
Geocarto International

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tgei20

City-scale high-resolution flood models and
the role of topographic data: a case study of
Kathmandu, Nepal

C. Scott Watson, Januka Gyawali, Maggie Creed & John R. Elliott

To cite this article: C. Scott Watson, Januka Gyawali, Maggie Creed & John R. Elliott
(2024) City-scale high-resolution flood models and the role of topographic data:
a case study of Kathmandu, Nepal, Geocarto International, 39:1, 2387073, DOI:
10.1080/10106049.2024.2387073

To link to this article:  https://doi.org/10.1080/10106049.2024.2387073

© 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

View supplementary material 

Published online: 10 Aug 2024.

Submit your article to this journal 

Article views: 421

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tgei20

https://www.tandfonline.com/journals/tgei20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10106049.2024.2387073
https://doi.org/10.1080/10106049.2024.2387073
https://www.tandfonline.com/doi/suppl/10.1080/10106049.2024.2387073
https://www.tandfonline.com/doi/suppl/10.1080/10106049.2024.2387073
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2024.2387073?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2024.2387073?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2024.2387073&domain=pdf&date_stamp=10%20Aug%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2024.2387073&domain=pdf&date_stamp=10%20Aug%202024
https://www.tandfonline.com/action/journalInformation?journalCode=tgei20


City-scale high-resolution flood models and the role of 
topographic data: a case study of Kathmandu, Nepal

C. Scott Watsona, Januka Gyawalib, Maggie Creedc and John R. Elliotta 

aCOMET, School of Earth and Environment, University of Leeds, Leeds, UK; bPractical Action, 
Kathmandu, Nepal; cJames Watt School of Engineering, The University of Glasgow, Glasgow, UK 

ABSTRACT 
Topographic data is a fundamental input to flood hazard models 
and controls the quality of the outputs. However, open-access 
global digital elevation models (DEMs) are dated and limited to 
30 m resolution, which hinders modelling efforts in urban or topo
graphically complex environments. We used the flood prone and 
expanding city of Kathmandu, Nepal, to evaluate the impact of 
topographic data source and resolution on flood model outputs. 
All DEMs evaluated featured spatially correlated topographic sinks 
with depths exceeding 20 m that required hydrological condition
ing before being used in flood modelling. Incomplete hydro
logical conditioning appeared related to the overestimation of 
flood extent and therefore limited agreement when comparing a 
global 90 m resolution flood hazard model with a bespoke city- 
scale model at 10 m resolution (F1 score ¼ 0.40). Instead, we 
found that the height above nearest drainage (HAND) metric was 
better able to replicate the higher resolution flood map as an 
indicator of flood susceptibility requiring only topographic infor
mation as an input. We also found that the computationally effi
cient FastFlood model was able to match the inundation extent 
(F1 score ¼ 0.79) and flood depths (mean absolute error and root 
mean square error of 0.46 and 0.76 m respectively) of a published 
10 m physics-based flood hazard model whilst requiring 212 times 
less computation time. Our analysis demonstrated that mapping 
city-scale flood inundation required hydrologically conditioned 
high-resolution topographic data but not physically complex flood 
models, highlighting the need for greater availability of high qual
ity open access topographic data.
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1. Introduction

An expanding and urbanising global population increases the intersection between people 
and natural hazards, including flooding, which is projected to increase with a warming 
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climate with more precipitation extremes (Min et al. 2011; Hoegh-Guldberg et al. 2018). 
Impacts are often greatest for the urban poor since land pressures promote informal 
development close to waterways (Pelling 1999; Reckien et al. 2017), often on floodplains 
(Di Baldassarre et al. 2013; Vollmer and Grêt-Regamey 2013).

Reducing flood risk requires combinations of risk sensitive planning (Mustafa et al. 
2018; Jenkins et al. 2022) and adaptation strategies, such as using greenspaces and sustain
able urban drainage systems to attenuate and store flood water (Kim et al. 2016; Webber 
and Samaras 2022), and taking source-to-sink approaches to catchment management 
(Wheater and Evans 2009; Hewett et al. 2020; Bourke et al. 2022). Flood risk changes in 
response to dynamic hydrological and river conditions, changing exposure of people and 
infrastructure, and changing climate (Merz et al. 2014). Additionally, flood hazard and 
risk maps are a function of different modelling approaches and input datasets, where 
topographic data is a critical input (Wechsler 2007; Neal et al. 2012; Yalcin 2020).

Quantifying flood hazard in an urban environment requires topographic data in the 
form of digital elevation models (DEMs) capable of representing the interaction of fluvial 
and pluvial flows with city infrastructure such as roads, buildings, and bridges. DEMs can 
be derived at �1.5 m resolution using commercial satellite imagery or sub-metre reso
lution from aerial photogrammetry and lidar surveys (Smith et al. 2015) (Figure 1). 
However, open access DEMs at the global scale are generally restricted to 30 m resolution, 
for example the Shuttle Radar Topography Mission (SRTM) DEM acquired in 2000 (Farr 
et al. 2007). Whilst flood models using 30 m resolution DEMs can produce useful outputs 
for large geographic areas (Wing et al. 2017; Bates et al. 2021), limitations related to the 
topographic resolution, accuracy, and date of acquisition are often greatest in built-up 
areas where robust information on flood hazard and risk is required (Sampson et al. 
2016). Therefore, higher resolution DEMs are required to produce accurate flood models 
in urban environments (Fewtrell et al. 2008; Hawker et al. 2018; Xing et al. 2019), with 
coarser resolution DEMs producing greater uncertainties including overprediction of flood 
extents due to a lack of river channel definition (Saksena and Merwade 2015; Farooq 
et al. 2019; Xing et al. 2019; Muthusamy et al. 2021). Pre-processing using filling, carving, 
or a combination of the two approaches is also necessary to create a hydrologically condi
tioned DEM for hydraulic modelling or before applying DEM-based methods of delineat
ing stream networks (Martz and Garbrecht 1992; Saunders 2000; Reuter et al. 2009) 
(Figure 1c).

High-resolution DEMs and the computation resource and expertise required to use 
them in city-scale flood models are not widely accessible, which may necessitate the use 
of coarser resolution models or simplified indicators of flood susceptibility. In some cases, 
simplified approximations of flood susceptibility may be more appropriate to identify 
potentially hazardous areas and therefore guide detailed physics-based hydraulic model
ling studies, such as when planning for future urban development (Galasso et al. 2021; 
Jenkins et al. 2022). For example, multiple flood inundation scenarios that reflect spatially 
variable precipitation extents within a large catchment can be combined to inform flood 
hazard (Tufano et al. 2023). Alternatively, topographic indicators of potential flood inun
dation such as height above the nearest drainage (HAND) (Renn�o et al. 2008; Nobre 
et al. 2011) require only a DEM but do not incorporate any probabilistic information on 
flood return period (McGrath et al. 2018; Rinc�on et al. 2018; Johnson et al. 2019).

In this study, we evaluate key issues surrounding the implications of DEM choice for 
flood modelling by evaluating published flood model outputs alongside those derived 
here. Specifically, we used topographic data spanning 10–90 m resolution, combined with 
derived flood hazard maps, to determine the impact of topography on hydrological 
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outputs for the expanding and flood-prone city of Kathmandu, Nepal. Our objectives 
were to: (1) evaluate the quality of bespoke and global open access DEMs for representing 
stream networks and adjacent topography, (2) quantify differences with respect to flood 
extent outputs in published flood hazards maps and (3) evaluate the HAND and 
FastFlood models for deriving flood hazard information relevant to urban planning.

2. Methods

2.1. Study site

The Kathmandu valley features an urbanised centre surrounded by agricultural land and 
forested slopes and is primarily drained by the Bagmati River, which exits the watershed 
through steep topography in the southwest of the catchment (Figure 2). Built-up areas of 

Figure 1. Topographic considerations for hydrological modelling. (a) Topographic data acquisition. The acquisition 
sensor and land surface characteristics affect the representation of features in the DEM. The land surface may also 
have changed between the DEM acquisition date and the time of study. (b) DEM type reflecting the inclusion (DSM) 
or exclusion (DTM) of surface features. (c) DEM processing for hydrological correction to remove anthropogenic fea
tures or correct for inadequate representation of the channel due to DEM resolution. (d) Evaluating model outputs 
with respect to topography, topographic uncertainties, and topographic indicators of flood susceptibility such as 
HAND.
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the city are expanding due to urban migration, primarily on former agricultural land 
(Ishtiaque et al. 2017). More extreme precipitation events in combination with already 
overwhelmed drainage systems means flooding is a major and increasing issue in 
Kathmandu (Pradhan-Salike and Raj Pokharel 2017; Kc et al. 2021). Despite the require
ment for flood hazard information, the only open access flood hazard maps that exist for 
Kathmandu are produced at 90 m resolution and are not recommended for ‘detailed local 
scale assessments or engineering purposes’ (METEOR Project Consortium 2019). This 
open source flood map and a higher resolution (10 m) flood hazard map that was recently 
published by Shrestha et al. (2023), will be evaluated in this study (section 2.4).

2.2. DEMs

We refer to DEMs as a general term for digital elevation models, including digital surface 
models (DSMs), which represent the elevation of the ground surface including buildings 
and vegetation, and digital terrain models (DTMs), which represent only the ground sur
face with surface features removed. A high-resolution DEM covering the 653 km2 area of 
interest (AOI) (Figure 2) was created using tri-stereo Pleiades satellite imagery acquired 
in four acquisitions (27/10/2019, 18/12/2019, 25/12/2019, 13/01/2020). The panchromatic 
band (0.5 m resolution) was processed using rational polynomial coefficients (RPCs) to 
create a DSM with EGM2008 vertical referencing in Agisoft Metashape v1.8.4. All acquisi
tions were aligned in one bundle to produce a sparse point cloud, which was filtered to 
remove outliers using Metashape’s gradual selection tools before producing a dense point 
cloud using High quality settings. The DEM was output at 1.5 m resolution and resampled 
to 10 m resolution for evaluation alongside the flood model outputs published by Shrestha 
et al. (2023), who also used this DEM.

Figure 2. Overview of the study area covering the Kathmandu valley. (a) Catchment elevation from the copernicus 
30 m DEM (Airbus Defence and Space GmbH 2020), (b) 2021 landcover classification from the ESA WorldCover v200 
dataset (Zanaga et al. 2022), and (c) built-up area expansion 1985–2015 from the WSF evolution dataset (Marconcini 
et al. 2021).
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Selected open access DEMs were used for comparison with the high-resolution DEM 
(Table 1). The Copernicus 30 m resolution global DSM (GLO-30) was created from data 
acquired by the TANDEM-X mission (2011–2015) and represents the most recent and 
potentially best quality global DEM (Airbus Defence and Space GmbH 2020; Hawker 
et al. 2022). The Forest And Buildings removed Copernicus DEM (FABDEM) is a 30 m 
DTM created from the GLO-30 DSM by removing buildings and forests, which is 
designed to improve applicability for flood modelling (Hawker et al. 2022). Additionally, 
we used the 90 m Multi-Error-Removed Improved-Terrain (MERIT) DEM, which has for
est height bias removed from the underlying SRTM DEM along with other artefact cor
rections (Yamazaki et al. 2017), in addition to the hydrologically conditioned version of 
MERIT called the MERIT Hydro (Yamazaki et al. 2019). The MERIT DEM was used to 
derive the published 90 m flood hazard products covering Kathmandu (METEOR Project 
Consortium 2019) (Section 2.3). All DEMs were coregistered to the GLO-30 DEM follow
ing the method of Nuth and K€a€ab (2011). The coregistration was performed using an esti
mate of the most stable ground areas by excluding Tree cover and Permanent water bodies 
classes from the ESA WorldCover v200 dataset (Zanaga et al. 2022) (Figure 2b). The nor
malised median absolute deviation (NMAD) was used to compare elevation differences 
between DEMs, since it is considered an estimate for the standard deviation less affected 
by outliers (H€ohle and H€ohle 2009; Shean et al. 2016).

2.3. Hydrological processing and stream networks

Topographic sinks were identified in each DEM using the DepthInSink tool of Whitebox 
1.4.0 (Lindsay 2016). These sinks would accumulate water in a flood model until over
topped and therefore require pre-processing to mitigate. DEMs were hydrologically condi
tioned using the BreachDepressionsLeastCost tool using a search radius of 1–2 km, which 
breaches through sinks to permit downstream flow routing. Although breaching is gener
ally preferable to ‘fill’ algorithms and creates more accurate stream networks (Lidberg 
et al. 2017), the breached river channel does not necessarily represent the true river thal
weg. The breaching algorithm was selected for its ease of consistent application across 
each DEM, although more complex algorithms to preserve valid depressions whilst pre
serving flow direction have been developed (Jiang et al. 2023). We derived the stream and 
river channel network using D8 flow direction and a catchment flow accumulation thresh
old of 0.9 km2 (1,000 cells for 30 m resolution DEMs). Therefore, the D8-derived incep
tion of the stream network was consistent across DEMs and was selected to match the 
inundation output of Shrestha et al. (2023). These DEM-derived stream networks were 
compared with a manually digitised 64 km length of waterways, which was derived using 
high-resolution GoogleEarth basemap imagery dated 19th and 22nd November 2022. Here, 
the channel centreline was digitised at 1:1,000 scale with an estimated positional accuracy 

Table 1. Summary of the DEMs used in this study.

DEM Resolution Acquisition period and source

Pleiades tri-stereo 10 m (downsampled) 27/10/2019–13/01/2020. Optical 
satellite imagery.

Copernicus 30 m resolution global 
DSM (GLO-30)

30 m 01/01/2011–07/01/2015. TanDEM-X 
radar mission.

Forest And Buildings removed 
Copernicus DEM (FABDEM)

30 m 01/01/2011–07/01/2015. TanDEM-X 
radar mission.

Multi-Error-Removed Improved- 
Terrain (MERIT)

90 m February 2000. Shuttle Radar 
Topographic Mission (SRTM).
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of <5 m. OpenStreetMap Waterways were also downloaded for comparison with the ref
erence stream network (OpenStreetMap Contributors 2022). Differences in the stream 
networks between DEMs would affect the positional accuracy of flood model outputs in 
respect to other datasets such as buildings and roads. Therefore, we analysed these offsets 
by measuring the horizontal distance between each DEM’s stream network and the manu
ally digitised reference stream network. The line vertices for each stream network were 
regularised at 5 m intervals and the closest point-to-point distance with the reference net
work was derived. Sinuosity was also derived for each stream reach defined as the stream 
length divided by the straight-line distance between the stream start and end (Nyberg 
et al. 2015).

2.3.1. KH-9 1974 satellite imagery
KeyHole-9 (Hexagon) satellite imagery from 1974 were used to evaluate longer-term 
changes in the stream network. Two stereo images from 23rd November 1974 (USGS 
EarthExplorer IDs: DZB1209-500101L007001 and DZB1209-500101L008001) were used to 
generate a DEM and orthorectified image in Agisoft Metashape v1.8.4 (e.g. Sevara 2013). 
The images were aligned using pre-calibrated camera parameters from Dehecq et al. 
(2020) and 15 ground control points (root mean square error ¼ 9.90 m) were used for 
georeferencing using latitude and longitude information extracted from a Google Earth 
Basemap and elevation information from the GLO-30 DSM. The orthoimage was exported 
at 4 m resolution. The same extent of reference streams digitised in Google Earth was also 
manually digitised using the KH-9 satellite imagery.

2.4. Flood hazard maps

We used 90 m resolution flood hazard maps derived using the Fathom global flood hazard 
modelling framework (Sampson et al. 2015; Smith et al. 2015) on the MERIT DEM, 
which were published by the METEOR Project Consortium (2019). The outputs included 
pluvial and fluvial flooding for 1 in 5 (20% chance in any year) to 1 in 1,000 year (0.1% 
chance in any year) flood events, which were presented as floods depths in the range of 
0–5 m. These maps were designed to provide regional scale information rather than data 
for local scale assessments (METEOR Project Consortium 2019); nonetheless, they repre
sent the only open access flood hazard models covering Kathmandu. We also evaluated a 
10 m resolution flood hazard map from Shrestha et al. (2023), which was produced using 
a 10 m DEM derived from the same Pleiades satellite imagery described in Section 2.2. 
This model was run using HAIL-CAESAR, which is a high performance version of the 
Caesar-Lisflood algorithm that uses a simplified version of the shallow water equations 
(Coulthard et al. 2013). The model was run using 2�AMD EPYC 7663 56-Core 
Processor working in hyperthreading housed in Edinburgh Parallel Computing Centre 
(EPCC) and took approximately 2.25 days to complete the run. We refer to this model 
throughout as the Shrestha et al. (2023) model.

We derived two flood hazard maps in this study using tools that can produce outputs 
in minutes to hours, compared to more complex flood models that would typically take 
days or weeks for single simulations at a city-scale. We first derived HAND maps from 
each hydrologically conditioned DEM using Whitebox’s ElevationAboveStreams tool 
(Lindsay 2014). These maps show the relative elevation above the river channel on a 
pixel-by-pixel basis and therefore indicate flood susceptibility without considering the 
dynamics of flow routing. Like the other flood models in this study, the HAND elevations 
are relative to the river surface represented in the DEM without consideration of the 
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spatially variable river depth, which to account for would require cross section surveys. 
Second, we applied the FastFlood model (van den Bout et al. 2023) using rainfall for a 1 
in 100 year median mid-future (2046–2075) flood event (246 mm of rainfall in 24 h). The 
magnitude of the rainfall was obtained from the non-stationary rainfall frequency analysis 
of Shrestha et al. (2023) Shrestha et al. (2023). In order to accurately compare the results 
of FastFlood and the flood maps in Shrestha et al. (2023) we used a Mannings value 
(0.03) and spatially variable rainfall as input to FastFlood (2023) and ran the solver with 
Very High accuracy and Accounting for depressions enabled. The FastFlood model uses an 
assumption of steady state flow that is compensated by using a flow network to estimate 
peak flow (van den Bout et al. 2023). The FastFlood model has shown good agreement 
with fully dynamic physics-based models with a 1,500 times reduction in computation 
time (van den Bout et al. 2023) and therefore is potentially well-suited to large scale high- 
resolution flood hazard modelling. We compared the HAND and FastFlood outputs with 
the published flood hazard maps described below.

When comparing flood model outputs, we take the physics-based Shrestha et al. (2023) 
model to be the reference and report accuracy metrics that describe how well the other 
models’ outputs replicate this flood extent. For example, true positives indicate a modelled 
inundated area that is correctly predicted according to the reference dataset; false positives 
indicate the prediction of an inundated area that was incorrect; and false negatives indi
cate the presence of an inundated area that was not predicted by the model. We use the 
F1 score (1), which is a weighted average of precision (ratio of true positives to the total 
number of positive predictions) and recall (ratio of true positives to the total number of 
relevant instances) (e.g. Kabir et al. 2020). F1 score is a 0–1 scale where 1 is the highest 
accuracy. We also report the intersection over union (IoU) ratio (2), which quantifies the 
amount of overlap between the predicted flood extent and the reference flood extent of 
Shrestha et al. (2023). For these comparisons, we exclude small, isolated patches of flood 
inundation of �100 connected pixels (10,000 m2).

F1 score ¼
ðPrecision� RecallÞ
ðPrecisionþ RecallÞ=2

(1) 

IoU ¼

Intersecting area of the predicted flood extent
and the reference flood extent

� �

Combined area of prediced flood extent
and the reference flood extent

� � (2) 

3. Results

3.1. DEM comparison

All results use the hydrologically corrected DEMs (2.3) other than for deriving DEMs of 
difference, where we compare the unmodified DEMs. The elevation differences between 
the GLO-30 and MERIT DEMs featured the largest normalised median absolute deviation 
(NMAD ¼ 5.45 m), compared to the GLO-30 and FABDEM (4.05 m), and GLO-30 and 
Pleiades DSMs (1.82 m) (Figure 3). The GLO-30 and FABDEM difference showed a 
skewed distribution with a long tail of positive elevation differences, which are predomin
antly related to the subtraction of forest heights in the FABDEM (Figure 3b) to better 
approximate a bare-earth DTM (Hawker et al. 2022). Elevation differences between the 
GLO-30 and Pleiades DSMs were less pronounced and displayed spatial trends more 
aligned with real topographic changes (Figure 3c, Figure S1). Here, negative values 
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represent an elevation increase though time, since GLO-30 was produced with data col
lected 2011–2015, compared to 2019–2020 for the Pleiades DSM. Elevation decreases cor
respond with activities such as road construction and landslides (e.g. Figure S1a–c). In 
comparison, elevation increases are visible in the centre of the catchment over built-up 
areas corresponding to the construction of new buildings (e.g. Figure S1d), and also 
around the forested catchment edges.

All DEMs featured topographic sinks with depths exceeding 20 m at similar locations 
(Figure 4 – red markers). The Pleiades DSM sinks covered the smallest spatial extent 6% 
(40 km2) of the catchment area (653 km2), compared to 7% for the FABDEM, and 8% for 
the GLO-30 and MERIT DEMs. Sinks were located where the drainage network passed 
through topographic constrictions, such as Chobar Gorge (Figure 4a – label (1)), and 
these locations corresponded to areas of high depth in the coarse-resolution flood maps 
(Figure 4e).

3.2. River channel networks

The OSM and Pleiades DEM-derived stream networks showed closest agreement with the 
manually digitised reference stream network, with median horizontal differences of 4 m 
and 6 m, respectively (Figure 5a,b,h). The MERIT (year 2000 DEM) stream network had 
the largest horizontal difference compared to the reference streams with a median offset 
distance of 45 m. By comparison, 1974 KH-9 imagery revealed that the median horizontal 
change in the stream network 1974–2022 was 14 m, with most change occurring on the 
Manohara River in the east of the catchment (Figure 5g). Therefore, the change in the 
river course over this 48-year period was localised (e.g. Figure 6) and little change in sinu
osity of the channels was observed (Figure 6c) other than on the Manohara River, which 
became more sinuous 1974–2022.

3.3. Flood model outputs

3.3.1. HAND models
The height above the nearest drainage (HAND) derived from the Pleiades DSM displayed 
good agreement with modelled flood inundation extent from Shrestha et al. (2023) when 
using the optimum height above channel threshold of 0–4 m (Figure 7). Here, the F1 
score and IoU were 0.65 and 0.49 respectively (Figure 8a). The HAND calculation showed 

Figure 3. DEMs Of difference between the GLO-30 and the MERIT (a), FABDEM (b), and pleiades (c) DEMs. Rotated 
half violin plot below each panel shows the distribution of the elevation differences.
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overestimation of flood extent in some built-up areas of the north-west catchment and 
areas of under prediction including on the Bagmati River (Figure 7). In comparison, the 
optimum intersection with the high-resolution flood map for the GLO-30 and FABDEM 
were at HAND thresholds of 3 m (F1 score ¼ 0.59) and 2 m (F1 score ¼ 0.53) respect
ively (Figure 8).

3.3.2. METEOR models
Comparing the 90 m resolution METEOR and 10 m resolution Shrestha et al. (2023) flood 
hazard maps revealed poorer agreement. Notably, the 1 in 50 to 1 in 1,000 METEOR haz
ard maps all showed similar flood extents and therefore similar accuracy scores for all 
outputs (F1 score between 0.37–0.40) when compared with the Shrestha et al. (2023) 
model (Figure 9a). The 1 in 50 METEOR hazard map (F1 score ¼ 0.40, IoU ¼ 0.25) dis
played closest alignment with the Shrestha et al. (2023) model (Figure 9a, Table 2), none
theless flood extent was overestimated, particularly around the urbanised core of 
Kathmandu, although there was closer agreement in the less urbanised sections of the 
Manohara and Hanumante Rivers (Figure 9b).

Figure 4. Sinks in each DEM shown (a–d) and 90 m resolution flood model outputs for 1 in 50 and 1,000-year fluvial 
and pluvial floods (e) (METEOR Project Consortium 2019).

GEOCARTO INTERNATIONAL 9



3.3.3. FastFlood model
The FastFlood model run using the same input rainfall as Shrestha et al. (2023) was able 
to closely reproduce the mapped flood extent for the main river channels (Figure 10). 
However, some differences were observed in the built-up core of Kathmandu where the 
FastFlood model included isolated patches of inundation that were not present in the 
Shrestha et al. (2023) model (Figure 10c). The flood depths between the FastFlood and 
Shrestha et al. (2023) models also displayed good agreement (Figure 11), with a mean 
absolute error and root mean square error of 0.46 and 0.76 m respectively.

4. Discussion

4.1. Topographic data

A gap exists between the requirements for high-resolution and up-to-date topographic 
data to produce robust flood hazard information within urban and topographically 

Figure 5. Horizontal offset distance between OpenStreetMap (OSM) (a), DEM-derived (b–f), and KH-9 1974 (g) stream 
networks compared to a manually digitised reference stream network (show by the extent of the filled points). (h) 
Violin and boxplots showing the median offset distances for each dataset.
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complex environments, and current open access global DEMs at �30 m resolution that 
are a decade or more old (Hawker et al. 2018; Muhadi et al. 2020; Mudashiru et al. 2021). 
Whilst these open access DEMs can be the basis for robust flood hazard information 
(Bates et al. 2021), they cannot be assumed to be an adequate representation of the cur
rent topography and drainage network.

Sinks were present and spatially coincident in all DEMs evaluated in this study (Figure 
4). Identifying these sinks and making appropriate corrections to create a hydrologically 
conditioned DEM before undertaking flood modelling is common practice (Murphy et al. 
2008; Jarihani et al. 2015; Chen et al. 2018). Although, it is important to consider how 
this hydrological conditioning affects the hydrological response within a catchment 
(Costabile et al. 2022). However, the spatial association between DEM sinks (Figure 4d) 
and the METEOR 90 m resolution flood hazard maps (Figure 4e) reveals that the DEM 
sinks were likely not fully resolved prior to flood map generation. This reflects the site- 
specific difficulties in creating hydrologically conditioned DEMs in areas of steep or low 
gradient topography but highlights the importance of this conditioning (Jarihani et al. 
2015; Watson et al. 2015).

Figure 6. (a) KH-9 1974 orthoimage with streams centreline and 2022 reference stream network overlaid. (b) Google 
Earth basemap view of the same area in panel (a). (c) Channel sinuosity and change 1974–2022. A positive value indi
cates an increase in sinuosity.
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Application of hydrological corrections to a DEM usually requires a stream channel 
network to enforce the channel network in the DEM. Traditionally this comprises a 1D 
centreline, although 2D approaches considering channel width are preferable where the 
river channel width is smaller than the DEM resolution (Bernard et al. 2022; Costabile 
et al. 2024). In Kathmandu, the OSM and Pleiades DEM derived stream networks closely 
matched a reference dataset (4–6 m median horizontal offset), whereas networks derived 
from the global DEMs had greater deviations (>13 m) (Figure 5). Notably, extreme offsets 
exceeding 100 m were present in all stream networks (Figure 5h), highlighting local-scale 
issues in the ability of the DEMs to represent the channel, or channel course changes due 
to natural meandering and human intervention. In this case, manual inspection of the 
derived river channel would be required to avoid enforcing an incorrect channel network 
within a DEM, which would subsequently cause erroneous flow routing.

Figure 7. 2D Modelled flood depth from Shrestha et al. (2023) (a), compared to a 0–4 m HAND map (b). (c) 
Intersection between the flood model and HAND data.

Figure 8. Accuracy scores for the pleiades (a), GLO-30 (b), and FABDEM (c) DEMs when comparing HAND (thresholded 
at increasing heights above the nearest drainage elevations) and the Shrestha et al. (2023) flood model output.
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4.2. Flood hazard assessment

4.2.1. Global flood hazard models
The 90 m resolution flood hazard maps derived using the Fathom global flood hazard 
modelling framework (Sampson et al. 2015; Smith et al. 2015), which were published by 
the METEOR Project Consortium (2019), represented the only open access flood hazard 
datasets for Kathmandu. However, the pluvial 1 in 50 to 1 in 1,000 hazard maps all 
showed similar flood extents and low agreement with the 10 m resolution 1 in 100 year 
mid-future Shrestha et al. (2023) flood model, which has a similar magnitude to a current 
1 in 1,000 year event (Figure 9). This primarily appears linked to the location of topo
graphic sinks in different locations in the Kathmandu valley, which accumulated water in 
the model to create a backwater lake (Figures 4e and 9). Indeed, the quality of the terrain 
data was regarded as the dominant source of uncertainty in the global flood hazard mod
elling framework (Sampson et al. 2015). Whilst the METEOR hazard map was not recom
mended for ‘detailed local scale assessments or engineering purposes’ (METEOR Project 
Consortium 2019), it highlights the potential for misinterpretation of the outputs without 
site-specific knowledge of the topographic constrictions that caused the overestimation of 
likely flood inundation (Figure 9a,b).

The METEOR 1 in 50 year flood hazard map best matched the reference output of 
Shrestha et al. (2023); however the mapped inundation extent (77.9 km2) was 34.5 km2 

greater than that of Shrestha et al. (2023) and only 24.1 km2 was a true positive classifica
tion (Table 2). This would influence the results of studies using these flood maps, such as 
Mesta et al. (2022) who used the METEOR flood hazard map to quantify the future 
increase in built-up areas that would occupy flood prone areas. For example, the METEOR 
1 in 50 year flood hazard map inundates 18.89 km2 of the ESA World Cover 2021 built-up 
area compared to 5.90 km2 in the reference Shrestha et al. (2023) model (Table 2).

4.2.2. HAND models
In comparison to the METEOR outputs, applying the HAND methodology to the high- 
resolution Pleaides DEM or global GLO-30 and FABDEMs produced closer agreement 

Figure 9. (a) Accuracy scores for the intersection between coarse resolution pluvial flood hazard scenarios and the 
high-resolution flood hazard model of shreshta et al. (2023). (b) Intersection of the shreshta et al. (2023) flood model 
maximum extent and the 90 m resolution pluvial 1 in 50 output (METEOR Project Consortium 2019).
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with the Shrestha et al. (2023) flood model. Here, F1 scores were 0.53 for the FABDEM 
and 0.66 for the Pleiades DEM, compared to 0.40 for the 1 in 50 year METEOR Fathom 
Global flood model (F1¼ 0.40) (Table 2). Therefore, suggesting that the HAND approach 
provides a reasonable indication of flood susceptibility that is computationally fast to 
derive (on the order of minutes). The full HAND workflow including hydro conditioning 
the input DEM and deriving the stream network does not take more than several hours. 
However, optimising the HAND outputs requires knowledge of the appropriate height 
above channel threshold which varied for each DEM (Figure 8) and would vary spatially 
across the catchment. Nonetheless, the HAND concept of relative elevation above the 
channel (Figure 1d) is easy to communicate and could therefore be well-suited to local- 
scale community flood mapping exercises.

The spatial association between HAND derived from a 10 m DEM and the high-reso
lution Shrestha et al. (2023) flood hazard map (Figure 7) demonstrates that the method is 
potentially useful to indicate city-scale flood susceptibility in response to fluvial flooding. 
It could therefore form the basis for initial discussions with communities and policy mak
ers, or be used to estimate flood extent in response to a known water level height from a 
gauging station. For example, HAND datasets were coupled to the NOAA National Water 
Model (NWM) to generate rapid flood extent predictions using known water levels 
(Maidment 2017; Liu et al. 2018; Wing et al. 2019). However, since catchment size, stream 
order, and flow information are not considered, overestimations of flood extent are appar
ent in the HAND data where smaller tributaries were included as flood zones, particularly 
in the central built-up areas of Kathmandu (Figure 7b). Nonetheless, refinements on a 
channel reach-scale basis are ideally suited to a community engagement project. It is 
important to note that the HAND outputs are only an indication of flood susceptibility 
without considering the return period probability of a particular flood magnitude or the 
dynamic nature of flood water flows. Additionally, with increasing availability of high- 
resolution DEMs, 2D consideration of river channel and flood plain connectivity can be 
captured using hydro-geomorphic metrics that offer greater insights into flow routing 
where channels are wider than the DEM resolution (Bernard et al. 2022; Costabile et al. 
2024).

4.2.3. FastFlood model
The FastFlood model is a new, computationally fast way to produce flood hazards maps 
that is easy to deploy through a web browser interface that uses the local computing 
resources (van den Bout et al. 2023). When tested in our study using the same input rain
fall as Shrestha et al. (2023), it was able to closely reproduce the mapped flood extent 

Table 2. Summary of flood model outputs for each model with the closest agreement with Shrestha et al. (2023).

Model

Mapped 
inundation 

extent 
(km2)

True 
positive

False 
positive

False 
negative F1 score

Intersection 
over union  

(IoU)

Inundated 
ESA World 

Cover  
Built up 

2020 (km2)

Shrestha et al. (2023) 43.4� – – – – – 5.9
HAND 4 m – Pleaides 46.1 29.3 16.8 14.1 0.65 0.5 7.5
HAND 2.5 m – GLO30 42.6 25.2 17.3 18.2 0.59 0.4 11.6
HAND 2 m – FABDEM 54.0 26.1 27.9 17.3 0.54 0.4 15.0
METEOR Fathom 

Global 1 in 50 years
77.9 24.1 53.8 19.3 0.40 0.3 18.9

FastFlood 36.6 31.5 5.1 11.9 0.79 0.7 5.5
�Clipped to our study area from the original 53 km2 in Shrestha et al. (2023).
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across Kathmandu (Figure 10) (F1¼ 0.79), and similarly leading to a built up area inun
dation of 5.45 km2, compared to 5.90 km2 from the Shrestha et al. (2023) model (Table 2). 
However, some differences were observed in the built-up core of Kathmandu where the 
FastFlood model included isolated patches of inundation, likely where water accumulated 
in depressions, that were not present in the Shrestha et al. (2023) model (Figure 10c). The 
difference in flood depths between the FastFlood and Shrestha et al. (2023) models also 
displayed good agreement (Figure 11), with a mean absolute error and root mean square 

Figure 11. Spatial (a) and graphical (b) representation of the flood depth difference between Shrestha et al. (2023) 
and the FastFlood model.

Figure 10. Comparison of 1 in 100-year flood model outputs from Shrestha et al. (2023) and a FastFlood model. (a– 
b) Example water depths and inundation extent. (c) Intersection between the two model outputs.
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error of 0.46 and 0.76 m respectively, which is on the order of uncertainty in the underly
ing DEM and modelling uncertainty in Shrestha et al. (2023). The FastFlood model uses 
local computing resources once the inputs are loaded through the website interface and 
the model we produced (Figure 10) took approximately 15 min to run on a laptop on a 
DEM with 9.5 million cells, which compares to the 52 h for the Shrestha et al. (2023), 
which was run using the high-performance computing optimised Hail-Caesar flood 
model. The FastFlood model was therefore well suited to high-resolution flood hazard 
modelling across Kathmandu (653 km2 in our study).

4.3. Outlook

Application of coarse-resolution flood models in urban environments will necessarily per
sist until high-resolution topographic data become available at low or no cost, and 
hydraulic modelling computational demands decrease. However, outputs from the 
FastFlood model demonstrate that robust high-resolution flood hazard modelling at city- 
scales is now achievable without specialist computing resources. This is particularly valu
able for projects such as the Tomorrow’s Cities Decision Support Environment (TCDSE) 
where hazard maps are used to inform community visioning of future risk-sensitive land 
use plans (Galasso et al. 2021; Jenkins et al. 2022). FastFlood creates new opportunities in 
this process to iterate multiple flood hazard maps following modification to land cover, 
building layouts, flood mitigation measures, or topography, to reduce flood risk and opti
mise decision making.

Conclusion

In this study, we compared published flood hazard maps and new models derived for 
Kathmandu by evaluating input topography and inundation extents. We demonstrated 
the importance of DEM choice and hydrological conditioning to mitigate artefacts in 
the output flood models. Here, all DEMs including a bespoke 10 m resolution DEM 
and global open access DEMs, featured spatially correlated topographic sinks with 
depths exceeding 20 m that required pre-processing to allow correct flow routing. It 
appeared that these sinks were not fully corrected in the only open access flood haz
ard map available for Kathmandu, which caused an overestimation of flood extent and 
subsequently showed limited agreement (F1 score ¼ 0.40) with the recently published 
high-resolution flood hazard map of Shrestha et al. (2023). Instead, we found that a 
computationally simple height above nearest drainage (HAND) method was better able 
to replicate the higher resolution flood map if an appropriate depth threshold was 
selected, and therefore can indicate flood susceptibility using only topographic informa
tion. We also demonstrated that the computationally efficient FastFlood model (van 
den Bout et al. 2023) was best able to match the high-resolution flood model extent 
(F1 score ¼ 0.79) and water depths (mean absolute error and root mean square error 
of 0.46 and 0.76 m respectively). This model ran over 200 times faster for the 653 km2 

catchment than the Shrestha et al. (2023) model, which itself used the high-perform
ance computing optimised Hail-Caesar model. The results of this study support the 
communication of uncertainties and integration of flood hazard information into urban 
planning frameworks such as the Tomorrow’s Cities Decision Support Environment 
(TCDSE).
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