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Abstract
The Hindu Kush Himalayan region is extremely susceptible to periodic monsoon floods.
Early warning systems with the ability to predict floods in advance can benefit tens of millions of people living in the region. Two web-based flood forecasting tools (ECMWF-SPT
and HIWAT-SPT) are therefore developed and deployed jointly by SERVIR-HKH and
NASA-AST to provide early warning to Bangladesh, Bhutan, and Nepal. ECMWF-SPT
provides ensemble forecast up to 15-day lead time, whereas HIWAT-SPT provides deterministic forecast up to 3-day lead time covering almost 100% of the rivers. Hydrological
models in conjunction with forecast validation contribute not only to advancing the processes of a forecasting system, but also objectively assess the joint distribution of forecasts
and observations in quantifying forecast accuracy. The validation of forecast products has
emerged as a priority need to evaluate the worth of the predictive information in terms of
quality and consistency. This paper describes the effort made in developing the hydrological forecast systems, the current state of the flood forecast services, and the performance
of the forecast evaluation. Both tools are validated using a selection of appropriate metrics in measurement in both probabilistic and deterministic space. The numerical metrics
are further complemented by graphical representations of scores and probabilities. It was
found that the models had a good performance in capturing high flood events. The evaluation across multiple locations indicates that the model performance and forecast goodness
are variable on spatiotemporal scale. The resulting information is used to support good
decision-making in risk and resource management.
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1 Introduction
The Hindu Kush Himalayan (HKH) region is extremely vulnerable to floods caused by
climate extremes, often leading to flooding disasters given the region’s orogeny, rugged
terrain, and monsoon-dominated atmospheric conditions (Khandu et al. 2016; Sikder and
Hossian 2018). Consequent disaster impacts are often exacerbated by inefficient risk communication and poor user uptake, which are generally identified as the weakest link in
the early warning system (EWS) services. With climate change-induced extreme rainfall
events on the rise, flood risk communication through web-based EWS applications needs
to be improved, strengthened, and made freely accessible to all (CEGIS 2006; Mirza 2011;
Priya et al. 2017).
Early warning systems with the ability to predict floods days in advance can benefit tens
of millions of people in the HKH region. However, countries in the HKH region face two
major challenges in flood risk communication—the investment required to gauge floodprone medium and small rivers, and the short lead time provided by instrumental flood
EWSs (FEWS) (Basher 2006). Technical flood EWSs can also be rendered ineffective
by stakeholders’ inadequate readiness. Moreover, the warning is limited to major rivers,
excluding many flood-prone rivers and tributaries. The need to enhance FEWS tailored to
countries in the HKH region, therefore, is paramount to sustainable water resource management and reducing risks from flooding hazards. Rather than responding to an extreme
water-related event, being able to anticipate such a situation before the actual occurrence,
and taking proactive actions to alleviate consequences is the basis for every risk reduction
and resilience strategy.
The commonly used prediction system for flood early warning guidance in the region is
the Global Flood Awareness System (GloFAS) developed by European Commission’s Joint
Research Council and European Centre For Medium Range Forecasts (EC-JRC-ECMWF)
Copernicus Emergency Management System (EC-CEMS 2020). However, the system is
currently capable of only producing predictions at coarse spatial resolutions that do not
capture hydrological responses over complex mountainous terrain. Unless it is downscaled
to capture local details, GloFAS outputs will not be meaningful for local decision-making
where flood risks are the greatest. Advances in computing infrastructure, hydroinformatics,
and communication technologies together with hydrologic models have greatly enhanced
the capability in streamflow prediction (Souffront Alcantara et al. 2019). Without these
tools, technically less capable nations of the HKH region may not have access to cuttingedge technologies to address their hydroinformatic challenges. And potentially transform
a country’s forecasting ability to predict floods days to weeks in advance while reducing
associated uncertainties.
The SERVIR (“to serve” in Spanish)-HKH program based at International Centre for
Integrated Mountain Development (ICIMOD, Nepal), in partnership with National Aeronautics and Space Administration, USA-Applied Science Team (NASA-AST), has developed two web-based real-time flood forecasting tools for Bangladesh, Bhutan, and Nepal.
They are branded as ECMWF-forced, GloFAS-based Streamflow Prediction Tool (GLoFAS-SPT), and the High Impact Weather Assessment Tool Streamflow Prediction Tool
(HIWAT-SPT). GLoFAS-SPT tool is used primarily for larger rivers, whereas the HIWATSPT is used for small streams which are flashy in nature. The tools are expected to support
the national public services agencies by providing reliable forecasts and early warnings for
preparedness and resilience against flood. By operationalizing these decision support systems, they can concentrate on managing flood risks without being distracted by the tedious
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and costly routines of collecting and processing data, setting up and running models, forecast production, and dissemination. The tools have undergone several iterations in response
to user comments and feedback on the interface and enhanced functionalities. These tools
can help the disaster management organization to deliver localized and timely information
on water resource situations and anticipate flooding risks well in advance to take appropriate actions. Scarce resources can then be channeled into fulfilling the crucial aspects of
information dissemination and service delivery.
Forecast verification is critical to justify the operational investment in sustaining flood
forecast and warning services and increase socioeconomic value to the end users by
informing better decision-making. Over the last several decades, substantial progress has
been achieved in probabilistic hydrological forecasting theories, applications, and validation techniques (Bartholmes et al. 2009; Bogner et al. 2011; Cloke et al. 2009; Pappenberger et al. 2015; Verkade et al. 2013). However, significant challenges still exist in
assessing the uncertainty of complex physical processes and improving flow and flood
predictions, especially extreme hydrological events. The scientific community in weather
prediction has developed ensemble methods in quantifying the uncertainty of predictions
expressed through probabilistic metrics (Bauer et al. 2015). Forecast goodness defined by
consistency, quality, and value (Murphy 1993) is assessed in terms of forecast attributes
like accuracy, skill, reliability, resolution, and sharpness based on the probability distribution of forecasts.
The main objective of this paper is to demonstrate the predictive ability of these tools.
Observed discharge is used to verify the model’s forecasts and quantify uncertainties. Both
GLoFAS-SPT and the HIWAT-SPT models have been extensively evaluated at several
observational points across Bangladesh, Bhutan, and using historical river hydrology data,
flood inundation scenarios, and impact information. Visual, commonly used error statistics,
and skill scores are used in this study to evaluate the performance of the models. These
error metrics are grouped into classes of (1) probabilistic verification, (2) deterministic
verification, and (3) categorical verification. Multiple evaluation methods are implemented
to make the study comprehensive, which helps in avoiding methodological biases (Murphy
1991, 1993; Mullen and Buizza 2001). Good decisions are made from good information,
and verification results should lead to evidence-based findings based on science-informed
inquiries into the model predictions as a credible information service tool.

2 Models
GLoFAS-SPT model generates hourly streamflow forecasts out to 15 days in advance using
original GloFAS direct runoff routed with the Routing Application for Parallel Computation of Discharge (RAPID) routing model (David et al. 2011). RAPID is a vector–matrix
implementation of the Muskingum routing method (David et al. 2011) to simulate discharge at a higher resolution on locally significant river reaches (Snow 2015; Snow et al.
2016). HIWAT-SPT modeled predictions are estimated by routing HIWAT precipitation
forecasts through the same RAPID model but using a higher density stream network.
HIWAT is a severe convection-allowing weather forecasting system to predict extreme
weather phenomena spawn by localized convective disturbances and provides precipitation
information for the next 3 days (48–54 h effective lead time) in advance (Gatlin 2017). It is
based on Weather Research and Forecasting Model (WRF model) with a 12-km outer and
4-km nested domain positioned over South Asia.
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The GLoFAS-SPT tool is a 51-member ensemble system providing information at
hourly time step throughout the year, whereas the HIWAT-SPT model is a deterministic
configuration providing hourly information and is active only during the monsoon season
from May to September. While models are executed at the high-performance computing
resources outside of the HKH region, the outputs are delivered to the ICIMOD server on
daily basis for generating forecasts. The outputs from these tools are accessed and visualized using interactive web applications created within Tethys development and hosting
platform (Swain et al. 2016). The user interface has been customized based on the requirements of the partner and has undergone several iterations through series of dialogs, consultative engagement, and capacity building activities. The tools are freely accessible at http://
tethys.icimod.org/apps/. Users can view the forecast chart for any mapped river section
along with the return period showing the possibility of high discharge at a particular time
and day. Streamflow forecasts at reach level are updated on daily basis and color-coded
based on the threshold exceedance probabilities defined by return periods of daily flow
magnitude. The return periods are obtained from the frequency analysis of simulated historical discharge time series generated from ERA-Interim (Snow et al. 2016). In addition
to forecast, the tools also provide an option to download historical discharge of the selected
river section based on the ERA-Interim data. More detailed information on the models is
available from earlier articles published elsewhere (Souffront Alcantara et al. 2019).

3 Data, materials, and methods
3.1 Study area
The study sites span three countries of the HKH region—Bangladesh, Bhutan, and Nepal.
The basins from these countries are dominated by hydrologic regimes and flow conditions
that result in either riverine flooding or pluvial flash floods annually. The rivers in Bhutan
and Nepal originate and flow through high mountains, whereas rivers in Bangladesh flow
in the plains. Out of the several sites identified for validation initially, 34 were used in this
study (Fig. 1). The stations were selected depending on the length, quality, and usability of
the observed discharge. In Bangladesh, attempts were made to compile observed datasets
from as many hydrometric stations as possible along the north and northeast boundaries
with headwater states of India. While Bhutan and Nepal are dominated by montane-monsoonal climate, Bangladesh generally experiences a maritime-monsoonal type of climate.
Tropical monsoon brings about heavy and incessant rain in summer, and the rest of the
year gets peppered with often intense convective and frontal precipitation events triggering
flash floods in places with predisposing catchment characteristics.

3.2 Data
Reforecast datasets from the GLoFAS-SPT model were provided by science partners at
Brigham Young University (BYU). The forecasts are daily forecast re-runs from January
2014 to the first quarter of 2020, with a full set of 51-member ensemble out to 15-day
lead time. The model forecast verification was based on the matched set of predictions and
observations from hydrological stations selected in this evaluation. While it is possible to
extract real-time forecasts to a certain date in the past, such archived sets were not used in
this study pending a fix in the format, but more importantly, real-time observations were
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Fig. 1  Study sites across Bangladesh, Bhutan, and Nepal

not available to perform verification on the fly. Likewise, the HIWAT-SPT generated predicted outputs are also archived and maintained on a backup server in ICIMOD. Since the
standard web interfaces enable only mean, standard deviation, and range of daily predictions for download, full extraction of model outputs was done programmatically with API
calls and retrieval functions to the local data servers or cloud data stores in ICIMOD.
Observed discharge and/or stage data were provided by focal partner agencies from
Flood Forecasting and Warning Centre (FFWC) in Bangladesh, National Center for
Hydrology and Meteorology (NCHM) in Bhutan, and Department of Hydrology and Meteorology (DHM) in Nepal, either freely or against payment of a nominal fee for data processing and handling prevailing at the time of data request. For Bhutan and Nepal, discharge observations have a daily temporal resolution, while those from Bangladesh are
provided with sub-daily (6-hourly) time step of river stage readings. All river stage readings are aggregated to daily averages and then converted into discharge using the rating
curves provided by FFWC.

3.3 Methods
The model validation and forecast verification process was designed around tripartite
engagement of AST, ICIMOD, and partners in Nepal and Bangladesh, and later extended
to include Bhutan. Validation of the back-end modeling systems and forecast verification
has emerged as a prerequisite step and priority need before technologies are accepted and
transferred. Verification is being conducted focusing on predictions generated in real time
and archived on daily basis to evaluate and investigate the performance of the SERVIR
flood forecasting tools: GLoFAS-SPT and HIWAT-SPT. The verification period differs
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across the three countries depending on the available observed discharge time. The validation period for GLoFAS-SPT starts from January 1, 2014, to the end of observed data
availability from national partner agencies. In the case of HIWAT-SPT forecasts, performance is assessed from 2018 onwards from April to September each year as the model run
is constrained to this period. In total, modeled forecasts are validated at over 20 observational stations in Nepal, seven in Bangladesh, and 10 in Bhutan by sampling a wide range
of river basin characteristics and channel morphometry. The schematic of the verification
workflow programmed into the Microsoft Excel spreadsheet application is shown in Fig. 2.
An integrated verification method offers a more robust framework for greater insight into
the quality, skill, value, and consistency of the forecasts to ensure the systems are fit for
purpose and serve multiple interests or objectives. A select set of deterministic and probabilistic metrics and skill scores are used to evaluate the 51-member ensemble predictions
over a 15-day forecast horizon. Forecast skill is assessed against climatology and persistency as reference forecasts. The following section provides information on different types
of verification techniques used in the study. Since the tools are primarily developed for
flood warnings, a threshold of 90% exceedance was selected for all sites across the three
countries. According to Alfeiri et al. (2014), the 90th percentile of the flow time series
is generally used as a discriminating criterion for flood events with a corresponding nonexceedance probability of 0.9.

3.3.1 Probabilistic validation
The GLoFAS-RAPID probabilistic forecasts are derived through transforming the ensemble set into a binary probability of flood dichotomy weather forecast is verified as flood
or non-flood event. Forecast uncertainties are quantified using an ensemble approach and
expressed in probabilistic terms. The 90th percentile of flow time series from the sampling period climatology is taken as flood threshold corresponding to the non-exceedance

Fig. 2  Workflow for the Excel-based validation and verification procedure
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probability of 0.9 for all sites across three countries (Nepal, Bangladesh, Bhutan).
The GLoFAS-RAPID is further assessed through graphical measures like the reliability, talagrand, likelihood diagrams, and area under the receiver operating characteristics
(AUROC). Brier score and skill score were used as numerical summary metrics to evaluate probabilistic forecasts in detecting flood days ahead of actual occurrence. These are
common measures used widely in ensemble forecast assessments (Wilks 2006; Jolliffe and
Stephenson 2003). This method is not applied to HIWAT-RAPID that provides only deterministic forecasts without expression of uncertainty.

3.3.2 Deterministic validation
Deterministic validation was carried out by comparing the time series observed data
against the mean of 51 ensemble forecasts from GLoFAS-RAPID for different lead times.
Using ensemble mean simplifies the evaluation of a generalized outlook of forecast performance and skill using deterministic validation metrics after filtering out smaller unpredictable scales. Popularly used error stats are like root-mean-square error (RMSE), Pearson correlation coefficient (R), Nash–Sutcliffe efficiency (NSE), Kling-Gupta efficiency
(KGE).

3.3.3 Categorical verification
Categorical verification uses time-matched forecast and observation pairs based on predefined criteria or threshold set at the 90th percentile of observed discharge time series.
This threshold to distinguish flood from non-flood events is applied to both GLoFAS-SPT
and HIWAT-SPT forecasts. A simple scheme of 2 × 2 contingency tables is used to assess
the forecast performance in terms of the joint distribution of flood dichotomy. A common
set of binary scores and summary statistics are calculated from the elements of the contingency tables (Table 1).
Table 2 provides a summary of numerical metrics and graphical representations adopted
in this work to ensure model performance and forecast quality are evaluated on attributes
relevant to the context of forecast-based early warning systems. Limiting the scope of study
around single-value error metrics may not give the full picture of forecast goodness in
terms of value proposition to the decision context of hazard mitigation and risk reduction.
Qualitative verification in probabilistic space is performed using graphical methods to convey often neglected but useful information about forecast quality, with the exception of BS
computed as mean squared error of probabilistic forecast. Their applications are confined
to verifying GLoFAS-RAPID ensemble forecasts categorized as binary floods and translated into probability measures derived from the conditional and marginal distributions.
Ensemble means at each time step and over the forecast, the horizon is evaluated using
deterministic statistics for accuracy, association, and correspondence. Categorical scores
Table 1  A simple 2 × 2
contingency table

Observed
Yes

No

Hit
Miss

False alarm
Correct negative

Forecast
Yes
No
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Kling–Gupta efficiency (KGE)

Nash–Sutcliffe efficiency (NSE),

Pearson correlation coefficient (R)

Root-mean-square error

Deterministic validation (GLoFAS-SPT)
Mean error (ME)

Brier skill score

Brier score

The area under the receiver operating characteristics

Rank histogram

Sharpness
Likelihood diagrams

Reliability diagram

Probabilistic validation (GLoFAS-SPT)

Error stats

Table 2  Summary of error stats used in the study

0–1 (1)

0–1 (0)

0.5 to 1 (1)

Flatline

Tendency to produce 0% and 100% probability
Mean difference of conditional distribution

Follow diagonal line

Range (optimum value)

Additive bias in the forecasts, quantitative estimate of forecast error − ∞ to ∞ (o)
using the ensemble mean
Measures “average” error, weighted according to the square of the 0 to ∞ (0)
error
− 1 to 1 (1)
Temporal correspondence between mean forecast and observed,
i.e., degree of a match at any point in time over the forecast
horizon
− ∞ to 1 (1)
Measures the departure from the unity of the ratio between the
mean squared error of ensemble mean and the variance of the
observations; quantify the accuracy of the ensemble mean
Composite efficiency score based on temporal error (r), bias error,
− ∞ to 1 (1)
and variability error

Correspondence between Observed relative frequency vs forecast
probability estimated as the fraction of ensemble members
exceeding certain flood threshold. Conditioned on forecast
Histogram for each of the forecast probability bins
frequency of each forecast probability when a flood occurred and
when it did not
Frequencies of the rank of the observed data aggregated with
ensemble members
Forecast ability to discriminate between flood and non-flood events
ROC curve is constructed by plotting False Alarm Rate (FA)
against Hit Rate (HR)
Integrated accuracy over full PDF. Mean square probability error.
Verify reliability, resolution, and uncertainty attributes of probability forecasts of binary events
Measures relative accuracy of the probabilistic forecast over a reference forecast

Significance

Natural Hazards

Significance

Categorical validation (GLoFAS-SPT and HIWAT-SPT)
Heidke skill scores
It provides information on the accuracy of the forecast relative to
that of random chance
Peirce skill scores
It provides information on how well did the forecast separate the
“yes” events from the “no” events
Gilbert skill scores
It measures the fraction of forecast events that were correctly
predicted, adjusted for hits associated with random chance or
how well did the forecast “yes” events correspond to the observed
“yes” events accounting for hits due to chance
Bias
It provides information on whether the forecast system tends to
under-forecast (BIAS < 1) or over-forecast (BIAS > 1) events

Error stats

Table 2  (continued)

0 to ∞

− 1/3 to 1 (1)

− 1 to 1 (1)

− ∞ to 1 (1)

Range (optimum value)

Natural Hazards
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are calculated for HIWAT-RAPID flood events based on threshold exceedance. The joint
distribution of flood dichotomy is used to compute categorical scores describing the same
forecast attributes as in deterministic and probabilistic terms.

4 Results
Verification is performed specifically to check on the verified claims of quality, value, and
reliability of the coupled GLoFAS-RAPID flood prediction model. The HIWAT-RAPID
flash flood prediction system has been evaluated only for few sites in Nepal and Bangladesh due to the want of quality observations from sites prone to flash flooding. HIWATbased predictions present a unique challenge for verification, as precipitation forecasts are
directly translated into streamflow. As such, evaluation of HIWAT-SPT predictions is limited to scores computed from the joint distribution of forecasts and observations decomposed into two sets of conditional and marginal distributions. Graphical visuals are mainly
used to evaluate the correspondence in timing and magnitude of flood peaks between forecasts and verifying observations. Qualitative verification is supplemented with categorical
statistics computed from the elements of the contingency table. At places throughout this
article, results are sometimes presented for a select subset of verifying stations for clarity and implied representativeness over a range of variabilities in basin characteristics, climatic conditions, and the physical and human geography of the study region.
Figure 3 presents the important attributes of probability forecasts when using ensembles
in flood prediction from three verifying sites in Bhutan as a case in point, and showing only
results from the daily day-5 forecast lead time. Subsequent sections of the paper will dwell
in greater detail on the results from Bangladesh and Nepal as these are the main focus of
validation. However, references shall be made at appropriate instances to Bhutan analysis
to appreciate the validity of GLoFAS-SPT forecasts beyond the SERVIR focal countries.
For ensemble forecasts, verification plots are generally based on day-5 lead time of the
15-day forecast horizon unless indicated specifically. This forecast day is assessed as most
representative of the general behavior of GLoFAS ensemble streamflow prediction, and
a frequent lead time used by many successful flood early warning systems (Alfieri et al.
2014).

4.1 GLoFAS‑SPT
4.1.1 Diagnostic verification of probability forecasts
Instead of using hydrographs and scatter plots for a visual overview of the forecast systems
performance, reliability diagrams, together with rank histogram and likelihood diagram,
are used as diagnostic tools for assessment. Figures 3 and 4 show the reliability diagram
for day-5 forecast lead time of selected stations in Bhutan, Bangladesh, and Nepal. GLoFAS-SPT coupled model has a general tendency to over-forecast discharge in most of the
rivers of the verification domain. Reliability tends to be a little better on the lower end of
the probability scale, but it is not a dominant characteristic of the flow conditions. The
dominant trend is toward overconfident probability forecasts as evidenced by the higher
forecast probabilities than observed relative frequencies. Results from Nepal sites show
clear evidence of verification issues associated with under-sampling due to short periods
of usable observations. The results are comparatively better from Bangladesh and Bhutan.
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Fig. 3  Qualitative verification of GLOFAS-SPT forecast goodness using graphical techniques for three
hydrological stations in Bhutan at day-5

Overall, the GLoFAS-SPT probabilistic forecasts are not very reliable, but quite competent in resolving events with different frequencies of occurrences, i.e., high resolution. A
slight trade-off is evident between reliability and forecast sharpness—a tendency to report
extreme probabilities (i.e., 0 or 1). This inverse relationship suggests that sharp forecasts
are not necessarily accurate. Probability forecasts are usually pessimistic at sites in the
mountains with comparatively small catchment areas, and more optimistic for sites in wide
floodplains commanded by large drainage basins. Results at different lead time are not
presented to preserve plot readability, but suffice to note that reliability, and other attributes, degrades with increasing lead days. Best results are obtained from Wangdi (Bhutan),
Sarighat (Bangladesh), and Gandaki and Ansing (Nepal).
When assessing whether ensemble distribution represents the distribution of observations, the rank histogram indicates (Figs. 3, 5) a lack of spread in early lead times and
a tendency toward overconfident forecast that is consistent with forecast sharpness. The
generally U-shaped histograms across sites and over lead times out to at least 10 days (not
shown) suggest under-dispersive and overconfident behavior of the modeling systems. This
means many observations are falling outside the extremes of the ensemble as outliers, and
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line denotes the best fit and, the gray dotted curve represents the reliability measure)
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Fig. 5  Rank histogram of observation in relation to the ensemble range for selected stations in Bangladesh
and Nepal (at day-5 lead time)

the ensemble spread is too small to represent the observed distribution. The underlying
“U” shape validating spread deficit also reveals smaller positive/negative early lead days
biases in the streamflow forecast. However, a flat rank histogram does not necessarily indicate a skillful forecast or give a full picture of the forecast performance.
A likelihood diagram looks at the forecast distributions separately for observed flood
event and non-flood event categories. Figures 3 and 6 show the likelihood diagram for the
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Fig. 6  Likelihood diagram of selected stations in (a) Bangladesh and (b) Nepal (day-4 lead time) showing
the conditional distribution of forecasts given observation

marker lead day (day-5) in evaluating the discrimination attribute of the GLoFAS-SPT system conditional on discharge observations partitioned into binary yes/no of flooding. The
system was able to detect non-flood with low probability (near to 0–0.1) and flood events
with high probability (near to 0.9–1). Results are also suggestive of an inverse nonlinear
relationship between reliability and resolution, which may partly explain why BS values
are generally satisfactory across countries at least out to 7 days in advance. This will be
examined further in subsequent paragraphs. Event discrimination is particularly good on
rivers of large river basins and in the flood plains of Bangladesh. At sites in the interior
mountains of Bhutan and Nepal, e.g., Bjizam, Wangdi, Tumlingtar, Asaraghat, Belkot, the
probabilities issued for flood and non-flood show similar frequencies (Figs. 3 and 6).
We got reasonably high resolution when observations are sorted by forecasts. There
is then the need to cross-verify weather forecasts are similarly sorted conditioned on
observation. The receiver operating characteristic (ROC) curves in Figs. 3 and 7 show
that the results across the validation sites confirm sufficiently good discrimination of
flood situations by GLoFAS-SPT forecasts. ROC coordinates are computed from the
hit rate (HR) and false alarm rate (FA) at each decile-binned probability threshold,
which tend to cluster in the lower-left corner of the curve as expected when evaluating
rare events like flooding. The area under the curve measures the discrimination skill
score and is found to be close to one across the verification domain. The metric is not
sensitive to the forecast bias but sensitive to the sample climatological frequency as
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Fig. 7  ROC curves at validating sites in Bangladesh and Nepal (day-5 lead time)

explained from FA being constrained below 0.55, 0.45, and 0.1 for Bangladesh, Bhutan,
and Nepal, respectively. Overall, the forecasting systems hold value in offering information to support better decision-making by the operational forecasters.
The GLoFAS-SPT prediction system that drives the service tool needs to be evaluated to ensure the probability forecasts generated are accurate, reliable, and informative
under a wide range of flood-related decision contexts. While there have been several
studies in verifying the system at a global scale for scientific purposes, no work was
reported doing it in probability space, and few were based on real-world ground observations for administrative or economic goals. The Brier score (Brier and Allen 1951) is
used to evaluate the model performance. The worst BS values were obtained at Damchu
(Bhutan) and Comilla (Bangladesh), but both improve over the forecast horizon at a
higher rate than in others. This contradicts our understanding that accuracy deteriorates
with increasing lead time. At other locations, particularly for sites in Nepal, forecasts
start at poorer accuracy on the first two lead days, improves on the 3rd–4th lead day,
level off on the 10th day, abruptly show a sharp fall in the accuracy on the 11th day, and
recovers thereafter (Belkot, Gandaki, Tumlingtar). Others show reduced performance
beyond the 10th day (Asaraghat, Devghat, Chisapani, Kusum). The rest show gradually improved accuracy over evolving lead days ahead. The first group is composed of
smaller montane basins while the second group consists of rivers in larger basins in the
Terai region. Widespread poor performance on the first few lead days may be due to
basin lag time before runoff input to the model shows up as streamflow, or the flow may
still be dominated by initial flow condition. Overall worst-performing locations are predominantly driven by very large biases.
Brier skill score (BSS) is assessed against the sample climatology and model initialization dataset taken as proxy persistence. Figure 8 shows the error and skill scores
of selected stations across three countries. The model outperforms the reference forecasts throughout the entire forecast horizon, with few exceptions at Damchu in Bhutan,
Comilla in Bangladesh, Ansing, Belkot, Chisapani, and Kusum in Nepal. In Nepal, both
the skill scores referenced against climatology and persistence decline beyond day-10 of
the lead time, with scores being better when evaluated against climatological reference
than against persistence. The performance pattern is quite different in Bhutan and Bangladesh sites with some performing better against climatology and degrade with lead
time (Wangdi, Sarighat), and others against persistence and improve with evolving lead
time (Damchu, Comilla, MonuRB). The deficient ensemble skill in early lead days may
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Fig. 8  BS and BSS for selected validating stations in (a) Bhutan (b) Bangladesh, and (c) Nepal (Skill scores
referenced to climatology and persistence)

be caused by the favorable initialization skill in large basins, where the inertial memory
of hydrological conditions has more influence over the prediction than the runoff forcing from the model.

4.1.2 Deterministic verification of ensemble mean forecast time series
The mean error (ME) is used to measure the additive bias, which is rescaled to percent bias
(PBias) using the observed mean discharge. PBIAS allows for comparison across widely
contrasting discharge values under very different river regimes and flows conditions. Lin
et al. (2019) considered a PBIAS within ± 20% (0.2) as an acceptable level of forecast quality. The bias in the forecasts for all of the evaluation points across selected countries shows
values outside these acceptable limits indicating generally positive bias in the forecasts. It
ranges from − 0.2 to 2.4 (Bhutan), − 0.4 to 2.1 (Bangladesh), − 0.3 to 1.3 (Nepal). The
forecast errors in absolute magnitude are found to decrease with increasing lead time in
most cases out to 10 days ahead. Small and anomalous spikes in the error were observed on
day-11 of lead time in Bangladesh (Comilla and MonuRB) and Nepal, perhaps due to some
unexplained modeling artifacts or abrupt change in the initial state. Generally, the model is
biased to overestimate in large rivers and underestimate in smaller rivers, with few exceptions in Bhutan. The results are consistent with the previous reports that atmospheric models have a tendency to overestimating rainfall amounts (Beck et al. 2017).
The root-mean-squared error (RMSE) is fairly constant on small rivers over the forecast
horizon, but gradually decreases out to day-5, stabilizes to day-10, and gradually increases
again over remaining lead days on larger rivers. However, the coefficient of RMSE (not
shown) is smaller for large rivers due to the attenuation of the errors and catchment size.
When assessed in conjunction with ensemble standard deviation (Spread), it provides a
measure of the spread-skill relationship whether ensemble predictions represent the full
uncertainty range in the prediction. Figure 9 shows the RMSE is consistently greater than
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Fig. 9  RMSE score and spread-skill relation at selected stations in Bhutan, Bangladesh, and Nepal

the ensemble standard deviation, indicating the ensemble distribution is largely under-dispersive, and the distance between the two values is often in the order of magnitude particularly in larger rivers. The spread-skill assessment thus indicates that the modeled ensemble
does not represent the full uncertainty range of observed streamflow, the result being consistent with measures presented earlier on a rank histogram. Since the ensemble is characterized by under-dispersive distribution, the model shows overconfidence in predictions.
The poor spread-skill convergence also suggests that the ensemble did not capture the full
distribution of observed outcomes.
The summary scores for KGE, NSE, and R are provided in Fig. 10 representing average
performance indicating relevant aspects of changes out to 15 days in advance. In 100% of
the sites, the R is above 0 with a median coefficient of 0.69 out to 15 days ahead suggesting that timing error is minimal across all sites in the three countries. The exception to this
trend is with R for Kusum in Nepal falling outside the envelope delimiting values obtained
at all other stations of all countries. This inconsistency is most likely related to the issue
with the observed dataset as discrepancies have been identified in other metrics describing
the predicted-observed relationship. A small decreasing trend is observed for MonuRB and
Comilla in Bangladesh with increasing lead time, while generally found to be constant over
the forecast horizon.
The fit between forecast and observation is better with KGE (mod.) compared to NSE.
More than 50% of the sites gave negative values for NSE meaning that mean model predictions are worse than mean observations. The worst performance is again observed for the
sites Comilla (Bangladesh), Damchu (Bhutan), Kusum (Nepal) as shown by other measures weighted heavily on the variance analysis. KGE (mod.) scores are more optimistic
giving higher values trending toward the positive side, with 75% of the sites indicating better performance than merely using climatology as a surrogate forecast. The strange results
from the above three sites are not replicated in this score most likely dampened by the
strong positive correlation terms. While slight increasing/decreasing trends are observed at
sites in Bangladesh and Bhutan, the trends in both NSE and KGE are a class aside in Nepal
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Fig. 10  KGE, NSE, and R value with lead time at different stations

cases. Both scores show increasing improvement up to day 5, flatten thereafter out to day
10, manifest that anomaly on day 11 with small rivers, while steeply degrading to negative
scores in others. The aberration is most likely embedded in the forecast dataset for these
rivers than to do with performance or observations since it persists only on the 11th day of
the forecast horizon and most likely affecting all the ensemble members. In brief, the NSE
and KGE (mod.) were consistently higher on validation reaches of comparatively larger
upstream catchment areas. However, the efficiency scores declined with increasing lead
time indicating forecast accuracy deteriorates with increasing lead time.

4.1.3 Categorical verification
The method is implemented to cross-verify the results obtained from metrics used in the
probabilistic and deterministic sections. The analysis covers only selected stations from
Bangladesh and Nepal considered adequate to serve the purpose. A select set of categorical
statistics are computed from the elements in the contingency table representing the joint
distribution of flood binary outcomes. Figure 11 shows those scores for flood events taken
as daily discharge magnitude exceeding the 90th percentile of the observed dataset during
the verification period. It was noticed that the bias remains relatively constant throughout the lead time for most of the stations. The GLoFAS-SPT is over forecasting at all the
stations as indicated by the positive bias value greater than 1. The Peirce skill score for
all the stations was above zero, indicating the hit rate exceeds the false alarm rate that
translates into the ability of forecast to distinguish flood from non-flood events. The PSS
however decreases as the lead time increases. Similar results were found for HSS and ETS.
All stations had the HSS and ETS value above 0 and the skill decreases as the lead time
increases, reconfirming the relative accuracy of forecasts and correspondence between the
forecasts and observations. The results from these scores suggest the tool is performing
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Fig. 11  Bias value and Skill score of different stations in Bangladesh and Nepal

well in detecting floods days before their actual occurrence. The results are also consistent
with those obtained by other verification approaches.

4.2 HIWAT‑SPT
The objective of these indices is to detect the overall goodness of forecasts and completeness of information considering all the cases of detection (“hit”, “false alarm”, “miss”,
“correct negatives”). A perfect forecast system would produce only hits and correct negatives, and no miss or false alarm. Since the tools are developed for early warning decision
support, a high value of 90th percentile signifying high flood was used as a threshold to
verify forecast from HIWAT-RAPID. Due to restriction in tool output, the lead time for
Bangladesh is up to three days and for Nepal is up to 2 days.
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HIWAT-SPT validation was performed by categorical validation as the tool provides
only a deterministic forecast from May till September. Two-by-two confusion matrix with a
threshold of 90% exceedance for each station provides information about hits, false alarms,
misses, and correct negatives. It was observed that the higher value lies in the lower right
of the table indicating correct negatives. This is due to the threshold we chose was of
higher value. It was also noticed that the value on the upper right (false alarm) was also
higher indicating that the forecast of floods was made more than the observed flood, i.e.,
over predicting of floods. This confusion matrix was then used to calculate various scores
for accessing the overall performance of the HIWAT-RAPID tool.
Figure 12 shows the bias and three skill scores for stations in Bangladesh. In all cases,
the Bias was greater than 0 indicating overestimation. The bias value increases as the lead
time increases. Among the five stations used for analysis, Sarighat, Comilla, and MounRB
stations had comparatively fewer biases. The skill scores for three stations in Bangladesh;
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Fig. 12  Bias value and Skill score of different stations in Bangladesh and Nepal
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Lourergorh, Sarighat, and Nakuagaon show a value greater than one suggesting the tool
has skill over a random chance. However, for stations at MonuRB and Comilla, the skill
scores are less than 1, for day-1 lead and increase as the lead days increase. Figure 12
shows the results of categorical validation for stations in Nepal. As seen in the Bangladesh
stations, the Bias score in the case of Nepal is also above 0 indicating overestimation of
high floods. However, the bias values are much less compared to Bangladesh. The Heidke
skill score, equitable threat score, and Peirce skill score for all three stations in Nepal are
higher than 1, meaning the tools have skill in detecting higher discharge in these four stations. This analysis is based on forecast data for two monsoon seasons 2018–2019, and
hence it is quite difficult to come to a concert conclusion. Therefore it is recommended that
further analysis should be performed with multiple stations and a longer duration of data in
future. This will provide us with a robust validation of the HIWAT-RAPID tool.

5 Discussion and conclusion
The GLoFAS-SPT is the frontend web interface to GLoFAS-RAPID model outputs and
processing them into simple statistical and graphical outputs that users can easily understand and interpret. The predictions sourced by the GLoFAS-SPT application are an
ensemble of 51 members, to capture the level of uncertainty in modeled forecasts based on
perturbed initial conditions. The HIWAT-SPT tool disseminates and delivers the information with a deterministic outlook. To demonstrate the full benefit of these tools, it is crucial
that the flood forecasting and warning services are assessed not only in the measurement
space but also in the probability space to quantify uncertainties for better decision-making.
For this validation exercise, the 90th percentile of the observed discharge dataset is selected
as the threshold to distinguish flood and non-flood situations for evaluation. Depending on
which tools are being verified, various error statistics and performance metrics are used
for probabilistic, deterministic, and categorical validation. GloFAS-SPT forecasts were
verified on river reaches within which reporting and verifying observational stations are
located. HIWAT-RAPID model was validated and forecasts verified at sites selected by
partners on rivers and tributaries prone to flash flooding almost every year, with significant
downstream settlement and development infrastructure that were impacted resulting in loss
of lives, livelihood, and economic assets.
The results of our forecast evaluation provide users with an overview of the HKH-level
quality of the dataset. The key limitation of the dataset is the large biases identified at several locations. The attribution of such biases in the forecast is outside the scope of this
paper, but ongoing investigations like Zsoter et al. (2019) have shown biases can be introduced by the real-time land data assimilation within the HTESSEL land surface model of
ECMWF-IFS setup. Other possible causes of differences between forecast and observations could result from built channel structures (dams, reservoirs, embankments, levees,
diversions, etc.) within the watersheds, riverbed, and stream channels (Harrigan et al.
2020). The models do not, or if at all in a simplified way, account for flow modifying structures in the modeled river network, or operating schedules for such instream structures.
Given the fundamental dependence of the forecasts on GloFAS runoff inputs in GloFASSPT and the whole of rainfall amount in HIWAT-SPT, it is worth being aware of the limitations and known issues. Also, the sample discharge climatology estimated from limited
available observed data may not truly represent the long-term climatology.
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The process of verifying bias and errors in forecasting systems on a probabilistic scale
is a complex exercise. Hydrologic modeling systems are structured and systematized to
provide complementary flood forecast information aimed at improving the FEWS through
enhanced flood forecasting skills. The GLoFAS-SPT and HIWAT-SPT hydrologic modeling system performance varied spatially and over time in terms of accuracy and forecast lead time. The consecutive days of forecasts with an acceptable level of reliability,
skill, and discriminatory power in flood dichotomy at medium range tend to vary across
sites. Further interrogation into the paired forecasted-observed time series for each lead
day provided valuable clues on the extent of forecast horizon over which the tools yield
serviceable information in setting the limits of predictability. All performance metrics and
quality criteria selected for the evaluation framework indicated that GloFAS-SPT forecasts
are reliable out to 10 days, and HIWAT-SPT forecasts out to at least 48 h into the future.
Then again, our analyses also showed that the models failed to produce the best forecasts
on day-1 lead time at all the sites. This contradicts the mainstream interpretation that forecasts are more accurate and reliable closer to runtime and deteriorate with increasing lead
time. Such discrepancies observed in this study were rarely reported in the past studies
with similar medium-range hydrological ensemble prediction systems such as GloFAS. We
can only stipulate at this stage that the contrasting score and skill results at day-1 lead time
might indicate the influence of the initial state of hydrological conditions over precipitation (HIWAT-SPT) or runoff (GloFAS-SPT) forcings, or could equally be attributable to
the presence of systematic bias at this lead time. This aberration is also quite prominent for
the basins in Nepal, and as explained earlier in the Results section, another potential cause
could be the basin lag time before runoff input to the model actually shows up as streamflow as it is still dominated by the initial flow condition.
However, it is not fair to look at model performance from a forecast error perspective
alone whether forecasts are capable of reproducing the observed streamflow/discharge. The
GLoFAS-SPT and HIWAT-SPT predictions are particularly perceptive in the context of
flood detection critical to the development of effective flood early warning systems from
large to small local scales. In general, the forecasts were considered hydrologically skillful in the majority of catchments assessed, although the strength of skill varies considerably depending on location. Through the careful dissection of all important aspects of forecast, we have managed to uncover few not so obvious values in the modeled forecasts. It is
notably good at producing a sharp probabilistic forecast of flood dichotomy. Reliability of
probability forecasts did not emerge favorably, but it is a relative attribute assessed against
observations of possibly questionable quality. The results from both systems also demonstrated a very good ability to discriminate floods from non-flood events. We also verified
the forecasts to be hydrologically skillful in the majority of catchments studied, although
the strength of skill varied considerably depending on location. The skill scores used in
verifying both GLoFAS-SPT and HIWAT-SPT show a value greater than 0, which indicates the tools have skill over a reference forecast or random chance. The models were able
to capture flow peaks and seasonality in the flow pattern with high temporal correlations.
The strong influence of initial states over hydrometeorological forcing, and the systematic
bias within, that drive the models did manifest strongly in results. Positive and negative
biases are presented, but with discernible patterns at the regional level across Bangladesh, Bhutan, and Nepal where validation points are located. The deterministic statistics
were not the best due to significant systematic bias inflating the error terms and throttling
the efficiency scores. Notwithstanding the actual skill inherent in the forecasting system,
it is recommended that future quantification should be based on a large enough sample
size to achieve reliable and stable skill scores especially for rare events like floods. It gets
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extremely difficult to verify probabilities on the tail end of the PDF as the sample size
becomes too small to get robust statistics, and ensemble size may not resolve the tail of the
forecast PDF.
The deterministic forecasts from the HIWAT-SPT model were evaluated during the
height of monsoon season from April end to the beginning of September 2019. Categorical statistics computed from the elements in the contingency table confirmed the validation
results obtained using the continuous and probabilistic forecasts. The dimensionless categorical metrics are also useful in comparing locations with different hydrologic responses.
Considering the model structure and configuration, HIWAT-SPT is limited in its predictive
capability up to 48–54 h ahead of event occurrence, and applicable to pluvial floods in
small rivers and streams.
The results utilizing the verification approach adopted in our study point to the fact that
the performance of the models, the GLoFAS-SPT in particular, could be improved further
with the recalibration of RAPID parameters to more closely representing the local situation. Both models were able to capture the basin response to meteorological forcing despite
the uncertainties associated with the observed dataset. The correspondence between the
forecast probability and the relative observed frequency of the events they predict was particularly conclusive as indicated by consistently higher Brier score (BS). The deterministic scores verifying the correspondence, agreement, and association between forecast and
observation pairs are relatively stable out to at least 10 days (GLoFAS-SPT) and effectively two days (HIWAT-SPT) of the forecast horizon. The models were able to capture
flow peaks in the observed hydrographs and seasonality in the flow pattern with high temporal correlations. We verified the skill in the forecasting systems compared to reference
forecasts, and far more reliable than just depending on random chance. Although the GLoFAS-SPT modeling system can predict streamflow out to 15 days lead time, the forecasts
were reliable and skillful out to a maximum of 10 days in the majority of the cases, after
which the performance deteriorated variably depending on the climatic regime and drainage characteristics.
National agencies collaborating in this validation work have their hydrological modeling facilities to produce streamflow forecasts and disseminate them to the end users. We
believe that a comparative assessment of the SERVIR tools with the national systems could
provide further insight into the contextual application and value proposition. This can help
raise the prospect for integrated forecast capability in the provision of reliable and accurate
information to managing floods in the region. This will be an area of focus in future for
continued cooperation in research and operation in scaling up hydrological modeling as a
service concept.
Further, no post-processing like bias correction of the forecasted streamflow was considered, which could be implemented in future studies with the partner countries. We hope
that the verification work reported in this paper stimulates further interest in hydrologic
modeling on a regional scale and transferring the results to the local level where flood
impacts are most visible and consequential. The demand for model-based forecasts to
inform early warning services is growing rapidly. The proliferation of modeling solutions
can be confusing to end users not knowing which system fit their decision context in the
absence of comprehensive evaluation information. Our work emphasizes the need to assess
the performance and quality of forecasts not only in measurement space using metrics, but
also in the probability space to quantify uncertainties for better decision-making. It is also
hoped that the results and our interpretation provide enough evidence to deepen trust and
confidence in the SERVIR flood forecasting systems as decision support tools and to integrate within the existing scheme of operational guidance systems. The ultimate integrated
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FEWS system will increase the lead time from what is presently 2–3 days to 10–15 days
for riverine flood, and at least out to 48–54 h ahead of an extreme convection-driven flash
flooding.
In conclusion, the hydrological modeling systems that guide the riverine and flash flood
forecasting and early warning tools, i.e., GloFAS-SPT and HIWAT-SPT, have the potential
to enhance better decision-making for prevention and preparedness against flood disasters.
The model performance and forecast quality vary over the forecast horizon defined by the
respective modeling system capability. However, usable predictions still have adequate
lead time to warn impact constituencies of impending floods and take appropriate action.
We can confidently state here that the two systems are a major improvement over the current state of forecasts and warnings currently produced by national hydrological service
agencies in terms of lead time. The limits of predictability taken as the period ahead of
the forecast issuance time are 10 days for GloFAS-SPT and 48 h (2 days) in the case of
HIWAT-SPT.
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