition is the flow at which water fills the
channel to the top of the banks and is the threshold that
indicates the onset of flooding (Ahilan et al., 2013; Wu
et al., 2008). Bankfull discharge is typically estimated
rather than measured and the FFWC in Bangladesh uses
the 90th percentile daily flow threshold to define the
onset of flooding. To define severe floods, the FFWC
uses the 99th percentile of daily river flows. These per-
centile thresholds are calculated based on observed his-
torical data which spans the most recent 30 years
period.

Operationally, FFWC declares floods if a forecast
exceeds this threshold at the Bahadurabad gauge. This
provides a decision-relevant threshold while also giving a
large enough sample to conduct a robust evaluation.
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HOSSAIN ET AL.
TABLE 1 Forecast contingency table for yes/no dichotomous
method.
Observed
Yes No Total
Forecast Yes Hits False alarms Forecast yes
No Misses Correct Negative Forecast no
Total Observed yes Observed no Total

To undertake the evaluation river discharge is consid-
ered a dichotomous variable (yes or no events) and a
2 x 2 contingency table is calculated depending on
whether the above threshold is met (Table 1). We evalu-
ated GloFAS skill for lead-times from 1 to 30 days from
1999 to 2018 using a 50% forecast trigger probability that
river discharge exceeded the 90th percentile on a particu-
lar day. Based on the contingency table, we estimated the
POD (Equation 2) and false alarm ratio (FAR)
(Equation 3), similar to previous authors (Bischiniotis,
van den Hurk, Zsoter, et al., 2019; Passerotti et al., 2020).
POD gives the percentage of flood events that are fore-
casted, whereas FAR provides the percentage of
forecasted floods where no flood is observed.

hits
POD=———— 2
hits + misses @)
FAR— — false alarms 3)
hits + false alarms

Two alternative approaches can be used to calculate
flood thresholds from ensemble forecasts across lead
times: (i) a constant threshold can be calculated using the
climatology of forecasted flows at the first lead-time, and
then kept static throughout the forecast time horizon;
(i) thresholds varying across lead times can be calculated.
In this approach, thresholds are estimated from ensemble
reforecasts data that vary with lead-time. In the opera-
tional uses of both GloFAS 2.1 and 3.1 the thresholds are
kept static across all lead times, but Zsoter et al. (2020)
found an improvement in forecast skill by taking into
account how the thresholds should change for each lead
time due to changing forecast biases. The climatology of
the GIoFAS model varies by lead-time, for example the
1 in 5year return period is different at a lead time of
1 day compared to a lead time of 10 days. By using
thresholds that vary by lead time (lead-time dependent) it
accounts for this variation. Within this study we also cal-
culated forecast skill for each model version using lead-
time dependent thresholds similar to Zsoter et al. (2020).
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Here, 11 ensemble members of reforecasts are used to
derive different thresholds (90th, 95th, 99th percentile)
across all lead-times instead of constant thresholds.
Hence, we refer to ‘lead-time dependent correction” when
FAR and POD are calculated using lead-time dependent
thresholds while FAR and POD that are calculated based
on constant threshold are referred to as ‘not corrected’.

5.3 | Decision-led flood forecast
evaluation

Different flood preparedness decisions have different
requirements for acceptable forecast skill. We performed
a decision-led evaluation which takes into account the
following requirements for different decisions: (i) flood
threshold (both for discharge and water level), (ii) lead-
time required, (iii) acceptable margin of flood timing
error (how much later the flood can arrive, and it still
count as a ‘hit’), (iv) acceptable frequency of false alarms
and (v) acceptable hit rate (corrected forecasted floods).
Different acceptable thresholds were selected for each cri-
terion based on consultation with the key stakeholders
(Table 2), including humanitarian organisations, govern-
ment agencies working for disaster and flood manage-
ment and the local community in flood vulnerable areas.
Information was gathered via interviews with seven cate-
gories of stakeholders, including flood forecasters,
humanitarians, disaster managers, vulnerable communi-
ties (Hossain et al., 2023), asking their requirements for
forecast horizons, errors in flood timing, false alarms and
hit rates, to be expressed in quantitative terms. The flow
thresholds were chosen from the set of operational flood
thresholds used by FFWC for early warning (90th, 95th
and 99th percentiles) and they were associated to the rel-
evant decisions by the decision-makers. Different deci-
sions are made based on the different flood thresholds;
for instance, the evacuation of vulnerable people to shel-
ters is activated by national disaster managers for
medium-flood thresholds (i.e., 95th percentile) that affect
low lying areas (including small islands on the Brahma-
putra); on the other hand, for aid distributions humani-
tarian organisations are interested in more extreme
events (i.e., >99th percentile) and longer lead times
(Table 2). There is a wide range of required lead-times for
the decisions, from 3 days for the evacuation of people to
a flood shelter through to 15 days for humanitarian orga-
nisations and 18 days for agriculture planning decisions.
Short margins of error for the evacuation of people and
livestock reflect the impact that extended time away from
their livelihoods will have, whereas larger margins of
error are acceptable for aid distribution by humanitarian
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TABLE 2

Decision
number

HOSSAIN ET AL.

Decision-led criteria used for forecast evaluation classified by type of decision.

Decisions

Lead- Flow
time threshold
(days) (percentile)

Acceptable delay
in flood
timing (days)

Acceptable
false alarm
ratio (FAR)

Acceptable
probability of
detection (POD)

d1 Evacuation of flood 3 99th
vulnerable people to
flood shelter (people on
relatively higher land)

d2 Evacuation of livestock to 4 99th
safe place (livestock on
relatively higher land)

d3 Evacuation of flood 3 95th
vulnerable people to
flood shelter (people on
low lying Char Island)

d4 Evacuation of livestock to 4 95th
safe place (livestock on
low lying Char Island)

ds Household level 2 95th
preparedness
(protecting household
goods-wrapping and
shifting to a safer place,
storing dry foods,
collecting, and saving
money, storing cooking
wood)

dé Pre-activation trigger for 15 99th
aid distribution by
humanitarian agencies

d7 Communication flood 10 95th
preparedness and
response decisions of
the Government
agencies such as
disaster management,
flood management,
agriculture extension at
national and sub-
national levels

ds Agriculture (aman rice) 18 95th
planning decisions by
farmers (seedbed
preparation to
transplantation in field)

agencies because the aid will still have a benefit even if
the flood arrives later. Likewise, the acceptable FAR for
evacuations is lower than for humanitarian operations
because of concerns over maintaining trust in the forecast
in the long-term. For all decisions, the 50% exceedance
probability was selected in this study, based on the con-
sultation with the flood forecasters in Bangladesh. Fore-
casters in Bangladesh expect that a model should be

2 0.30 0.60

2 0.30 0.60

2 0.30 0.60

2 0.30 0.60

2 0.30 0.50

10 0.50 0.50

3 0.50 0.50

7 0.50 0.50

capable to predict an event with 50% forecast probability
otherwise it is difficult to take relevant action. However,
we also performed a sensitivity analysis of the results to
the forecast probability (varying from 20% to 90%) and
these will be presented in the paper (Figure 9).

These requirements (Table 2) are then used as the key
parameters for our decision-led forecast evaluation
framework (as Figure S3).
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6 | RESULTS

First, we present a comparison of simulated flood behav-
iour in the GIoFAS model versions at different lead-times
compared to the observed river flows. We then evaluate
the forecast skill for different lead-times and for specific
decision perspectives. From this point, for ease of read-
ing, we use v2.1 and v3.1 for GloFAS2.1 and GloFAS3.1
respectively.

6.1 | Comparison between GloFAS
reforecast version 2.1 and 3.1 with observed
river flow

GIloFAS v2.1 shows better performance than v3.1 for the
KGE and all its three components (Figure 5) for both
the Brahmaputra and Ganges, apart from a slight
improvement of correlation for the Ganges with v3.1. For
the Brahmaputra, KGE values range from 0.68 to 0.81 for
v2.1, and 0.52 to 0.64 for v3.1 over lead-times of 1 to
30 days (Figure 5a). For the Ganges, KGE values were
higher (0.68 to 0.72) in v2.1, but have worsened for v3.1
(0.10 to 0.12) due to higher variability and bias in
v3.1 (Figure 5b). Interestingly, the KGE values demon-
strate improvements in performance at longer lead times,
especially in v2.1, driven by improvements to the vari-
ability and bias components. The probable reasons for
this are the large biases in the hydrological model initial
conditions and in rainfall forecasts for extreme events at
short lead times (with low ensemble spread), while the

()
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return to climatological conditions at longer lead times is
better represented by the hydrological forecasts (also
thanks to larger ensemble spread) and given the lower
impact and frequency of extreme rainfall forecasts at lon-
ger lead times.

The bias component of the KGE shows that the bias
changes with lead-time, with a very high average positive
percent bias also at short lead times, that is, 16% and 21%
in v2.1 and v3.1, respectively, for the Brahmaputra, and
27% and 74% in v2.1 and v3.1, respectively, for the Gan-
ges, meaning that flow is being overestimated even in the
initial conditions. Bias in v3.1 increases with lead-time
before dropping from lead-time 18 days onwards,
whereas in v2.1 the bias reduces with lead-time for the
Brahmaputra. However, the bias is almost constant up to
18 days lead-time and then slightly increases in both v3.1
and v2.1 with a slight drop after lead time 23 days in v2.1
for the Ganges. For a global model, bias +20% is consid-
ered acceptable (Lin et al., 2019) and +25% is also mea-
sured as a good model simulation (Khoshchehreh
et al., 2020). Here, the maximum positive bias across lead
times in v2.1 and v3.1 is 19% and 24%, respectively for
the Brahmaputra whereas it is 31% and 77%, respectively,
for the Ganges.

The variability component of the KGE in both v2.1
and v3.1 is higher (variability ratio >1) than the observed
discharge for all lead-times (1 to 30 days). In both v2.1
and v3.1 the variability increases from day 7 and falls
again from day 17 (v2.1) and day 19 (v3.1) for the Brah-
maputra. The variability component of the Ganges is sim-
ilar to the Brahmaputra for v2.1, however the variability
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Evolution of KGE and its three components: variability, bias and correlation across lead-times 1 to 30 for GloFAS2.1 and

GloFAS3.1 compared to the observed data for (a) Bahadurabad gauging station on the Brahmaputra River and (b) Hardinge Bridge gauging

station on the Ganges River.
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TABLE 3 Summary matrices of the model performance.

River name

Brahmaputra KGE

Variability
Bias
Correlation

Ganges KGE

Variability
Bias
Correlation

Abbreviation: KGE, Kling-Gupta Efficiency.

is higher in v3.1 for the Ganges compared to the Brahma-
putra (Table 3). The percent variability has greater differ-
ences between versions than the bias, with mean values
in v2.1 and v3.1 of 21% and 35%, respectively, for the
Brahmaputra and 16% and 51% in v2.1 and v3.1, respec-
tively, for the Ganges. The correlation component of the
KGE score shows that simulated and observed discharge
are strongly correlated for both versions of GloFAS
(r> 0.87) for both rivers. This is perhaps unsurprising
given the strong seasonal cycle. The correlation varies
from 0.94 to 0.87 in v2.1 (above 0.9 for 19 days), while it
ranges from 0.92 to 0.87 in v3.1 (above 0.9 for 15 days)
for the Brahmaputra. Correlation of Ganges is slightly
higher (0.92 to 0.93) in v3.1 than v2.1 (0.87 to 0.92) for
the Ganges and there is a drop in correlation value from
0.92 to 0.87 in v2.1 at lead time 19 day. A summary of
KGE value and its components for both the rivers are
shown in Table 3. Whereas the percent bias describes an
overall bias in the model, the flow duration curves
(Figure 6a—c) can indicate where in the flow regime any
bias is located. For the Brahmaputra, the flow duration
curve shows that the wet biases are connected to the
upper tail of the flow duration curve. For the behaviour
in the annual cycle (Figure 6d-f), the rising-limb and
peak flow are overestimated while flows in the decaying
phase of the annual cycle are underestimated. Also for
the Ganges, the wet biases are related to the high flows
distribution with increasing overestimation from the
median flow upwards (Figure 7a-c), while both rising

HOSSAIN ET AL.
Version 2.1 Version 3.1
0.68 0.52
0.81 0.64
1.11 1.30
1.26 1.40
1.09 1.16
1.19 1.24
0.87 0.87
0.93 0.92
0.60 0.06
0.71 0.12
1.11 1.49
1.23 1.54
1.23 1.72
1.31 1.77
0.87 0.92
0.93 0.93

and falling limbs are overestimated for both GloFAS ver-
sions (Figure 7d-f).

6.2 | GloFAS flood prediction skill with
lead-time

For forecasts of bankfull discharge threshold (90th per-
centile) the FAR and POD increase and decrease, respec-
tively, with increasing lead time, in line with an expected
deterioration in forecast skill with longer lead times. The
FAR in v2.1 is lower than for v3.1 across all lead times
and in both uncorrected and lead time corrected versions
for the Brahmaputra (Table 4; Figure 8a,b). For POD, all
model versions show a similar result out to about 8-
10 days, but beyond that the POD is highest for v3.1
(uncorrected). The lead time correction provides an
improvement (reduction) in the FAR (0.43 to 0.40) for
v3.1 from a lead time of 11 days onwards (see Table 4),
but this is mirrored by a degradation (reduction) in the
POD (0.67-0.60) for the Brahmaputra. For the Ganges,
the lead time correction improves FAR values remark-
ably in v3.1 (Figure 8c) with an average FAR value
decrease of about 20% (see Table 5). In comparison with
the Brahmaputra, v3.1 provides better POD for the Gan-
ges (see Figure 8d, Tables 4 and 5). The lead-time correc-
tion accounts for changes in the bias of the models at
different lead times (as shown in Figure 8), with the
increase in FAR and POD for longer lead times in v3.1
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Flow duration curves of GloFAS reforecasts v2.1 and v3.1 and observed river flows for the Brahmaputra river at: (a) 5-day

lead-time, (b) 10-day lead-time and (c) 15-day lead-time. Annual cycle of observed flow and the GloFAS reforecasts (v2.1 and v3.1) for
different lead-times: (d) 5-day lead-time, (e) 10-day lead-time and (d) 15-day lead-time based on the long-term mean over 20 years (1999-
2018). Blue, red and black lines are GlIoFAS v2.1, v3.1 and observed respectively.
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TABLE 4 Average FAR and POD for different lead-time clusters at threshold 90th percentile for the Brahmaputra River.

Lead-time—not Lead-time Lead-time—not Lead-time
corrected v2.1 corrected v2.1 corrected v3.1 corrected v3.1
Leadtime (days) FAR POD FAR POD FAR POD FAR POD
1-10 0.27 0.68 0.28 0.70 0.34 0.68 0.34 0.70
1-15 0.29 0.67 0.29 0.68 0.36 0.68 0.35 0.70
11-20 0.36 0.63 0.34 0.59 0.43 0.67 0.40 0.60
21-30 0.44 0.44 0.44 0.45 0.49 0.57 0.46 0.50
Abbreviations: FAR, false alarm ratio; POD, probability of detection.
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(a) FAR of GloFAS v2.1 and v3.1 reforecasts and (b) POD of GloFAS v2.1 and v3.1 reforecasts for the Brahmaputra River,

(c) FAR of GloFAS v2.1 and v3.1 reforecasts and (d) POD of GloFAS v2.1 and v3.1 reforecasts for the Ganges River for lead-times of 1-

30 days, with 90th percentile threshold discharge and 50% forecast trigger probability. Green and blue colour lines are for v2.1 and red and
orange colours are for v3.1 for both FAR and POD. Dashed lines represent FAR and POD with lead-time dependent threshold correction,
while solid lines are scores with static thresholds (not corrected). The horizontal brown dashed line shows the 50% threshold for FAR and

POD. FAR, false alarm ratio; POD, probability of detection.
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TABLE 5 Average FAR and POD for different lead-time clusters at threshold 90th percentile for the Ganges River.
Lead-time—not Lead-time Lead-time—not Lead-time
corrected v2.1 corrected v2.1 corrected v3.1 corrected v3.1
Leadtime (days) FAR POD FAR POD FAR POD FAR POD
1-10 0.30 0.67 0.27 0.56 0.50 0.96 0.29 0.70
1-15 0.30 0.66 0.26 0.56 0.50 0.96 0.29 0.70
11-20 0.31 0.64 0.26 0.54 0.50 0.96 0.29 0.70
21-30 0.34 0.55 0.31 0.47 0.52 0.95 0.30 0.68

Abbreviations: FAR, false alarm ratio; POD, probability of detection.

likely to be due to the larger bias in the model at these
longer lead times. The lead-time corrected models show
similar skill to uncorrected for shorter lead-times, for
example, 5 days as suggested by Zsoter et al. (2020).

With increasing lead times, ensemble spread
increases and we found that GloFAS v2.1 has a larger
spread than version 3.1 for both rivers (see Figure S4).
With longer lead times, higher FAR are due to higher
spread in the ensemble particularly for the Brahmaputra.

6.3 | Forecast skill for preparedness
decisions

In this final section of the analysis, we present a decision-
led analysis of forecast skill in the two GloFAS model
versions against the criteria for each decision as pre-
sented in Table 2. In Figure 8, in cases where FAR and
POD values are both located inside the shaded box then
the skill is sufficient for the considered decision. The
same analysis but against water level rather than dis-
charge is provided in Figure S5. Note that for these deci-
sions we also include evaluation against the 95th and
99th percentile river flows and water levels. Results show
that using GloFAS for decisions d1 and d2, which support
evacuation of people and their livestock living in areas of
relatively higher land is not feasible with either v2.1 or
v3.1. Similarly, the pre-activation of humanitarian action
before floods at 99th percentile threshold and 15 days
lead time is also not feasible with either version for both
rivers (d6, Figure 9a,b). The decisions for the low-lying
char Islands (d3 and d4) are feasible using both v2.1 and
v3.1, as are the longer lead time actions of communica-
tion to government agencies and agricultural planning
decisions (d7 and d8). Household level preparedness
actions (d5) are feasible in v2.1, but not in v3.1 due to a
slightly higher FAR than acceptable for the Brahmaputra.
The results show underperformance for the Ganges,
where it is found only d7 and d8 decisions are feasible in
both v2.1 and v3.1. These results suggest that the Ganges

is more suitable for decisions relevant to the medium
thresholds floods with relatively longer margin of error.

The evaluation against water level (Figure S5) pro-
vides a more relevant assessment of whether the system
can forecast impact. For v2.1 the results are similar to the
evaluation against discharge (Figure S5a), but there are
differences for v3.1, with d3 and d4 no longer feasible
(Figure S5b) for the Brahmaputra. However, for the Gan-
ges GloFAS shows similar decision-based performance
for water level as well as discharge. The decision-maker
could choose any forecast probability as a threshold pro-
vided that the FAR/POD score lies within the shaded
box. For longer lead-times a larger spread in the ensem-
ble (see Figure S4) means that the choice of the probabil-
ity threshold makes a larger difference than for shorter
lead times when the spread is small.

7 | DISCUSSION AND
RECOMMENDATIONS

The GIloFAS flood forecasting system has been changed
from a coupled land surface scheme and hydrological
model (v2.1) to a single fully configured global hydrologi-
cal model (v3.1), that is, LISFLOOD, which is used to
simulate all the hydrological processes (groundwater,
rainfall-runoff processes and river routing). This study
provides a new decision-led evaluation of the forecast
skill of these two recent GIoFAS model versions, v2.1 and
v3.1, for the Brahmaputra and the Ganges Rivers in
Bangladesh, based on observations for the period from
1999 to 2018. We evaluate (i) the model's capability to
simulate observed river discharge, (ii) the predicting skill
for flood events across forecast horizons (accounting for
lead time dependent biases), and (iii) the forecasting skill
for different early action decisions based on user-oriented
criteria. Both GloFAS v2.1 and v3.1 perform relatively
well in that they simulate the hydrological behaviour of
the two large rivers, far better than simple average bench-
marks. The model performance in terms of KGE shows
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point in the graph (FAR/POD) falls inside the shaded box, the forecast meets the requirements for each decision d1 to d8 (details of the

decisions and criteria are provided in Table 2). Here, points are used for the Brahmaputra and empty triangles for the Ganges. FAR, false

alarm ratio; POD, probability of detection.

values higher than 0.5 for all lead times up to 30 days for
both versions for the Brahmaputra and for v2.1 for the
Ganges, which can be considered acceptable following
previous studies (Franco et al., 2020; Khoshchehreh
et al., 2020). Though v3.1 shows low KGE (0.10 to 0.12)
for the Ganges, low positive KGE values can still be asso-
ciated to a relatively skilful model with respect to simple

benchmarks like average conditions (Knoben et al., 2019;
Towner et al., 2019). GIoFAS v2.1 performs better than
v3.1 with respect to all three components of KGE such as
bias, variability and correlation for the Brahmaputra
River while similar results were found for the Ganges
apart from a slightly higher correlation at most lead times
for v3.1. Analysis of the bias shows that flows are
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overestimated in both v2.1 and v3.1, but biases have
worsened with the model upgrade to v3.1. This is in line
with the global scale model performance assessment of
GloFAS which shows that v3.1 produces 43% higher river
discharge than v2.1, based on the global average of all
analysed catchments (GloFAS Wiki, 2021). These biases
can potentially originate, at least partially, from the mete-
orological forcing, mainly through precipitation and mar-
ginally also temperature, humidity, wind and radiation
particularly for around the first 2 weeks of the forecasts
(Zsotér et al., 2016). However, in our study we noted the
presence of a large systematic positive bias also in
the shortest lead times (i.e., 1-3 days) of GloFAS fore-
casts, ranging from about 20% to 70% (of average flow)
for the two rivers in Bangladesh. This bias at short lead-
times is substantially larger for GloFAS 3.1 with respect
to 2.1 suggesting that the hydrological model structure
plays a key role in producing the bias, more than rainfall
forecasts, as these have not changed between the two sys-
tems and as the bias is steady or decreases with lead time.
This means that the production components of the LIS-
FLOOD and HTESSEL (to a lesser extent) models are
producing overestimated baseflow and direct runoff from
precipitation, and/or underestimated evaporation from
land and vegetation (including interception). The differ-
ences in bias between GloFAS version 3.1 and 2.1 are
then likely to be caused by differences in treatment of
runoff production processes (soil water storage, evapora-
tion, overland runoff, etc.). Our results on the bias are in
line with previous global evaluation of the GloFAS v3.1
reanalysis (Alfieri et al.,, 2020; ECMWF Wiki, 2021)
which showed that in South Asia, including Bangladesh,
the model overestimates substantially river flows, with a
worse performance in terms of bias with respect to Glo-
FAS v2.1. These previous studies have discussed that this
general feature of the new model in v3.1 of generating
more water than in the previous version (v2.1) could be
linked to the changes in the hydrological modelling
approach, with a different partitioning of the available
precipitation into groundwater, evaporation and runoff.
However, the exact source of increased bias across the
different model components has not been identified in
previous studies yet. Further work on the model structure
should investigate the sources of model biases and inade-
quacies with a thorough analysis of GIoFAS model struc-
tural components following two paths: (i) using multiple
hydrologically relevant ‘signature’ metrics to quantify
the performance in terms of catchment behavioural func-
tions, including overall water balance and temporal redis-
tribution (Yilmaz et al., 2008); and (ii) analysing the
internal model fluxes changes across model versions,
similarly to that undertaken by previous studies on other
models (Ficchi et al., 2019).
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Similarly, the variability component of the KGE,
which measures the differences in standard deviations
between simulated and observed streamflow, is higher in
v3.1. However, both versions have a strong correlation
(r>0.8) with the observed discharge, though this is
largely indicative of the model being able to simulate the
annual cycle. This aligns with previous work which
found that GloFAS shows higher correlation for catch-
ment areas greater than 10,000 square kilometres, with
this correlation increasing with the upstream area
(Alfieri et al., 2013). The flow duration curves and annual
cycle show an overestimated discharge with potential
timing error on the rising limb of the flood wave, with
higher bias in v3.1 than v2.1. These errors are linked
with challenges for the structural development, calibra-
tion and validation of global hydrological models, as vari-
ous uncertainties are associated to the model calibration
and validation processes such as uncertainties in the
observed streamflow measurements (due to errors, data
collection process, human intervention, etc.), as well as
uncertainty in the model forcing data and model parame-
terisation and structure (Hirpa et al., 2018) and lack of
data on human influences. In particular, it is difficult to
get detailed information on upstream water usages, stor-
age and transfers, to include them in the models (and
properly calibrate models) for a transboundary river
basin like the Ganges, where streamflow is regulated by a
number of water control structures, including dams, bar-
rages, reservoirs, and so forth (Bharati et al., 2011; Nepal
et al., 2018). Therefore, the development of global hydro-
logical models remains challenging because of the wide
variety of processes and human influences in various
regions of the world with different climatic conditions
(Werth & Giintner, 2010). In addition, model results vary
due to different model structures and approaches, for
example standalone hydrological models or coupled land
surface and hydrological models. Therefore, it is recom-
mended to study the implications of the structural
changes in models considering their effects on different
processes representations. However, a detailed investiga-
tion of the processes representation in the two model
structures (GloFAS v2.1 and v.3.1) and its effects are
beyond the scope of this paper but could be studied in
the future. Similarly, improving the global runoff estima-
tion through reducing the errors in the meteorological
forecasts (such as bias reduction) is also suggested by
Hirpa et al. (2018).

Through the use of a threshold-based approach,
biases are accounted for when it comes to decision-
making in GloFAS (i.e., by taking the 95th percentile of
simulated flows and comparing to the 95th percentile
of observed flows). However, variations in the timing of
the flood wave will impact forecast skill scores. Our

551801 SUOWILLIOD BAIERID @ (edtjdde au Aq pouenoB e o1 YO ‘95N JO S3IN 10} ARRIGIT BUIIUO AB|IA O (SO IPLIOD-PUE-SLLLIBHLIOD" A3 1 ARR.q U 1 |UO//SAL) SUORIPLOD PU. S L 3 385 *[£202/TT/20] U0 ARIqIT 8UIIUO AB1IM 1591 AQ 6562T €1 ITTTTOT/10p/W00" A8 W AL U1 U0/ SAIY WOJ) PSPROIUMOQ ‘0 XBTEESLT



Chartered Institution of ~ Journal of
18 of 22 W l L E Y_ Water and Environmental
Management

analysis shows that GloFAS is able to predict flood events
above the FFWC-defined danger level (90th percentile)
for the onset of floods out to 30 days ahead, with a FAR
of less than 50%. Out to around 10 days lead time the
GloFAS performance is consistent with little change over
lead-time in POD and FAR forecast skill scores for both
v2.1 and v3.1. This is expected, since for a large river
basin changes in discharge occurs at a slow rate and
stream flow prediction does not change substantially for
lead-time 1-10 days from a forecast of persistence (Alfieri
et al., 2013).

The use of lead-time dependent thresholds improves
FAR while decreasing POD, especially at longer lead
times. The use of lead-time dependent thresholds is a
method of accounting for the change in bias with lead-
time, therefore is expected that a positive change in FAR
would lead to a negative change in POD, and vice versa.

Different stakeholder decisions for early action
require different flood magnitude thresholds, lead-times
and criteria for acceptable forecast skill. Of the 8 decisions
evaluated in this study, five were feasible when using
GIoFAS v2.1 and 4 for GloFAS v3.1 for the Brahmaputra
whereas only two were for the Ganges. Counterintui-
tively, because the decisions made at longer lead times
had less stringent criteria for forecast skill, these were the
decisions that were feasible, and not the shorter lead time
decisions such as evacuation. We acknowledge that the
specific results on the relative performance of GIoFAS 2.1
vs 3.1 in the Brahmaputra and Ganges may not apply to
other basins, as proven by the diversity of our results for
these two close, but diverse catchments in Bangladesh.
However, our decision-led evaluation approach demon-
strates the need for more in user-oriented local-scale fore-
cast analysis, particularly the use of more case studies to
support global flood forecasting systems developments.
In other words, our results suggest that multi-criteria
local analyses of model transitions are necessary, at least
until resources become available to scale up these case
studies to the global scale and to the different key model
users sectors.

We propose the following recommendations for
model developers and users to improve further develop-
ment and application for better decisions.

7.1 | Model development perspective

There are clear differences between versions 2.1 and 3.1
in terms of simulated discharge as well as flood forecast
skill. Though both model versions are predicting the nor-
mal flood thresholds (90th percentile) with acceptable
skill, for extreme floods there are more false alarms in
v3.1 which limits the usability of the forecast. Therefore,

HOSSAIN ET AL.

more model development effort is required to improve
forecast skill for extreme floods at shorter lead-times, for
example to support evacuation. The web interface of Glo-
FAS v3.1 includes model performance (KGE) and fore-
cast skill (CRPSS), and this evaluation is against
benchmarks of persistence and climatology forecasts
(ERA5 reanalysis discharge 1979-2018) (Harrigan, Zso-
ter, et al., 2023). This is less useful for decision-makers,
and so we recommend that also other user-oriented met-
rics, like FAR and POD, should be added so that poten-
tial users have the opportunity to look at relevant
performance indicators. To develop the confidence of
users in new versions, it is necessary to test models with
historical observed floods before a new version is imple-
mented operationally. Developers of global forecast
models should collaborate with national hydro-
meteorological organisations and in-country partners to
ensure that decisions that are being made following
established protocols are still robust when using new
model versions or at least the implications of model tran-
sitions are properly assessed.

7.2 | Application for improving forecast
lead-time in Bangladesh

Increasing the lead-time of skilful forecasts is a challenge
in a transboundary basin where major flows come from
upstream catchments where there may be limited access
to upstream hydro-meteorological information. Skilful
global models provide a source of forecast information
for such transboundary river basins. GloFAS is able to
predict normal floods (90th percentile) at short
to medium range (1 to 10 days) and extended range
(11 to 30 days) time scale with a FAR <0.5. There is also
an indication of improvement in skill by applying lead-
time dependent thresholds. However, our results suggest
that FFWC should use their own short-range forecast for
short lead times due to the skill issue in v3.1 at the
shorter lead times. Bridging between the lead-times of
the FFWC short-range forecast and skilful GloFAS fore-
casts is required to support decisions before extreme
flooding.

7.3 | Recommendation for decision

makers

Decision makers must find a balance between the accept-
able number of missed events and false alarms. For a
global forecasting system, a new model version poses
a challenge because overall improvements in skill do not
necessarily mean that the same skill changes are seen in
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individual river catchments. In this case, the update from
v2.1 to v3.1 limits the number of decisions that can be
made from GloFAS in the Brahmaputra basin, especially
at shorter lead times for extreme flood events. In this
case, FFWC forecasts are available at these lead-times,
but working closer with GloFAS developers allows issues
with the model to be dealt with more efficiently.

8 | CONCLUSION

Model upgrades take place as part of a continuous cycle
of developments and updates. The upgrade to GloFAS 3.1
included the use of a stand-alone hydrological model
instead of previous coupled land-surface and hydrological
routing components, that is a significant change. The rel-
evance of changes in forecast skill following this upgrade
becomes clear when evaluating against specific decisions.
Decision-based evaluation of a forecast model aims to
look at forecast performance from the perspective of dif-
ferent early action decisions that are being taken. In this
study the forecast skill of two versions of GloFAS is
assessed by using 20 years of reforecast data, and with
and without the use of lead-time dependent thresholds.
The study provides a methodology to evaluate forecast
skill for different early action decisions which can be
applied for different river basins, each with its own deci-
sion criteria.

Although the new v3.1 has been calibrated for the
Brahmaputra and the Ganges River by GloFAS devel-
opers, there is no improvement in the skill of simulated
flow compared to the previous version 2.1, and even a
deterioration in some components of skill. Between the
two rivers, GIoFAS perform better for the Brahmaputra
River. GloFAS forecasts skill can vary based on basin and
flood characteristics, as well as performance metrics. By
assessing forecast skill against the criteria for different
anticipatory action decisions, we find that, the new Glo-
FAS version v3.1 shows acceptable skill for fewer deci-
sions than v2.1 (no longer operational), and this means
the loss of the ability to provide information that could
be used to prepare households for flooding. The new ver-
sion is capable to predict relatively well low to medium
level floods with acceptable margin of error (3-7 days)
and longer lead time (10-20 days). However, for more
extreme events skill is lower and users may need to be
cautious in some cases in applying anticipation actions as
there is possibility of having higher FAR in the new ver-
sions. The decision-led evaluation has provided counter-
intuitive results, showing acceptable skill for decisions
such as aid distribution and communication which are
made at longer lead times, but not for the short-lead time
evacuation decisions, because of the different margins of
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acceptable errors for these different actions. This under-
lines the importance of decision-led evaluation, not only
to give confidence in forecast use, but also to ensure that
forecast ‘upgrades’ do in fact lead to gains in decision-
making ability. More recently, a new GIoFAS version
upgrade (4.0) came out, introducing increased spatial res-
olution and other improvements to the model. However,
we believe that our results and recommendations are still
valid as the underlying main hydrological model remains
LISFLOOD as in version 3.1 and its calibration and eval-
uation are still following a global approach based on gen-
eralist scores.
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