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7  Abstract:

8 Increased rainfall extremes cause severe urban flooding in cities with adverse socio-economic

9 consequences, and Kathmandu city is no exception. Rainfall events are projected to become
10 more intense and frequent in a warm and wet future, and they pose a major challenge to the
11 sustainable development of Kathmandu city. This paper analyses historical extreme rainfall
12 patterns across the city and uses these as the basis for future projections in combination with
13  a range of General Circulation Models. Future projections of extreme rainfall are then fed
14  into the numerical flood model HAIL-CAESAR (Lisflood), using a high-resolution digital
15  elevation model of Kathmandu. We show that rainfall intensity, such as the 24-hour maximum
16  rainfall (RX1day), is projected to increase by up to 72% in the future, and the historical 100-
17  year return period rainfall will become a 20 or 25-year return period rainfall. The flood
18  modelling results show that the future flood hazard (magnitude and extent) will increase. The
19  historical 100-year return period flood discharge will correspond to a 25-year return period
20  future flood. A 100-year period flood discharge is likely to increase up to 72% (37% median)
21  inthe future. Area of land inundated by more than 1 min a 100-year return period flood event
22 couldincrease from 11.7 km? to 23 km? in the future. Furthermore, the location and timing of
23 rainfall maxima affect the peak, timing, and location of flood hazards. This analysis can serve
24 as a scientific basis to assess future flood-induced risk in Kathmandu in response to climate
25  change.
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27 1 |Introduction

28 Urban flood risk management is integral to climate-resilient urban development as more people are
29 predicted to live in urban areas (IPCC, 2022). Climate-related extremes are projected to be more
30 frequent and intense with temperature rise (AghaKouchak et al., 2020; Alfieri et al., 2017). The
31 increasing trend of heavy precipitation events has already resulted in recurrent and severe urban
32 floodingin cities across the globe (Dodman et al., 2022). Climate change is expected to exacerbate this
33 condition further. It is estimated that without adaptation, direct flood damages are projected to
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increase by 1.4 to 2 times at a 2°C global temperature rise compared to a 1.5°C temperature rise (IPCC,
2022).

Nepal is one of the countries most vulnerable to river flood hazards in the world (Alfieri et al., 2017).
In the last decade, intense rainfall and consequent floods have caused displacement of people,
infrastructure damages and disruption of urban services (Ojha, 2021; Ojha and Dhungana, 2021;
Uprety, 2019). Examples of these increasing urban flood risks include the major flood events in July
2014, August 2018, July 2019 and September 2021. As agricultural land is rapidly converted into urban
settlements in Kathmandu (Lamichhane and Shakya, 2019; Shrestha and Acharya, 2021), the increase
in flood-plain urbanisation, river encroachment, and channelisation of the existing river and tributaries
will increase exposure and vulnerability of urban infrastructure and settlements to flood hazards.

Future cities need to be prepared for the evolving risks associated with flood hazards in the context
of the changing climate, and meaningful quantification of future flood risks is required to inform the
risk-sensitive design of tomorrow’s cities (Cremen et al., 2022). Climate-resilient design also means
addressing the uncertainty related to climate change and variability, which the current regime of
infrastructure design processes lacks because of its inherent assumption that the future will look like
the present (Brown et al., 2020).

However, quantifying the impact of climate change on flood hazards is challenging (Brunner et al.,
2021). Global Climate Models (GCMs) are used to force the hydrological simulation required to
estimate future flood projections. However, there is uncertainty associated with estimating and
projecting precipitation extremes. Some limitations of climate models include spatial resolution
(coarser resolution) (Fowler et al.,, 2007; Teutschbein and Seibert, 2012), hydrologic process
representation (Clark et al., 2015), sub-grid parameterisation (Yin et al., 2023), and model initialisation
(Richter et al., 2020). These limitations lead to biases in GCMs results. Therefore, using climate models
in a local context requires data processing such as statistical downscaling and bias correction (Fowler
et al.,, 2007; Hakala et al., 2019; Teutschbein and Seibert, 2012). The wide spread of predictions in
GCMs is a major source of uncertainty in climate impact studies compared to other sources of
uncertainties such as parametric or hydrological model structure uncertainties (Finger et al., 2012;
Minville et al., 2008). It is thus necessary to incorporate the uncertainties associated with GCMs into
future flood hazard and risk analysis. Uncertainties can be incorporated into the analysis using a
selection of plausible representative climate futures (e.g., Whetton et al., 2012) or an envelope-based
approach (e.g. Lutz et al., 2016). Following the envelope-based approach of Lutz et al. (2016), GCMs
are selected based on their future projections of average climatic changes, modifications in climate
extremes, and their ability to simulate past climate accurately. The method encompasses a wide range
of possible changes in precipitation and temperature in the future and categorises them into four
futures: cold-wet, cold-dry, warm-wet and warm-dry conditions. This provides a basis for evaluating
vulnerabilities of a water system (such as flood protection or irrigation) in the given conditions and
quantifies the uncertainty range required for decision making.

To effectively assess climate risks, a context-based, bottom-up approach is necessary (Mendoza et al.,
2018; Ray and Brown, 2015). It begins by analysing the climate conditions that lead to high-impact
vulnerabilities or hazards. The envelope approach, using selected GCMs, provides the necessary
climate conditions for assessing potential future flood hazards. The Tomorrow's Cities Decision
Support Environment (TCDSE) recognises the importance of simulating multiple-hazard scenarios and
their consequences as a key element in preparing for future risks (Galasso et al., 2021; Cremen et al.,
2023). Jenkins et al. (2023) under TCDSE has implemented the “Multi-hazard modelling”, with
simulations of flood, earthquake, and debris flow scenarios, in assisting with the identification of
developing urban regions that are vulnerable to potential multi-hazard events. The methodology
adopted in this study aligns with the process of estimating future flood risks associated with different
scenarios and incorporating these into the climate-resilient design of urban spaces in Kathmandu, as
described in Cremen et al. (2022).
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Our approach starts with the diagnostic analysis of high-impact historical extreme precipitation and
flood events to analyse the climate drivers, extreme precipitation indices and patterns of urban
flooding in the Kathmandu basin. This specific context-based information is then used to bias correct
and downscale the GCM projections of the extreme precipitation (RX1Day, One-day Maximum
Rainfall) to the required spatial and temporal scale required for flood modelling in the Kathmandu
valley. To align the concept of climate change driven future precipitation events with the traditional
engineering approach for categorising flood events, we express the rainfall and floods in terms of their
probabilities or return period. The rationale and motivations of the methodology used in this paper
are based on the realisation that the future climate will differ from the past, but the information and
knowledge of the historical high-impact extreme precipitation and flood events are useful in
addressing some of the limitations of future climate projections. Thus, the main objective of the paper
is to analyse and use the temporal and spatial variations of high-impact precipitation events of the
past to define the extreme precipitation under climate change and then assess future flood-induced
impacts in Kathmandu. This paper presents a workflow for assessing future flood hazards that
integrates various established approaches such as GCM selection, spatial analysis of rainfall, non-
stationary rainfall frequency analysis, spatial disaggregation of rainfall based on historical extreme
event and hydrodynamic modelling. To overcome the lack of observed sub-daily precipitation data,
we combine the historical observed spatially distributed rainfall data with the temporal distribution
of satellite-based rainfall data to obtain a spatially and temporally disaggregated extreme rainfall
event.

2 Study area

Kathmandu valley is the upstream catchment of the Bagmati Basin, which extends between 85°11’' E
to 85°31’ E longitude and 27°35’ N to 27°49’ N latitude in the Bagmati province in central Nepal (Figure
1). The catchment area of Kathmandu valley at Khokana, the focal area of this study, is approximately
654 km?. The elevation of the catchment ranges from 1119 m to about 2714 m above mean sea level.
The Bagmati River originates in the northern Shivapuri hills of Kathmandu and flows southwest until
it is joined by the Manohara River flowing from the east (Figure 1). Then after travelling about 5.6 km
in a westerly direction, the Bagmati River turns towards the south, where it is joined by another major
tributary, the Bishnumati River, and it continues flowing south to where it leaves the Kathmandu
valley. Other tributaries like the Hanumante, the Dhobi Khola, the Tukucha, the Balkhu, and the Nakhu
rivers join the Bagmati along its path through Kathmandu. The Kathmandu Valley has a sub-tropical
climate. The monthly average minimum temperature is about 3.4 °C while the monthly average
maximum temperature is about 29.8°C (Lamichhane and Shakya, 2019). The precipitation regime is
governed by the Indian Summer Monsoon (ISM), and the westerlies dominate the winter months
(Nayava, 1980). The nature and behaviour of the summer monsoon and westerlies in Nepal are
discussed by Kansakar et al. (2004) and Nayava (1980). The average annual precipitation is
approximately 1660 mm with a standard deviation of 243 mm (computed from the observations from
1976 to 2016). Roughly 80 percent of the rainfall occurs during the monsoon months from June to
September. Extreme events are related to the strength of the monsoon, and they commonly occur in
the monsoon period, mostly in July and August (Pokharel and Hallett, 2015). The average annual flow
of the Bagmati River at Khokana is approximately 16 m3/s. In the monsoon months, the average flow
is about 36 m3/s, while in the winter months (December — February), the flow is only about 4.3 m3/s.
It reaches its lowest in April, with an average of only 3 m3/s (computed from observations from 1992
- 2015). Based on the land-use and land-cover data of 2018, the agricultural land, forest and built-up
area covered about 42%, 34% and 23% of the Kathmandu Valley, respectively (Lamichhane and
Shakya, 2019). Historically, the highest recorded 24-hour rainfall at the catchment scale was about
178 mm in July 2002, which generated a peak flood discharge of approximately 942 m3/s in the
Bagmati River at Khokana.
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Figure 1: Topographic map of the Kathmandu Valley, including the river network and flow direction of
the Bagmati River and its main tributaries, and the location of all rainfall stations in the region and the
hydrological gauging station at Khokana to the south-west of the catchment. The location of the
Kathmandu Valley within Nepal is shown in the top right insert.

3 Material and methods
The overall workflow followed in this study is presented in Figure 2. Components are described in the
following sections.
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Figure 2: Flowchart with the methodology adopted in this study
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3.1 Data collection and pre-processing

3.1.1 Observed data

Observed rainfall data from 23 stations and discharge data from the Khokana gauging station were
collected from the Department of Hydrology and Meteorology (DHM), Nepal (Figure 1). Data quality
was checked manually for missing data and any anomalies. 13 rainfall stations with data available for
more than 20 years out of 30 years (1976 — 2005) were checked for homogeneity using the standard
normal homogeneity test on annual precipitation. Only one station (index 1015) was found to be non-
homogenous, with a possible detection of change in 1979. For this reason, the data from this station
before 1979 was omitted. Data were checked manually for the remaining 10 stations, where data were
available for less than 10 to 20 years and were found consistent. Missing rainfall data were filled using
the inverse distance weighting method (IDW) spatial interpolation at a daily scale with a power factor
of 2. Available records of sub-daily rainfall data are limited in length and inconsistent and, therefore,
discarded in the rainfall analysis. Instantaneous maximum and daily mean discharge data at the
Khokana gauging station were available from 1992 to 2015. Annual maximum instantaneous discharge
at Khokana and corresponding 24-hour catchment rainfall in Kathmandu are presented in Table 1.

Global precipitation measurement (GPM) - Integrated Multi-satellitE Retrievals for GPM (IMERG) data
-final rainfall estimate product (Huffman et al., 2019), with half hourly temporal resolution and 0.1° x
0.1° spatial resolution, were used in addition to the ground observation data for temporal
disaggregation of the daily observed data. Available sub-daily discharge records for September 2021
have been used to calibrate the hydrodynamic model and the flood model was validated against the
historical RX1day flood event in July 2002. Historical 25-year and 100-year return period floods were
used as the base events for flood hazard modelling and were compared with future floods.

Table 1: Maximum instantaneous discharge at Khokana, corresponding catchment rainfall and RX1day
maximum rainfall in Kathmandu

Instantaneous Catchment RX1 day in 'mm’ (Date
Year Flood Date Discharge (m3/sec) | rainfall (mm) | of occurrence)

1992 | 20-07-1992 113.00 38.90 39.1 (24-07-1992)
1993 | 20-07-1993 938.00 63.80 65.3 (22-07-1993)
1994 | 07-08-1994 533.00 56.70 69.3 (17-06-1994)
1995 | 18-07-1995 393.00 64.00 66 (13-06-1995)

1996 | 14-07-1996 328.00 64.80 64.8 (14-07-1996)
1997 | 18-08-1997 493.00 39.60 73.2 (01-07-1997)
1998 | 09-07-1998 649.00 71.80 71.8 (08-07-1998)
1999 | 03-07-1999 421.00 85.90 85.9 (03-07-1999)
2000 | 08-08-2000 519.00 67.20 67.2 (08-08-2000)
2001 | 13-08-2001 275.00 36.50 36.6 (20-07-2001)

22/23-07-

2002 | 2002 942.00 178.30 178.3 (23-07-2002)
2003 | 31-07-2003 421.00 84.20 84.2 (31-07-2003)
2004 | 09-07-2004 268.00 79.10 79.1 (09-07-2004)
2005 | 07-08-2005 226.00 56.00 56 (07-08-2005)

2006 | 19-07-2006 191.00 35.70 37.2 (09-09-2006)
2007 | 05-09-2007 424.00 68.10 68.1 (05-09-2007)
2008 | 03-08-2008 135.00 35.50 35.5 (03-08-2008)
2009 | 27-07-2009 375.00 48.70 52.1 (28-07-2009)
2010 | 07-09-2010 354.00 52.70 52.7 (07-09-2010)
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2011 | 01-07-2011 480.00 60.80 60.8 (01-07-2011)
2012 | 03-08-2012 173.00 39.20 39.4 (24-06-2012)
2013 | 22-07-2013 130.00 44.00 44 (22-07-2013)

2014 | 14-08-2014 176.00 41.10 47.1 (15-10-2014)
2015 | 17-08-2015 364.00 50.70 50.7 (17-08-2015)

Note:

* Rainfall data recorded at collected at 8:00 am, which is accumulated value of last 24 hours.
Flood gauge heights are collected at 8:00am, 12:00am and 4:00am. Therefore, flood data can
have overlap of the rainfall from the given day and the previous day. So, catchment rainfall
value represent maximum value in those days.

¢ Highlighted cells show that highest flow in given year is from RX1day rainfall.

3.1.2 Future climate data

Future rainfall projections were obtained from the Coupled Model Intercomparison Project 5 (CMIP5)
General Circulation Models (GCMs) that are used in Nepal’s National Adaptation Plan (MoFE, 2019).
These GCM projections have been used previously in Nepal for vulnerability and risk assessment and
for identifying the adaptation options in the water resources and energy sector (MoFE, 2021). It is to
be noted that CMIP6 GCMs were still in the development phase, and limited CMIP6 GCMs were
available when MoFE (2019) was prepared.

Nepal’s National Adaptation Plan (NAP) considered CMIP5 GCMs in the spectrum of the projected
temperature changes vs precipitation changes for each RCP 4.5 and RCP 8.5 scenario independently.
MoFE (2019) considered a pool of 105 GCMs for RCP4.5 and 77 for RCP8.5 for the model selection.
This pool has multiple ensemble members (variants) from each model. The selection of the GCMs in
MoFE (2019), based on the approach by Lutz et al. (2016), followed three main steps:

The first step is the selection of 20 GCMs out of an available pool of CMIP5 GCMs based on their
projections for changes in average temperature and precipitation for the future period of 2036-2065.
The 10™ and 90 percentile values of these changes were marked as the ‘cold’ and the ‘warm’
conditions for the projected temperature, and the ‘dry’ and ‘wet’ conditions for precipitation,
respectively. The spectrum is divided into four conditions, namely cold-wet (CW), cold-dry (CD), warm-
wet (WW) and warm-dry (WD). For instance, the warm-wet condition represents the 90'" percentile
of temperature change and the 90" percentile of precipitation change. Five GCMs were selected in
each condition based on their proximity to those percentile values.

The second step is to filter 5 GCMs in each condition selected from the first step based on projected
changes in extreme values of precipitation and temperature. MoFE (2019) used the Expert Team on
Climate Change Detection and Indices (ETCCDI) indices R95pTOT (very wet days precipitation) and
consecutive dry days (CDD) for precipitation, and the indices warm spell duration index (WSDI) and
cold spell duration index (CSDI) for temperature. The two GCMs with the highest projected changes
for those indices were selected in each condition.

The final step is the selection of one GCM for each condition based on the fidelity of the GCMs to
represent the historical climate. MoFE (2019) accounted for the biases in monsoon, winter, and annual
precipitation and temperature in GCMs compared to the observed precipitation and temperature for
the historical period. Basing the selection of GCMs solely on changes in temperature and precipitation
in the first step or on extreme indices in the second step may exclude GCMs with better performance
in representing historical climate. Despite this limitation, for this study, we are relying on GCMs from
MoFE (2019) to align with the national context of the NAP process. Please refer to MoFE (2019) and
Lutz et al. (2016) for details on the model selection.
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These steps were carried out for two possible trajectories (representative concentration pathway —
RCP) of greenhouse gas concentration based on future emissions, namely RCP 4.5 and RCP 8.5
scenarios. RCP 4.5 scenario is the medium emission scenario, while RCP 8.5 represents the high
emission scenario (van Vuuren et al., 2011). Selected GCMs are listed in Table 2. Projected changes
were analysed for the three future periods; near-future (2016-2045), mid-future (2046-2075) and far-
future (2076-2100). It is to be noted that the historical or baseline period is from 1976 to 2005.
Historical runs for CMIP5 GCMs are up to 2005; therefore, we chose data up to 2005 as the baseline
period. Data from the GCM grid cell corresponding to the location of Kathmandu were extracted using
the nearest neighbour algorithm. Since we selected the models shown in Table 2 from MoFE (2019),
we didn’t focus on the biases introduced by the choice of models selected or examine the sensitivity
of the choice of ensemble members of the GCM model.

Table 2: Selected General Circulation Models (GCMs) based on the National Adaptation Plan for Nepal,
MoFE (2019).

Conditions Name of GCM

RCP 4.5 Scenario

Cold-Wet (CW) BCC-CSM1_1 rlilpl
Cold-Dry (CD) GFDL-ESM2M _rlilpl
Warm-Wet (WW) CanESM2_r2ilpl
Warm-Dry (WD) MIROC-ESM-CHEM_r1ilp1
RCP 8.5 Scenario

Cold-Wet (CW) BCC-CSM1_1 rlilpl
Cold-Dry (CD) GFDL-ESM2M_rlilpl
Warm-Wet (WW) CanESM2_r5ilpl
Warm-Dry (WD) MIROC-ESM-CHEM _r1ilp1

3.2 Precipitation-based extreme indices and 24-hour maximum rainfall

Attributes of the climatic extremes, such as frequency and magnitude, can be described with indices
identified by the Expert Team on Climate Change Detection and Indices (ETCCDI) (Tank et al., 2009).
These indices are widely used to study the global or local changes in future climatic extremes, like in
Sillmann et al. (2013a, 2013b). In this study, a set of 9 precipitation related ETCCDI extreme indices,
listed in Table 3, were analysed to quantify changes in future extreme precipitation for the Kathmandu
valley.

Table 3: Precipitation extreme indices used in this study.

Name of Index Description Computational method

Annual maximum Most intense Let RR; be the daily precipitation amount on
1-day (or 24 hour)  rainfall event in 1 day (or 24 the day i in period j. Then maximum 1-day
precipitation hours) for a given year values for period j are RX1day; = max(RRj)

(RX1day) (mm)
Annual maximum Most intense rainfall eventin 5 Let RRy; be the precipitation amount for a 5-
consecutive 5-day  consecutive days for a given day interval ending k in period j. Then

Precipitation year maximum 5-day values for period j are
(RX5day) (mm) RX5day; = max(RRyj)

Heavy rainfall days  Annual count of days when LetRRjbe the daily precipitation amount on
(R10mm) (days) precipitation > 10 mm the day i in period j. Count the number of

days where RR; > 10mm
Very heavy rainfall  Annual count of days when Let RR; be the daily precipitation amount
days (R20mm) precipitation > 20 mm on day i in period j. Count the number of
(days) days where RR; > 20mm
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Consecutive dry
days (CDD) (days)

Consecutive wet
days (CWD)
(days)

Very wet day
precipitation
(R95pToT) (mm)

Annual total wet
day precipitation
(PRCPTOT) (mm)

Simple
precipitation
intensity index
(SDI) (mm / day)

Maximum number of
consecutive days with daily
precipitation (RR) less than 1
mm

Maximum number of
consecutive days with daily
precipitation 21 mm

Annual total precipitation
when RR > 95 percentile of
reference period

Total wet-day precipitation

Simple daily intensity

Let RR; be the daily precipitation amount on

day i in period j. Count the largest number

of consecutive days

where RRj < Imm

Let RR; be the daily precipitation amount on

day iin period j. Count the

largest number of consecutive days where

RRj=1mm

Let RRy; be the daily precipitation amount

onawetdayw (RR2=1.0 mm)in period jand

let RRw,95 be the 95% percentile of

precipitation on wet days in the reference

period. If W represents the

number of wet days in the period, then

R95pToT; = Yw_; RR,,;j where RRy; > RRwn95

Let RR; be the daily precipitation amount on

the day i in period j. If | represents the

number of days in j, then PRCPTOT; =
i1 RR;;

Let RRy; be the daily precipitation amount

on wet days, RR >= 1 mm in period j. If W

represents number of wet days in j, then:

SDIl; = (Xw=1 RRyj)/W

These indices represent different climate conditions that influence catchment runoff in terms of water
availability and extreme events. The 24-hour maximum rainfall (RX1day) and or the 5-day maximum
rainfall event (RX5day) represent climate conditions that can trigger floods and landslides (Pandey et
al.,, 2021). Highly wet conditions are also indicated by very wet day precipitation (R95pToT).
Consecutive high days (CDD) are linked to dry spells of low water availability or droughts. On the other
hand, consecutive wet days (CWD) refer to increased wet conditions. Intense rainfall days (R10mm
and R20mm) are related to the frequency of the rainfall and thus can cause high flows in the
catchment. We note here that within Kathmandu, floods are triggered by rainfall events. In this study,
24-hour maximum rainfall (RX1day) was assessed to have a direct relationship with flood events (Table
1). Basnyat et al. (2020) showed a linear relationship between the RX1day rainfall and flood discharge
at Pandherodovan in the Bagmati catchment, while Pandey et al. (2021) also showed a strong link
between RX1day and high flows in a similar rainfed catchment in Nepal, the East Rapti.

3.3 Spatial distribution of historical rainfall extremes and floods

The spatial distribution of extreme rainfall is important as it affects local flood hydrographs and
inundation (Wilson et al., 1979; Zoccatelli et al., 2011). Observed daily rainfall values were interpolated
using inverse distance weighting (IDW) with a power parameter of 2 over a 1 km x 1 km grid of
Kathmandu. To investigate the spatial distribution of rainfall, we selected rainfall events for the ten
highest 24-hour maximum rainfall events (RX1day) in the historic record and the three events that
generated the highest discharge at the Khokana gauging station. We normalised the rainfall values
across the IDW interpolated grid to present them on a scale of 0 to 1 to compare spatial rainfall
patterns across different events. The rainfall patterns were then analysed to identify the area of
rainfall maxima during the event and the rainfall gradients across the catchment. The rainfall value
was normalised by dividing its difference by the minimum value across the grid cells by the difference
between the maximum and the minimum values across the grid cells.



247
248
249
250
251

252

253
254
255
256
257
258
259
260
261

262
263
264
265
266

267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283

284
285
286
287

288

3.4 Bias correction — Distribution Mapping

Biases in rainfall magnitude in GCMs during the historical period observation were corrected using the
empirical quantile mapping method, a technique of mapping the probability distribution of rainfall of
GCMs with the probability distribution of the observed rainfall. Details of this procedure are described
in Gudmundsson et al. (2012). The procedure is given by the following relationship:

corr I obs Model Model
Xfuture,t = nverse eCdf reference (eCdfreference(Xfuture,t )'

where ecdf is the empirical cumulative distribution function (CDF) for the reference time period,

Xpioae, o is the raw GCM at time t in the future, ecdf s foromce is the empirical cumulative distribution

function of the GCM for the reference period, and inverse ecdf ;’gjaerence is the inverse empirical

cumulative distribution function of the observed rainfall for the reference period. Xf;y,.  is the

corrected estimate ofX}%gfgft. The relationship can be explained with Figure 3 (A), which shows ecdf

for the model and the observation of the historical period. For any given future projection, X}{L‘;gil@,t

in the x-axis, the probability is given by ecdf, s fa%, . (red curve). The bias-corrected value, X£J7 . ;

is the value on the x-axis corresponding to the same probability on the reference ecdf %’Iference black
curve.

For this study, we used the complete dataset of observations and GCM hindcast for the reference
period of 1976-2005 to create the empirical cumulative distribution function (ecdf), defined for each
month. Another variant called quantile delta mapping (QDM) was implemented along with quantile
mapping. Quantile delta mapping preserves model-projected relative changes in the quantiles
(Cannon et al., 2015). Details on QDM are described in Cannon et al. (2015).

Distribution mapping using empirical relationships works well for the normal range of rainfall values.
But for extreme values or future projected values beyond the range of the observed values in the
baseline period, extrapolation techniques like linear scaling based on upper quantiles are used. These
can cause inflation issues, which are discussed in Cannon et al. (2015) and Maraun (2013). To reduce
this inflation, distribution mapping was done with the theoretical distribution rather than the
empirical distribution for the extreme values. Generalized Pareto Distribution (GPD) is commonly used
as a theoretical distribution to model extreme values above a high threshold (Coles, 2001; Tank et al.,
2009). Firstly, we computed the 99* percentile values for both observation and hindcast GCM for the
reference period of 1976-2005. Then, we selected data points greater than the 99" percentile value
for observations and GCM hindcast. Note that these threshold values are different for observation
and hindcast. We considered the whole reference period of 1976-2005 without monthly breakdown.
We fitted the theoretical GPD using Maximum Likelihood Estimation (MLE) and derived GPD based
CDF for each of the observation and GCM hindcast datasets for the reference period of 1976-2005.
Lastly, using this, we performed quantile mapping for the projected GCM data greater than the 99t
percentile value of the hindcast (reference period) dataset. GPD curves for RCP 8.5 scenario for the
warm wet condition are shown in Figure 3 (B). Note that, on rare occasions, linear scaling was still
needed to adjust the values even when GPD based mapping was used.

An additional correction known as the “frequency adaption” was needed if the frequency of dry days
in the reference period GCM data was greater than the frequency of dry days in the observed data
(ThemeRl et al., 2012). In this study, corrections were made for the extra dry days to prevent the
artificial introduction of wet biases if any dry day is mapped as a wet day. Only the fraction,

_ eCdfrIZ]?gfelnce (0) - eCdfroeI}Serence (0)

0= ecdfMOdel (0)

reference
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Figure 3: (A) Empirical cumulative distribution and (B) Generalized Pareto Distribution used for
distribution mapping for RCP 8.5 warm wet condition.

3.5 Spatial and temporal disaggregation of future extreme values

Spatial disaggregation of the rainfall for the extreme values was based on the historical spatial
distribution of rainfall events that generated the highest flood at Khokana. This rainfall pattern
corresponded to the rainfall pattern on 22 July 2002 (Figure 8). In the formal DHM data record, the
event is recorded as occurring on 23 July 2002 because the rainfall recorded at 8:45 am each morning
refers to the accumulated rainfall of the preceding 24 hours. In the rainfall pattern of 22 July 2002, the
rainfall maxima are located at the south and west of the Kathmandu valley (Figure 8), with over 160
mm of rainfall across most of the Kathmandu Valley catchment area.

Temporal disaggregation of the 24-hour rainfall was carried out using the temporal sub-daily pattern
of the GPM IMERG product (Huffman et al., 2019). Temporal disaggregation of rainfall is essential
because the catchment time of concentration at Khokana is approximately 6 hours based on
estimations using Kirpich’s equation (Kirpich, 1940). Therefore, daily rainfall is insufficient to model
flood propagation through the catchment accurately. Automatic weather stations in the Kathmandu
valley are sparse. They have only been installed in recent years, so it was not possible to adequately
represent the sub-daily temporal resolution using observed data only. The temporal resolution of GPM
IMERG was used to overcome this deficit because of its half-hourly resolution. Relative to the spacing
of rainfall stations, the GPM IMERG spatial resolution, which is approximately 10 km x 10 km, is still
low. However, the temporal rainfall pattern of GPM can be transferred to the station scale (from grid
to station) using the following scaling approach.

Extreme rainfall values corresponding to different return periods were computed using non-stationary
frequency analysis at the catchment scale, described in Section 3.6. Spatial and temporal
disaggregation for a given return period event was achieved simultaneously in the following steps: (a)
Observed rainfall on 22 July 2002 for each of the stations was first divided by the catchment average
rainfall for the same date and multiplied by the rainfall value of the given return period. This approach
linearly scales observed rainfall on 22 July 2002 to the rainfall value of the given return period. (b)
GPM IMERG sub-daily precipitation was aggregated to a daily scale after extracting the rainfall values
for each observation station using the nearest neighbour algorithm. (c) A scaling factor was computed
as the ratio of observed rainfall values for each station to a daily GPM IMERG rainfall value. (d) The
scaling factor was then multiplied by sub-daily GPM IMERG to obtain the scaled sub-daily precipitation
corresponding to the given return period.
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3.6 Rainfall frequency analysis

Stationary rainfall frequency analysis is conventionally used for quantifying the rainfall value
associated with a given probability. For water resources development, this poses a challenge because
the fundamental assumption of stationarity in the climate system is questionable when climate
change is considered (Milly et al., 2008). As warming continues, precipitation extremes are observed
to be on the rise globally, and future projections of GCMs predict an increase globally and in the South
Asian region (Sillmann et al., 2013b). To incorporate these time-variant processes, the frequency
analysis used non-stationary models that allow probability distribution functions (pdfs) of time-
dependent and non-stationary extreme rainfall (Coles, 2001).

In this study, for non-stationary rainfall frequency, the approach described in Coles (2001) and Wi et
al. (2016) was used. Non-stationary analysis has been recommended for climate change conditions by
the Committee on Adaptation to a Changing Climate (2018). A Mann-Kendall trend test was carried
out to test the time series trend. For the future data period of 2006-2100, a non-stationary process
was adopted. For the historical observations from 1976-2005, the trend was not significant, and the
stationary frequency analysis was deemed sufficient.

Generalized extreme value (GEV) distribution for the annual maximum series of RX1day rainfall was
used in the study (block maxima approach) (Chow et al., 1988). GEV distribution is commonly used for
non-stationary frequency analysis of annual maxima for rainfall, as in Wi et al. (2016) and Ragno et al.
(2018). The GEV distribution function, as defined in Coles (2001), is given by:

G(z) = exp {— [1 + ¢ (?)]_%} , .....Equation 1

where u, o and € are location, scale and shape parameters, respectively. Here, the parameters satisfy
—0o< u< 00,0>0and -0 < &< o Ifé - 0, itleads to Gumbel distribution which is given by:

G(z) = exp {—exp [— (%)]} , ......Equation 2

and the T- year return level value (X7) for extreme rainfall is estimated as,

Xr=pu+ % [1 - {— log (1 - %)} g] , -....EQuation 3
The key assumption of GEV is that the extreme values are independent and identically distributed.
Any presence of a trend violates this assumption (Wi et al., 2016). In this regard, the non-stationary
case is introduced by considering the parameters of GEV as a function of time. Generally, the location
and scale parameters are taken as a function of time (Committee on Adaptation to a Changing Climate,
2018; Wi et al., 2016). In this study, four cases were considered, shown in Table 4.

Table 4: Specification of parameters used in the generalized extreme value distribution (GEV).

Case Description Notation used
A Location parameter is function of time for 2006-2100. NS-GEV-M1
Distribution is given by:
GEV (u(¢),0,8)
@) = Bo+ P1 Xt
where, o and 3, are parameters.
B Location and scale parameters are function of time for 2006- NS-GEV-M2
2100. Distribution is given by:
GEV (u(t),a(6),€)
(@) = Po+ P1 Xt
o(t)= Cy+ C; Xt
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where, , and ;1 and Cy and C;are parameters.

C Parameters are constant in time during 2006 — 2100 S-GEV
D Parameters are constant in time during given time period (near S-GEV (near-future NF
future, mid future and far future) or mid-future MF or far-
future FF)

Note: NS and S represent non-stationary and stationary approaches, respectively. GEV represent
Generalized extreme value.

In the RCP 8.5 warm-wet case, the non-stationary (NS) Gumbel distribution was used instead of NS
GEV M1 because of issues related to the shape parameter, described in section 4 below. The
parameters of stationary and non-stationary distributions for a given sample N (N = 30 for the
historical period 1976-2005, and N = 95 for the future period 2006-2100) were estimated by the
maximum likelihood estimation (MLE) approach as described in Coles (2001) and Wi et al. (2016).
Location and shape parameters were estimated using MLE as a linear function of time in the non-
stationary case, and the values of estimated parameters were compared considering changes in
sample number and time frame. So, for the future period 2006-2100 (95 years), we used two
approaches — one with the moving window where the number of samples is fixed (N = 30) and the
other with the incremental window (where the number of samples increases, starting from N= 30 to
N=95, as we move into the future by one year at a time). The advantage of using the MLE method is
that it allows estimation of the confidence intervals of the distribution quantiles. This is possible due
to the asymptotic normality of the ML parameter estimator; the maximum likelihood estimator will
have an approximately normal distribution as the sample size gets sufficiently large (Wi et al., 2016).
Parameters were estimated using the R programming environment with the ismev library (Stephenson
et al., 2018).

3.7 Flood-hazard analysis under extreme rainfall

To explore flood propagation through the Kathmandu Valley for different historical and future
scenarios, the rainfall time series were used as input in the numerical model HAIL-CAESAR (Valters,
2017). The HAIL-CAESAR model is an open-source, high-performance, parallelised C++ implementation
of the Caesar-Lisflood algorithm (Coulthard et al., 2013). It combines the cellular automation
landscape evolution model, Caesar (Coulthard et al., 2002), with the hydrological flow model, Lisflood
(Bates et al., 2010). For this rainfall-driven flood analysis, the landscape evolution component of Hail-
Caesar was disabled. The Lisflood algorithm has been used widely in small and large-scale flood
analysis, including as part of a European-wide flood analysis project (Dottori et al., 2022; Feeney et al.,
2020; Malgwi et al., 2021). Although Lisflood uses a simplified version of the shallow water equations
for flow routing, it has been shown to yield results within 10% accuracy of full shallow water models
while allowing for significant gains in computational time (Neal et al., 2012).

All simulations presented in this study were run using a 10 m Digital Elevation Model (DEM), resampled
from a 2 m resolution DEM derived from tri-stereo Pleiades satellite imagery captured in 2019. The
model mesh size is the same as the DEM cell size. A detailed description of the numerical model and
flow routing algorithms can be found in Bates et al. (2010) and Coulthard et al. (2013). A spatially
varied rainfall time series is applied to each cell in the model domain using the Thiessen polygon
method (Herschy et al., 1998; Thiessen, 1911). Rainfall runoff is generated using an adaptation of the
TOPMODEL (Beven and Kirkby, 1979) and the parameter m, which determines the runoff rate.
Because of the large size of the catchment and the lack of high resolution land-use maps, this study
used a uniform Manning’s coefficient for the whole catchment. The Manning’s coefficient, n and the
TOPMODEL m parameters were calibrated for the September 6% 2021, flood event (Error! Reference
source not found.). This flood event had a maximum local precipitation of 116 mm in 24 hours,
recorded in the northern part of the catchment (Sankhu), and a 24-hour catchment average rainfall of
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56 mm (Error! Reference source not found.). The model performance was evaluated by analyzing the
hydrograph patterns and statistical measures such as Nash-Sutcliffe efficiency (NSE) and the
coefficient of determination (R?). The values of m and n that gave the best results in the calibration
test were 0.003 and 0.03 m*3s?, respectively (Figure 4 and Figure 5). The small m value represents a
flash flood event, where most rainfall contributes to surface runoff.
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Figure 4: Comparison of observed (solid black line) and simulated (dashed lines) stage height (m) at
Khokana gauging station, close to the outlet of the catchment (location shown in Figure 1); (a) shows
simulated stage for model runs with constant Manning’s coefficient, n = 0.04 m*3s*, and variable
TOPMODEL m parameter from 0.002 to 0.004; (b) shows simulated stage height for simulations with
constant m = 0.003, and variable Manning’s coefficient, n.
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Figure 5: Scatter plot diagram showing observed versus simulated height for Bagmati River at Khokana
during a) calibration test (September 2021 event) and b) validation test (July 2002 event). R trend line
given as dashed line.

Figure 6 presents results for the observed and simulated stage height at the Khokana gauging station,
which is close to the outlet of the Kathmandu catchment, for the calibration (6 a) and validation (6 b)
tests, for optimum m and n values. For the calibration test, in the numerical model, the arrival of the
flood wave is delayed by approximately 1 hour, but the peak stage magnitude and shape of the flood
wave are comparable. We note that the simulated hydrograph displays two peaks, following the two
peaks in rainfall intensity, but the observed hydrograph shows a single flood peak. This is likely related
to the use of rainfall data that was only available for 9 out of 17 stations across the catchment and
thus may not be representative of the actual rainfall which occurred during the event. The model was
then validated for the peak historic flood, the event that occurred on July 22™, 2002, using rainfall
data from 17 gauging stations. As seen in Figure 6b, there is good agreement between the observed
and simulated stage heights, although it is possible that the simulated results underestimate the peak
flood which likely occurred between 16:00 on 22/07/2002 and 08:00 on 23/07/2002 but was not
captured by the recorded data.

Following successful validation and calibration, values of m = 0.003 and n = 0.03 m'/3s* were selected
for all further flood model simulations in this study.
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Figure 6: Comparison of simulated and observed stage height (m) at the Khokana gauging station for
(a) the calibration test flood event on 6% September 2021, and (b) the validation test against the flood
on 22" July 2002. In both cases the TOPMODEL m = 0.003, and Manning’s coefficient, n = 0.03 mY3s
!, Hourly catchment average rainfall (mm) is shown as blue histogram bars.

4 Results and discussion

4.1 Relationship between spatio-temporal distribution of rainfall in Kathmandu and

floods

The spatial distribution of rainfall across the Himalayas is strongly influenced by topography
(Bookhagen and Burbank, 2006); this is also the case in the Kathmandu valley. The central valley floor
receives about 1500 mm of annual average rainfall, while the hill slopes receive up to 2400 mm of
rainfall, and, in general, rainfall is concentrated over the northern hills. The annual precipitation
distribution is shown in Figure 7. Spatial heterogeneity of rainfall in Kathmandu occurs due to the
interaction between the monsoon wind and the surrounding hills in Kathmandu. In the monsoon, the
flow of moisture-laden wind enters the valley mainly from the west, southwest and south directions
(Aryal et al., 2008). As it passes the southern hill ridge, rainfall occurs over the southwest flank of the
valley. Once the wind encounters the hills in the north, further orographic enhancement of
precipitation occurs (Anders et al., 2006; Roe, 2005). Intense precipitation can be highly localised
when convective storms are influenced by Himalayan topography (Hobley et al., 2012). Besides,
precipitation extremes during the monsoon season are attributed to the synoptic conditions of low-
pressure systems, mid-level troughs, western disturbances and break monsoon conditions, as
described in Bohlinger et al. (2017) and Richardson (2021). In Kathmandu, low intensity rainfall ranging
from 0.01 mm/hr to 0.25 mm/hr contributes a larger percentage of the total precipitation than higher
intensity rainfall ranging from 4.25 mm/hr to 4.50 mm/hr (Pokharel and Hallett, 2015). However,
higher intensity rainfall is the primary driver of floods.
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Figure 7: Annual rainfall in Kathmandu

The spatial pattern of extreme rainfall differs from the annual rainfall pattern in terms of the location
of maxima. For extreme rainfall events, the rainfall maxima are concentrated in the west and
southwest regions of the valley (Figure 8) because the moisture-laden wind enters from this direction.
In contrast, annual rainfall is concentrated over the northern region (Figure 7). This demonstrates the
difference between high and low intensity rainfall patterns in the region. Figure 8 (A) illustrates the
spatial distribution of the top 5 highest RX1day (catchment average) rainfall events, and (B) shows
rainfall patterns that generated the highest floods recorded at the Khokana gauging station. In both
(A) and (B), the top row shows the actual rainfall, while the bottom row shows the normalised rainfall
at a scale of 0 to 1. Cross-sectional profiles of extreme rainfall events (Figure 9), further illustrate that
higher rainfall intensity occurs in the southwest region compared to the northeast region. Similar
patterns are observed for extreme rainfall distribution that causes floods at Khokana.

The spatial distribution and magnitude of rainfall events that generated floods at Khokana (Figure 8
B) are different from the RX1day events (Figure 8 A), although all conditions presented in Figure 8 are
wet enough to produce high flows. This is due to the difference in travel time of rainfall runoff to
Khokana. We estimated the travel time using Kirpich’s equation (Kirpich, 1940). The approximate
travel time from the northern hills (Sundarijal, the origin of the Bagmati River) to Khokana is estimated
to be approximately 11 hours, while from the southern hills (near the origin of the Nakku tributary), it
is estimated to be about 6 hours. If we consider flood hazards in other areas of the Kathmandu Valley,
the spatial distribution of extreme rainfall becomes even more important in the analysis because of
different times of concentration of the peak flood.

In Figure 8, the spatial patterns of 1978, 1994 and 2000 events are different to the seven rainfall
events. These rainfall patterns, where the highest rainfall occurred in the northern hills, could have
had a higher impact in the areas of the north of Kathmandu compared to Khokana because the severity
of flooding at different locations depends on the rate at which rainfall accumulates, the spatio-
temporal pattern of rainfall, and the travel time. Among all the patterns shown in Figure 8, the spatial
pattern of rainfall that produced the highest flow at Khokana is also the highest RX1day event, so we
chose this pattern for spatial disaggregation of future rainfall events. For the purpose of this study, we
do not examine the sensitivity of future rainfall events to varying spatial patterns.
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West—East direction

Results of the temporal disaggregation of the 2002 RX1day event show that rainfall was particularly
heavy on 22 July 2002 from 00:00 to 12:00, with some stations exceeding 20 mm of rain in an hour
(Figure 10 A). This incessant rainfall caused the peak discharge of 942m3/s at Khokana. The south and
west regions of Kathmandu received higher rainfall than the northern regions during this event. The
daily GPM IMERG precipitation data bears a good correlation (R = 0.96) with the gauged observations
at the daily scale (Figure 10 B). In the study, the performance of the temporal distribution of the GPM-
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IMERG product at a sub-daily scale over Kathmandu or Nepal as a whole has not been evaluated. Since
hourly rainfall data for the Kathmandu valley is scarce, lacks consistency, and is of questionable quality
whenever available, it was not used for the study. Despite the uncertainty associated with the sub-
daily temporal distribution of GPM-IMERG rainfall over Kathmandu, previous studies have shown good
performance of GPM-IMERG products at a daily scale in capturing the patterns of spatial precipitation
extremes in Nepal. Nepal et al. (2021), Sharma et al. (2020) and Talchabhadel et al. (2022) showed
that GPM-IMERG can capture the spatial variability and patterns of precipitation indices over Nepal,
with the constraint that it underestimates the precipitation magnitude. Figure 10 B also shows that
the GPM-IMERG product underestimates rainfall in Kathmandu. A linear scaling was performed to
remove the biases in the estimate of total daily precipitation. However, because the scaling is linear
and applied at the catchment scale, the sub-daily temporal distribution and spatial distribution pattern
remain unchanged. Since the time resolution of the GPM IMERG product is 30 minutes, it is useful to
model the flood response to the rainfall because of the short time of concentration to Khokana.
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Figure 10: GPM precipitation (A) temporal variation of GPM precipitation at 23 stations (shown in
Figure 1) for 22 July 2002 event and red star shows instantaneous flood peak of magnitude 942 m3/sec
(B) Comparison of daily GPM rainfall and observation at catchment scale
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4.2 Bias correction of GCMs

Long-term monthly observed precipitation and hindcast GCM precipitation for the reference period
1976-2005 are shown in Figure 11 A. The selected GCMs, listed in Table 2, show reasonable reliability
to represent the seasonal cycle of the summer South Asian Monsoon. Even though step three in the
GCM selection method aims to ensure minimal bias in the monsoon and winter precipitation and
temperature, some biases were still present. Performance of the empirical quantile mapping (QM)
and quantile delta mapping (QDM) using a split-sample cross-validation approach for the period of
1976-2005 were found to reduce biases. This can be observed in Figure 11 B and C. Figure 11 B shows
an example of monthly precipitation for the CanESM2_r5ilpl model, selected for the warm-wet
condition in the RCP 8.5 scenario before and after bias correction. Figure 11 C compares the biases in
the model before and after bias correction using quantile mapping and quantile delta mapping. Raw
GCM show negative biases more than 50% for the monsoon months. In this case, the quantile delta
mapping reintroduced positive biases of about 90% in the months of January and February, and this
is due to the higher number of dry days in those months. Quantile delta mapping over-fits long-term
average values in the monsoon. Quantile delta mapping, by design, is not meant to adjust the mean
values; instead, it adjusts the biases in the quantiles (Cannon et al., 2015).

Performance of QM and QDM coupled with Generalised Pareto Distribution (GPD) based distribution
mapping were also evaluated to account for inflation in the future period. QM and QDM tend to
exaggerate the projected values due to scale mismatch when downscaling from grid box level to the
local scale (Cannon et al., 2015; Maraun, 2013); when projected values are beyond the range of
historical values (which the cumulative distribution function is derived from), linear scaling based on
the ratio of higher quantile values or other techniques like regression are applied. Thus, QM and QDM
approaches (without GPD) were inflating the projected RX1day values compared to the raw GCM
RX1day values. Figure 12 presents results for RX1day rainfall after quantile mapping. In Figure 12 A,
as a result of the linear scaling, an ensemble member for the RCP 8.5 scenario (light red line), bias-
corrected using quantile mapping, repeatedly estimated more than 300 mm of precipitation (400mm
in some cases). Figure 12 B shows how the inflation of projected RX1day values is reduced for the RCP
8.5 scenario (light red line) when quantile mapping is coupled with Generalized Pareto Distribution
(GPD) based mapping. Comparison of projected changes in RX1day rainfall before and after bias
correction with QM, QDM, QM coupled with GPD, and DQM coupled with GPD are shown in Table 5.
For instance, in the near future, for the RCP 8.5 scenario, the changes in RX1day rainfall average
(ensemble mean of four GCM models for RCP 8.5 scenario) for uncorrected GCM is 15% in contrast to
37% and 41% (Table 5) by quantile mapping and quantile delta mapping, respectively. When
correction was done using quantile mapping and quantile delta mapping followed by GPD, these
values reduced to 6% and 14%, respectively (Table 5). The differences in values between these
different approaches to bias correction demonstrate the uncertainty of bias correction processes.
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Figure 11: (A) Long-term monthly precipitation for reference period 1976-2005 (B) Long-term monthly
precipitation of CanESM2_r5i1p1 model (warm-wet condition) for reference period 1976-2005 before
and after bias correction in validation process against the observation (C) Monthly biases (in
percentage) in precipitation for CanESM2_r5i1p1 model (warm-wet condition) for uncorrected model
and after quantile mapping (QM) and quantile delta mapping (QDM) for reference period 1976-2005
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Figure 12: (A) RX1day rainfall after quantile mapping (QM); (B) RX1day rainfall after quantile mapping
followed by GPD based distribution mapping. Rainfall projections shown for near future (NF), mid
future (MF), and far future (FF) for RCP4.5 and RCP 8.5 scenarios. (Note: Only quantile mapping results

are shown in the figure)
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Table 5: Projected changes in average RX1day precipitation in near (NF), mid (MF), and far (FF) future
using different approaches of bias correction: quantile mapping (QM), quantile delta mapping (QDM)
and Generalised Pareto Distribution (GPD)

Changes in RX1day (%)
. . Bias Bias
Uncorrected Bias Corrected | Bias Corrected Corrected Corrected:

Observed
Scenarios average am QbM QDM + GPD QM + GPD

RX1day

(mm) NF MF FF NF MF FF NF MF  FF NF MF FF | NF MF FF
rcp4.5 cold-dry 8 9 11 |31 19 31 (17 16 22 (9 12 17(8 9 14
rcp4.5 cold-wet 6 27 9 8 48 27 (15 37 21 |20 40 13 |6 33 7
rcp4.5 warm-dry 13 8 18 |30 15 25 |16 14 19 |11 'S5 16 (11 ' 4 16
rcp4.5 warm-wet 16 25 71 |18 32 76 (21 40 78 |4 10 39 5 36
Average 70 11 17 27 |22 28 40 (17 27 35 |11 17 22|6 13 18
rcp8.5 cold-dry 3 17 28 |16 36 55 |4 21 39 - 18 39 18 37
rcp8.5 cold-wet 9 29 47 |18 40 8 |38 47 75 |36 50 92(4 31 72
rcp8.5 warm-dry 12 25 39 |21 38 56 (16 33 43 |7 29 43|7 29 43
rcp8.5 warm-wet 36 33 114 |91 66 139|105 76 [137 |14 15 47|12 14 46
Average 15 26 57 (37 45 84 |41 44 73 |14 28 55| 6 23 50

4.3 Projected changes in future precipitation and precipitation extreme indices

Our analysis shows that precipitation is projected to increase in the future for Kathmandu. All GCMs
project an increase in mid-future and far-future precipitation within a range of 3 to 37%, with an
ensemble mean of 9% in the far future for the RCP 4.5 scenario, and 21% for the RCP 8.5 scenario. The
near future GCMs for warm conditions show a slight decrease in rainfall for RCP 4.5 scenario. In the
RCP 8.5 scenario, precipitation is projected to decrease slightly in the near future, warm-dry condition.
For the wet future scenario, similar projections for other Nepalese river basins have been presented
in various past studies such as Kaini et al. (2021); Pandey et al. (2020); Talchabhadel and Karki (2019).

Precipitation extreme indices in the Kathmandu Valley are also projected to increase in the future.
Future projections for the RX1day precipitation (maximum 24-hour rainfall) are shown in Figure 12
and Table 5. The long-term historical average (from 1976-2005) RX1day value is 70mm which is
projected to increase. Changes in RX1day range from a slight decrease (-1%) to an increase of 72% in
the combined QM and GPD approach (Table 5). The decrease in RX1day for the near-future under the
RCP 4.5 scenario is due to the effect of the bias-correction procedure described in Section 4.2. The
limitation of the quantile mapping approach is that trends are not preserved; therefore, the values of
the bias-corrected variable (as well as the changes compared to the historical data) may be different
from those obtained without bias correction. When QM is coupled with GPD, changes in RX1day
precipitation are about 6% [-1% to 12%)] (Table 5) in the near future for both RCP scenarios. For the
same bias correction approach, in the mid-future RCP 8.5 scenario, there is an increase of 23% [14%
to 31%)] against 13% [4% to 33%] in the RCP 4.5 scenario, and in the far future, RX1day precipitation is
projected to increase by 50% [43% to 72%] in the RCP 8.5 scenario and by 18% [7% to 36%] in the RCP
4.5 scenario. Historically, for the period of 1976-2005, no increasing trend in RX1day was observed.

An increase in precipitation extremes in the future is also evident by the increase in other indices as
shown in Table 6. Indices like very wet days precipitation (R95pTOT), simple precipitation intensity
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(SDI) and very heavy rainfall days (R20mm) are projected to increase in the mid-future and the far
future for both scenarios, similarly to the RX1day and maximum 5-day (RX5day) precipitations. The
increase in total annual precipitation in wet days is 3% to 37% in the future, while SDII could increase
up to 30% in the far-future. The RX5day precipitation is also projected to rise between 20% and 50%
in the RCP 4.5 scenario in the far future. The consecutive wet days index in RCP 4.5 scenario is
projected to decrease by up to 10% in the near future but increase by up to 13 % in the far future.
Similar projected changes in other river basins in Nepal like Karnali, Koshi, and Bagmati are
documented in various studies ( Chapagain et al., 2021; MoFE, 2019; Pandey et al., 2021; Pokharel et
al., 2020; Rajbhandari et al., 2017). The only index which shows no common consensus across
scenarios is the number of consecutive dry days (CDD), which could decrease or increase depending
on the condition and the scenario.

Increases in rainfall variability and extremes in Kathmandu and Nepal are attributed to the Indian
Summer Monsoon because it exerts major control over the overall precipitation regime (Nayava,
1980). Regional topography, i.e., the presence of the Himalaya, Middle mountains and Siwaliks, also
strongly modulates the distribution of precipitation (Anders et al., 2006; Kansakar et al., 2004; Singh
et al., 2019) and controls the localised extreme rainfall (Hobley et al., 2012). Hobley et al. showed that
the localised convective intense rainfall, which caused widespread damage in Ladakh in 2010,
occurred when the moist monsoonal air mixed with the dry Tibetan air. The projected increase in
precipitation and related extremes can be attributed to the enhancement of future thermodynamic
conditions leading to an increase in ISM intensity (Sharmila et al., 2015). Higher temperatures provide
a conducive environment for an increase in the water-holding capacity of the air following the
Clausius-Clapeyron relationship (Trenberth, 2011); higher differential temperature gradients between
adjoining north Indian (including the Himalayas and Tibetan Plateau) and southern plains enhance
physical processes in the region that could lead to an increase in extreme events such a convective
storms (Suman and Maity, 2020).

Table 6: Predicted changes for a range of precipitation-based ETCCDI indices in the future for the
Kathmandu Valley in the RCP 4.5 scenario (top) and RCP 8.5 scenario (bottom). Results shown for cold-
dry, cold-wet, warm-dry and warm-wet conditions.

Changes in RCP 4.5 scenario (%)
Observed
Indices | Unit Near Future (2015-2045) Mid Future (2046-2075) Far Future (2076-2100)

1976- cold- |cold- |warm{warm- |cold- [cold- [warm- (warm-[cold-|cold- |warm- (warm-

2005 dry |[wet |[dry [wet dry [wet [dry wet |dry |wet [dry wet
CDD days 60| 11 -8 21 6 -4 -13 13 -2 2 -19 0 -7
CWD days 56 -2 -5 -10 0 -8 6 -1 10 13 11 6 11
R10mm |days 61 1 9 -7 -9 1 19 6 -4 7 14 3 -4
R20mm |days 22 8 9| -13 -11 2 27 5 5( 15 16 13 3
RO5pTOT[mm 357 25 20 1 22 34 52 23 34| 45 31 33 45
PRCPTOT|mm 1699 2 10 -6 -3 3 21 6 4 11 17 8 5
RX1lday |mm 70 8 6 11 -1 9 33 4 5[ 14 7 16 36
RX5day [mm 161 32 30 14 21 35 45 19 26 42 24 33 45
SDII mm/ day 11 4 1 -2 -2 5 11 4 3 9 6 7 5

Changes in RCP 8.5 scenario (%)

CDD days 60 18 -14 15 -10 5 -27 44 -8 -4 =21 23 6
CWD days 56| 15 5 2 11 1 7 7 14 -12 21 6 33
R10mm |days 61 7 12 -5 -1 4 23 -1 3 5 20 19
R20mm |days 22 18 16| -11 7 17 35 0 12 33 33 52
R95PTOT|mm 357] 37| 8 15 a7|0068
PRCPTOT|mm 1699 8 12 -2 7 37
RX1day [mm 70 -1 4 7 43 46
RX5day |mm 161 30 31 18 48
SDII mm/ day 11 10 4 0 10 29
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4.4 Quantification of rainfall extremes in terms of flood frequency and return periods
The estimates of rainfall for the return period values of 5, 10, 20, 25, 50 and 100 years for the near
future (2016-2045), mid future (2046-2075) and far future (2076-2100) for RCP 4.5 and RCP 8.5
scenarios are shown in Figure 13. Values for a given return period for all future periods are similar,
with slightly higher values for the far future compared to the mid-future and mid-future compared to
the near-future. The slight variation in the results for different future periods is a result of the gentle
slope of the location parameter of the generalized extreme value (GEV) distribution for the period
2006-2100. This is expected because the total time series from 2006 to 2100 was taken for non-
stationary rainfall frequency analysis rather than breaking the period into specific periods. Then the
return period values were estimated using a non-stationary GEV model (modelled period of 2006-
2100) at the mid-point of the near-future, mid-future and far-future. From herein, results are
presented for the mid-future time frame only. The non-stationary GEV model (NS-GEV-M1) results,
where the location parameter is selected as a function of time, are used to quantify the extreme
rainfall magnitudes from the frequency analysis. These results are compared to the non-stationary
GEV model, where the location and shape parameters are a function of time (NS-GEV-M2), and the
stationary model, where all parameters are constant in time (S — GEV). For the mid-future, rainfall
values given by NS-GEV-M1 and NS-GEV-M2 are similar and slightly higher than rainfall from the
stationary model S-GEV, so results from NS-GEV-M1 only are discussed further).
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Figure 13: Rainfall frequency analysis results for different return periods in the near future, mid future
and far future for a range of scenarios. The red line shows the historical GEV return periods, including
the 95% confidence uncertainty band (red shaded region).

The variation of GEV parameters (location, shape and scale) in the future for the RCP 4.5 warm-wet
scenario is illustrated in Figure 14. Figure 13 shows a linear variation of model parameters for NS-GEV-
M1 and NS-GEV-M2 models because they are estimated as a function of time. As explained in section
3.6, we also used a moving window and an incremental window to understand the nature of the
parameters. Wide fluctuations in the parameters can be observed when a moving window timeframe
of 30 years is considered (blue dots), compared to the incremental window approach. This is expected
because of the small sample size (n=30). The nature of data within the 30-year moving window time
frame may also cause these fluctuations. When the sample size is increased, such as in the case of the
incremental window (black dots), these parameters evolve more gradually. Scale and shape
parameters showed inconsistency and fluctuations and were difficult to define (e.g. shown in Figure
14 in RCP 4.5 warm-wet scenario). The stationary model (S-GEV-MF), which considers a shorter time
frame only (e.g. 30 years for mid-future), produces unreasonably high values due to the high
fluctuations in the shape parameter and, therefore, is not shown in Figure 13). Other studies have
also noted the challenge of defining the shape parameter precisely, hence used a constant value (Wi
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et al., 2016; Committee on Adaptation to a Changing Climate, 2018; Coles, (2001)). Therefore, results
from non-stationary NS-GEV-M1 were used for the flood modelling simulations, with the location
parameter selected as a function of time and constant shape and scale parameters. When maximum
likelihood estimates of the best-fitted line for location and shape parameters are taken into account,
the variation of parameters is different because the whole future series from 2006 to 2100 was used
to estimate the parameters.

Figure 14 also shows the variation of probability distribution functions based on NS-GEV-M1 in future
periods and the histogram of the future RX1day precipitation. The shape parameter of GEV for RCP
8.5 WW scenario was estimated to be negative, while for the other scenarios, maximum likelihood
estimates a positive shape parameter. In the RCP 8.5 WW scenario, since the shape parameter is
negative, the upper bound value restricted the value of low probability values (such as the 1 in 100-
year event), providing low estimates of the extreme rainfall. Therefore, the Gumbel method was
adopted for RCP 8.5 warm-wet case even though its estimate is on the lower side compared to other
scenarios. It is to be noted that for warm-wet case, variants of GCM are r2ilpl for RCP 4.5 and r5ilp1l
for RCP 8.5 scenario, whereas for other cases GCMs have rlilp1 variant.
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Figure 14: Variation of generalized extreme value parameters (a) location, (b) scale and (c) shape in
the 2006-2100 time period and GEV curve for the RCP 4.5 warm wet scenario; (d) probability
distribution function of future RX1day precipitation

Historical 100-year and 25-year return period precipitation estimates are approximately 156 mm and
122 mm, respectively, as shown in Figure 15. Historical return period precipitation estimate is shown
by red solid line on the background of red shaded confidence interval band of 95%. The mid-future
100-year return period rainfall magnitude is projected to increase to 177mm (+13%) to 350mm
(+128%), with a median projected value (considering all GCM members) of 246mm (+58%). Likewise,
the mid-future 25-year return period rainfall magnitude is also expected to increase within the range
of 148mm (+21%) to 204mm (+67%) with a median value of 161mm (+32%). The median line (black)
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shows that the historical 100-year rainfall event will be equivalent to the 25- or 20-year future rainfall
event due to the increase in the intensity and frequency of rainfall extremes. Uncertainty in estimates
of rainfall magnitudes is shown in the form of the error bar. Here, the uncertainty is higher for the low
probability, high return period rainfall values.
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Figure 15: Estimation of projected mid-future rainfall magnitudes for different return periods and
different future scenarios. Return periods based on historical rainfall extremes are shown in red with
a 95% confidence interval (red shaded region).

4.5 Extreme rainfall and flood hazards

Here we present maximum inundation maps for 25-year and 100-year flood events for historical and
mid-future rainfall scenarios. To simulate the flood inundation, we have applied the spatial pattern of
rainfall that produced both the highest RX1day and the highest flow at Khokana (see Figure 8).
Although the spatial distribution does affect flood inundation in different parts of the catchment
differently, we base all historical and future flood models on the same rainfall distribution to allow for
better comparison across flood events. Future precipitation values are chosen using RCP4.5 data only,
thus more conservative than if we used the RCP8.5 data. Even so, the range of rainfall selected for the
flood modelling (from 122 mm to 350 mm) covers the historical 25-year period rainfall up to the
maximum mid-future 100-year return period. It also includes estimates from RCP 8.5 scenario after
unrealistic values of rainfall from the rainfall-frequency analysis are excluded. Because the rainfall
intensity for the RX1day historical 100-year event is equivalent to the median mid-future 25-year
event (approx. 160 mm), the flood maps are almost identical. As such, RX1day flood maps will be
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presented for the historical 25-year and 100-year events and median and maximum mid-future 100-
year events only.
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Figure 16: Flood inundation map (water depth) for the Kathmandu catchment to Khokana for the
median mid-future 100-year return period rainfall event. The local regions for the Bagmati at Khokana
and the Hanumante River are outlined in black and red, respectively.

Table 7 demonstrates an increase in future flood magnitudes. Compared to the historical 100-year
flood, with a peak discharge of 785 m3/s, the mid-future 100-year flood discharge is estimated to
increase up to 72% (approximately 37% in the median case). A 25-year rainfall event could increase
by up to 70% (approximately 26% in the median case), with a median mid-future 25-year flood
magnitude higher than the historical 100-year flood magnitude. This means that the current 100-year
return period flood will correspond to a 25-year period future flood at most. Besides, inundated are
for water depth greater than 1m in 100-year flood will increase from 11.7 km? to 23 km2. The total
area inundated for each simulation is given in Table 7, and increases linearly with increasing rainfall
intensity. An example inundation map of the Kathmandu Valley for median mid-future 100-year return
period rainfall event is shown in Figure 16. Detailed flood maps are shown for the Bagmati at Khokana
(Figure 17), one of the case study locations of the Tomorrow’s Cities project and an area identified for
future urban expansion (MoUD, 2017), and the Hanumante River (Figure 18), a region of the
Kathmandu Valley that is prone to flood hazards. From Figure 17 and Figure 18, we can see that not
only does the flood extent increase, but inundation depths also increase when comparing historical
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and future 100-year events. The increase in depth is an important factor because depth is often used
as a proxy to estimate flood damage using depth-damage curves (Dabbeek and Silva, 2020; Galasso et
al., 2021). Areas which appear to receive up to 1 m of flood inundation under current climate scenarios
could be inundated by over 5 m of water during future extreme events.

Table 7: Total inundation area (> 0.05 m depth) in the Kathmandu catchment in km? (Figure 17) for all
scenarios modelled numerically; modelled inundation area (km?) which has a depth greater than 1 m;
simulated instantaneous maximum river depth (m) and discharge (m3/sec) (interpolated from
observed maximum instantaneous stage-discharge relationship) at the Khokana gauging station. Note
that the inundation area is approximate and is affected by DEM resolution, the location of buildings,
infrastructure and obstacles in the DEM, and the choice of model parameters.

Catchment Inundated Inundated Area  Khokana Max Khokana

Scenario RX1day Area for Water Depth River Depth Discharge
(mm) (km?) >1 m (km?) (m) (m3/s)
Historical 25-year flood 122 34 9 5 632
Median mid-future 25- 161 42 123 57 802
year flood
Historical 100-year flood 156 40 11.7 5.6 786
Median mid-future 100- 246* 53 175 7 1076
year flood

Maximum mid-future

100-year flood 350 68 23 8 1356

Note * - Maximum mid-future 25-year rainfall (270 mm) is similar to median mid-future 100-year flood
(246 mm), hence only the latter case is modelled numerically.
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Figure 17: Flood inundation maps (water depth), generated using different rainfall intensity scenarios,
for the Bagmati River and Nakkhu tributary at Khokana, which is located at the outlet of the
Kathmandu valley (black rectangle shown in Figure 16). Black arrows represent river flow direction.
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Figure 18: Flood inundation maps (water depth), generated using different rainfall intensity scenarios,
for the Hanumante River (red rectangle shown in Figure 16). Black arrow shows river flow direction.

4.6 Uncertainties and limitations

The assessment of flood hazard in the context of climate change is influenced by various sources of
uncertainty. We employed an envelope-type method (with four corners: cold-wet, cold-dry, warm-
wet, and warm-dry) to represent uncertainties in estimating future floods. However, it is not necessary
for the approach to encompass all aspects of uncertainty. This is because of the presence of various
limitations at different stages of the method and data, which are detailed in this section.

Selection of GCM models: Precipitation uncertainty is a significant source of model uncertainty in
hydrological studies (Bardossy et al., 2022). The variations in future precipitation projections in
magnitude, seasonality, and extremes by GCMs contribute significantly to this uncertainty. GCM
models exhibit wide variability due to differences in parameterization of physical processes, model
structure and dynamics, internal variability, initial conditions, spatial and temporal resolution,
forcings, and other factors. Consequently, the selection of GCM models becomes crucial for
hydrological applications.

In this study, we incorporated uncertainties by use of envelope-type method following the methods
of Lutz et al. (2016) and MoFE (2019). The choice of GCMs and, consequently, the results can be
influenced by different selection criteria in the model selection process. Factors such as the choice of
extreme indices in step 2 or skill metrics in step 3 or even the sequence of GCM selection steps, can
alter the selection outcome. Since, the projected changes in climate averages (step 1) lead the
selection process, there is a narrower range of projections for climate extremes in step 2, and even
fewer when assessing model runs based on their past climate performance in step 3 (Lutz et al., 2016).
This could lead to the selection of GCMs that may not necessarily have fair skills in representing the
past climate. Additionally, the projected changes in climate represent spatial averages across the study
area, resulting in loss of information of spatial variation (Lutz et al., 2016).
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The GCM selection method assumes model interdependence (Lutz et al., 2016). However, the GCMs
used for selection in this study are practically not interdependent, as we employed variants of the
same GCM that differ only in initial conditions. This approach may introduce additional biases. In
hydrological studies, the primary source of uncertainty among various uncertainties arising from GCM
models, scenarios, and ensemble members is the uncertainty associated with GCM models
(Hosseinzadehtalaei et al.,, 2017; Wang et al.,, 2020; Woldemeskel et al., 2012). Restricting the
selection to a single model for skill assessment could impact the results and potentially underestimate
the bias to be scaled in future scenario simulations.

Bias correction: Significant biases exist in historical GCM model simulations. We applied bias
correction methods to mitigate these biases, though their application may introduce additional
positive or negative biases. For example, the use of quantile delta mapping increased biases in dry
season precipitation. Moreover, when applying only QM or QDM without GPD-based correction for
extreme values, the results could become inflated (see Section 4.2). Proper selection of the threshold
value (in this case, the 99th percentile value of the reference period) in GPD is essential, as it affects
the number of samples available for parameter estimation and, consequently, the bias correction
results. Besides, trends are also not preserved by quantile mapping procedure. This stresses that the
bias correction methods must be used appropriately, as they can add additional uncertainty.

Spatial and temporal sampling of observations: We conducted spatial and temporal disaggregation
of future extreme values using historical rainfall patterns. Our analysis relies on a limited sample of
historical extreme events (1992-2015) and we used only a common rainfall pattern in analysis of flood
mapping which limits its uncertainty quantification. Furthermore, rainfall patterns beyond this
timeframe might yield different flood patterns in Kathmandu. Given the short time of concentration
of the Kathmandu drainage basin at Khokana, temporal distribution of sub-daily rainfall is crucial for
analyzing flood peak magnitudes and occurrences. Although the GPM-IMERG final product reasonably
captures spatial rainfall variation at a daily scale over Nepal (see Section 4.1), the performance and
accuracy of temporal variation remain unexplored due to the lack of quality sub-daily scale data for
Kathmandu stations. Therefore, future research should address this aspect to study the impact of
temporal rainfall distribution on floods.

Rainfall-frequency analysis: Rainfall-frequency analysis for quantifying future rainfall extremes
employs bias-corrected RX1day rainfall from GCMs. Naturally, uncertainties associated with GCM
model selection will propagate: different choices of GCMs would yield different results. In frequency
analysis, a smaller number of samples affect the estimation of GEV parameters. This is evident in the
variable behavior of parameters in the moving window approach (fewer samples) compared to the
stable nature of parameters in the incremental window approach (more samples) (see Section 4.4).
Moreover, uncertainty is more pronounced for high return period rainfall. Techniques like
bootstrapping methods could be explored to enhance robustness in estimating parameters and
confidence intervals.

Flood hazard analysis: In flood hazard analysis, we forced the hydrodynamic model with RX1day
rainfall ranging from 122 mm to 350 mm. Though the resulting discharges covers broad range of flood
estimates, they may still be underestimated due to the combined impact of uncertainties related to
GCM selection; bias correction; spatial/temporal sampling of observations; rainfall-frequency analysis;
and hydrodynamic model inputs (e.g., DEM) and parameters (e.g., roughness coefficient, TOPMODEL
parameter 'm').

5 Conclusions

Rainfall extremes for the Kathmandu Valley are projected to increase in the future across a range of
scenarios. As a result, flood intensity and frequency are also expected to increase. Despite high
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uncertainty between different climate change projections in terms of future magnitude and frequency
of rainfall intensity, our results suggest that future flood hazards will increase in the Kathmandu Valley
across a range of scenarios, and future rainfall projections should be included when designing the
changing landscape of this rapidly expanding urban catchment. In this study, we quantified changes
in rainfall extremes in the future for Kathmandu Valley and established that the statistical properties
of the rainfall will also change. We analysed the GCMs from CMIP5 in RCP 4.5 and RCP 8.5 scenarios,
evaluated the historical extreme rainfall patterns that trigger floods and adopted a non-stationary
rainfall frequency analysis. Our focus was on analysis and projections of the 24-hour maximum rainfall.
We temporally and spatially disaggregated GPM data to an appropriate scale, as spatial and temporal
distribution of rainfall directly influences the flood peak and propagation through the Kathmandu
Valley.

In this study, we used the spatial rainfall pattern that generated the highest historic flood at the
Khokana station when spatially distributing rainfall for the flood modelling scenarios. Different spatial
distributions of future precipitation should be modelled numerically to understand the effect of future
extreme rainfall events originating in the northern hills of the catchment on flood inundation and is
recommended for further research.

In summary, we drew the following conclusions from this study:

(A) As indicated by extreme precipitation indices, rainfall extremes are expected to increase. The 24-
hour maximum rainfall is projected to increase up to 72% depending on the future period and the
scenarios considered, except for a slight decrease of 1% in the near future. This increase in rainfall
directly increases the extent and magnitude of flood events.

(B) The spatial rainfall pattern needs to be considered in flood models because analysis of historical
rainfall patterns shows that a concentration of rainfall maxima in the south and west part of
Kathmandu causes the highest peak flood at Khokana. In addition, because the time of concentration
of the catchment is about 6 hours, sub-daily rainfall should be used in flood models because this
influences the peak and duration of the flood peak.

(C) Future flood magnitudes (discharge) are projected to increase in future. The mid-future 100-year
flood is estimated to increase up to 72% (37% median increase) compared to the historical 100-year
flood of 785 m3/s. Similarly, the projected increase for a 25-year flood in the mid-future is up to 70%
(26% median increase). Furthermore, the median mid-future 25-year flood magnitude is higher than
the historical 100-year flood magnitude, meaning that the current 100-year flood will be equivalent
to a 25-year future flood or a lower return period flood.

(D) Flood modelling results also show that the future flood extent (hazard) will increase with increasing
rainfall and discharge magnitude. The area of land inundated by more than 1 m could increase from
11.7 km? to 23 km? between the historical 100-year return period flood and 100-year maximum mid-
future flood. In addition, a change from the present day 100-year flood to a 25-year future flood means
that this magnitude of the flood could become four times more likely to occur annually. This result
represents an important consideration when designing future urban spaces that are resilient to floods,
emphasising the need to account for future rainfall projections in all flood hazard modelling of the
Kathmandu Valley.

(E) The selection of GCM models is important as it is leading the whole process. Uncertainties
accumulate and propagate through bias correction, spatial/temporal disaggregation, rainfall-
frequency analysis, and hydrodynamic modelling. Consequently, examining the contribution of each
of these components can result in an improved estimation of uncertainties associated with future
floods. Further research in these areas, therefore, will contribute to a deeper understanding of urban
flood risk.
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