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SUMMARY
One of the main, if not the main, source of sand to the coast is fluvial sediment supply. Any
change in the sand supplied to the coast will disturb its equilibrium state, potentially leading
to coastline recession (with a decrease in fluvial sediment supply) or coastline progradation
(with an increase in fluvial sediment supply). Given ongoing human activities in basin areas
(e.g., agriculture, hydropower dams, new/expanding human settlements) and climate
change, many of the world’s low elevation coastal zones are at risk of losing land and rich
bio-diversity therein. In this context, hydrological model investigations are required to
assess the impacts of climate change and relevant human activities on fluvial sediment
supply to coasts. However, in data-poor areas, the standard approach of using a wellcalibrated/ validated process-based hydrological modelling for impact assessment is
challenging due to the limited availability of observed data.
The overarching objective of this study is to investigate how different modelling approaches
and input data sources may influence projections of streamflow and fluvial sediment loads
accounting for climate change and human activities, particularly in data-poor basins. In
order to achieve this overarching objective, two case study sites were selected: Irrawaddy
River Basin in Myanmar and Kalu River Basin in Sri Lanka. Compared to other major river
systems in Southeast and South Asia, the main rivers of these two basins can be considered
to be unregulated. However, future flow regimes in the two basins could change
significantly due to proposed development activities. These changes can be further
exacerbated due to impacts of the extreme weather conditions, which are quite frequently
observed in these regions, and due to climate change effects.
The process-based hydrological model – Soil Water Assessment Tool (SWAT) was applied
in a distributed setting (by dividing the basin into sub-basins and hydrological response
units) to determine the best performing precipitation product(s) by simulating the
streamflow in the Irrawaddy River Basin, Myanmar. The potential for using remote-sensing
data (evapotranspiration) and available limited streamflow data in the calibration of the
distributed hydrological model was rigorously investigated at the same basin. The validated
SWAT model was then used to estimate changes in future streamflow and fluvial sediment
supply to the coast under two scenarios: (a) climate change only, and (b) climate change and
human activities. All simulations for the Irrawaddy basin were forced with General
Circulation Models (GCMs) climate projection data for two Representative Concentration
Pathways (RCP 2.6 and RCP 8.5). Future human activities were presented by six planned
reservoirs on the Irrawaddy and tributary rivers. In order to identify the effect of spatial
heterogeneity, the same methodology was applied at the Kalu River Basin, Sri Lanka, with
some differences. Because the coarse resolution (> 1.1 degrees) of GCM data did not capture
the seasonal variability of the precipitation here, Regional Climate Model (RCM) data for
the same RCPs were used for the Kalu River Basin. Finally, the SWAT simulated fluvial

sediment loads were compared with corresponding projections obtained from a commonly
used lumped empirical model (i.e., BQART model) to investigate the performance of two
different modelling approaches.
The simulated streamflow in both basins shows that models forced with interpolated gauge
data perform better, despite the low gauge density in the Irrawaddy River Basin than with
other precipitation data products (without interpolated gauge data, PERSIANN-CDR and
CHIRPS) tested in the study. The global precipitation products provide low annual
precipitation compared to the in-situ precipitation data in the study areas. However, model
simulations forced with those products also reproduce the observed streamflow with
reasonable accuracy at a majority of the stations in the Irrawaddy River Basin. In terms of
the model calibration, this study shows that hydrological model calibration with a single
variable (either streamflow or evapotranspiration) leads to good performance with respect
to the calibration variable but usually results in reduced performance in the other variable.
In the multi-variable calibration using both streamflow and evapotranspiration, reasonable
results are obtained in both variables.
SWAT model simulations forced with future projected climate data show that streamflow
and fluvial sediment loads will increase in the Irrawaddy and Kalu basins by the end of the
century. Due to the planned reservoirs in the Irrawaddy basin, seasonal streamflow is
projected to change by -6% to 34% (on average), while sediment load may change by -9%
to 37% (on average) at the basin outlet under RCP 8.5 during the end-century period.
However, in terms of the annual sediment load, the projected reduction due to the planned
reservoirs at the Irrawaddy basin outlet is minimal (-5%).
The comparison of sediment loads projected by SWAT (daily time step) and the lumped
empirical BQART model (annual time step) showed different results for the Irrawaddy and
Kalu basins. In the Irrawaddy basin, the SWAT model projected higher annual sediment
load than the BQART model, whereas in the Kalu basin, BQART model projected higher
sediment load that the SWAT model, under both climate change scenarios and both future
periods considered. However, when the base period and future period estimates from the
same model (either SWAT or BQART) were compared, the BQART model projected lower
future increments than the SWAT model in both river basins. One major reason for this
difference is the difference in size of the two basins. These results indicate that the BQART
model might be more suitable for large basins (such as the Irrawaddy), whereas the SWAT
model is suitable in both small and large basins.
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1
1 INTRODUCTION
1.1 Background
Rivers are crucial contributors to the dynamic interaction between catchments and coasts by
transferring water and sediment from land to the oceans. The sediment carried by rivers
enriches coastal systems, which are shaped by river flows, fluvial sediments, waves and
tides. Due to large-scale anthropogenic retentions of sediment, sand mining, socio-economic
growth and climate change-driven impacts, the fluvial sediment supply to the coast has been
fluctuating and has resulted in coastal erosion and destruction of coastal ecosystems in many
places around the world. Presently, such problems are quite evident along many of the
world’s coasts, especially in Asia, USA and Africa (Besset et al., 2019; Luijendijk et al.,
2018; Ranasinghe et al., 2019; Syvitski et al., 2009; Syvitski and Saito, 2007; Vörösmarty
et al., 2009, 2003; Walling, 2006).
The global climate is changing. Relative to the 1986-2005 period, the global mean surface
temperature is projected to increase by 0.3°C to 0.7°C (medium confidence) during the
2016-2035 period, whereas extreme precipitation and heatwaves over the tropical and midlatitudes are projected to be more severe and frequent (IPCC, 2014). Furthermore, global
mean sea level is projected to continue to rise during the 21st century, very likely at a greater
rate than that is observed during 1971 to 2010 (Church et al., 2013). Impacts of climate
change (CC) are not spatially uniform, and hence the hydrological cycle at basin scales will
vary not only from basin to basin but also within large river basins. Such variations in
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hydrological cycles at river basin scale can result in significant alteration of the fluvial
sediment throughput from the river basin and the consequential sediment supply and river
discharge to the coast.
On the other hand, during the past decades, intensive human activities such as land
clearance, excessive agriculture, different land-use practices, water diversions and
abstractions, reservoir/dam constructions, and sand-mining. have been carried out within
river basins (Saito et al., 2007; Syvitski and Milliman, 2007; Syvitski et al., 2005;
Vörösmarty and Sahagian, 2000; Walling, 2006; Zhao et al., 2014). For instance, dams and
reservoirs play a major role in water resources management, particularly in terms of
regulating water supply, hydropower generation and flood control. Many countries in the
south and central Asian regions, Latin American countries such as Brazil, Paraguay,
Venezuela, and Peru, Canada, Turkey and Russia are increasingly investing in harnessing
unexploited hydro-power potential (Akpınara et al., 2011) as it is an attractive source of
renewable energy. As a result, even though, there was a relative decrease in hydropower
dam construction during 1990-2010, it has increased remarkably thereafter (Zarfl et al.,
2014). Zarfl et al. (2014) reported that as of March 2014, there were 3700 hydropower dams
either planned or under construction with more than 1MW capacity around the world. As a
result, the sediment supply to many of the world’s coasts and its delta systems has decreased
substantially (Besset et al., 2019; Dunn et al., 2019; Ranasinghe et al., 2019; Saito et al.,
2007; Syvitski et al., 2009; Syvitski and Saito, 2007).

1.2 Problem statement
The amount of fluvial sediment received by coasts has decreased globally, although soil
erosion at basin scales has increased over the past few decades (Besset et al., 2019;
Ranasinghe et al., 2019; Saito et al., 2007; Syvitski et al., 2005). Large-scale reservoir
constructions and implementation of major water diversion systems are the primary reasons
for this significant reduction of sand supply to coasts, whereas, socio-economic growth,
urbanization and climate change impacts are the key drivers for the increased soil erosions
at basin scales. Nearly half a billion people inhabit the world’s deltas and estuaries, forming
megacities in their vicinities (Syvitski and Saito, 2007; Woodroffe et al., 2006). These
deltaic coasts are becoming highly vulnerable to subsidence, erosion and have also been
exposed to frequent flooding (Besset et al., 2019; Syvitski et al., 2009; Vörösmarty et al.,
2009). On the other hand, global climate change is also causing major problems, and its
adverse effects are inevitable (IPCC, 2014). IPCC projections indicate that, the risks and
vulnerabilities associated with climate change impacts in basins and coasts will increase
globally due to high temperature, altered precipitation, extreme weather events and sea-level
rise. Socio-economic growth and development activities that take place within the basins
and coastal regions would further exacerbate these future risks and vulnerabilities.
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South and Southeast Asian regions consist of some of the largest cities in the world (i.e.,
Dhaka, Delhi, and Bangkok), yet large areas are less urbanized. Only one-third of the total
Asian populations live in urban areas. However, relative to other Asian regions, the highest
growth rates of urban populations are recorded in the South and Southeast Asian regions
(Hijioka et al., 2014). Economies of most of the countries in these regions are greatly
dependent on agriculture and natural resources. Large areas of the South and Southeast
Asian regions are annually exposed to many extreme climate events such as floods,
droughts, tropical cyclones and heatwaves. Currently, these nations are identified to be
among the most vulnerable areas to the impacts of global climate change (Kreft et al., 2015).
According to long-term Climate Risk Index (CRI) analysis (Kreft et al., 2015), six countries
in the South and Southeast regions are listed in the world’s top 10 most vulnerable to the
climate change-driven impacts between 1995 and 2014.
In this context, detailed hydrological investigations are required to assess the potential
climate change and anthropogenic impacts on river/ coast systems. Process-based
hydrological models when applied in distributed or semi-distributed settings, are capable of
evaluating hydrological response at interior ungauged basins which is not possible with
lumped parameter models (Wi et al., 2015). However, distributed hydrological modelling
with high spatial and temporal resolutions is a challenging task due to scarcity, quality and
uncertainties of data for model initialization, calibration, and validation. Data scarcity is
particularly a problem in many river basins (Hrachowitz et al., 2013) of the South and
Southeast Asia where sufficient data for model setup and calibration/validation do not exist
(i.e., data-poor regions). In contrast, emerging reduced-complexity models that assess
coastline changes employ empirical models such as BQART to compute fluvial sediment
supply, in order to simulate the coastline projections over time scales of 50-100 years at a
reasonable computational cost and time (Ranasinghe, 2020). However, significant
variabilities in modelling techniques (i.e., model uncertainties) and modelling inputs (i.e.,
climatic variables and human activities) inevitably introduce uncertainties in coastline
projections obtained from such coastline change models (Bamunawala et al., 2020).
Therefore, it is important to be able to quantify the uncertainties associated with coastline
change projections to facilitate risk-informed decision making by the coastal zone planners
and managers. Computationally efficient reduced complexity models serve this purpose
better than process-based modelling approaches that require a high level of input data and
large computational power.
In this regard, this study attempts to explore the effective use of different modelling
approaches in data poor regions to examine the impact of climate change and human
activities on river/coast systems in terms of the streamflow and fluvial sediment supply. In
particular, this study aims to address the following main research questions:
1)

How does a hydrological model respond to and perform with respect to spatial
scales and varied climatic input characteristics?
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2)

3)
4)

How can remote-sensing based evapotranspiration data and limitedly available
streamflow data be effectively used to calibrate a process-based hydrological
model in poorly gauged river basins?
How do streamflow and fluvial sediment load of a river basin vary with respect to
climate change impacts and human activities in the 21st century?
How do sediment load projections by empirical models such as BQART compare
with those by more distributed and process-based model such as SWAT in different
basin conditions (e.g., basin size, reservoirs)? Do such empirical models perform
better in some situations and worse in others?

1.3 Research objectives
The overarching objective of this study is to investigate how different modelling approaches
and input data sources may influence projections of streamflow and fluvial sediment loads
accounting for climate change and human activities, particularly in data-poor river basins.
The above overarching objective is achieved by investigating two selected study areas; the
Irrawaddy River Basin in Myanmar (410,000 km2, the largest river basin in Myanmar) and
the Kalu River Basin in Sri Lanka (2,787 km2, second-largest river basin in Sri Lanka).
These two basins can be considered to broadly represent data-poor environments in the
Southeast and South Asian regions as they encompass a broad range of spatial scales (very
large to very small). Compared to the major rivers in the region, the main rivers of these
basins are mostly unregulated in the present condition.
The specific objectives of the study are as follows:
1)
2)

3)
4)
5)

4

Investigate the impacts of different model inputs (i.e., precipitation) on
hydrological simulations of the study areas
Investigate the use of multi-variable calibration in a process-based hydrological
model for data-poor basins by using Remote Sensing based evapotranspiration and
limitedly available observed streamflow measurements
Determine the most representative climate forcing scenarios for the study areas
Assess potential changes in fluvial sediment supply to the coast under different
climate change scenarios and human activities in the 21st century
Compare and contrast projections of fluvial sediment loads obtained from processbased modelling with those obtained under comparable forcing using an empirical
fluvial sediment supply model
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1.4 Thesis outline
This dissertation is structured into nine chapters, as summarized below:
Chapter 1 presents the research background and highlights the problem and research need
on this topic in general and in particular in the data poor environment of river basins in
South and Southeast Asia. It also introduces objectives and the research questions addressed
in this study.
Chapter 2 provides a review of literature on predicting streamflow and fluvial sediment
fluxes to the coast. Topics covered in the review include streamflow and sediment,
modelling techniques and data requirement, and main drivers (i.e., climate change and
human activities) of changes of streamflow and sediment loads.
Chapter 3 presents the case study sites (i.e., the Irrawaddy River Basin, Myanmar and Kalu
River Basin, Sri Lanka) and detail methodological framework. It also summarizes the
datasets used for this study.
Chapter 4 presents the effects of different precipitation inputs (i.e., observed and global
products) on streamflow simulation in two study areas (i.e., the Irrawaddy and Kalu Basins).
This chapter provides the details of the model setup with the Soil Water Assessment Tool
(SWAT). Here, the best performing precipitation products(s) were selected by considering
the model performances in reproducing the streamflow at the streamflow gauging stations.
Chapter 5 presents the use of observed streamflow data and remote-sensing (RS) based
evapotranspiration data for hydrological model calibration. Here, single variable calibration
(i.e., streamflow and RS based evapotranspiration separately) and multi-variable calibration
(i.e., streamflow and RS based evapotranspiration together) were presented for the
Chindwin Basin, which is a main tributary basin of the Irrawaddy Basin.
Chapter 6 presents the impacts of climate change and human activities on streamflow and
fluvial sediment supply to the coast in the Irrawaddy River Basin, Myanmar for the base
period (1991-2005) and two future periods (i.e., mid-century 2046-2065 and end-century
2081-2100).
Chapter 7 presents the impacts of climate change on streamflow and sediment load supply
to the coast in the Kalu River Basin, Sri Lanka for the same future periods considered in the
Irrawaddy River Basin.
Chapter 8 compares the distributed vs lumped model simulations for sediment loads. SWAT
model projections of sediment loads obtained from Chapter 6 and 7 were compared with
simulation results obtained from the BQART model in the two study areas for the base
period (1991-2005) and future periods (2046-2065 and 2081-2100) considered.
Chapter 9 presents the general conclusions of this study and possible implications for future
research.
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2
2 PREDICTING STREAMFLOW AND
FLUVIAL SEDIMENT FLUXES TO
THE COAST: A REVIEW
2.1 Introduction
Streamflow and sediment are inter-connected through river networks and contribute to the
dynamic stability of river/coast systems. They affect the morphodynamics of rivers, flood
plains and deltas and carry various materials from land to the coast, which in turn support
the coastal ecosystems. During the past few decades, global river systems have undergone
significant changes due to climate change (i.e., increase/ decrease in rainfall intensity and
volume, and increase in temperature) and a wide range of human activities such as land-use
change, deforestation, damming of rivers, water diversion and abstraction, and sand-mining
from river banks (Dunn et al., 2019; Ranasinghe et al., 2019; Syvitski and Milliman, 2007;
Syvitski et al., 2005; Syvitski and Saito, 2007; Walling, 2009, 2006; Wu et al., 2017; Zhao
et al., 2014). As a result, substantial variations of streamflow and sediment load can be
observed in many river systems across the world. Recent studies have reported that many
large rivers (i.e., Yellow River, Yangtze River, Chao Phraya River, Pearl River, and Nile
River) show a considerable reduction of sediment supply to the coast due to reservoirs and
land-use changes (Besset et al., 2019; Miao et al., 2011; Ranasinghe et al., 2019; Walling,
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2009; Yang et al., 2015). Thus, it is essential to understand and evaluate the variability of
streamflow and sediment load under different influencing factors. Such evaluations provide
the basis for basin management and planning activities, flood/drought mitigation and
adaptation measures, design of river structures, maintenance of water bodies (Zhao et al.,
2014) coastal zone management and planning, and coastline projections.
The main objective of this review is to discuss the different modelling approaches used to
compute the sediment and streamflow to the coast, and to gain insights into future forcing
scenarios and their potential impacts on streamflow and fluvial sediment supply to the coast.
This chapter is organized as follows: Section 2.2 provides a brief introduction on streamflow
and fluvial sediment fluxes. The modelling approaches used to compute these two variables
are discussed in Section 2.3, in which different types of models, data requirements and
model calibration approaches are reviewed. The main drivers (climate change and human
activities) and their subsequent impacts on streamflow and fluvial sediment flux are
discussed in Section 2.4.

2.2 Streamflow and fluvial sediment fluxes
Streamflow is invaluable to all animal and plant lives on Earth. The main influencing factor
for streamflow is the amount of precipitation received within its basin (Perlman, 2016).
Streamflow is also the transport agent for many nutrients, pesticides, fertilizers and sediment
(Sitterson et al., 2017), which are generated from the watershed and transported to
waterways through surface runoff. The streamflow rate and variation, and stream
characteristics govern sediment deposition, erosion, and transport in the river, and
consequently impacts on morphological changes and biodiversity of waterways and coastal
systems.
Several inter-related factors affect soil erosion at basin scale. These include rainfall
intensity, climatic variables (i.e., temperature and wind), land cover, land-use, topography,
drainage network, runoff, soil characteristics (i.e., grain size and mineralogy), and land
management practices (Morgan, 2005). Thus, the estimation of soil erosion at a basin scale
is a complex undertaking. Not all the sediment eroded within basins will be transported
through waterways to the coast. Some of the eroded sediment deposits in floodplains and
other land surfaces and depressions. The sediment transportation through waterways is a
function of two main processes known as degradation and deposition.
Sediment is a natural resource, which is vital for ecosystem functions and, enriching biodiversity (Hajigholizadeh et al., 2018). For instance, sediment deposition in areas such as
deltas and flood plains enrich them for agriculture. On the other hand, soil erosion affects
the environment and human life (Hajigholizadeh et al., 2018). For example, soil erosion
reduces the useful life span of many hydraulic structures (i.e., dams, spillways, weirs) and
the active storage of impound water resources such as rivers, reservoirs, and lakes. Despite
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globally increasing soil erosion, the volume of sediment supply to the coastal zone is
decreasing due to anthropogenic sediment retention (Ranasinghe et al., 2019; Syvitski,
2003; Syvitski et al., 2009). An estimation of sediment flux at global scale indicates that
human activities over the past 50 years have accelerated the sediment flow through rivers
by soil erosion (by 2.3 ± 0.6 GT per year) and have also reduced the sediment flux reaching
the world’s coasts by 1.4 ± 0.3 GT per year due to retentions within the reservoirs (Syvitski
et al., 2005).

2.3 Modelling streamflow and fluvial sediment fluxes
A range of numerical models is available to compute the streamflow, sediment erosion and
fluvial sediment load at different spatial and temporal scales, and the usability of these
models are well documented in the literature. These models vary because of their complexity
(methods and assumptions used), data requirements, scope of their application, and
processes considered (De Vente et al., 2013; Gupta et al., 2015; Hajigholizadeh et al., 2018;
Merritt et al., 2003; Pechlivanidis et al., 2011). Generally, a “best” model does not exist for
all applications because each model development has its defined purpose(s). Therefore, the
selection of a suitable model for a particular study/ research mainly depends on the
objective(s) and the desired output of the study and the characteristics of the study area.
However, there are a number of other factors that need to be considered in selecting an
appropriate model for a given application (Hajigholizadeh et al., 2018; Merritt et al., 2003).
These include:


Data required for the model (input data with different spatial and temporal
resolutions),



Underlying model assumptions, model accuracy and validity,



Model components, which reflect model capabilities,



Affordability and ease of use with respect to available time and resources,



Model output scales (spatial and temporal) and their form

Depending on adopted simplifications, processes simulated and data dependency, numerical
models, in general, can be broadly classified as: (1) empirical, (2) conceptual, and (3)
process- and/or physics-based. Table 2-1 presents the main characteristics of the three types
of numerical models mentioned above.
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Table 2-1. Characteristics of model types. Source: Devi et al. (2015) and Sitterson et al. (2017).

References to the model listed in the table are (a) Devi et al. (2015), (b) Beven and Kirkby
(1979), (c) Seibert and Vis (2012), (d) Johanson et al. (1980), (e) Abbott et al. (1986) , (f)
Neitsch et al. (2011), (g) Hamman et al. (2018), (h) Syvitski and Milliman (2007), (i)
Williams and Berndt (1977), (j) De Vente and Poesen (2005), (k) Young et al. (1989), and
(l) De Roo et al. (1996)
Description Empirical

Conceptual

Method

Non-linear
relationship between
inputs and outputs,
Data-based or metric
or black-box model

Simplified equations Physical laws and
of physical processes equations based on
physical processes

Strengths

A limited number of
parameters required,
Fast simulation

Simple model
structure

Incorporates spatial and
temporal variability,
usually applied in a
distributed structure

Weakness

Little representation
of features and
processes of the
system

Usually many
calibration
parameters

Usually requires a large
number of inputs

Unit hydrograph for
surface runoff, ANN
rainfall-runoff
model(a)
BQART(h),
MUSLE(i), PSIAC(j)

TOPMODEL(b),
HBV(c), HSPF(d)

MIKE-SHE(e),
SWAT(f), VIC-5(g)

TOPMODEL,
HSPF, AGNPS(k)

MIKE-SHE, SWAT,
LISEM(l)

Examples:
Streamflow

Sediment

Process-/physics-based

Hydrological models are the standard tool for studying the interactions of hydrological
processes (i.e., streamflow, water quality, sediment and nutrient transport) and predicting
river basin behaviour under different forcing scenarios (i.e., climate change, crop pattern
changes, land-use change, water diversions, and different human activities). There are
several published reviews on hydrological models (Beven, 2001; Clark et al., 2017; Devi et
al., 2015; Fatichi et al., 2016; Jajarmizadeh et al., 2012; Pechlivanidis et al., 2011; Singh,
2018; Sitterson et al., 2017; Trambauer et al., 2013), which summarize the modelling
capabilities, uncertainties, limitations, and new developments.
A comprehensive review presented by De Vente et al. (2013) emphasizes that modelling of
sediment erosion and fluvial sediment load is strongly governed by the level of spatial and
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temporal measures considered. De Vente et al. (2013) reviewed 14 models and more than
700 selected basins from the published literature. Another recent review by Hajigholizadeh
et al. (2018) provided information on different types of currently available models, their
characteristics, potential, and applicability to simulate the sediment erosion and transport
phenomena at river basin scale.

2.3.1 Data challenges and opportunities
Watershed models are utilized to understand hydrological processes interactions and to
predict system behavior under different forcing scenarios. Primary climatic data such as
temperature and precipitation along with topography, and geological data, are the main types
of data used to simulate hydrological phenomena within a given study area. Among these
model inputs, precipitation is the fundamental variable to all hydrological modelling, as it
is the primary source of water to generate the flow. On the other hand, hydrological
processes such as evapotranspiration, precipitation, melting and freezing, condensation, and
sediment erosion are intimately linked with surface temperature.
Accurate representation of precipitation capturing its spatial and temporal variability is
essential for any hydrological model to simulate basin behavior reliably. Available gauged
precipitation data are mostly inadequate to accurately represent the heterogeneity of
precipitation in many river basins (Miao et al., 2015). Nowadays, however, there are several
other precipitation products available to represent the amount of water received by
watersheds, which include data derived from interpolating of in-situ measurements (e.g.,
APHRODITE, and CPC Unified), atmospheric model outputs with reanalysis (e.g.,
ERAInterim, NCEP-CFSR, and JRA-55), and remote sensing-based products (e.g., CHIRP,
PERSIANN, CMORPH, GridSat, TRMM, GSMap V5/6, and SM2RAIN-ASCAT). These
products vary in spatial coverage (i.e., global and regional), spatial resolution (0.05°×0.05°
to 1°×1°) and temporal resolution (hourly, daily, and monthly). Some of these products have
been further developed by applying gauge-based corrections (e.g., CHIRPS, PERSIANNCDR, CMORPH-CRT, and TMPA 3B42V7).
Many studies have investigated the impacts of different precipitation inputs on hydrological
modelling in different parts of the world (e.g., Abera et al., 2016; Andreassian et al., 2001;
Bárdossy and Das, 2006; Chen and Chen, 2018; Lopez et al., 2015; Masih et al., 2011;
Massari et al., 2017; Miao et al., 2015; Moon et al., 2004; Moulin et al., 2008; Price et al.,
2014; Segond et al., 2007; Thiemig et al., 2013; Toté et al., 2015; Tuo et al., 2016; Zhu et
al., 2017). For instance, Beck et al. (2017) evaluated 22 global precipitation products, in
which, 13 were assessed by comparing with daily in-situ gauge data. The remaining 9
products were evaluated in terms of streamflow simulation using the HBV model (the
Hydrologiska Byråns Vattenbalansavdelning model) (Seibert and Vis, 2012). Their results
have demonstrated significant biases among the precipitation products tested. Among the
non-gauge corrected precipitation datasets: CHIRP V2.0, and MSWEP-ng V1.2 and V2.0
have produced the most accurate long-term mean precipitation due to the high-resolution
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climatic datasets used therein. Seibert and Vis (2012) also noted that the gauge-corrected
precipitation datasets (i.e., CPC Unified and MSWEP versions) performed best in the midlatitude regions, where dense monitoring networks do exist. In contrast, their worst
performance was observed in arid regions due to the impacts of highly localized and varied
convective rainfall.
In South and Southeast Asia, where ground observations are particularly sparse and limited,
there are only a handful of studies that have investigated the impacts of precipitation inputs
on hydrological simulations. Table 2-2 summarizes the available studies undertaken within
the South and Southeast Asian regions. It is also important to note that all precipitation
products are not equally good or bad for all regions. Some products can be good/bad for
even different parts of the same basin.
Table 2-2. Overview of the impacts of different precipitation inputs on hydrological simulations over
South and Southeast Asia. Detailed information on each precipitation product can be found in
Beck et al. (2017)
Precipitation
Study area
products

Target variable and remarks

Reference

APHRODITE
TRMM
PERSIANN
GPCP
CHCHN2
NCEP/NCR

Dak Bla River
Basin, Vietnam
(2,560 km2)

Streamflow
 Use of APHRODITE performed very well at
daily time scale, followed by GPCP in
monthly time scale.
 Due to different interpolation and assimilation
algorithms, precipitation datasets have
uncertainties, although these products are
merged with ground data.

Vu et al.
(2012)

Gauge data
TRMM3B42V7

Mekong Basin
(795,000 km2)

Streamflow
 Simulation with TRMM-3B42V7 produces
better results than with gauge data
 Grid-based TRMM data is less sensitive for
selection of calibration period. Calibrated
parameters from TRMM are stable and
effective than that from gauge data

Wang et al.
(2016)

APHRODITE
PERSIANNCDR
NCEP-CFSR

Kelantan &
Johor River
Basins in
Malaysia
(12,134 km2
and 1,652 km2)

Streamflow
 Simulations
with
APHRODITE data
performed the best, but with under-estimation.
 NCEP-CFSR
overestimates
the
flow
drastically.
 PERSIANN-CDR shows acceptable results in
Kalantan Basin but fails to reproduce the flow
in Johor Basin.

Tan et al.
(2017)

CHIRP
CHIRPS

Koshi Basin,
Nepal
(39,407 km2)

Drought monitoring (SPI)
 Comparable results were obtained from both
products.

Shrestha et
al. (2017)
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Precipitation
Study area
products

Target variable and remarks

Reference

 However, both products performed poorly in
high elevation regions.
Gauge data
TRMM3B42V7
GPM-IMERG

Chindwin
Basin,
Myanmar
(110,350 km2)

Streamflow
 TRMM-3B42V7
outperformed
GPMIMERG.
 After bias correction, TRMM-3B42V7 based
simulations performed better than gauge
based simulations.

Yuan et al.
(2017)

Gauge data
PERSIANNCDR
CHIRPS

Irrawaddy
Basin,
Myanmar
(371,558 km2)

Streamflow
 Interpolated gauge data outperformed the
other rainfall products.
 CHIRPS and PERSIANN-CDR also showed
acceptable results in most of the discharge
gauge stations

Sirisena et
al. (2018)
(part of this
study)

2.3.2 Model calibration
Model calibration is the process of estimating model parameter values, which can accurately
reproduce observed hydrological responses (i.e., streamflow, sediment load, groundwater
levels, soil moisture) (Kumarasamy and Belmont, 2018; Yu, 2015). However, robust
calibration of hydrological model is a challenging task (Yang et al., 2008), mainly due to
the existence of different sources of uncertainties, such as natural, input data, model
structure and parameters. Nevertheless, model calibration is essential to obtain reliable
responses from distributed hydrological modelling (Beven, 2012).
Sivapalan et al. (2003) define an ungauged or poorly gauged basin as an area that lacks
hydrological observations in terms of both quality and quantity to enable the computation
of hydrological variables at appropriate spatial and temporal scales, and an acceptable level
of accuracy for practical applications. The above definition implies that every river basin is
ungauged to a certain extent. In most developing countries, the lack of data is a major
problem for hydrological assessment (Immerzeel and Droogers, 2008; Wi et al., 2015).
Research interests in hydrological simulations for ungauged or poorly gauged basins have
increased recently, due to the availability of distributed modelling and sophisticated
mathematical techniques used in model calibration. As an example, the Prediction in
Ungauged Basin (PUB) initiative of the International Association was aimed at achieving
reliable prediction in hydrological practice (Sivapalan et al., 2003).
The conventional method of hydrological model calibration is based on a comparison
between simulated and observed hydrographs at available gauge locations. However, the
use of one output variable for model calibration does not provide a robust representation of
the hydrological behavior of a given area (Seibert and McDonnell, 2002). Model calibration
has, in fact, become fairly complicated in distributed hydrological modelling because there
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is a large number of spatially and temporally varying parameters involved in a typical
hydrological model. In this regard, remote sensing (RS) data and auto-calibration algorithms
have been utilized by researchers to overcome the above-mentioned limitation in model
calibration. For instance, several studies have used remote sensing (RS) based
evapotranspiration (ET) (e.g., Franco and Bonumá, 2017; Githui et al., 2012; Immerzeel and
Droogers, 2008; López et al., 2017; Rientjes et al., 2013; Tobin and Bennett, 2017), soil
moisture (e.g., Campo et al., 2006; Kunnath-Poovakka et al., 2016; Li et al., 2018; López et
al., 2017; Rajib et al., 2016), snow cover and glacier mass balance (e.g., Finger et al., 2015,
2011), and land surface temperature (LST) (e.g., Corbari and Mancini, 2013) for
hydrological model calibration.
The calibration process of a model can generally be classified into three broad categories;
(1) manual, (2) automatic, and (3) combination of both manual and automatic methods. The
manual calibration method, which is also known as the trial and error method, does not
determine an exact point of termination for the calibration. Thus, the manual calibration
method demands a lot of time and effort and also requires good knowledge and understating
of hydrological processes involved. The automatic calibration method can perform
thousands of simulations/trials within a relatively short time with several calibration
parameters. This method requires numeric criteria to evaluate model performance
automatically by the calibration algorithm. Such criteria have been developed by objective
functions, which ultimately provides more consistent performance than the manual approach
of model calibration (Boyle et al., 2000). However, this method does not entirely replace the
manual approach because the automatic calibration cannot fully replicate human judgment.
Therefore, model calibration is most successful when a combination of manual and
automatic calibration processes are adopted (Pechlivanidis et al., 2011).
The automatic calibration process comprises of four major components; (1) the objective
function (OF), also known as the performance measure, (2) optimization algorithm, (3)
calibration parameters, constraints and termination criteria, and (4) calibration data. The
objective function is a numerical measure of the difference between simulated and measured
(observed) variables (Schaefli and Gupta, 2007). The most commonly used OFs in
hydrological studies are the coefficient of determination (R2) and the Nash-Sutcliffe
Efficiency (NSE), which determine the relative variance of observed and simulated data
(Nash and Sutcliffe, 1970). After evaluating several river basins in Australia, Gupta et al.
(2009) showed that NSE has the ability to capture peak flows while underestimating the
average flows. Optimization algorithms examine the response parameter space, which
optimizes (minimize or maximize) the objective function value. Most of the optimization
methods fall into either local or global search methods.
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2.4 Main drivers on future changes of streamflow and
fluvial sediment supply
Climate change and human activities are the main influencing drivers for changes in
streamflow and fluvial sediment fluxes (Saito et al., 2007; Syvitski, 2003; Syvitski et al.,
2005; Vörösmarty et al., 2003). Future climate projections provide information on several
meteorological variables, primarily precipitation, and temperature, which are crucial to
assess future changes in both streamflow and sediment fluxes at basin scale.

2.4.1 Climate change impacts on catchment hydrology
Climate models and scenarios
General Circulation Models (GCMs) simulate physical processes of the atmosphere, ocean,
cryosphere and land surface. These models help to simulate both the past as well as a
plausible future climate. However, uncertainties exist in GCM based future climate
projections due to the inability of the models to accurately represent some physical process,
such as cloud cover, radiation, water vapor and their feedback mechanisms. Currently, there
are more than 30 GCMs developed by different research institutes around the world (Taylor
et al., 2012).
The earth’s climate system is highly sensitive to the concentration of the Green House Gases
(GHGs) in its atmosphere. A better understanding of future changes in climate and their
probable impact can be gained by considering the amount of GHGs in the atmosphere over
the forthcoming years. The IPCC released a Special Report on Emission Scenarios (SRES)
in 2000. In this report, four different future emission scenarios were presented; A1, A2, B1,
and B2. Representative Concentration Pathways (RCPs) are the newly developed scenarios
under Couple Model Inter-Comparison Project Phase 5 (CMIP5) that fed into the Fifth IPCC
Assessment Report (AR5). Besides using socio-economic considerations, the RCPs are also
based on projections of radiative forcing. The four RCPs in this assessment report are named
according to the expected radiative forcing values by the year 2100 (relative to pre-industrial
values) as follows:
1)

RCP 2.6: Maximum radiative forcing at ~3 W/m2 by 2100 and decay thereafter

2)

RCP 4.5: Balancing pathway without exceeding 4.5 W/m2 and stable after 2100

3)

RCP 6.0: Balancing pathway without exceeding 6 W/m2 and stable after 2100

4)

RCP 8.5: Rising radiative forcing to the level of 8.5 W/m2 by 2100
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Downscaling of GCM data
Because GCMs have relatively coarse spatial resolutions (~ 1o – 3.5o in horizontal), they
show high biases (Chen et al., 2019). Such biased climatic data cannot be directly used in
hydrological or water resources modelling at local scales (basin level) as they do not
represent the local variabilities (Chen et al., 2019, 2013; Sharma et al., 2007; Smitha et al.,
2018; Teutschbein and Seibert, 2012). Therefore, downscaling techniques are typically used
to obtain more reliable climate variables at the regional level from the coarse resolution
GCM data (Themeßl et al., 2011). Both dynamical and statistical downscaling techniques
can be used to downscale the GCM data. In dynamical downscaling, Regional Climate
Models (RCMs) are forced with coarser resolution GCM outputs and regional information
(e.g., orography, and land-use) is taken into account to simulate local weather and climate
information at a finer spatial resolution (~10-50 km) (Smitha et al., 2018). In statistical
downscaling, empirical relationships are established between large-scale GCM variables
and local climate variables. These relationships are then used together with GCM data to
derive projections of local climatic variables at a higher resolution.
Both downscaling methods have their strengths and limitations. Owing to their finer spatial
resolution, RCMs could provide an improved representation of the non-stationarity of
climate dynamics, and inter-annual variability of climatic variables derived from GCM
simulations (Guyennon et al., 2013). However, dynamical downscaling is more complex
and challenging to implement due to the high computational capacity and technical expertise
required (Smitha et al., 2018). Furthermore, biases in parent GCM data will inevitably be
inherited by the RCMs. On the other hand, statistical downscaling is easy to implement and
computationally efficient. However, this method assumes that the relationship developed
between modelled data and ground data for the base period will be valid for the future as
well. This assumption is not strictly valid due to the non-linear and non-stationary nature of
climate variabilities.
Currently, several RCMs are utilized for climate change impact studies at regional and local
scales. These include RegCM4, WRF, REMO, PRECIS, RCA, RSM, CRCM, COSMOCLM, ETA, and HIRHAM (more details in Giorgi (2019)). Statistical downscaling methods
can be categorized as (1) transfer function (Wilby et al., 2002), (2) weather typing (Schoof
and Pryor, 2001), and (3) weather generator (Zhang, 2005). The transfer function method
establishes a linear or non-linear relationship between GCM outputs (predictors) and local
climate data (predictands). Despite being easy to use, the main weakness of this method is
that model can only explain the part of the observed climate variability (particularly in
precipitation). The weather typing method groups the local climatic variables with respect
to different atmospheric circulations. Therefore, there is a close link between local variables
and large-scale circulations. However, this relationship is not stationary and, thus the
reliability of this method is uncertain. The weather generator method involves perturbation
of the parameter values with respect to relative changes in climate data. This method can
produce sets of climate scenarios to study the impacts of climate and its variabilities.
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Future projections
Future climate projections presented by in the IPCC AR5 show that global mean surface
temperature is likely to increase by 0.3o-4.8o C by late 21st century (2081 - 2100) under four
RCPs (relative to 1986-2005 period) (IPCC, 2014). Precipitation changes are not uniform
(IPCC, 2014). More frequent and intense extreme precipitation are very likely to occur over
mid-latitudes and wet tropical regions. Average precipitation over high latitudes and the
equatorial Pacific regions are likely to increase by the end of this century under RCP 8.5
(Figure 2-1). In contrast, many mid-latitudes and subtropics are projected to be drier, while
many mid-latitude wet regions are to be wetter. More intense and frequent extreme
precipitation events are more likely to occur over mid-latitudes and wet tropics
predominantly due to increases in global surface temperature (IPCC, 2014).

Figure 2-1. Changes in (a) average surface temperature (b) average precipitation for 2081 to 2100.
The results are obtained from CMIP5 multi-model simulations and are relative to 1986 – 2005. The
number of models used are indicated in the top right of each map. Source: IPCC (2014).

Apart from these investigations at the global level, many studies have investigated climate
change-related aspects at the local/basin scales. In general, these investigations address the
results at annual, seasonal or monthly time scale(s) using statistically downscaled or
dynamically downscaled, bias-corrected GCM outputs. Table 2-3 summarizes the projected
changes in precipitation and temperature in a few selected river basins in South and
Southeast Asia. Many of these studies have focused on the mid-century (i.e., the 2050s) and
the end-century (i.e., the 2080s) time horizons. The expected change in temperature show
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clear indications of significant increments in the future. However, the characteristics of the
projected changes in precipitation are not unidirectional. In many cases, the “dry regions get
drier and wet regions to get wetter” (DGDWGW) paradigm as discussed by Hu et al. (2019)
does appear to hold. For example, the Krishna Basin, India mostly belongs to the semi-arid
region and annual precipitation is projected to decrease during 2009-2070 under RCP 4.5
and RCP 8.5 (Chanapathi et al., 2018). On the other hand, the Yang Basin, Thailand
experiences two monsoons (north-east and south-west) and tropical cyclones from SouthChina sea, and an increase of precipitation is expected (~ >20% in annual precipitation)
(Shrestha and Lohpaisankrit, 2017). In general, most of the studies show that a higher
increase in temperature/ precipitation is expected by the end of the century for RCP 8.5.
Table 2-3. Overview of bias-corrected future climate projections for selected studies in South and
Southeast Asia. Note that the base period considered in the various studies may differ.
Climate
Projections
10 GCMs
(RCP 2.6,
4.5, 6.0 and
8.5)

Variables

Basin

Projection horizon and results

Reference

Precipitation
Minimum
and
maximum
temperature

Belu RB
(Myanmar)
8,329 km2

2010-2039, 2040-2069, and 20702099s
Increase/decrease in annual
precipitation by -1.78 - +9.14%
Increases in minimum
temperature by 0.64-5.27oC
Increases in maximum
temperature by 0.56-2.82oC

Aung et al.
(2016)

3 GCMs
(RCP 4.5
and 8.5)

Extreme
Precipitation

Mahaweli RB
(Sri Lanka)
10,448 km2

2020s, 2050s, and 2080s
Decrease/increases in annual
precipitation by -0.5% - + 44%.
Decrease in consecutive dry days
and increase in wet days
Decrease in monthly 5 days
maximum precipitation

Imbulana et al.
(2018)

3 GCMs
(RCP 4.5
and 8.5)

Precipitation
Minimum
and
maximum
temperature

Yang RB
(Thailand)
4,145 km2

2020s, 2050s, and 2080s
Increase in annual precipitation
by 6.9% - 48.5%
Increase in maximum temperature
(0.05 – 3.8 oC) and minimum
temperature (0.05 – 3.5 oC)

Shrestha and
Lohpaisankrit
(2017)

4 GCMs
(RCP 2.6,
4.5, and 8.5)

Temperature

Lower Mekong
Basin
(Lao PDR,
Thailand,
Vietnam and
Cambodia)
~600,000 km2

2006-2049 and 2050-2093
Increase in mean annual
temperature by 0.93 – 2.97 oC

Ruan et al.
(2019)
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Climate
Projections
5 RCMs
(RCP 4.5
and 8.5)

Variables

Basin

Projection horizon and results

Reference

Precipitation
Temperature

Yarlung
TsangpoBrahmaputra
RB
(India and
Bangladesh)
530,000 km2

2020-2035
Increase in basin average
precipitation by 7.3-12.8%
Increase in average temperature
by 1.1-1.3 oC

Xu et al.
(2019)

1 RCM
(RCP 2.6,
4.5 and 8.5)

Precipitation
Temperature

Headwaters of
Yellow and
Yangtze RBs
(Tibetan
Plateau, China)
259,600 km2

2041-2060
Increase in annual precipitation
by 0-70%
Increase in temperature by 1-4 oC

Lu et al.
(2018)

1 RCM
(RCP 4.5
and 8.5)

Precipitation
Temperature
(mean,
maximum
and
minimum)

Krishna RB
(India)
258,948 km2

2009-2040, 2043-2070, and 20732100
Decrease and increase in mean
annual precipitation (-13 % to
+22 %)
Increase in mean, maximum and
minimum temperature (1.4-2.6
o
C, 1.5-2.5 oC, and 1.7-2.6 oC,
respectively)

Chanapathi et
al. (2018)

These estimated changes in future climate are expected to alter hydrological regimes of the
basins. For South and Southeast Asia, many studies have predicted a wide range of climate
change driven impacts on streamflow (e.g., Ghimire et al., 2019; Lirong and Jianyun, 2012;
Shrestha and Htut, 2016a; Shrestha and Lohpaisankrit, 2017; Thompson et al., 2013; Wang,
2015; Xu et al., 2019; Zhang et al., 2014), sediment erosion and load (e.g., Azim et al., 2016;
Kim et al., 2017; Maharjan et al., 2014; Nilawar and Waikar, 2019; Shrestha et al., 2013;
Zhou et al., 2017; Zhu et al., 2008), water quality (e.g., Whitehead et al., 2015), snow cover
and glacier (e.g., Khadka et al., 2014; Lutz et al., 2014), evapotranspiration (e.g., Lu et al.,
2018), water yield/ availability (e.g., Chanapathi et al., 2018; Deb et al., 2018; Shrestha et
al., 2014), water scarcity (e.g., Gosling and Arnell, 2016) through numerous numerical
model simulations and/ or empirical relationships.

2.4.2 Human activities and their impacts
Many studies have identified the intense pressure from human activities on the natural
system, via interventions such as water diversion, reclamation, exploitation of groundwater
resources, deforestation, land-use management, urbanization, and dam construction
(Ranasinghe et al., 2019; Saito et al., 2007; Syvitski and Milliman, 2007; Syvitski et al.,
2009, 2005; Walling, 2009, 2006), leading to the changes in streamflow, groundwater
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resources, sediment load, soil erosion, biodiversity and eco-system, coastline position, and
saline water intrusion (De Vente et al., 2013; Walling, 2009).

Impacts in past and present
Tan et al. (2015) evaluated effects of climate variability and land-use change on streamflow
and evaporation in Johor River Basin in Malaysia for the period of 1975-2004 and found
that climate variability driven influences on these two variables were higher than those
resulting from land-use changes. Zhang et al. (2016) evaluated streamflow changes in
Poyang Lake River Basin, China between 1955 and 2009 and found that climate change and
human activities (land-use changes and reservoirs) had contributed 73.2% and 26.8%,
respectively to observed changes in streamflow.
After construction of the Three Gorges Dams (TGD) along the Yangtze River in China, a
7% reduction of water flow during the period of 2003-2012 was observed, when compared
with records over the previous 50 years (1950-2002) (Yang et al., 2015). Furthermore,
Yang et al. (2015) have summarized that most of this reduction (60-70%) can be attributed
to decreased precipitation, and the remainder can be attributed to the construction of
reservoirs/dams, changes in water-soil conservation practices, and water consumption. They
also estimated that about 65% of the declined sediment flux in the Yangtze River since 2003
resulted from the TGD. Fluvial sediment supply from Pearl River (China) to its coast has
decreased by 71% during 1954-2013 due to human intervention such as damming and
deforestation (Ranasinghe et al., 2019). Walling (2009) documented the driving factors,
evidence and adaptations on sediment transport and erosion in the world’s rivers. For
example, the amount of annual sediment carried by Chao Phraya River in Thailand (draining
from a basin of 110,569 km2) declined from 28 MT to 6 MT during the period 1960 to 1990.
This sediment reduction is not only due to significant changes in the river flow but also due
to sediment trapping caused by large (i.e., Bhumibol and Sirikit) and small dams and
irrigation structures constructed on the tributaries of the main river.
In the past, large rivers such as the Yellow River, the Yangtze River, the Pearl River, the
Red River, the Mekong River, the Chao-Phraya, and the Irrawaddy River in Southeast and
East Asia together supplied total suspended sediments to the coast at a rate of ~2.5 GT per
year. This has now decreased to about 1 GT per year, mainly due to human activities within
the basin and coastal areas (Saito et al., 2007). Furthermore, Asian mega deltas are currently
at risk of destruction due to declined sediment supply and relative sea-level rise (RSLR)
(Besset et al., 2019; Saito et al., 2007). The Mekong Delta is now highly vulnerable to
erosion as a result of decreased sediment supply to its coast, where not only do dams retain
sediments but also massive sand mining activities in the delta contribute to a further
reduction of the sediment supply to the coast, especially over the last decade (Anthony et
al., 2015). As a result of development activities in basins and the ever-increasing socioeconomic growth (Vörösmarty et al., 2009), most mega deltas and coasts are degrading and
are exposed to frequent inundation, coastal erosion, extreme storm surges and loss of
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ecosystems due to climate change impacts in the 21st century (Nicholls et al., 2007). Syvitski
et al. (2009) studied 33 deltas to assess the impact of human activities on those areas. Their
study has clearly illustrated a considerable reduction of sediment supply to deltas over the
past 50 years. Based on their findings, during the past decade, 85% of deltas have
experienced extreme flooding, inundating more than 260,000 km2 of low-lying land. For
example, deltas in Ganges, Mekong, Irrawaddy, Chao Phraya, Brahmani, Mahanadi,
Krishana and Godavari have been exposed to substantial flooding in 2007-2008, resulting
in loss of lives and innumerable damage to properties and ecosystems. A recent study by
Besset et al. (2019) showed that in 38 world rivers (out of 54 rivers reviewed), sediment
supply to the associated deltas has decreased by more than 20% between pre- and post-1970
periods. Notably, this decrease is more than 80% in Asian mega deltas (Chao Phraya, Red
River, Pearl, Yellow River, and Krishna). Approximately 30% reduction in sediment supply
is shown for the Ayyerwaddy (Irrawaddy) Delta during 1974-2014 compared to pre-1970.

Impacts in future
Although many studies have investigated the future climate and associated impacts on
hydrological processes in a basin, relatively few studies have assessed the combined (or
relative) effect of climate change and human activities on the hydrological systems of the
future. Human activities discussed in many of the literature are relevant for catchment
hydrology included land-use change/ urbanization (Kim et al., 2017; Maharjan et al., 2014;
Marhaento et al., 2018; Pervez and Henebry, 2015; Sayasane et al., 2016; Trang et al., 2017;
Vaighan et al., 2017; Zuo et al., 2016), existing or planned reservoirs (Mittal et al., 2016;
Ngo et al., 2018; Piman et al., 2015; Shrestha et al., 2016).
Future land-use can be projected by the statistical method using historical data or modelling
approach like CLUE-S (Conversion of land-use change and its effects at small regional
extent - Verburg et al. (2002)) or assumed scenarios. For example, Sayasane et al. (2016)
used historical land-use trends from 1997 to 2008 to produce future land-use in Nam Xong
Basin, Lao PDR for 2011-2030. Their results revealed that with the combined effect of
climate and land-use change, streamflow would reduce by 11.7-12.2%, particularly in the
middle part of the basin. Shrestha and Htut (2016b) have used CLUE-S for projecting the
future land-use in Bago River Basin, Myanmar. They found that climate change is the
primary driver increasing the streamflow in the near future (i.e., 2020s). The combined
effects of changes in climate and land-use were projected to result in a 68% increase in
streamflow in the near future relative to 1990-2009 base period.
Mittal et al. (2016) analyzed individual and combined effects of climate change and dam
construction on the hydrological flow regime in the Kangsabati River Basin, India. Results
indicate that the impacts of reservoirs are larger than climate-induced effects on flow in this
basin. Furthermore, the combined effects of climate and land-use were found to be
significantly larger than their respective individual effects. Piman et al. (2015) incorporated
41 dams (8 existing, 11 under construction, and 22 proposed) to simulate flow alterations
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and hydropower generation in the Mekong tributaries called 3S basins (Srepok, Sesan, and
Sekong). They found that between 2010-2049, climate change and reservoirs may lead to
~3.8-8.5% decrease (compared to the base period: 1986-2005) in the annual flow under the
A2 and B2 SRES scenarios.

2.5 Conclusions
This chapter presents different modelling approaches used to assess sediment load and
streamflow generated from river basins, and main forcing scenarios and their potential
impacts on the hydrological responses of basins.
Watershed models are utilized to understand hydrological processes, their interactions and
to project system behaviour under different forcing scenarios. Among several model inputs,
precipitation is the fundamental input variable for hydrological modelling. Due to
limitations in-situ gauge data, reanalysis or remote sensing-based global precipitation
products are being widely used in most of the recent hydrological studies. However, these
global products do not always perform equally for all regions. Data availability, reliability
and accessibility are limited in South and South-east Asian region. Therefore, it is essential
to undertake future studies to identify the suitability of different global products before using
them as alternative input datasets in hydrological modelling. Recent research findings
highlight the importance of remote sensing-based products in hydrological model
calibration. However, the suitability of those products for hydrological modelling is yet to
be explored particularly in data-poor regions like South and South-east Asia.
Projections under different environmental changes (mainly due to varied climate and human
activities) is a challenging task in hydrological modelling. Many studies show that impacts
of climate change and human activities on landmasses are quite significant during the last
few decades. GCM/RCM forced hydrological models that incorporate human activities (i.e.,
land-use changes, water diversions, and reservoirs) can quantify the potential impacts on
streamflow and sediment loads from river basins. Further assessments and reviews are
required to assess uncertainties associated with such projections of catchment responses,
which is not discussed in this review.
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3 DATA AND METHODS
3.1 Introduction
To achieve the objectives of this study (Section 1.3) the process-based hydrological model:
Soil Water Assessment Tool (SWAT) was applied to two case study basins. The two case
study basins broadly represent the substantial spatial heterogeneity (large and small scale)
in data-poor Southeast and South Asian regions. The large basin selected here is the
Irrawaddy (Ayeyarwady) River Basin in Myanmar, while the smaller basin is the Kalu River
Basin in Sri Lanka. The climates of both countries are changing (Eriyagama and Smakhtin,
2010; GCCA, 2012; Imbulana et al., 2018; Kreft et al., 2015; Shrestha and Htut, 2016a),
experiencing frequent flooding, drought, cyclones, storms, and sea-level rise. Both countries
are also in a phase of rapid socio-economic growth, especially with foreign investors
attracted to the underdeveloped potential for substantial hydropower generation in both
countries (Kattelus et al., 2015). However, currently, the main rivers of both basins are
mostly unregulated.
This chapter provides descriptions of the two case study areas (Section 3.2), the overall
methodological framework adopted for this study (Section 3.3), and the data used including
their sources (Section 3.4).
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3.2 Case study areas
3.2.1 Irrawaddy River Basin
The Irrawaddy (Ayeyarwady) River Basin is mostly in Myanmar, with small parts located
in Chinese (5%) and Indian (4%) territories, covering a total drainage area of about 410,000
km2 (Figure 3-1). The main tributaries of the basin are Chindwin and Irrawaddy rivers. The
Irrawaddy River, which is approximately 2100 km long, originates at the confluence of the
Mali and N’Mai rivers and is augmented by the Chindwin at Pakokku. The Irrawaddy River,
the most important commercial waterway in Myanmar discharges into the Andaman Sea,
forming one of the two largest delta systems in Southeast Asia. The delta of the river
originates about 120 km south of Pyay (Figure 3-1). The deltaic coastal zone is classified as
a mud-silt tidal dominated system (Furuichi et al., 2009).
The basin has diverse topographic features, ranging from high mountainous terrain in its
northern part to low-lying delta systems in the south. In the middle, there are plateaus
(∼500m above mean sea level (MSL)) and floodplains (Figure 3-1). Green forests and rainfed crop cultivation comprise more than 65% of the basin area (Figure 3-2 (a)). Most of the
croplands are located in the central valley and low-lying river flood plains, while dense
forests are present in the northern hilly mountainous region. Myanmar is one of the most
heavily forested countries in Southeast Asia, but the forest area has been decreasing at an
annual rate of 0.3% (1990-2000) due to increased agricultural activities, fuelwood
consumption, logging and increased plantations (Leimgruber et al., 2005). Acrisols,
Cambisols and Gleysols are the dominant soil types in the study basin (Figure 3-2 (b)).
The population in the river basin in the year 2005 is reported to be around 37.2 million
(Varis et al., 2012). The major agricultural and economical products of the area are rice and
fishing, which extensively utilize the deltaic area of the basin (Driel and Nauta, 2014). The
delta area contains rich fluvial sediments and natural habitats for various aquatic species
(Taft and Evers, 2016).
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Figure 3-1. Digital elevation map of Irrawaddy River Basin, Myanmar. (Digital Elevation Model
used in the map was obtained from SRTM data (Jarvis et al., 2008)).

Myanmar has a tropical savanna climate. The basin experiences heavy rainfall from May to
October and the dry season prevails from November to April. However, its mean annual
rainfall is highly spatially variable, from about 500 mm in the central parts of the basin to
4000 mm in the northern mountainous regions. The average daily temperature varies from
21-34 oC in the summer and from 11-23 oC in the cold season. The annual average discharge
is about 12,000 m3/s at the Pyay station (Figure 3-1). These annual average values presented
here are estimates from observed precipitation, temperature, and streamflow data available
for this study, which are described in Section 4.2.1. In the coastal zone, south-westerly
waves dominate with significant wave heights ranging from 0.5 m to 2 m. This area
experiences semi-diurnal tides with an annual average tidal amplitude as 1.5 m in western,
1.8 m in middle and 2.5 m in eastern deltaic coastline (Egbert and Erofeeva, 2002).
Myanmar’s climate is changing considerably (Shrestha and Htut, 2016; GCCA, 2012). The
country has experienced many natural hazards, such as frequent flooding, droughts,
heatwaves, cyclones, storms and sea-level rise (GCCA, 2012). According to the Global
Climate Risk Index (CRI), Myanmar is identified as the world’s second most affected
country in terms of extreme weather events that have occurred during 1995 - 2014 (Kreft et
al., 2015). However, there are only a handful of climate change impact assessments focusing
on Myanmar to date (Aung et al., 2016; Taft and Evers, 2016). Based on a statistical
comparison between data collected in 19th and 20th centuries (periods of 1871-1879 and
1966-1996, respectively), it has been observed that the discharge of the Irrawaddy river has
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significantly decreased over the last century (Furuichi et al., 2009). Socio-economic growth
in Myanmar has accelerated over the last few decades. In the future (next 5 to 10 years),
construction of large capacity reservoirs and other related diverse developments may disturb
continuous sediment supply to Irrawaddy delta and its adjacent coastal region (Hedley et
al., 2010).

Figure 3-2. Land-use (a) and Soil (b) maps of Irrawaddy Basin. (Source: Land-use map: European
Space Agency (Arino et al., 2010) and Soil map (FAO, 2003)).

3.2.2 Kalu River Basin
The Kalu River Basin is the second largest river basin in Sri Lanka and receives high
rainfalls leading to high river flows. The Kalu River (Kalu Ganga) originates from the
Adam’s peak range in South-central part of Sri Lanka and garners rainfall on the western
slopes and falls out to the sea at Kaluthara after traversing about 129 km (Figure 3-3). The
drainage area of the Kalu River is 2,787 km2, and the river has steep gradients until
Rathnapura and a very mild gradient in the lower part. The coastal zone adjacent to the Kalu
river outfall comprises of a small tidal inlet system experiencing a 0.6 m oceanic tidal range.
The average annual rainfall in the basin is approximately 3800 mm, which is mainly driven
by the south-west monsoon (May-Sep.). The average daily temperature in the basin is 25 oC.
The middle and lower flood plain areas in the basin experience frequent floods due to heavy
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rainfall during the southwest monsoon. These frequent floods greatly affect the socioeconomic profile in Rathnapura and lower flood plain areas since these areas are highly
populated and have a high potential for rice production. Much of the basin is utilized for
rain-fed agriculture; paddy, rubber, tea and other crops (Figure 3-4 (a)), scattered throughout
the whole basin. Clay rich Acrisol is the most dominant soil type found in the basin (Figure
3-4 (b)).
Sri Lanka is expected to be heavily affected by climate change, including an increase in land
surface temperature, precipitation variability and its pattern, increase in extreme climatic
events, and a rise in sea level. Average annual rainfall of the country has dropped by 144 mm
from 1961 to 1990 compared to 1931-1960 (Chandrapala, 1996). The mean annual air
temperature in Sri Lanka has increased at a rate of 0.016 oC per year for the same period
(1961-1990) (Chandrapala, 1996). The HadCM3 GCM projections indicate that the average
annual precipitation in Sri Lanka would increase by 14% and 5% under A2 and B2
scenarios, respectively during 2035-2065 (compared to 1961-1990) (De Silva et al., 2007).
RegCM4 RCM simulations show an increase of precipitation over Sri Lanka by 39.6%,
35.5%, and 31.3% under A2, A1B, and B1 scenarios, respectively by 2080s compared to a
baseline period of 1970-2000 (Ahmed and Suphachalasai, 2014). They also indicate that by
the end of the 21st century, the mean annual temperature in Sri Lanka would increase by 3.6
o
C, 3.3 oC, and 2.3 oC respectively under the same emission scenarios (compared to 19702000). The mean annual runoff of Sri Lanka is projected to increase by 31% (median value
of 17 GCM projections) for RCP 8.5 during 2046-2075 (relative to 1976-2005) (Zheng et
al., 2018).

Figure 3-3. Digital elevation map of the Kalu River Basin, Sri Lanka. (Digital Elevation Model used
in the map was obtained from SRTM data (Jarvis et al., 2008))
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Figure 3-4. Land-use (a) and Soil (b) maps of the Kalu River Basin, Sri Lanka. (Source: Land-use
map: Survey Department of Sri Lanka and Soil map (FAO, 2003))
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3.3 Methodological framework
The overall methodological framework adopted in this study is shown in Figure 3-5.
Input
(DEM, LU, Soil)

Pre-processing phase
(DEM, FDR, FACC, STR Link)

Meteorological
forcing data
Different
precipitation products
RS based ET &
Observed discharge

Setting up hydrological models
(SWAT)
Discharge &
sediment supply to
coast

Calibration &
validation of SWAT

Objective 1 & 2
Future
climatic data

Human activities
 Dam construction

Bias correction GCMs/ RCMs
under RCP scenarios
data
Objective 3

Future changes in
discharge & sediment
supply to coast
Objective 4

Comparison distributed vs
lumped models in simulating
sediment supply to the coast
Objective 5
Figure 3-5. The overall methodological framework of the study. Abbreviations used in this figure
are DEM: Digital Elevation Model, LU: Land-use, FDR: Flow Direction, FACC: Flow
Accumulation, STR Link: Stream Link, RS: Remote sensing, ET: Evapotranspiration, GCMs:
General Circulation Models, RCMs: Regional Climate Models, and RCP: Representative
Concentration Pathways

To achieve Objective 1, catchment delineation and setting up of a distributed hydrological
model for the study areas were undertaken with ArcSWAT software. The density of rain
gauges is low in data-poor regions, and thus the available sparse data is unlikely to represent
the precipitation over the entire basin area accurately. Therefore, the effects that differences
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in input on hydrological model results were analysed by using observed and grid-based data
obtained from several global precipitation products. Apart from the conventional calibration
method used in hydrological modelling (using only streamflow data), remote sensing-based
evapotranspiration (ET) was also utilized to calibrate the model. This model calibration
procedure provides new insights on the use of ET and limited observed data to calibrate a
hydrological model for a data-poor region (Objective 2).
GCMs/ RCMs outputs are the primary data sources for any climate change impact study.
To achieve third objective of this study, the most representative climate model(s) among the
available climate models were selected based on the statistical performance of climate data
(i.e., precipitation, and maximum and minimum temperatures) and their capability to
reproduce observed streamflow in the case study basins. Subsequently, precipitation and
temperature data obtained from the selected GCMs/RCMs were bias-corrected. These biascorrected data were then used to investigate climate change-driven variations in streamflow
and fluvial sediment supply to coast over two twenty-year time slices: 2046-2065 and 20812100. All future model simulations undertaken in this study are based on the extreme IPCC
emission scenario (RCP 8.5) and the low IPCC emission scenario (RCP 2.6).
Concerning the fourth objective of this study, dam construction across rivers was considered
as the main human activity affecting future streamflow and fluvial sediment supply.
Therefore, planned hydropower reservoirs in the two case study basins were identified and
incorporated in the SWAT model to investigate their impacts on the hydrological response
of the basin.
To achieve fifth objective, SWAT model results (i.e., fluvial sediment load) obtained under
future conditions were compared with the projections obtained under similar conditions via
the simplified BQART model presented by Syvitski and Milliman (2007). This comparison
was made to gain novel insights on the necessity to undertake detailed (and time-consuming)
hydrological modelling studies at a basin-scale to determine fluvial sediment load supply to
coastal/ delta systems.
Detailed descriptions of these methods are given in Chapters 4 to 8, where the methods are
applied.
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3.4 Data used
The spatial, hydro-meteorological, and climate change projections data used in this study
and their sources are shown in Table 3-1, Table 3-2, Table 3-3 and Table 3-4.
Table 3-1. Spatial data used in this study

S.N.

Data set

Resolution

Source

1

DEM

90m x 90m

2

Land-use
map

300m x 300m

3

Soil map

7km x 7km

SRTM (http://hydrosheds.cr.usgs.gov/index.php)
European Space Agency
(http://due.esrin.esa.int/globcover) and
Department of Survey, Sri Lanka
FAO/UNESCO
(http://www.fao.org/soils-portal/soil-survey/)

Table 3-2. Observed hydro-meteorological data. DM - Department of Meteorology; LHI- Lanka
Hydraulic Institute; DI - Department of Irrigation. For Irrawaddy Basin, required data was
collected from previous research studies carried out in Asian Institute of Technology, Thailand.

Data set

Units

Frequency

Source

1

Temperature

o

C

Daily

DM & LHI, Sri Lanka

2

Precipitation

mm

Daily

DM & LHI, Sri Lanka

3

Discharge

m3/s

Daily

DI & LHI, Sri Lanka

4

Relative Humidity

%

Monthly

DM, Sri Lanka

5

Wind Speed

Km/hr

Monthly

DM, Sri Lanka

6

Solar Radiation

MJ/m2

Monthly

DM, Sri Lanka

S.N.

Table 3-3. Global data. GLEAM- Global Land Evapotranspiration Amsterdam Model, G- Gauge,
S-Satellite

S.N. Data set
1

2

Data
Spatial
Source Res.

Frequency Source

Precipitation
PERSIANN-CDR

G, S

0.25o

Daily

http://chrs.web.uci.edu

CHIRPS

G, S

0.05o

Daily

http://chg.ucsb.edu/data/

S

0.25o

Daily

https://www.gleam.eu/

Evapotranspiration
GLEAM-ET
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Table 3-4. GCM and RCM data. All GCM data were obtained from ESGF at DOE LLNL
(http://pcmdi9.llnl.gov/), and RCM data was obtained from ICTP, Italy.

S.N. Model

Country Modelling Center

Resolution

General Circulation Model Data
1.25o x 0.94o

HadGEM2-ES

Community Climate System
Model 4
Australia Commonwealth Scientific and
Industrial Research
Organization/Queensland
Climate Change Centre of
Excellence
USA
Geophysical Fluid Dynamics
Laboratory
Korea /
National Institute of
UK
Meteorological Research/Korea
Meteorological Administration
UK
Met Office Hadley Centre

6

IPSL-CM5A-MR

France

Institut Pierre-Simon Laplace

2.5o x 1.25o

7

MIROC5

Japan

8

MRI-CGCM3

Japan

9

NorESM

Norway

Atmosphere and Ocean
1.4o x 1.4o
Research Institute (The
University of Tokyo), National
Institute for Environmental
Studies, and Japan Agency for
Marine-Earth Science and
Technology
Meteorological Research
1.1o x 1.1o
Institute
Norwegian Climate Centre
2.5o x 1.875o

10

BCC-CSM1.1

China

1

CCSM4

2

CSIRO-Mk3.6

3

GFDL-CM3

4

HadGEM2-AO

5

USA

1.875o x 1.875o

2.5o x 2.0o
1.875o x 1.25o

1.875o x 1.25o

Beijing Climate Center, China 2.8o x 2.8o
Meteorological Administration

Regional Climate Model Data
1

RegCM4/MIROC5 Italy

Oak Ridge National Laboratory 25km x 25km

2

RegCM4/MPI-M- Italy
MPI-ESM-MR
RegCM4/NCCItaly
NORESM1-M

Oak Ridge National Laboratory 25km x 25km

3
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4
4 EFFECTS OF DIFFERENT
PRECIPITATION INPUTS ON
STREAMFLOW SIMULATIONS1
4.1 Introduction
Precipitation is the fundamental input variable for the hydrological modelling of river
basins. The accuracy of hydrological model outcomes largely depends on the quality of the
precipitation data used. One major challenge in hydrological modelling is the accurate
representation of the spatial and temporal variations in precipitation over a river basin. Areal
precipitation over a basin is usually estimated from in-situ gauge measurements. However,
in many river basins, available gauged precipitation data are mostly inadequate to accurately
represent the heterogeneity of precipitation (Miao et al., 2015). Nowadays, radar and
satellite-based remotely sensed precipitation data are being widely used as alternative
sources of precipitation inputs for hydrological simulations. There are several precipitation
products available, which vary in spatial coverage (i.e., global and regional) and temporal

1

This chapter is partially based on the published article: Sirisena, T. A. J. G., Maskey, S., Ranasinghe, R., Babel, S., 2018.
Effects of different precipitation inputs on streamflow simulation in the Irrawaddy River Basin, Myanmar. J. Hydrol. Reg.
Stud. 19, 265–278. https://doi.org/10.1016/j.ejrh.2018.10.005.
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scales (hourly, daily, and monthly). These gridded precipitation data are available at various
spatial resolutions, varying from 0.05°×0.05° to 1°×1°. These products originate from
interpolated in-situ measurements (APHRODITE, and CPC Unified), reanalysis products
(ERAInterim, NCEP-CFSR, and JRA-55), and remote sensing (CHIRPS, PERSIANN,
CMORPH, GridSat, TRMM, GSMap V5/6, and SM2RAIN-ASCAT).
The main research questions addressed in this chapter are how different precipitation
products perform with respect to streamflow simulation and how useful these products are
in data-poor regions. To answer the above research questions, one of the most widely used
hydrological model SWAT (Soil Water Assessment Tool) (Arnold et al., 1998; Neitsch et
al., 2011) was used to simulate streamflow of two data-poor basins: Irrawaddy River Basin
in Myanmar and Kalu River Basin in Sri Lanka. Out of the four precipitation datasets used,
two datasets are derived from the available in-situ measurements (with and without
interpolation), while the other two are satellite-based products. The reason for using two
datasets from the same in-situ gauge measurements is due to the way precipitation input is
handled in SWAT. In its default setting, SWAT assigns one precipitation gauging station to
each sub-basin, which is closest to the basin’s centroid, irrespective of the number of gauge
stations available. This means that the same gauging stations may be assigned to more than
one sub-basin while some gauging stations may not be assigned to any. As a result, for the
same basin, if two SWAT hydrological models are configured with a different number of
sub-basins, precipitation inputs to the models vary. One way to avoid this issue is to spatially
interpolate the gauge observations over the basin using a fixed grid resolution and then to
assign interpolated values to each sub-basin. The two remote sensing-based products used
in this study are PERSIANN-CDR (Ashouri et al., 2015) and CHIRPS (Funk et al., 2015).
PERSIANN-CDR is an abbreviation for Precipitation Estimation from Remote Sensing
Information using Artificial Neural Network – Climate Data Record, and CHIRPS stands
for Climate Hazard Group Infrared Precipitation with Station data. The main reason for
choosing these two products was their reported success in recent studies (Ashouri et al.,
2016; Casse and Gosset, 2015; Ceccherini et al., 2015; Guo et al., 2015; Le and Pricope,
2017; Shrestha et al., 2017; Zhu et al., 2017).
This chapter is organized as follows. Section 4.2 describes the data used, model setup and
calibration of the SWAT model. In Section 4.3 and 4.4, results are presented for the two
basins in terms of spatial and temporal variability of precipitation data, simulated discharge
from those data, and uncertainty analysis. Section 4.5 discusses the comparison of model
results for two basins. Finally, Section 4.6 concludes the output of this analysis.
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4.2 Methods
4.2.1 Data
Spatial and hydro-meteorological data used in this analysis are summarized in Table 3-1,
Table 3-2, and Table 3-3. The detailed descriptions of the data used for the two basins are
presented below.

Irrawaddy River Basin, Myanmar
A 90 m x 90 m resolution STRM DEM was used for catchment delineation. Land cover
information at 300 m x 300 m resolution for the year 2009 was obtained from the European
Space Agency, and a soil map at 7 km x 7 km resolution was obtained from Food and
Agriculture Organization (FAO, 2003). Topographic slope classification for the model
followed the FAO (2003) slope class definitions: undulating land (0-8 % slope), hilly areas
(8-30% slope), and mountainous areas (> 30% slope).
Observed daily temperature (minimum and maximum) data at the weather stations (Figure
4-1(a)) for the period from 2001 to 2010 were used. Furthermore, daily temperature data
from 1990 to 2000 (obtained from previous studies) and monthly wind speed, and relative
humidity data at five stations (Hkamti, Homalin, Mawlaik, Kalewa and Monywa) were also
used in the simulations. Observed daily streamflow data are available for eight locations
(Figure 4-1 (a)) from 1991 to 2010.
Four precipitation datasets were used in this analysis: (i) Gauge precipitation data, (ii)
Interpolated Gauge data and two satellite-based (corrected with gauged precipitation)
products: (iii) PERSIANN – CDR and (iv) CHIRPS (Table 3-3). Daily observed
precipitation data from 19 weather stations (Figure 4-1 (a)) were used for the period from
2001 to 2010. With only 19 rain gauges available for this study, the gauge density is
estimated at around 20,000 km2 per station, which is a lot lower than a recommended gauge
density in the WMO guidelines (WMO, 2008). Furthermore, precipitation data from 1990
to 2000 used in previous studies were also utilized due to limited availability of model
calibration and validation data for this study. Gaps in the 1990-2000 dataset were filled with
the Asian Precipitation Highly Resolved Observational Data Integration Towards
Evaluation of Water Resources (APHRODITE) data (Yatagai et al., 2012). In this study, the
Inverse Distance and Elevation Weighted (IDEW) method was used to interpolate daily
precipitation data from 19 gauges over a 25.5 km x 25.5 km uniform grid. Among the
various interpolation methods discussed in the literature, IDEW method considers the
combined effects of distance and elevation on the spatial variability of precipitation (Masih
et al., 2011). This interpolation and aggregation over sub-basins were carried out using the
tool Hykit, which was developed for grid-based interpolation in hydrological variables
(Maskey, 2013). The corresponding parameter values were defined using the Jackknife
cross-validation approach (Quenouille, 1956). In this method, the data from all stations,
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excluding the current validation station are used for interpolation. Then, the interpolated
precipitation at the current station is compared with the corresponding grid cell. The
resulting interpolated precipitation values of grid cells were then averaged over the subbasins. Gridded global data (PERSIANN-CDR and CHIRPS) were also averaged over each
sub-basin.

Kalu River Basin, Sri Lanka
The same spatial data sources as for the Irrawaddy basin were used for this basin as well,
except for land-use. The land-use data with 300 m x 300 m resolution was obtained from
the Survey Department of Sri Lanka.
Here, observed daily temperature (minimum and maximum) data at three meteorological
stations (Figure 4-1 (b)) for the period of 1990 to 2015 were used. Monthly wind speed,
relative humidity, and solar radiation data from the same three stations were also used in the
simulations. Observed daily streamflow data are available for three locations (Ellagawa,
Millakanda, and Putupaula) (Figure 4-1 (b)) from 1991 to 2015. However, the streamflow
data after the year 2000 are unreliable from Ellagawa and Putupaula due to rating curve
errors. Therefore, only the 1990-2000 streamflow data were used.
Similar to the Irrawaddy River Basin, four precipitation datasets were used: (i) Gauge
precipitation data, (ii) Interpolated Gauge data, and two global datasets: (iii) PERSIANNCDR and (iv) CHIRPS. Daily observed precipitation data of the 25 rain gauge stations
(Figure 4-1 (b)) were used from 1990 to 2015. A similar procedure as applied to Irrawaddy
Basin was adopted here to obtain interpolated data for each sub-basin. Data from 25 stations
were interpolated over a 5 km x 5 km grid and averaged over each basin. Global datasets
were also averaged over each sub-basin.
The Kalu River Basin has high rain gauge density (110 km2 per station). However,
streamflow and temperature stations, and continuity of the available data in the Kalu RB are
limited. Therefore, the Kalu RB can also be considered a data-poor region for hydrological
studies.

4.2.2 Model setup and calibration
In catchment delineation, the threshold area that is used to define the origin of a stream must
be specified (known as the stream definition in SWAT). A smaller value of stream definition
will generate a more detailed stream network (i.e., more tributaries and outlets). Different
model structures (i.e., number of sub-basins) were considered (by changing the stream
definition value) to determine the most suitable model setup that can reproduce the
streamflow of the Irrawaddy RB over 1991-2000. Finally, 750 km2 was used as the stream
definition value to define the stream network in the Irrawaddy RB. Based on the generated
stream network and sub-basin outlets and manually introduced outlets, the study area of the
Irrawaddy RB (371,558 km2) was delineated into 32 sub-basins (Figure 4-1 (a)). Based on
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the defined thresholds for land-use, soil, and slope, the 32 sub-basins were further divided
into 747 HRUs (Hydrological Response Units). Following a similar analysis of the stream
definition at the Kalu River Basin, an area threshold of 5 km2 was used therein. Based on
the generated stream outlets and manually introduced outlet locations, the Kalu RB (2,787
km2) was divided into 15 sub-basins (Figure 4-1 (b)). These sub-basins were further divided
into 161 HRUs (based on defined thresholds of land-use, soil, and slope for HRU
generation).
Among the methods available in SWAT, Soil Conservation Services - Curve Number (SCSCN) method was used to simulate surface runoff, and the variable storage method was
adopted for routing the flow through channel networks. Potential evapotranspiration (PET)
was calculated using the Hargreaves method (Neitsch et al., 2011), which requires fewer
input data compared to other methods available in SWAT.
The first year of simulations (1990 (calibration run) and 2001 (validation run) in the
Irrawaddy RB and 1990 in the Kalu RB) were used as warm-up period to initialize the model
state variables such as soil moisture and groundwater. The Sequential Uncertainty Fitting
algorithm version 2 (SUFI-2) (Abbaspour et al., 2007) in SWAT- Calibration and
Uncertainty Programme (SWAT-CUP) (Abbaspour, 2015) was used for automatic model
calibration and validation. Many successful applications of SUFI-2 can be found in literature
(e.g., Abbaspour et al. (2015, 2007, 2004), Masih et al. (2011) and Shrestha et al. (2013)).
Model parameters and their initial ranges for calibration were selected following the
suggestions made in the studies mentioned above (see Table 4-1 for chosen parameter
ranges). The calibration parameters represent the land cover, topographic conditions, soil
properties, and groundwater process of the basin.
The Modified Nash-Sutcliffe Efficiency (MNSE) (Abbaspour, 2015) was used as the
objective function to optimize the model calibration, which has been proven to perform
better than NSE particularly in low flow regimes (Legates and McCabe Jr., 1999;
Pushpalatha et al., 2012). The model was calibrated using different number of iterations,
each with 500 simulations. After each iteration, the calibration program suggests a new set
of parameter ranges for the next iteration. Parameter ranges for the subsequent iteration were
selected by considering the suggested ranges by the calibration programme (SUFI-2) and
the parameters’ physically realistic upper and lower limits. The iteration process was
terminated when no significant improvement in the model performance was observed
between two successive iterations. Once a gauging station is calibrated, these parameters
were fixed for all the sub-basins draining to that gauging station to proceed to the next
downstream station for calibration. This procedure was repeated for each of the discharge
gauging stations starting from the farthest upstream to the most downstream station. The
calibrated parameter ranges from all sub-basins were then used for the validation period
with 500 simulations. This method was repeated for the model simulations with the four
different precipitation datasets.
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Figure 4-1. Sub-basins and climatic stations used in this study (a) Irrawaddy River Basin, Myanmar
and (b) Kalu River Basin, Sri Lanka
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Table 4-1. Hydrological parameters used in model calibration. The prefixes a, v and r in the
parameter name denote ‘a value is added to the existing value’, ‘the existing value is replaced by a
new one’, and ‘the existing value is increased or decreased relative to the existing value’,
respectively during calibration.

Default

Initial
Range

HRU

HRU
Specific

-8 - 10

Threshold groundwater depth
for return flow to occur (mm)

Basin

1000

v__GW_DELAY.gw

Groundwater delay time
(days)

Basin

31

v__ALPHA_BF.gw

Baseflow Alpha Factor (days) Basin

0.048

v__CANMX.hru

Maximum canopy storage
(mm)

Basin

0

v__CH_N2.rte

Manning's coefficient for the
main channel

Basin

0.014

v__CH_K2.rte

Hydraulic conductivity of the
main channel (mm/h)

Basin

0

Available water capacity of a
soil layer (mm H2O / mm
Soil)

HRU

r__SOL_AWC().sol

Soil
specific

v__ESCO.hru

Soil evaporation
compensation factor

HRU

0.95

v__SURLAG.hru

Surface runoff lag coefficient

HRU

2

v__EPCO.hru

Plant uptake compensation
factor

HRU

1

r__OV_N.hru

Manning's coefficient for
overland flow

HRU

HRU
Specific

v__GW_REVAP.gw

Groundwater "revap"
coefficient

Basin

0.02

Basin

750

v__REVAPMN.gw

Threshold water depth in a
shallow aquifer for "revap" or
percolation to occur (mm)

Parameter

Description

a__CN2.mgt

SCS curve number, AMC (II)

v__GWQMN.gw

Scale

0 - 1000
0 - 150
0-1
0-1
0.02 - 0.2
0 - 100

-0.5 – 0.5

0-1
0 - 10
0-1
0 – 0.5
0.02 - 0.2
0 -1000
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4.3 Results and discussion: Irrawaddy River Basin
4.3.1 Comparison of precipitation datasets
Monthly precipitation patterns of the four datasets (Figure 4-2) show that PERSIANN-CDR
and IGP data yield the lowest and highest precipitation, respectively, throughout the ten
years (2001 to 2010) considered. Monthly precipitation of PERSIANN-CDR and CHIRPS
was lower than the IGP in each year, particularly during the months from June to August.
The difference between GP and IGP is marginal (about 32 mm/year) in this case. The total
precipitation of CHIRPS was relatively less than IGP data (170 mm/year), whereas
PERSIANN-CDR showed the highest difference in total precipitation (235 mm/year).

Figure 4-2. Monthly precipitation of four precipitation datasets over the Irrawaddy River Basin

Variations in average annual precipitations over the sub-basins are presented in Figure 4-3.
Precipitation based on IGP data varied from 1000 mm in the middle to 3400 mm in the
northern part of the basin with a standard deviation of 622 mm. The highest spatial variation
was observed with the GP data (750 mm to 4400 mm), with a standard deviation of 994 mm.
PERSIANN-CDR precipitation varied from 1000 mm to 2700 mm (with a standard
deviation of 357 mm), and CHIRPS precipitation varied between 800 mm to 3000 mm (with
a standard deviation of 560 mm). PERSIANN-CDR and CHIRPS differed notably from IGP
in the most upstream sub-basin areas, but those differences become smaller in downstream
sub-basins.
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Figure 4-3. Spatial distribution of average annual precipitation values for the four precipitation
datasets considered (2001-2010). From left to right: GP (Gauge precipitation), IGP (Interpolated
gauge precipitation), PERSIANN-CDR, and CHIRPS data.

Figure 4-4 shows the variations among the four datasets across the three main seasons (hot,
monsoon, and cold) considered. Spatial variations of the four precipitation products are
different for each season. The most upstream parts of the basin (sub-basins 1, 2 and 3)
receive higher precipitation than other sub-basins during all seasons. During the hot season,
GP, IGP, and CHIRPS precipitation values decrease towards the southern parts of the basin.
PERSIANN-CDR data shows higher precipitation in the north-western and western parts of
the basin during the same season. During the monsoon season (May to October), all the subbasins receive more than 700 mm of precipitation in all the datasets used. During the same
period, sub-basins 1, 2, and 3 receive more than 3500 mm/ year precipitation, which is also
the highest for the entire Irrawaddy Basin. These computed precipitations of the basins
mainly rely on Hkamti (Sub-basin 1) and Putao (Sub-basins 2 and 3) stations. Compared to
IGP data, PERSIANN-CDR and CHIRPS data show less precipitation in the north-eastern
and north-western parts of the basin. During the cold season (November to February), spatial
variations in the total precipitation resulting from the IGP dataset are the least in all the subbasins considered. The highest variability can be observed in CHIRPS precipitation over the
basin. In terms of basin-wide seasonal precipitation, the highest precipitations during the
hot (120 mm), monsoon (1927 mm), and cold (60 mm) seasons are observed in PERSIANNCDR, IGP, and CHIRPS, respectively. Similarly, the lowest precipitation during the same
seasons can be observed from IGP (70 mm), PERSIANN-CDR (1635 mm), and GP
(49 mm), respectively.
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Figure 4-4. Spatial distribution of seasonal variations of the four precipitation datasets (GP, IGP,
PERSIANN-CDR, and CHIRPS) for the period 2001 to 2010
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PERSIANN-CDR shows the lowest average annual rainfall over all the sub-basins. These
results are consistent with findings of Miao et al. (2015), who found that, compared to the
ground-based East Asia (EA) precipitation product, PERSIANN-CDR slightly
underestimated the extreme rainfall events over China. Global products (PERSIANN-CDR
and CHIRPS) produce lower rainfall compared to observed data, particularly in the high
altitude regions of the Irrawaddy River Basin. Le and Pricope (2017) also showed that the
CHIRPS dataset provides less accurate results for high altitude regions of the Nzoia Basin
in Kenya. However, other studies on CHIRPS, which are also based in complex topographic
regions (Funk et al., 2015; Katsanos et al., 2016; Shrestha et al., 2017) do not mention any
issues in model performance. In general, the four datasets show considerably varied
precipitation across the basin (Figure 4-3 and Figure 4-4). Given that precipitation is
considered to be the primary forcing data for hydrological model simulation, such
differences in precipitation inputs are expected to cause considerable variations in the
outcomes of the hydrological simulations.

4.3.2 Evaluation of simulated streamflow
Comparison of the observed and model-simulated streamflow indicates that models based
on observed precipitation (GP and IGP) outperform those based on global data sources
(PERSIANN-CDR and CHIRPS) in both calibration (1991 - 2000) and validation (2002 2010) (Figure 4-5, Table 4-2 and Sirisena et al. (2018)). Models that utilize GP data slightly
overestimate extreme events, whereas simulations with PERSIANN-CDR and CHIRPS
perform relatively poorly during the high flow periods. Notably, for the year 2002, high
flows were overestimated at the Katha, Sagaing, Monywa and Nyuang U stations. Simulated
streamflow with the GP dataset at the Hkamti and Homalin stations showed better
agreement with observed streamflow than with the other precipitation datasets. These two
stations represent Sub-basins 1 and 7, respectively, each containing one rainfall gauging
station. During the low flow period, simulations with all four datasets showed similar levels
of accuracies. However, at the Katha and Sagaing stations, simulated streamflow with
PERSIANN-CDR and CHIRPS were lower than the observed values. Models forced with
CHIRPS precipitation adequately reproduced the observed streamflow at Homalin, Kalewa,
Monywa, Nyaung U, and Pyay. Model simulations with four datasets reproduce the overall
basin outflow at Pyay with reasonable accuracy (Figure 4-5).
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Figure 4-5. Comparison of simulated and observed monthly streamflow of best simulation at Pyay
during Calibration (1991-2000) and Validation (2002 - 2010) periods

Table 4-2 presents the statistical performance indicators (NSE, R2, and PBIAS) of the
hydrological simulations (streamflow) at eight gauging locations for the calibration and
validation periods. The highest NSE and R2 and lowest PBIAS among the four cases are
highlighted. For the calibration, R2 varied within 0.8 to 0.96, while the NSE and PBIAS
varied from 0.28 to 0.95 and -49.8% to 5.8%, respectively. All the models produced better
results at Hkamti, Homalin, Kalewa, and Monywa gauging stations in the Chindwin River
Basin than at the Katha and Sagaing stations located in the upper Irrawaddy River Basin.
According to the model evaluation criteria proposed by Moriasi et al. (2007) (see Section
4.2.2), performances of the models driven by GP and IGP were ‘very good’ in both
calibration and validation at all stations, except the simulation with GP data at the Katha
station that showed only ‘good’ performance. PERSIANN-CDR driven simulations showed
varied performances at different stations. For example, the lowest NSE (0.28) and the
highest PBIAS (-49.8%) were obtained at the Sagaing station, while the highest NSE (0.89)
and the lowest PBIAS (1.8%) were observed at the Monywa station. Similarly, simulations
with CHIRPS showed ‘satisfactory’ results at the Sagaing and Hkamti stations, whereas the
model performances at the other stations were ‘very good’ in both calibration and validation.
All the simulations show ‘very good’ results for streamflow simulation at Pyay and
Nyaung U.
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Table 4-2. SWAT model performance for calibration and validation periods. Bold values indicate
the highest model performances.

Calibration (1991 - 2000)
Station

GP

IGP

P-CDR

Validation (2002- 2010)

CHIRPS

GP

IGP

P-CDR CHIRPS

NSE
Hkamti

0.93

0.86

0.59

0.73

0.85

0.93

0.55

0.74

Homalin

0.92

0.91

0.7

0.78

0.91

0.94

0.61

0.76

Kalewa

0.94

0.95

0.85

0.86

0.9

0.97

0.85

0.87

Monywa

0.92

0.95

0.89

0.91

0.75

0.95

0.93

0.91

Katha

0.69

0.91

0.35

0.75

0.56

0.9

0.12

0.76

Sagaing

0.82

0.83

0.28

0.58

0.81

0.89

0.42

0.72

Nyaung U

0.90

0.93

0.87

0.92

0.81

0.91

0.92

0.95

Pyay

0.94

0.93

0.86

0.91

0.91

0.96

0.89

0.93

R2
Hkamti

0.93

0.92

0.83

0.86

0.93

0.94

0.78

0.79

Homalin

0.93

0.93

0.84

0.87

0.94

0.95

0.83

0.77

Kalewa

0.94

0.96

0.89

0.92

0.95

0.97

0.91

0.92

Monywa

0.93

0.95

0.89

0.93

0.95

0.97

0.93

0.91

Katha

0.86

0.92

0.8

0.89

0.84

0.92

0.68

0.88

Sagaing

0.85

0.90

0.8

0.86

0.85

0.9

0.8

0.89

Nyaung U

0.95

0.95

0.9

0.94

0.94

0.96

0.93

0.95

Pyay

0.94

0.94

0.88

0.92

0.95

0.96

0.91

0.93

PBIAS
Hkamti

-0.6

-22.6

-40.5

-26.1

20.9

-10.7

-42.5

-17.9

Homalin

-3.5

-10.7

-29.0

-21.7

1.1

-10.6

-37.9

8.2

Kalewa

-4.1

-5.5

-13.6

-15.4

8.9

-1.5

-16.2

-11.9

Monywa

0.7

1.6

1.8

-8.8

27.9

8.6

0.7

4.8

Katha

5.8

-4.9

-48.5

-29.1

9.3

-2.4

-50.1

-23.7

-11.1

-19.7

-49.8

-38.2

-1.1

-9.1

-44.2

-30.0

Nyaung U

5.8

2.3

-11.2

-10.5

22.7

8.3

-3.9

2.0

Pyay

-0.1

4.3

-7.4

-7.7

13.5

4.9

-4.1

1.7

Sagaing
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PERSIANN-CDR had the lowest total precipitation compared to the other datasets; thus,
the simulations driven with PERSIANN-CDR data tended to underestimate high streamflow
and demonstrate weaker model performance in terms of NSE and PBIAS. During the
monsoon season, both PERSIANN-CDR and CHIRPS yielded less precipitation over the
eastern and northern parts of the basin. Thus simulations with those datasets significantly
underestimate the high flows at Hkamti, Katha and Sagaing stations than at the other
stations. During the hot and cold seasons, all the models showed reasonable agreements with
the observed streamflow. However, R2 values were greater than 0.8 at all the gauging
stations for both the calibration and validation periods. Despite overestimating the high
flows at all the gauging stations, simulations forced with the GP dataset satisfactorily
reproduced the observed flow in the entire study area. Although the average rain gauge
density of Irrawaddy RB is approximately 20,000 km2 per station, which is very low
compared to the minimum requirement stated in the WMO guidelines (5,750 km2 per station
for interior plains), the models driven by IGP managed to reproduce the measured
streamflow at all the stations with good accuracy. This indicates that the interpolation of
gauge data may lead to an improved representation of precipitation over the basin. In most
cases, PERSIANN-CDR and CHIRPS also showed good agreement with observed
streamflow in terms of NSE and R2, however, their biases were higher than the biases of
simulations forced with IGP. In general, CHIRPS driven simulations performed better than
simulations forced with PERSIANN-CDR. Therefore, the CHIRPS product can be utilized
as an alternative source of rainfall inputs for hydrological studies in the Irrawaddy River
Basin. Tuo et al. (2016) have also suggested CHIRPS data as a favourable choice for datascarce Alpine regions. Apart from that, Le and Pricope (2017) concluded that the use of
CHIRPS data with the SWAT model significantly improved the streamflow volume
estimation, but not the satisfactory efficiency criteria, for the Nzoia Basin, Kenya. Further,
as discussed by Faridzad et al. (2018), despite having limitations and uncertainties, the biascorrected PERSIANN-CDR data provides valuable information for hydrological simulation
in remote and high altitude areas.

4.3.3 Parameter uncertainty
During the model calibration, 14 selected hydrological parameters were adjusted and
converged to different optimal intervals to reproduce streamflow at eight gauging stations.
While noting that sensitivities of the parameters can be basin specific, five globally sensitive
hydrological parameters have been selected to discuss these results (Figure 4-6). The Curve
Number (CN2) corresponds to the land-use type and predominantly affects surface runoff
generation. The four precipitation inputs used in this study led to different best fit CN2
values (a_CN2 varies -7 to 7) and ranges. For the simulations with GP, fitted parameter
values significantly deviated from those obtained through simulations with the other three
precipitation inputs. Hence, a common pattern for fitted CN2 values could not be identified
for all sub-basins. GW_QMN is an important parameter related to baseflow. During low
flow periods, groundwater contribution to streamflow can be significant. There is an
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apparent variability in these fitted parameters for most of the sub-basins, where the highest
variability for this parameter (v_GWQMN from 81 to 874) was observed in the sub-basins
corresponding to the Katha station. Compared to CN2, the variability of the fitted
GW_QMN for the four models at each sub-basin was high. The base flow recession factor
(ALPHA_BF) can vary between 0 and 1. The sub-basins corresponding to the Hkamti,
Homalin and Nyaung U stations resulted in nearly equal best fit ALPHA_BF for all
precipitation datasets. SOL_AWC is related to the available water capacity in the soil, which
is calculated based on water content at field capacity and water content at permanent wilting
point. The best-fitted parameters (i.e., relative changes of the initial value of SOL_AWC)
varied from -0.49 to 0.23. Fitted parameter values for ESCO, which is relevant for soil
evaporation, varies between default SWAT limits (0 - 1) for the precipitation inputs
considered.
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Figure 4-6. Uncertainty analysis of five selected model parameters. The initial parameter ranges
are indicated by blue lines and fitted values in red dots for the four models with different
precipitation inputs, v- denotes replacement of the existing value; a- denotes adding a fixed value to
the existing value and r- denotes the relative change of the existing value. G- Gauge precipitation,
I- Interpolated gauge precipitation, P- PERSIANN-CDR, and C-CHIRPS. Corresponding parameter
changes in sub-basins for each stations: Hkamti - 1, Homalin - 6 and 7, Kalewa- 15, Monywa 16,17,18,19 and 20, Katha - 2,3,4,5,6,9,10 and 11, Sagaing - 12, 13, 14 and 22, Nyaung U 21,23,24,25,26,27,28,29 and 30 and Pyay - 31,32.
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4.4 Results and discussion: Kalu River Basin
4.4.1 Comparison of precipitation datasets
The observed data products (GP and IGP) show that all sub-basins in the Kalu River Basins
receive more than 2245 mm of precipitation annually (Figure 4-7). The highest and lowest
variations of precipitation were observed with GP data (2740-4510 mm with a standard
deviation of 551 mm) and PERSIANN-CDR data (2245-2450 mm with a standard deviation
of 86 mm), respectively. These precipitations imply that PERSIANN-CDR underestimates
the precipitation over the basin. The total precipitation of CHIRPS is also relatively low
(505 mm/yr – the difference between IGP and CHIRPS data). The difference between GP
and IGP data for cumulative precipitation of 25 years (1991-2015) is marginal
(approximately 88 mm/year). The average annual precipitations of the global precipitation
products are considerably lower compared to the GP and IGP data, thus only GP and IGP
data were further analyzed and used for streamflow simulation in this basin.

Figure 4-7. Spatial distribution of average annual precipitation values for the four precipitation
datasets. (GP (Gauge precipitation), IGP (Interpolated gauge precipitation), PERSIANN-CDR, and
CHIRPS) considered (1990-2015).

In Sri Lanka, a hydrological year is divided into four main seasons based on monsoon
rainfall variations: Inter monsoon 1 (March to April), Southwest monsoon (May to
September), Inter monsoon 2 (October to November), and Northeast monsoon (December
to February). Spatial variations of the two selected precipitation products (i.e., GP and IGP)
are different for each season (Figure 4-8). From May to October (during SW monsoon and
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Inter monsoon 2), all the sub-basins receive higher precipitation than the rest of the year.
Since the Kalu River Basin is located in the Southwest monsoon belt, some parts of the basin
receive more than 2000 mm of rainfall from May to September. The most-upstream parts of
the basin (Sub-basins 1, and 6) receive higher precipitation than other sub-basins during all
the seasons except NE monsoon. In terms of basin-wide seasonal precipitation, the highest
precipitations during the Inter monsoon 1 (672 mm), SW monsoon (2429 mm), Inter
monsoon 2 (1038 mm) and NE monsoon (684) are observed in GP data. Similarly, the lowest
precipitation during the same seasons is also observed with the GP dataset. These are,
respectively, 399, 1171, 629, and 364 mm.

Figure 4-8. Spatial distribution of seasonal variations of the two selected precipitation datasets (GP
and IGP) for the period 1990 to 2015. SW: South-west and NE: North-east
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4.4.2 Evaluation of simulated streamflow
The model based on IGP data generally outperformed that based on GP data (Figure 4-9 and
Table 4-3), but with only marginal differences in the performance indicators. Both models
(with GP and IGP) produced better results (‘very good’) at Ellagawa and Putupaula, which
are located in the main river. However, at Putupaula, low flow conditions are underestimated
in model simulations with IGP inputs. Both models underestimated the streamflow at
Millakanda. The reason for this underestimation at Millakanda is likely the inadequate
rainfall input from both datasets, particularly in sub-basins 4, 8, and 9 throughout the year
(Figure 4-8) due to uneven distribution of rainfall stations in the Millakanda drainage area.
The average rain gauge density of the basin is 110 km2 per station, which is within the
minimum requirement as per WMO guidelines (2,500 km2 per station for Mountains and
5,750 km2 per station for interior plains). Thus, both GP and IGP datasets result in nearly
equal performance in streamflow simulation (Table 4-3).

Figure 4-9. Comparison of simulated and observed monthly streamflow of the best simulations at
three stations during the calibration period (1991-2000). Red and blue lines indicate the observed
and simulated data.
Table 4-3. SWAT model performance for calibration period (1991-2000)

Station
Ellagawa
Millakanda
Putupaula

R2

NSE
GP
0.81
0.53
0.81

IGP
0.84
0.58
0.85

GP
0.84
0.77
0.86

PBIAS
IGP
0.89
0.86
0.88

GP
-2.2
-28.5
13.9

IGP
-10.4
-26.1
6.9
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4.4.3 Parameter uncertainty
Similar to the uncertainty analysis done for the Irrawaddy basin in Section 4.3.3, five global
parameters were selected to analyze the parameter uncertainty (Figure 4-10). Overall, in the
sub-basins corresponding to Putupaula gauging station, the best-fitted parameter values and
their ranges significantly differ from those at the other two stations. The best-fit for a_CN2
values vary between 1 and 6. For the simulations with GP, fitted values for Ellagawa
(Putupaula) is lower (higher) than that of IGP. However, those values for Millakanda are
almost equal. Compared to CN2, GW_QMN has higher variability in sub-basins
corresponding to Ellagawa (v_GWQMN from 0 to 1900) and Putupaula (v_GWQMN from
1300 to 3000) stations. However, all sub-basins show nearly equal best-fitted values for
model simulations with GP and IGP. It can also be seen that the higher the GW_QMN, the
lower the low flows are, which is clearly shown in the simulated flow at Putupaula (Figure
4-9). All sub-basins resulted in nearly equal v_ALPHA_BF values (~ 0.5) except for subbasins corresponding to the Putupaula station. The absolute value for available water
capacity in the soil layer (a_SOL_AWC) does not show considerable differences for both
precipitation datasets. For example, at Ellagawa, a_SOL_AWC is 0.19 and 0.18 in
simulation with GP and IGP, respectively. The soil evaporation factor (ESCO) is always
more than 0.5 for both precipitation datasets at all stations.
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Figure 4-10. Uncertainty analysis of five selected model parameters for the Kalu River Basin. The
initial parameter range is indicated by the blue line and fitted values in red dots for the two models
with different precipitation inputs, v- denotes replacement of the existing value; a- denotes adding
a fixed value to the existing value and r- denotes the relative change of the existing value. GP- Gauge
precipitation, IGP- Interpolated gauge precipitation. Corresponding parameter changes in subbasins for each of the stations: Ellagawa – 1 to 7, Millakanda – 8 to 11, and Putupaula – 12 to 15.
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4.5 Comparison of results for the two basins: Irrawaddy
vs Kalu
While there are some similarities between the two case study basins (i.e., tropical
environment, data-poor in terms of hydro-meteorology data [i.e., precipitation, temperature,
and streamflow]), their spatial scales are more than two orders of magnitude different. Both
study basins are located in the tropical belt. However, the two climatic conditions in the two
basins are significantly different from one another. The Irrawaddy basin has three main
seasons: hot, monsoon, and cold. The Kalu basin has four main seasons; Inter monsoon 1,
Southwest monsoon, Inter monsoon 2, and Northeast monsoon. The average annual
precipitation within the Irrawaddy basin varies from 500 mm (in the mid-altitudes) to 4000
mm (in the high altitudes). In the Kalu basin, annual precipitation varies from 2500 mm to
4500 mm. The global precipitation products (PERSIANN-CDR and CHIRPS) showed
varied performance over the two basins. In general, these products poorly represent the
precipitation over the Kalu basin. The above diverse performances indicate that the spatial
resolution of global precipitation products is a crucial factor requiring consideration where
small-scale river basins are concerned.
In general, streamflow simulations with Interpolated gauge data show a good agreement
with observed streamflow data in both the basins. It is noteworthy that, in the small Kalu
River Basin, the difference in each statistical indicator between simulations with gauge data
and interpolated gauge data is minimal. This is because the Kalu RB has a higher gauge
network density (110 km2 per station on average) compared to the Irrawaddy RB
(~ 20,000 km2 per station on average). However, in the Irrawaddy RB, simulated
streamflow at few stations (e.g., Hkamti and Homalin) showed better performance when the
simulations are forced with gauge data than interpolated gauge data.

4.6 Conclusions
This chapter investigated the agreement/ disagreement between different precipitation data
sources and the reliability of the streamflow modelled with these data sources for the
Irrawaddy River Basin in Myanmar and Kalu River Basin in Sri Lanka. The four
precipitation data sets used in this study are in-situ gauge data without interpolation (GP)
and with interpolation (IGP), PERSIANN-CDR, and CHIRPS. All streamflow simulations
were undertaken with the process-based model SWAT. Conclusions are presented here in
terms of the spatial and temporal distribution of the precipitation datasets and their impacts
on streamflow simulation in the two basins.
The precipitation datasets are different both in magnitude and spatial/ temporal distributions
over the study areas. The global datasets (PERSIANN-CDR and CHIRPS) shows lower
annual and seasonal precipitation compared to the in-situ gauge data in both basins. The
annual cumulative precipitation of both GP and IGP datasets are almost equal.
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The rain gauge density over the larger Irrawaddy River Basin is very low (20,000 km2 per
station on an average) compared to the smaller Kalu River Basin (110 km2 per station on an
average). Despite the low density of rain gauges in the Irrawaddy River Basin, in general,
streamflow simulations forced by interpolated gauge precipitation data showed a good
agreement with observed streamflow data for all the stations in the basin. SWAT simulations
forced with CHIRPS and PERSIANN-CDR produced streamflow that compared well with
the in-situ at a majority of the stations in the Irrawaddy basin. For the Kalu River Basin,
SWAT simulations forced with interpolated gauge precipitation data outperformed those
with in-situ gauge data (with SWAT default setting).
Different precipitation inputs lead to different best-fitted model parameter values and ranges
at different sub-basins. Overall, it was found that differences in precipitation datasets have
considerable impacts on model performance, parameter estimation and uncertainty in
streamflow simulations.
The in-situ gauge data used in Irrawaddy River Basin is available only for 20 years. Since
the CHIRPS and PERSIANN-CDR products have longer periods of records (more than 35
years), they can be valuable assets for hydrological applications requiring long data records
in data-poor basins. Another potential application of the global data is the development of a
merged superior quality product that combines gauged data and one or more global data
products.
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5
5 USE OF REMOTE-SENSING BASED
EVAPOTRANSPIRATION DATA
FOR HYDROLOGICAL MODEL
CALIBRATION 2
5.1 Introduction
The conventional method of hydrological model calibration is primarily based on the
comparison between simulated and observed hydrographs at a few locations or just at the
outlet of the study basin (Anderton et al., 2002). Many river basins are ungauged in terms
of streamflow measurements, and available streamflow gauges are not always uniformly
distributed over the basin to represent existing hydrological variability. Moreover,
streamflow measurements are point data, and calibrating with only point data at the basin
outlet does not guarantee that other water balance components such as evapotranspiration
and storage change are simulated accurately. Fenicia et al. (2007) also recognized that model
calibration with one variable might lead to over-parameterization. One way to overcome
This chapter is based on submitted paper “Hydrological model calibration with streamflow data and remote sensing based
evapotranspiration data at a data poor basin”, Special Issue: Remote Sensing in Hydrology and Water Resources
Management.
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this problem is to calibrate using multi-variables, e.g., streamflow, evapotranspiration, snow
cover, and at multi-sites, e.g., using streamflow data from various streams (or sub-basins)
within the river basin (Beven, 2012; Daggupati et al., 2015; Molina-Navarro et al., 2017;
Zhang et al., 2008).
In the last few decades, earth observations (radar and satellite-based data) and reanalysis
products have improved the data availability for hydrological modelling. Consequently, the
use of two or more variables in hydrological model calibration has received considerable
attention. For example, several studies have used remote-sensing (RS) based
evapotranspiration (ET) (Franco and Bonumá, 2017; Githui et al., 2012; Immerzeel and
Droogers, 2008; López et al., 2017; Rientjes et al., 2013; Tobin and Bennett, 2017), soil
moisture (Campo et al., 2006; Kunnath-Poovakka et al., 2016; Li et al., 2018; López et al.,
2017; Rajib et al., 2016), snow cover and glacier mass balance (Finger et al., 2015, 2011),
and satellite-based Land Surface Temperature (LST) (Corbari and Mancini, 2013) for
hydrological model calibration.
Despite the aforementioned studies employing RS based ET data, the use of
evapotranspiration in hydrological model calibration is still rare. This study, therefore,
focusses on the multi-variable calibration of a hydrological model, using observed
streamflow and RS based evapotranspiration data together. The main objective here is to
evaluate the calibration performance of a hydrological model based on single variable
calibration with streamflow and RS based evapotranspiration separately, and multi-variable
calibration with streamflow and RS based evapotranspiration together.
This chapter is organized as follows. Section 5.2 describes the study area and data used, and
model setup, model calibration and uncertainty analysis procedures. In the results and
discussion (Section 5.3), model calibration with single and multiple-variables, and
parameter sensitivity and uncertainty are discussed, which is followed by conclusions in
Section 5.5.

5.2 Data and methods
5.2.1 Study area
The Chindwin basin, which is a major sub-basin of the Irrawaddy basin is used in this study.
It is located in the north-western part of Myanmar and has the drainage area of 110,926 km2
and river length of 1,100 km. The elevation in the basin varies from about 3,800 m above
mean sea level (MSL) in northern forest mountainous region to about 100 m above MSL in
the southern part (Figure 5-1 (a)). More than 80% of the Chindwin basin area is forest. Rest
of the basin is primarily covered by cropland, sparsely vegetated or bare lands, and water
bodies. According to the FAO soil map (FAO, 2003), Acrisols and Cambisols are the
dominant soil types found in this river basin (Figure 5-1 (b)).
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The Chindwin basin experiences subtropical and tropical climates (Yuan et al., 2017). Based
on the available meteorological data for the period of 2001 to 2010, mean annual rainfall in
the basin varies from 3900 mm (Hkamti station in the northern part) to 770 mm (Monywa
station in the southern part), and annual average temperature varies from 17 oC to 40 oC
(Figure 5-1(c)). The area average annual runoff is ~1200 mm at the basin outlet (Monywa
Station). The basin has a complex topography and spatially varied climatic condition.

Figure 5-1. Chindwin River Basin, Myanmar (a) location and topography, and (b) land-use (top)
and soil type (bottom), and (c) climate

5.2.2 Datasets used
The geo-spatial data used in this study include: (1) 90 m resolution Digital Elevation Model
(DEM) from the Shuttle Radar Topography Mission (SRTM) digital topographic data
(Jarvis et al., 2008), (2) 300 m resolution land-use dataset in 2009 from the European Space
Agency (Arino et al., 2010), and (3) 7 km resolution soil data from the UN Food and
Agriculture Organization (FAO, 2003). The precipitation data used in this study comprised
spatially interpolated daily precipitation data from 2001 to 2010. Other meteorological data
(for the same period) used included: temperature, relative humidity, solar radiation, and
wind speed, and daily streamflow data at four stations (Hkamti, Homalin, Kalewa, and
Monywa). Model calibration was carried out at the above mentioned four stations (Figure
5-1 (a)). More information on model forcing data can be found in (Sirisena et al., 2018).
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The RS based ET data were obtained from the Global Land Evaporation Amsterdam Model
(GLEAM) (Martens et al., 2017; Miralles et al., 2011). GLEAM version 3.0b
(GLEAM_v3.0b) is driven only by satellite-based data (radiation, air temperature,
precipitation, surface soil moisture, vegetation optical depth) spanning 13 years (20032015) at daily time scale with a spatial resolution of 0.25 o x 0.25o (Table 3-3). Actual
evapotranspiration presented in GLEAM is estimated as the sum of different terrestrial
evaporation components such as transpiration, bare-soil evaporation, interception loss,
open-water evaporation, and snow sublimation (Miralles et al., 2011). The GLEAM ET data
for the study area indicates that, the monthly average evapotranspiration over the basin
varies from 46 mm (minimum) in January to 121 mm (maximum) in July (Figure 5-2 (a)).
The average annual evapotranspiration over the basin is 1009 mm with a standard deviation
of 24 mm. The annual evapotranspiration generally decreases from upstream to downstream
ranging from 1106 mm to 790 mm (Figure 5-2 (b)). The highest evapotranspiration occurs
in the Hkamti Sub-basin (Sub-basin 1) where most of the land cover is forest. The most
downstream of the basin is used for residential, agricultural and mining activities.

Figure 5-2. Inter-annual variability of GLEAM ET data over the Chindwin Basin for the period of
2003 – 2010 (a) and average annual evapotranspiration of each sub-basin (b)

5.2.3 Model setup
The SWAT modelling software was used to build a hydrological model of the basin. SWAT
requires topographic, land-use, soil and weather data to run hydrological simulations. The
DEM data were used for stream network generation and basin delineation, which is needed
to set up a SWAT model. The land-use, soil data, and slope classification derived from DEM
were used for creating Hydrological Response Units (HRUs) with the delineated sub-basins.
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Here the basin was subdivided into nine sub-basins (Figure 5-2 (b)), and 202 HRUs. The
Hargreaves method (Neitsch et al., 2011), which requires only temperature data, was used
to estimate potential evapotranspiration. Surface runoff was estimated using the Soil
Conservation Services – Curve Number (SCS-CN) method, and channel routing was based
on the variable storage method. SWAT simulations were performed at a daily time step for
the period from 2001 to 2010, with a warm-up period of one year to allow the model to
establish a stable initial state.

5.2.4 Model calibration
Model calibration was carried out for streamflow and actual evapotranspiration on a
monthly time step using Sequential Uncertainty Fitting Algorithm (SUFI-2), which is a
calibration and uncertainty analysis tool available within the SWAT-CUP program
(Abbaspour, 2015).
Monthly time series of streamflow from four gauging stations and the GLEAM based
evapotranspiration from nine sub-basins are used for calibration. Based on the availability
of data, calibrations for streamflow and evapotranspiration were performed for 2002 – 2010
and 2003 – 2010 periods, respectively. Selection of model parameters for calibration was
based on their sensitivity to streamflow and evapotranspiration. The initial ranges of the 22
parameters selected for calibration are presented in Annex A. Model calibration was carried
out in several iterations, and each iteration consisted of 2000 simulations with parameter
sets generated using the Latin Hypercube Sampling technique (Abbaspour et al., 2004). To
go from one iteration to the next, SUFI-2 suggests new ranges for parameter values based
on their performance in the current iteration. Occasionally, SUFI-2 suggested parameter
ranges needed to be adjusted when they were beyond the acceptable parameter ranges of
SWAT. The Modified Nash-Sutcliffe Efficiency (MNSE, Abbaspour et al. (2004)) was used
as an objective measure of model calibration performance or objective function. When there
is no significant improvement in the MNSE between two successive iterations (< 0.02), the
calibration process is terminated.
The four streamflow gauging stations (used for calibration) are in series, from upstream to
downstream: Hkamti, Homalin, Kalewa and Monywa (Figure 5-1 (a)). The drainage area
for these stations are from sub-basin 1 for Hkamti (27,439 km2), 1 and 2 for Homalin (43,370
km2), 1 to 4 for Kalewa (73,495 km2), and 1 to 9 for Monywa (110,926 km2) (Figure 5-2
(b)). The calibration was carried out one station at a time starting from upstream to
downstream. Once the calibration is done for one gauging station, the parameters of the subbasins included in the current calibration were fixed to their best-fitted values, and the
calibration for the next station downstream was done.
Two calibration schemes were used in this study: single variable calibration and multivariable calibration. In the single variable calibration, the model was calibrated for
streamflow and evapotranspiration separately. In multi-variable calibration, the calibration
was carried out for streamflow and evapotranspiration together using a multi-variable
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objective function. The multi-variable objective function, here referred to as overall MNSE,
is defined as the weighted sum of the MNSEs concerning streamflow and
evapotranspiration.
The multi-variable calibration requires a weight to be defined for each variable. Different
approaches have been tried in a number of previous studies to specify weights to the multivariable objective function. For example, Abbaspour et al. (2007) and Rostamian et al.
(2008) applied weights inversely proportional to the variance of the observed data used in
calibration, and Rientjes et al. (2013) and Rode et al. (2007) used the coefficient of variation,
i.e., standard deviation divided by the mean, instead of the variance. However, assigning
equal weights is by far the most commonly adopted approach (e.g., Franco and Bonumá
(2017) and Rajib et al. (2016)), probably due to the lack of sufficient justification for other
approaches. Here, different weight combinations varying from 0 to 1 (with the sum of the
two weights equals to 1) with an interval of 0.05 were tested. It was found that the respective
weights for streamflow and ET within 0.4 - 0.75 and 0.6 - 0.25 resulting in reasonable model
performances for both streamflow and evapotranspiration. Therefore, here too equal weights
were adopted for the two main variables calibrated in each station.
Although, only MNSE was used for the objective function, the performance of calibrated
results in terms of other commonly used efficiency criteria such as NSE (Nash-Sutcliffe
Efficiency), PBIAS (Percentage of bias), and R2 (Coefficient of determination) was also
assessed.

5.2.5 Estimation of uncertainty in model parameters
Model input data, model structure, parameters, and calibration data are the main sources of
model prediction uncertainty (Pechlivanidis et al., 2011; Yang et al., 2008). In the SUFI-2
approach used in this study, all sources of model prediction uncertainties are expressed by
parameter uncertainty (Abbaspour, 2015; Abbaspour et al., 2004). Various parameters such
as CN2, GW_DELAY, ESCO, and EPCO. related to streamflow and evapotranspiration
computations were used for model calibration (22 parameters listed in Annex A). Based on
the global sensitivity analysis (Abbaspour, 2015), the five most sensitive parameters with
respect to simulating streamflow and evapotranspiration separately were selected to analyze
the uncertainty of parameters in each iteration.
SUFI-2 uses the Latin Hypercube Sampling technique (LHS), which generates possible sets
of parameter values from the given parameter ranges. To determine the extent of uncertainty
associated with each parameter, the normalized uncertainty scoring method (Kumar and
Merwade, 2009; Rajib et al., 2016) was applied, in which the parameter values are
normalized between 0 and 100 using Eq. 5-1.
𝑃 −𝐿

𝑃𝑛 = [ 𝑈𝑏− 𝐿 𝑙] × 100
𝑙
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where 𝑃𝑛 is the normalized uncertainty score of a parameter of one simulation, 𝑃𝑏 is the
parameter value of the same simulation, and 𝑈𝑙 and 𝐿𝑙 are upper and lower limits of the
corresponding parameter, respectively. The minimum and maximum of the normalized
scores represent the uncertainty range associated with that particular parameter. The larger
the range of uncertainty scores, the higher the parameter uncertainty.

5.3 Results
5.3.1 Model calibration with a single variable
Note that all the model performance analysis reported in this study are based on monthly
time series data. When adopting the single variable calibration approach, in general, model
performance with respect to a variable, which is calibrated against (e.g., streamflow)
improves while the performance with respect to another variable (e.g., Evapotranspiration)
decreases (Figure 5-3). However, here the calibration with streamflow alone resulted in a
reasonable performance in both streamflow and evapotranspiration (on the monthly time
series data). This is particularly true with respect to R2. For example, in the 5th iteration of
Hkamti station, the NSE of streamflow varies between 0.74 and 0.94, whereas, the NSE of
evapotranspiration varies between 0.30 and 0.55. At the same station and same iteration,
PBIAS of streamflow and evapotranspiration varies between -20.0 % and -6.7%, and -5.2%
and -15.6%, respectively, while R2 varies between 0.82 and 0.95 for streamflow, and
between 0.8 and 0.85 for evapotranspiration. In contrast, calibration with evapotranspiration
alone shows considerably low performance for streamflow. For the same example
mentioned above, in the calibration with evapotranspiration alone, the NSE of streamflow
ranges between -0.51 and 0.19, and NSE of evapotranspiration varies between 0.32 and
0.72. Similarly, PBIAS of streamflow and evapotranspiration vary between -60% and 12.9%, and -15.6% and -5.2%, respectively, whereas R2 varies between 0 and 0.31 in
streamflow, and 0.8 and 0.85 in evapotranspiration.
However, when calibration is carried out at successive stations (starting at Hkamti, then
Homalin, Kalewa, and ending at Monywa), the variability of performance reduces
considerably for both variables (streamflow and evapotranspiration, Figure 5-3). This is not
surprising because the upstream station is already calibrated for streamflow and
evapotranspiration separately. In successive iterations, model simulations show
approximately similar performance for both variables for calibration with
evapotranspiration alone, but always with better values for evapotranspiration than for
streamflow. However, in both calibration approaches, NSE is better for streamflow
compared to evapotranspiration. For example, in the 5th iteration of Homalin, NSE of
streamflow varies from 0.91 to 0.95, and from 0.55 to 0.7 for single variable calibration with
streamflow and evapotranspiration, respectively (Figure 5-3 (a)). For the same iteration at
the same station, the weighted NSE of evapotranspiration (from Sub-basin 1 and 2) varies
between 0.27 and 0.41, and between 0.67 and 0.72 in the two calibration approaches
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(streamflow alone and evapotranspiration alone), respectively. In contrast, streamflow
shows higher bias: -15% to -11 % and -28% to 21% for calibration with streamflow and
evapotranspiration, respectively, whereas the bias of evapotranspiration changes between 14% and -9%, and between -5% and 4%, respectively (Figure 5-3 (b)). However, R2 is
greater than 0.77 for streamflow, and evapotranspiration in both calibration approaches
(Figure 5-3 (c)), implying that both variables preserve the temporal characteristics of
observed data.
(a)
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(b)
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(c)

Figure 5-3. Model performance of each iteration in single variable calibration (a) NSE and (b)
PBIAS, and (c) R2. Left and right columns respectively show the results of calibration with
streamflow alone and evapotranspiration alone for each efficiency indicator. The names in the subplots refer to the streamflow gauging stations from upstream to downstream. Each station refers to
the different sub-basins: Hkamti – 1, Homalin – 1 and 2, Kalewa – 1 to 4, and Monywa – 1 to 9. The
indicators of evapotranspiration represent comparisons of area weighted average
evapotranspiration of simulated and observed data. In axis labels, Q and ET denote streamflow and
evapotranspiration, respectively.

When considering the best performing simulation in the last iteration for both single variable
calibrations, results with streamflow alone show better performance in dry seasons (low
flows) than in monsoon seasons (high flows) Figure 5-4 (a). Notably, the flows at Hkamti
and Homalin are underestimated during the high flow period (June to August). This
mismatch in high flows may be due to the poor spatial representation of rainfall over the
sub-basins. The model calibration with evapotranspiration alone underestimates the high
flows and overestimates the low flows, which is similar for all stations for the entire
simulation period.
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In the calibration with evapotranspiration alone, comparison of GLEAM ET and simulated
ET (Figure 5-4 (b)) shows the seasonal pattern of evapotranspiration well matched in all the
sub-basins. However, in terms of the magnitude or bias, the model estimated ET is lower
than GLEAM ET during the dry period (December to February). In contrast, the model
estimated ET is higher than GLEAM ET in sub-basins 6, 8, and 9 during the monsoon
period. The calibration with streamflow alone underestimates evapotranspiration in all subbasins during the dry period, and overestimates it during the monsoon period, particularly
in sub-basins 1, 6, 8, and 9. Overall, calibration only streamflow alone appears to be capable
of reproducing the observed evapotranspiration (in the case the GLEAM ET) at an
acceptable level.
In successive calibration iterations, an increase in the NSE of the calibration variable is not
always accompanied by a deterioration in the performance of the other variable. For
example, in the calibration with streamflow alone, the NSE of evapotranspiration increased
when the NSE of streamflow also increased, and subsequently decreased in next iteration(s)
for all stations except Kalewa (Annex A). Similar results were obtained in calibration with
evapotranspiration alone (Annex A). This may be because different parameter combinations
are able to increase the performances of both variables together as well as one at a time.
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Figure 5-4. Comparison of simulated and observed (a) streamflow and (b) evapotranspiration for
the best simulation of the last iteration for each single variable calibration approach and multivariable calibration approach for four stations and nine sub-basins.

5.3.2 Model calibration with multiple-variables
In the multi-variable calibration approach using streamflow and GLEAM ET, successive
iterations improve the performance of evapotranspiration predictions compared to that of
streamflow at all stations except the Hkamti station (Figure 5-5). For example, in the final
iteration of Homalin, Kalewa, and Monywa, the NSE of streamflow varies between 0.86
and 0.92, 0.92 and 0.96, and 0.95 and 0.97, respectively. In the same simulations, the NSEs
of evapotranspiration for these stations vary between 0.46 to 0.66, 0.53 to 0.63, and 0.63 to
0.67, respectively (Figure 5-5 (a)). In addition, PBIAS of evapotranspiration varies between
-6 % and +7%, indicating under and over-estimations of evapotranspiration in all three
stations mentioned above. However, the model always underestimated streamflow except at
the Monywa station (Figure 5-5 (b)). With respect to R2, the model calibrations show good
performance (> 0.77) for both streamflow and evapotranspiration at all the stations (Figure
5-5 (c)). This implies that simulated streamflow and evapotranspiration adequately capture
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the temporal variability in the observed data. Compared to the single variable calibration,
the multi-variable calibration also reduces the biases in both streamflow and
evapotranspiration.
In successive iterations, the NSE of streamflow shows an increase in most of the cases,
whereas that of evapotranspiration shows a decrease. However, these decreases are small,
e.g., from 0.62 to 0.61 in Kalewa station, and from 0.68 to 0.64 in Monywa station (Annex
A). Model performances from the best simulation of each station are presented in Table 5-1.
Overall, in each performance indicator of streamflow, there is no significant difference
among the four stations. Among all sub-basins, the least accurate performances of
evapotranspiration are for the sub-basin 6 even for calibration only with evapotranspiration,
which can be explained with uncertainty in GLEAM ET. These results imply that multivariable calibration is able to reproduce the observed streamflow better than
evapotranspiration. However, the model simulated the reasonably good estimation of ET as
well.
Overall, the multi-variable calibration with streamflow and GLEAM ET showed reasonably
good streamflow estimations (NSE > 0.85) but understandably did not result in streamflow
performances any better than that obtained from the single variable calibration with
streamflow only (Figure 5-4 (a), Table 5-1 and Annex A). On the other hand, this multivariable calibration showed still sounds better for evapotranspiration as that from the single
variable calibration with evapotranspiration only and better than the single variable
calibration with streamflow only (Figure 5-4 (b)).
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Figure 5-5. Model performance of each iteration in the multi-variable calibration (a) NSE (b) PBIAS
(c) R2. Similar to Figure 5-3, performances of evapotranspiration are evaluated via area-weighted
average evapotranspiration for each corresponding streamflow station.
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Evapotranspiration

Streamflow

Variable

Table 5-1. Model performance for monthly streamflow and evapotranspiration of the Chindwin
River Basin. Results represent the overall best model simulation in the last iteration of each
calibration at each station and sub-basin. A: Model calibration with streamflow only, B: Model
calibration with evapotranspiration only, and Model calibration with both streamflow and
evapotranspiration. The best statistical performance among the streamflow stations and the
evapotranspiration at sub-basin levels indicates in bold for each calibration approach.
Station/
sub-basin

NSE

R2

PBIAS %

A

B

C

A

B

C

A

B

C

Hkamti

0.93

0.16

0.86

-9.2

-21.8

-17.4

0.95

0.22

0.91

Homalin

0.94

0.66

0.91

-11.2

-23.1

-17.5

0.95

0.85

0.95

Kalewa

0.97

0.62

0.96

-3.5

-16.2

-8.5

0.97

0.83

0.97

Monywa

0.98

0.70

0.97

1.4

-3.7

-1.7

0.98

0.80

0.97

Sub-basin 1

0.36

0.74

0.57

-12.8

-0.4

3.9

0.84

0.82

0.73

Sub-basin 2

-0.08

0.55

0.26

-16.9

-9.1

-13.9

0.87

0.85

0.88

Sub-basin 3

0.36

0.59

0.39

-12.5

-4.9

-11.2

0.84

0.80

0.84

Sub-basin 4

0.27

0.30

0.32

-13.5

3.1

-11.5

0.86

0.77

0.86

Sub-basin 5

0.76

0.67

0.78

3.5

-6.8

2.8

0.81

0.81

0.83

Sub-basin 6

-0.61

0.09

-0.48

23.9

9.3

21.7

0.81

0.82

0.80

Sub-basin 7

0.72

0.80

0.79

5.3

-7.8

2.3

0.74

0.86

0.80

Sub-basin 8

-0.98

0.47

-0.73

37.3

-2.9

34.3

0.65

0.68

0.66

Sub-basin 9

-0.17

0.24

-0.20

28.0

-14.2

30.3

0.47

0.44

0.50

5.3.3 Parameter sensitivity and uncertainty
The most sensitive model parameters for streamflow and evapotranspiration were found to
be different. Figure 5-6 shows the five most sensitive model parameters of each variable
(streamflow and evapotranspiration) with the respective MNSE values. GW_DELAY,
RCHRG_DP, ALPHA_BF, SLSOL, and LAT_TIME are the five most sensitive parameters
for streamflow, and SOL_BD, SOL_Z, ESCO, EPCO, and SOL_AWC are the five most
sensitive parameters for evapotranspiration (refer Annex A for definitions of parameters).
The variability of MNSE for evapotranspiration calibration was found to be less than that
for streamflow based calibration. In the multi-variable calibration, weighted average MNSE
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shows less variability than both single variable streamflow and evapotranspiration
calibrations.
Sensitive parameters for streamflow are mostly related to the base flow (or groundwater
flow) except the SLSOL, which is related to the subsurface lateral flow. In the calibration
with evapotranspiration alone, all parameters are related to soil properties except EPCO,
which is the plant uptake compensation factor (Neitsch et al., 2011). The parameter values
resulting in a reasonable MNSE (> 0.5) are scattered within their initial ranges (for initial
ranges, please refer to Annex A). This shows that many combinations of parameter values
can reproduce similar outputs.
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Figure 5-6. Parameter values or absolute changes versus objective function MNSE for each iteration
with 2000 simulations. Calibration with a single variable; blue dots represent calibration based on
streamflow, red dots represent calibration based on evapotranspiration and black dots for multivariable calibration. Y-axis represents MNSE value ranging from 0 to 1 and the X-axis represents
the changes of parameter value or absolute change of a corresponding parameter. ‘v_’ denotes
replacement of the existing parameter value (ex. v_GW_DELAY.gw), ‘a_’ denotes adding a fixed
value to existing value (ex. a_SOL_BD.sol). First five parameters are corresponding to streamflow
and last five to evapotranspiration.
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Figure 5-7. Normalized uncertainty scores of selected parameters out of 22 parameters used. Each
box plot contains 2000 simulations for the last iteration of multi-variable calibration.

For the multi-variable calibration, the range of uncertainty of each parameter was examined
in terms of normalized uncertainty scores (ranges from 0 to 100) using Eq. 5-1 (Figure 5-7).
The uncertainty scores presented there were calculated from the last iteration of multivariable calibration. The analysis shows that uncertainty scores vary greatly among different
parameters and different stations for the same parameter. Parameters, which are most
sensitive to streamflow, show higher uncertainty than the parameters sensitive to
evapotranspiration with the exception of SOL_BD. However, among the five most sensitive
parameters for streamflow, SLSOIL and LAT_TIME show considerably less uncertainty at
all the stations, while only ESCO, one of the most five sensitive parameters for
evapotranspiration, shows considerably less uncertainty. Furthermore, the uncertainty
ranges for SOL_AWC is the smallest at Homalin and Kalewa stations, whereas they are
larger in Hkamti and Monywa stations.
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5.4 Discussion
The results presented in this chapter is another application among a few studies that have
used GLEAM ET data to support hydrological model calibration in data-scarce Chindwin
River Basin in Myanmar. This study has to limit for calibration due to insufficient data for
validation, which is a prevalent limitation in many data-scarce basins (Winsemius et al.,
2009). In general, under the three calibration approaches used, streamflow shows the best
and worst performance in calibration only with streamflow and evapotranspiration,
respectively, and vice versa for the calibration performance for evapotranspiration. Both
variables show slightly lower performance in multi-variable calibration than the individual
calibrations with streamflow and ET. In some of the sub-basins (e.g., Sub-basins 2 to 4),
simulated ET does not properly represent the GLEAM-ET during dry seasons (Figure 5-4
(b)) under all three calibration approaches. In contrast, Sub-basins 6, 8, and 9 overestimate
the ET during high flow periods (June to September) for the calibrations with streamflow
and multi-variable calibration. These differences may be attributed to the precipitation over
the basins. Similar findings were obtained in a study on the Karkheh River Basin in Iran by
Rientjes et al. (2013). They found that streamflow and ET obtain good performances when
the variables are calibrated separately. However, for model calibration with both streamflow
and ET, simulated ETs of most of the sub-basins show good agreement with SEBS-ET
(Satellite-based surface energy balance system – actual evapotranspiration). Immerzeel and
Droogers (2008) also could not find any improvement in streamflow simulation under the
model calibration with satellite-based evapotranspiration from time series of MODIS
images of the Upper Bhima River Basin in south India. López et al. (2017) also found that
model calibration with GLEAM ET and Soil moisture data shows a reasonable streamflow
estimation (with NSE values from 0.5 to 0.75), but a better model performance was obtained
when it was calibrated with in-situ streamflow data.
Tobin and Bennett (2017) concluded that although there is no performance improvement in
streamflow simulation, GLEAM ET data can be used to constrain the evapotranspiration
parameters in the SWAT model. They considered 16 major SWAT parameters, in which
five are attributed to evapotranspiration (ESCO, EPCO, CANMX, GW_REVAP, and
REVAPMN, refer to Annex A for details). ESCO and CANMX are identified as the most
sensitive parameters for model calibration. Immerzeel and Droogers (2008) found that
actual ET is more sensitive to the groundwater (GW_REVAP) and meteorological (monthly
rainfall increment - RFINC) parameters than soil (SOL_AWC) and land-use parameters
(Maximum plant leaf area index- BLAI). In our analysis, SOL_BD, SOL_Z, ESCO, EPCO,
and SOL_AWC are to be the most sensitive parameters for evapotranspiration. Furthermore,
Winsemius et al. (2009) suggested that satellite-based ET and soil moisture information
would be required to reduce the parameter uncertainty and constrain the model parameters
within physically realistic ranges in hydrological model calibration.
Even though we discussed only the parameter uncertainty, there are other sources of
uncertainty in hydrological modelling, such as input data, model structure, and observed
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data (Pechlivanidis et al., 2011; Yang et al., 2008). Precipitation, the primary input data used
in this analysis was derived from interpolated gauge data of six stations, which are not well
distributed over the basin. Therefore, we believe that precipitation data contributes to
prediction uncertainty. In terms of observed streamflow data, Harmel et al. (2009) stated
that the typical uncertainty in measured streamflow as ±7 – 23%. Di Baldassarre and
Montanari (2009) stated that the average error of the measured streamflow data was found
to be 25.6 % for the Po River, Italy. With respect to ET, the accuracy of remote sensingbased products may vary significantly over the different regions due to climatic variability,
topography, and land cover (Campo et al., 2006). For example, Trambauer et al. (2014) have
compared eight different ET products over the African continent and summarized that some
products show good consistency among them in some areas and diverge in other areas of
the continent. Another analysis by Tobin and Bennett (2017) showed that simulated ET
matches with GLEAM-TMPA better than GLEAM-CMORPH. Therefore, these RS based
ET products may possess considerable biases. Thus, further information is required to
analyze and discuss the uncertainty in model outputs.

5.5 Conclusions
This chapter evaluated the use of measured streamflow and Remote Sensing (RS) based
evapotranspiration (ET) data to calibrate a hydrological model of the Chindwin Basin,
Myanmar, which is one of the main tributaries of the Irrawaddy River. The hydrological
model used was SWAT and two calibration approaches were tested: single variable and
multiple variable calibration. RS based ET data were obtained from the Global Land
Evaporation: Amsterdam Model (GLEAM ET), and 9 years of measured streamflow were
obtained at four gauging stations in the basin.
Results indicate that GLEAM ET data, together with streamflow data, offers good potential
for hydrological model calibration in the study region as the simulation results show a good
performance for streamflow (with an NSE >0.85 on monthly time series), while maintaining
a reasonable performance for evapotranspiration (with an NSE > 0.61). Moreover, the
results of single variable calibration with GLEAM ET indicate that even in the absence of
streamflow data (i.e., in an ungauged basin), the model would have produced streamflow
NSE values of greater than 0.69 for three out of four stations with PBIAS varying between
-2.6 % and -23 %. The exception was the Hkamti station with NSE of 0.16 and PBIAS of 22%. It is noted that the Hkamti station is the uppermost station of the four and so its
calibration is independent of the other three stations. Whereas the other three (Homalin,
Kalewa, and Monywa) are all downstream of Hkmati and in series. Hence, their calibration
results are influenced by the calibration results of upstream station(s).
The analysis of calibration parameters suggests that parameter sensitivity and values change
among different calibration set-ups, and that the uncertainty ranges of parameters differ
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among different parameters and different stations. Results also showed that different sets of
parameter values could produce similar results.
There is room for further research on the multi-variable calibration of process-based
hydrological models using both globally available observations such as evapotranspiration,
snow cover, and soil moisture data and traditionally used streamflow data. Such a calibration
approach could lead to better representation of hydrological responses, particularly, ungauged basins, as this approach would enable reasonable parameter estimations across such
basins.
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6
6 SIMULATING STREAMFLOW AND
SEDIMENT FLUXES TO THE
COAST IN THE IRRAWADDY RIVER
BASIN
6.1 Introduction
Climate change is now an unequivocally accepted phenomenon (IPCC, 2014) and future
climate is uncertain. Impacts of climate change are not uniform in time and space, and hence
the hydrologic responses at basin scales vary. On the other hand, the continued increase of
human activities in river basins (e.g., dams, sand mining, deforestation, agriculture, and
urbanization) also affect hydrological responses in a river basin. This chapter investigates
the impacts that climate changes and human activities might have on the 21st century
streamflow and fluvial sediment loads in the Irrawaddy River Basin (Irrawaddy RB). The
analysis is carried out for a base period (1991-2005) and two future periods: mid-century
(2046 - 2065) and end-century (2081 – 2100) under different RCPs.
This chapter is structured as follows: Section 6.2 describes the methods used, which includes
GCM selection, bias correction of climate data, SWAT model setup and scenarios for future
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streamflow and sediment estimation. Sections 6.3 and 6.4 presents results for the base and
future periods, respectively. Section 6.5 presents the conclusions of the investigation.

6.2 Methods
6.2.1 Selection of suitable GCM(s) and climate change scenarios
The future climatic data (precipitation, and minimum and maximum temperature) were
obtained from 10 GCMs (details are in Table 3-4). The climatic projections obtained via
different GCMs are likely to vary among models. These variabilities are mainly driven by
the differences in inputs, structure, boundary conditions, pathways, initial conditions
associated with the respective models (Jalota et al., 2018). The average annual precipitation
over the Irrawaddy RB during the base period (1991-2005) varies significantly among the
GCMs considered (Figure 6-1). Particularly, CCSM4, GFDL-CM3, IPSL-CM5A-MR,
MRI-CGCM3, and Nor-ESM1-M show less than 1500 mm of annual precipitation over the
basin. Furthermore, observations show that the most northern and middle parts of the basin
receive more than 3500 mm and less than 1500 mm annual precipitation, respectively
(Figure 4-3). Therefore, these GCMs underestimate the precipitation in the northern parts
of the Irrawaddy RB. Average annual maximum and minimum temperatures do not show
significant difference among GCMs (Annex B). All GCMs underestimate the minimum and
maximum daily temperature in the entire basin. For example, in the northern parts of the
basin, the observed maximum and minimum daily temperature ranges are 26-30 oC and 1519 oC, respectively. However, the same temperature values obtained from the selected
GCMs vary between 15-24 oC and 5-13 oC, respectively.

80

Simulating streamflow and sediment fluxes to the coast in the Irrawaddy River Basin

Figure 6-1. Gridded average annual precipitation from 1991 to 2005. (a) CCSM4, (b) CSIROMk3.6, (c) GFDL-CM3, (d) HadGEM2-AO, (e) HadGEM2-ES, (f) IPSL-CM5A-MR, (g) MIROC5,
(h) MRI-CGCM3, (i) NorESM, and (j) BCC-CSM1.1. Data were obtained from
http://pcmdi9.llnl.gov/. The GCMs have different spatial resolutions (Table 3-4).

The most representative climate models were selected by following the approach shown in
Figure 6-2, which uses GCM outputs and observations for the base period (1991-2005).
First, the climatic variables from each model were compared with the observed data at
different time scales (daily, monthly and annual) in each sub-basin. Here, spatially
interpolated gauge precipitation (IGP) data (Section 4.2.1) were used as the observed data.
Secondly, data from the selected GCMs (i.e., precipitation and temperature) were used to
force the previously calibrated SWAT setup (refer Section 4.2 and Sirisena et al. (2018)),
and the model performance in terms of simulating streamflow was evaluated at eight
gauging stations.
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Figure 6-2. Procedure adopted in this study for GCM selection for streamflow simulation in the
Irrawaddy River Basin

With regard to the future climate scenarios, two RCPs (Representative Concentration
Pathways): RCP 2.6 and RCP 8.5 were selected. RCP 2.6 represents a GHG (Green House
Gas) mitigation scenario targeting a low radiative forcing level (~3W/m2) before 2100, and
start declining by 2100. RCP 8.5 represents the pathway with the highest radiative forcing
(> 8.5 W/m2) by 2100 and keeps increasing thereafter (Moss et al., 2010). Thus, this study
investigates the impacts of both low and high radiative forcing scenarios on the hydrological
response at the basin scale. The analysis was carried out for two future periods: mid-century
(2046-2065) and end-century (2081-2100).

6.2.2 Bias correction of climate data
The selected GCM data (precipitation and temperature) were bias-corrected using the meanbased method (Lenderink et al., 2007; Schmidli et al., 2006; L. Wang et al., 2016) applied
on a monthly basis. The methods adopted for precipitation and temperature are shown in
Eq. 6-1 and Eq. 6-2, respectively.
𝜇

′
𝑋𝑀
(𝑖) = 𝑋𝑀 (𝑖) × 𝜇 𝑂

Eq. 6-1

′ (𝑖)
𝑋𝑀
= 𝑋𝑀 (𝑖) + 𝜇𝑂 − 𝜇𝑀

Eq. 6-2

𝑀
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where, 𝑖 is a day in the month, 𝜇𝑂 and 𝜇𝑀 are monthly means of observed and model (GCM)
′
data for the base period, respectively. 𝑋𝑀 is the raw daily model data and 𝑋𝑀
is the biascorrected daily data.
For the future periods (2046-2065 (mid-century) and 2081-2100 (end-century)),

𝜇𝑂
𝜇𝑀

for

precipitation and 𝜇𝑂 − 𝜇𝑀 for temperature are taken from the base period (1991-2005) at
monthly basis and applied the above equations (Eq. 6-1and Eq. 6-2) to correct the biases in
GCM data.

6.2.3 Model setup and scenarios
Suspended sediment modelling
The amount of sediment yield from a given basin area is related to the complex interaction
among topography, climate, soil, land-use, drainage networks and sediment characteristics.
SWAT estimates the soil erosion, caused by rainfall and runoff within each basic
computational unit (called Hydrological Response Units; HRUs), using the Modified
Universal Soil Loss Equation (MUSLE, Eq. 6-3) (Neitsch et al., 2011).
0.56

𝑠𝑒𝑑 = 11.8 ∙ (𝑄𝑠𝑢𝑟𝑓 ∙ 𝑞𝑝𝑒𝑎𝑘 ∙ 𝑎𝑟𝑒𝑎ℎ𝑟𝑢 )

𝐾𝑈𝑆𝐿𝐸 ∙ 𝐶𝑈𝑆𝐿𝐸 ∙ 𝑃𝑈𝑆𝐿𝐸 ∙ 𝐿𝑆𝑈𝑆𝐿𝐸 ∙ 𝐶𝐹𝑅𝐺

Eq. 6-3

where, sed is the sediment yield (tons), 𝑄𝑠𝑢𝑟𝑓 is the surface runoff (mm), 𝑞𝑝𝑒𝑎𝑘 is the peak
runoff (m3/s), 𝑎𝑟𝑒𝑎ℎ𝑟𝑢 is the area of Hydrological Response Unit (HRU, ha),
𝐾𝑈𝑆𝐿𝐸 , 𝐶𝑈𝑆𝐿𝐸 , 𝑃𝑈𝑆𝐿𝐸 , 𝑎𝑛𝑑 𝐿𝑆𝑈𝑆𝐿𝐸 are USLE soil erodibility factor, cover and management
factor, support practice factor, and topographic factor, respectively, and 𝐶𝐹𝑅𝐺 is the coarse
fragment factor.
The sediment transport model used in SWAT consists of two processes (deposition and
degradation) that determine the magnitude of sediment generated within a river reach. The
amount of sediment deposition or degradation depends on several factors such as the
maximum sediment concentration transported with river flow (Eq. 6-4, according to
Bagnold’s Equation (Neitsch et al., 2011)), flow velocity, flow rate, soil cover and
erodibility of the reach.
𝑠𝑝𝑒𝑥𝑝
𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑚𝑥 = 𝑐𝑠𝑝 ∙ 𝑣𝑐ℎ,𝑝𝑘

Eq. 6-4

where, 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑚𝑥 is the maximum sediment concentration transported by water (ton/m3),
𝑐𝑠𝑝 is the sediment transport coefficient, 𝑣𝑐ℎ,𝑝𝑘 is the peak velocity in the river (m/s), and
𝑠𝑝𝑒𝑥𝑝 is the exponent to the velocity.
When the maximum sediment concentration that can be carried by the water flow is less
than the sediment concentration of the reach, sediment deposition (Eq. 6-5) occurs and vice
versa for sediment degradation (Eq. 6-6).
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𝑠𝑒𝑑𝑑𝑒𝑝 = (𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑖 − 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑚𝑥 ). 𝑉𝑐ℎ

Eq. 6-5

𝑠𝑒𝑑𝑑𝑒𝑔 = ( 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑚𝑥 − 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑖 ). 𝑉𝑐ℎ ∙ 𝐾𝐶𝐻 ∙ 𝐶𝐶𝐻

Eq. 6-6

where, 𝑠𝑒𝑑𝑑𝑒𝑝 and 𝑠𝑒𝑑𝑑𝑒𝑔 are the deposited and reentratined sediment amount in the reach,
respectively (tons), 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑖 is the sediment concentration of the reach at the initial time
(ton/m3), 𝑐𝑜𝑛𝑐𝑠𝑒𝑑,𝑐ℎ,𝑚𝑥 is the maximum sediment concentration, which can be carried by
water (ton/m3), 𝑉𝑐ℎ is the water volume in the reach (m3), 𝐾𝑐ℎ is the erodibility factor of the
channel, and 𝐶𝐶𝐻 is the cover factor of the channel.
The amount of sediment (in tons) flowing out from a river reach (Eq. 6-7) is calculated based
on the sediment amount (in tons – based on the initial amount of suspended sediment in the
reach, deposited and degraded sediments), and volume of outflows.
𝑠𝑒𝑑𝑜𝑢𝑡 = 𝑠𝑒𝑑𝑐ℎ ∙

𝑉𝑜𝑢𝑡
𝑉𝑐ℎ

Eq. 6-7

where, 𝑠𝑒𝑑𝑜𝑢𝑡 is the amount of sediment outflow from the reach (tons), 𝑠𝑒𝑑𝑐ℎ is the
suspended sediment load in the reach (tons), and 𝑉𝑜𝑢𝑡 is the outflow volume (m3).
The SWAT model that performed best in streamflow simulation during calibration and
validation periods (discussed in Section 4.3) was used to compute the sediment load at
different locations in the basin. Erosion and sediment transportation are mainly governed by
temperature, precipitation, and streamflow. In SWAT, some calibration parameters directly
affect both streamflow and sediment process. Hence, only the sediment related calibration
parameters were selected (Table 6-1) to calibrate the sediment load generated from the
basin. Monthly sediment data from three stations (Kalewa, Sagaing and Pyay) were obtained
from previous studies (Furuichi et al., 2009; IFC, 2017; Imbulana, 2018). Those data were
derived from streamflow-sediment load rating curves. The model parameters for monthly
sediment loads were calibrated manually for the 1991-2010 period. However, continuous
datasets were not available for all the three stations. Kalewa data is only available for 19911997 and 2002-2010 periods, while the Sagaing and Pyay are available for 1991 – 2007,
and 1991-1996 periods, respectively.
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Table 6-1. Parameters used for sediment load calibration
Parameter

Description

Scale Default

Initial
Range

v_CH_EROD.rte

Channel erodibility factor

Reach

0

0–1

v_CH_COV2.rte

Channel cover factor

Reach

0

0–1

v_SPCON.rte

Liner parameter for calculating
the maximum amount of
sediment that can be re-entrained
during channel sediment routing

Reach

0.0001

0.0001
0.002

v_USLE_P.mgt

USLE support practice factor

HRU

HRU

0-1

v_USLE_C.plant.dat

USLE cover factor

plant

plant

0.001 – 0.3

-

With reservoirs
Apart from the climate-driven changes, human-induced activities influence the changes in
the hydrological regime of the river basin. Such activities include dam construction,
infrastructure development, changes in land-use due to crops and deforestation, and sand
mining. In this study, reservoir construction is considered as the main human activity
affecting sediment supply to the coast (Syvitski et al., 2005; Vörösmarty et al., 2003; Yang
et al., 2015, 2014).
By 2010, there were 20 reservoirs planned to be constructed in the Irrawaddy RB mainly
for hydropower generation (Figure 3 in Kattelus et al. (2015)). The estimated power
production of these planned reservoirs varies between 24 MW and 4,100 MW. For this
study, six of the planned reservoirs (capacity > 500 MW) were incorporated into the model
to assess the future changes in streamflow and sediment loads due to reservoirs (Figure 6-3).
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Figure 6-3. Approximate locations of the planned reservoirs (Capacity > 500 MW) in the Irrawaddy
River Basin considered in this study.

The SWAT model includes a reservoir module to assess the effects of reservoir operation
on runoff and sediment load. The model computes the water balance in a reservoir as:
𝑉 = 𝑉𝑠𝑡𝑜𝑟𝑒𝑑 + 𝑉𝑓𝑙𝑜𝑤𝑖𝑛 − 𝑉𝑓𝑙𝑜𝑤𝑜𝑢𝑡 + 𝑉𝑝𝑐𝑝 − 𝑉𝑒𝑣𝑎𝑝 − 𝑉𝑠𝑒𝑒𝑝

Eq. 6-8

where, 𝑉 is the volume of water in the reservoir at the end of the time step (m 3), 𝑉𝑠𝑡𝑜𝑟𝑒𝑑 is
the stored water volume at the beginning of the time step (m3), 𝑉𝑓𝑙𝑜𝑤𝑖𝑛 is the volume of
water entering during the time step (m3), 𝑉𝑓𝑙𝑜𝑤𝑜𝑢𝑡 is the volume of water released from the
reservoir during the time step (m3), 𝑉𝑝𝑐𝑝 is the volume of precipitation falling on the
reservoir (m3), 𝑉𝑒𝑣𝑎𝑝𝑜 is the volume of evaporated water from the reservoir during the time
step (m3), and 𝑉𝑠𝑒𝑒𝑝 is the volume of water loss by seepage during the time step (m3).
The volume of precipitation falling in the reservoir and volume of water lost via evaporation
are calculated based on the relevant sub-basin precipitation and evapotranspiration,
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respectively, while also taking into account the surface area of the reservoir. Seepage loss
is calculated based on the hydraulic conductivity and surface area of the reservoir (Neitsch
et al., 2011). The hydraulic conductivity of the soil under reservoir was given based on the
hydraulic conductivity of dominant soil type in the respective sub-basin.
The detailed information regarding the planned reservoirs (e.g., storage capacity, volume
and surface area related to the spillway) is not known or not available for this study. There
are four main parameters required by SWAT to simulate reservoir operations: (1) RES_ESA
(reservoir surface area when the reservoir is filled to the emergency spillway), (2)
RES_EVOL (volume of water needed to fill the reservoir to the emergency spillway), (3)
RES_PSA (reservoir surface area when the reservoir is filled to the principal spillway), and
(4) RES_PVOL (volume of water needed to fill the reservoir to the principal spillway). The
storage capacity of the reservoir was determined using monthly streamflow data of 20 years
(1991-2010), assuming the condition that over the long-term total inflow to the reservoir
minus losses equals total outflow. The Sequent Peak Algorithm (SPA, Thomas and Fiering,
1963 cited in Lele, 1987) was used to determine the capacity. The cumulative sum of the
difference between inflow and water demand (withdrawals) are calculated to develop the
mass curve of this net outflow (inflow – withdrawals). The withdrawal is taken as the 80%
of average inflow in each month. The mass curve comprises peaks (local maxima) and
trough (local minima). For any given peak (Pi), the next following peak, that is higher than
(Pi), is identified as a sequent peak. The required reservoir capacity is then obtained by
taking the maximum of the difference between the sequent peak and the lowest trough
during the entire analysis period.
Since these reservoirs are mainly planned for hydropower generation, it was assumed that
80% of the average streamflow is released from the reservoir in a given month. The required
maximum storage capacities were derived from the model as described above and the
corresponding surface areas were calculated based on elevation-area-capacity curve
developed from the SRTM DEM having 90 m x 90 m spatial resolution (Figure 3-1). It was
assumed that RES_PVOL is 90% of RES_EVOL, and corresponding RES_PSA was
calculated from the area-capacity curves. The reservoir details, thus, derived are
summarized in Table 6-2.
There are four approaches available in SWAT to calculate the volume of outflow from
reservoirs: observed daily outflow, observed monthly outflow, average annual release rate
for uncontrolled reservoirs, and controlled outflow with target release (Neitsch et al., 2011).
Here the outflow was estimated by the average annual release rate for uncontrolled
reservoirs as there is a lack of data for these planned reservoirs (Brauer et al., 2015; Vigiak
et al., 2016). This method requires a daily maximum spillway release rate when the water
volume is between emergency spill volume and maximum spill volume. In reservoir
operation, reservoir release can be given as the minimum or maximum or both minimum
and maximum release on a monthly basis (Neitsch et al., 2011). This study considered only
the minimum water release condition by assigning a constant value for all months in a year.
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The average annual release rate and minimum release were estimated by assuming a 10%
failure of outflow from the reservoir (outflow over spillway < specified minimum release)
for the entire future simulation period (2046-2100). This method of reservoir outflow
estimation (average annual release rate for uncontrolled reservoirs) has been successfully
applied by Vigiak et al. (2015) for streamflow and sediment simulation in the Danube River
Basin, which drains to the Black Sea. Furthermore, Brauer et al. (2015) also used this
method to simulate the streamflow in the Canadian Basin, USA. However, Jalowska and
Yuan (2018) recommended this method to use for sediment modelling, only if data is not
available for controlled outflow with target release method.
The median diameter of particle size (RES_D50) was set as 10.5 µm (medium size silt),
which is the average suspended particle size found by Robinson et al., (2007) for the
Irrawaddy RB. Initial and equilibrium sediment concentrations (RES_SED and
RES_NSED, respectively) of the reservoir play a vital role in sedimentation as particle
settling is a function of the concentration and time. Therefore, different trapping efficiencies
of a reservoir were assumed to define these values (here, RES_SED and RES_NSED are
equal). Trapping efficiency (TE) is the percentage of incoming sediment, which remains in
the reservoir. Based on previous studies (Eizel-Din et al., 2010; Kummu and Varis, 2007;
Lewis et al., 2013; Maneux et al., 2001; Shrestha et al., 2016; Yang et al., 2014), two TE
scenarios (50%, and 95%) were assumed here to derive the equilibrium sediment
concentration. In both TE cases, the same TE was initially assumed for all six reservoirs.
Then, TE was calculated for every year from the simulated sediment inflow and outflow
from the reservoir, and subsequently, an average TE was calculated for the simulation period
(2046 to 2100). When this average TE of each reservoir is equal to assumed TE (50% or
95%), simulation results were analyzed to investigate the effects of reservoir construction
on sediment load and streamflow at the basin outlet.
Table 6-2. Basic characteristics of the planned reservoirs considered in this study. ES – Emergency
Spillway

No.
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Reservoir name

Basin area
(km2)

Volume at ES
(x

106

m3)

Surface area at
ES (km2)

1

Thamanthi

43,370

17,711

880

2

Shweli

13,090

2,186

221

3

Yeywa

28,910

2,600

67

4

Mawlaik

73,490

11,168

1,012

5

Myitsone

48,170

13,282

353

6

Shwe Sar Yay

105,700

8,597

505
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Scenarios for future streamflow and sediment load estimation
Future streamflow and sediment load were projected under two scenarios: (a) Climate
change (CC) only, and (b) Climate change and human activities (CC + HA). These
projections were derived using bias-corrected future climate data (for 2045-2065 and 20802100) to force the calibrated SWAT model (see Section 4.3).
Three different model simulations were carried: (1) GCM data-driven simulations for the
base period (1991-2005) with climate change only, (2) GCM data-driven simulations for
future periods with climate change only, and (3) GCM data-driven simulations for future
periods with climate change and planned six reservoirs.

6.3 Results and discussion: Base period (1991-2005)
6.3.1 Representative GCM(s)
Performance of climate data
Different GCMs show different distributions of daily precipitation over sub-basins for the
base period (1991-2005) (Figure 6-4). For example, in Sub-basin 1, the occurrence of dry
days (0 mm/day) was 36% in the in-situ observations, whereas with the GCM data the
number of dry days varies between 28% and 52%. Both HadGEM2-AO and HadGEM2-ES
show nearly 35% of dry day occurrence in the basin. In sub-basin 21, these GCMs show
47% and 48% occurrence of dry events, which are slightly higher compared to that shown
in the observed data (39%). The most significant differences between observed and GCM
precipitation is found for precipitation amounts less than 5 mm/day, and the least difference
is observed for high precipitation events (> 50 mm/day). For the dry events (0 mm/day),
HadGEM2-AO and HadGEM2-ES show good agreement with observed data in each subbasin. For high precipitation events (> 50mm/day), all GCMs except BCC-CSM1.1 show a
similar probability of occurrence as observed data. The lowest differences between GCM
and observed data for 1-50 mm/day precipitation show in CSIRO Mk3.6, GFDL CM3,
HadGEM2-AO, and HadGEM2-ES data (Figure 6-4).
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Figure 6-4. Distribution of daily precipitation of ten CMIP5 GCMs compared with observed data at
selected sub-basins over the base period (1991-2005). Red line indicates observed data. Model/data
comparisons are shown for the most upstream (Sub-basins 1 and 2), middle (Sub-basins 21 and 22),
and most downstream (Sub-basins 31 and 32) parts of the Irrawaddy River Basin.

In terms of monthly precipitation, five GCMs (CCSM4, CSIRO Mk3.6, GFDL-CM3,
HadGEM2-AO, and HadGEM2-ES) show reasonably good agreement with observed
precipitation data over the base period with R2 values greater than 0.5 in more than 24 subbasins. The highest underestimation of precipitation is observed in IPSL-CSM5A-MR
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(< - 37% of bias in all 32 sub-basins), followed by GFDL-CM3 (varying -9% to 71% of bias
over the sub-basins). In contrast, BCC-CSM1.1 overestimates the precipitation in 15 out of
32 sub-basins with more than 20% of PBIAS. MIROC5 shows more than 20% of PBIAS in
10 sub-basins. High biases of GCMs are observed during the monsoon period (May to
September). In terms of NSE, only three GCMs (CSIRO-Mk3.6, GFDL-CM3, and
HadGEM2-ES) show more than 0.5 of NSE approximately in half of the entire basin. Aung
et al. (2016) also found overestimation of high rainfall events by CCSM4 and BCC-CSM1.1
models in the Bago River Basin, Myanmar.
The monthly averaged minimum temperature (Tmin) values from all GCMs are in good
agreement with the observed data (R2 > 0.74) at 14 stations (Figure 4-1). Monthly averaged
maximum temperatures (Tmax) of CSIRO Mk3.6, GFDL-CM3, HadGEM2-AO,
HadGEM2-ES, and MIROC5 also show good agreement with data (R2 > 0.5) in most of the
stations (12 out of 14 stations). In terms of PBIAS, only HadGEM2-AO and MRI-CGCM3
show low bias (-20% < PBIAS < 20%) in most of the stations for Tmin and Tmax. However,
all GCMs except IPSL-CM5A-MR show very low NSE (< 0) for Tmax in all the stations.
The IPSL-CM5A-MR model shows more than 0.2 of NSE in three stations (Meiktila,
Minbu, and Monywa, Figure 4-1). In contrast, all the GCMs except GFDL-CM3 show
acceptable NSE for most of the stations for Tmin.
In summary, GCM data show varied performance in terms of precipitation, and temperature
(daily minimum and maximum) over the base period (1991-2005). Daily precipitation
occurrences and performance statistics indicate that CSIRO-Mk3.6, GFDL-CM3,
HadGEM2-AO, and HadGEM2-ES perform well in the Irrawaddy RB, both in terms of
monthly precipitation and monthly average of daily minimum and maximum temperature.

Performance of GCM forced streamflow simulations
Monthly streamflow from SWAT model simulations forced with data from the different
GCMs were evaluated against observations during the base period at eight gauging stations.
Figure 6-5(a) shows that best results are obtained with CSIRO Mk3.6, HadGEM2-AO, and
HadGEM2-ES at all eight stations with NSE > 0.32. The model forced with IPSL-CM5AMR shows the poorest performance with NSE < -0.06 at all the stations. Models forced with
BCC-CSM1.1 and MIROC5 show better performances at six upstream stations (Hkamti,
Homalin, Kalewa, Monywa, Katha, and Sagaing) than most downstream stations (Nyaung
U and Pyay). The model forced with HadGEM2-AO data reproduce the streamflow with
lower PBIAS (-21 % < PBIAS < 3 %) at all stations, followed by HadGEM2-ES with
varying PBIAS between -14.7% and -38.2% (Figure 6-5 (b)). Most of the GCMs lead to an
underestimated modelled streamflow at all stations with some exceptions. For example,
MIROC5 overestimates the flow at Sagaing, Katha, Nyaung U, and Pyay, and BCC-CSM1.1
overestimates the flow at Nyuang U and Pyay. MIROC5 and BCC-CSM1.1 also show the
highest overestimation of monthly precipitation over the Irrawaddy RB, which can be
directly attributed to the over-estimation of streamflow at different stations. Except for the
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model simulations with CCSM4, IPSL-CM5A-MR, and MRI-CGCM3, all other GCM data
forced simulations showed R2 > 0.4 at all eight stations.
The uncertainties in simulated streamflow stem from different sources, primarily the GCM
projections and the model parameters. Among the 10 GCMs considered, CSIRO-Mk3.6,
HadGEM2-AO, and HadGEM2-ES outperform the other GCMs in simulating streamflow
at eight stations.
According to the above comparisons of climate variables (i.e., precipitation and maximum
and minimum temperatures) and GCM data-driven streamflow estimations over 1991-2005,
three GCMs (viz. CSIRO-Mk3.6, HadGEM2-AO, and HadGEM2-ES) were selected for
further model applications (i.e., for simulating streamflow and sediment loads) in Chapter 6
and 8.

Figure 6-5. NSE (a) and PBIAS (b) of simulated streamflow forced with GCM data
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6.3.2 Bias corrected climatic variables
There are considerable biases in GCM climatic data (Section 6.3.1). For example, CSIRO
Mk3.6 data underestimates the monthly precipitation in the upstream part of the basin, while
overestimating it in the downstream part of the basin. In contrast, HadGEM2-AO data
underestimates the precipitation in downstream and overestimates it in the upstream part of
the basin (except Sub-basins 2 and 3). HadGEM2-ES data underestimates the precipitation
in all sub-basins (Figure 6-6 and detailed information in Annex B). All three GCMs
underestimate the minimum and maximum temperatures across the Irrawaddy RB for the
entire period considered (1991-2005) (Figure 6-7 and Annex B).
After performing bias correction (Section 6.2.2), monthly observed precipitation and biascorrected GCM precipitation show reasonable agreement with some exceptions. (Figure 6-6
and Annex B). The NSE and R2 in most of the sub-basins are greater than 0.5. The mean
monthly bias over the entire period is zero for all the sub-basins, which is by virtue of the
mean-based bias-correction applied here. Similar to the precipitation data, both minimum
and maximum temperatures show reasonably good performance compared with observed
monthly mean temperatures after bias correction (Figure 6-7 and Annex B). NSEs of biascorrected minimum and maximum temperatures are greater than 0.87 and 0.25, respectively
in all the stations. It is also noted that bias correction preserved the temporal characteristics
of both minimum and maximum temperatures of all the stations (R2 > 0.87 and 0.37,
respectively).
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Figure 6-6. Monthly precipitation of observed and GCMs (without and with bias correction) for the
selected sub-basins during 1991-2005. In the legend, Raw denotes without bias correction and BC
denotes with bias correction. The NSE values of GCM precipitation (CSIRO Mk3.6, HadGEM2-AO,
and HadGEM2-ES) are shown in three subsequent columns for without (Raw) and with (BC) bias
correction data. Statistical performances of all sub-basins are tabulated in Annex B. The three
selected sub-basins represent the up-, mid-, and downstream of the Irrawaddy River Basin,
respectively.
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Figure 6-7. Monthly mean minimum temperature (Tmin in shaded three plots) and maximum
temperature (Tmax in the bottom three plots) of observed and GCM data for the selected stations
during 1991-2005. In the legend, Raw denotes without bias correction and BC denotes with bias
correction. The NSE values of GCM temperatures (CSIRO Mk3.6, HadGEM2-AO, and HadGEM2ES) are shown in three subsequent columns for without (Raw) and with (BC) bias correction data.
Statistical performances of all stations are tabulated in Annex B. The three selected stations
represent the upstream (Putao), middle-stream (Mandalay), and downstream (Pyay) of the
Irrawaddy River Basin, respectively.
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6.3.3 Evaluation of simulated sediment load forced with
observed climate data (1991-2010)
These model simulations were undertaken with the best-performing SWAT model in terms
of streamflow (discussed in Section 4.3) for 1991-2010, which is same as the streamflow
calibration and validation period (discussed in Section 4.3). In terms of sediment load,
model calibrations at Kalewa and Pyay show good model performance with NSE of 0.92
and 0.84, and PBIAS of 5% and -15%, respectively. At Sagaing station, these indicators are
0.71 and -17%, respectively. Figure 6-8 shows that the model underestimates the sediment
load during the high flow period, while it overestimates the sediment load during the low
flow period at Sagaing station. At Kalewa station, the model underestimates few of the peaks
during the high flow period (July to September). These mismatches can be attributed to the
uncertainties in precipitation data, streamflow simulation, parameterization, and also the
observed data used in calibration. In general, simulated results at all three stations preserve
the temporal variability of observed data with R2 > 0.75.

Figure 6-8. Observed and simulated monthly sediment load at three stations: Kalewa (top), Sagaing
(middle), and Pyay (bottom) for the calibration period (1991 – 2010).
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Figure 6-9 shows the spatial variability in the simulated average annual sediment yield from
each of the sub-basins, together with the coefficient of variation, for the period of 1991 to
2010. Computed average annual erosion rates vary between 2 t/ha/yr and 51 t/ha/yr. The
most northern and north-western parts of the basin show high rates of erosion with an
average of 35 t/ha/yr. These areas are high steep-sloped mountainous regions and receive
the highest precipitation each year. Most downstream sub-basins (sub-basins 31 and 32) also
have high sediment erosion (> 37 t/ha/yr). Most of these low-lands are utilized for
agriculture and receive more than 2500 mm of annual precipitation (Figure 4-3). The middle
part of the basin (dry zone) shows the lowest soil loss as this area has very mild slopes and
receives low precipitation during the monsoon period. Sub-basin 16 shows the highest
coefficient of variation (107%). It is also the sub-basin with the highest rate of sediment
erosion (> 50 t/ha/yr) during 1996-2010. This high erosion is related to the high amount of
precipitation (> 3300 mm/yr) received by this sub-basin during the calibration period.

Figure 6-9. The model simulated (a) average annual sediment yield and (b) coefficient of variation
of sediment yield at sub-basin level for the period of 1991-2010 in Irrawaddy River Basin.

The simulated basin average sediment yield is found to be 22 t/ha/yr, which is higher than
the global mean of 15 t/ha/yr (Adwubi et al., 2009). However, the variation of global
sediment yield presented by Walling and Webb (1996) shows that the sediment yield in the
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Irrawaddy RB could vary between 2 t/ha/yr to 51 t/ha/yr. Furthermore, Garzanti et al.
(2016), who investigated the sources of heavy minerals, and bedload sand in the basin to
estimate the sediment contribution of different tributaries of the Irrawaddy RB, estimated a
basin average sediment yield and erosion rate of ~ 10 t/ha/yr and ~ 0.3 mm/yr, respectively.
Sediment loads and erosion rates have also been computed for other large basins in previous
studies. Galy and France-Lanord (2001) calculated the erosion rates (based on Al-Si mass
balance) in Brahmaputra (583,000 km2) and Ganges (1,060,000 km2) River Basins to be 2.9
mm/yr, and 2.1 mm/yr, respectively. Maharjan et al. (2014) showed that the sediment yield
in the Nam Ou Basin (26,180 km2) in Mekong River Basin, was less than 20 t/ha/yr for their
base period of 1980 to 2000. The soil erosion rate in the Loess Plateau, China was shown to
range between 0 and 80 t/ha/yr (at sub-basin levels) during 1980 to 1990 (Zhang et al.,
2017). Betrie et al. (2011) found that most areas of the Blue Nile Basin have soil erosion
rates ranging between 1 to 20 t/ha/yr, while the erosion rate in cultivated lands therein
exceeds 150 t/ha/yr. It must be noted that basin-scale soil erosion depends on several factors
such as precipitation, climate, geology, topography, land cover, surface runoff, slope,
characteristic of grain size, chemical composition, mineralogy, and hydraulic characteristics
of channels (Morgan, 2005). Therefore, sediment yield at the sub-basin level can vary
significantly, and a definite reason(s) cannot be identified for the high computed sediment
erosion in the Irrawaddy RB. Furthermore, not all of this sediment eroded from the basin is
transported to the basin outlet due to deposition in the waterways and other trapping
mechanisms.
The SWAT simulations for the period 1991-2010 shows a sediment load of 269 ± 49 x 106
t/yr at the Pyay station, with an average of 265 ± 41 x 106 t/yr at Pyay from 1991 to 1996.
In previous studies focusing on the sediment load in this basin, Robinson et al. (2007)
calculated a sediment load of 364 ± 60 x 106 t/yr by revisiting the 19th-century sediment
load estimation (261 x 106 t/yr) presented by Gordon (1885). Furuichi et al., (2009)
computed a mean annual sediment load of 325 ± 57 x 106 t/yr at Pyay from 1966 to 1996
based on 31 years of streamflow measurements and a streamflow-sediment rating curve
derived from suspended sediment concentrations at Pyay. At the Magway station, located
168 km upstream of Pyay, the average sediment load determined by the Directorate of Water
Resources and Improvement of River Systems (DWIR), Myanmar is 125 x 10 6 t/yr for the
period of 1990 to 2010 (IFC, 2017). For the same period, sediment load at Chauk, located
further 93 km upstream of Magway is 154 x 106 t/yr (IFC, 2017). Syvitski and Milliman
(2007) have calculated 30- year average suspended sediment load in the Irrawaddy River
Basin as 258.6 x 106 t/yr. However, sediment load received by Irrawaddy river delta has
decreased by ~30% during 1974-2015 compared to pre-1970s (Besset et al., 2019).
Simulated sediment loads at Pyay vary from the results presented in previous studies. The
discrepancy between sediment loads computed in the present study and those reported in
the above mentioned data-based studies could be due to many reasons, including different
measurement locations, the variability of sediment transport in the river, seasonality effects
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on measurements (wet or dry seasons), cross-sectional variations (which leads to changes
in water level-streamflow relationship), and differences in sampling methods (IFC, 2017).
The SWAT simulation undertaken here shows that approximately half of the total sediment
load (55% of total) is generated from Chindwin Basin, where the average annual load is
149 ± 27 x 106 t/yr. The Upper Irrawaddy (at outlet sub-basin 29) generates 37% of the total
load. These results are consistent with the findings of previous studies (Garzanti et al., 2016;
Stamp, 2015). Garzanti et al. (2016)’s analysis showed that approximately 50% of the
sediment load in the Irrawaddy RB originates from Chindwin basin, while 35% of sediment
originates from Mali and N’Mali headwaters and the remaining (<15%) is contributed by
other sub-basins. Stamp (2015) also found that nearly half of the sediment load in the
Irrawaddy RB is received from the Chindwin Basin.

6.3.4 Simulated streamflow and sediment load using biascorrected GCM data
Comparison of GCM data forced simulated future changes (discussed in Section 6.4) in
streamflow and sediment loads was undertaken with respect to the model simulations forced
with GCM data for the base period (1991-2005). The bias-corrected precipitation and
temperature data of the three selected climate models: (i.e., CSIRO Mk3.6, HadGEM2-AO,
and HadGEM2-ES, presented in Section 6.3.1) were used to simulate streamflow and
sediment load for the base period using above described calibrated SWAT model setup
(Section 6.3.3).

Streamflow
The simulated streamflow for the base period show good agreement with the seasonal
variation of observed data with an R2 of more than 0.5 being achieved at all eight gauging
stations, except in the simulations forced with CSIRO Mk3.6 data. As an illustration,
simulation results are further discussed below for the Pyay station (Figure 6-10 (a)). Models
forced with all the three selected GCMs overestimate the high flows at Pyay during most of
the years in the base period, among which the simulation forced with CSIRO Mk3.6 shows
the highest differences with observed data. In the observed data, peak streamflow at Pyay
generally occur in August (Figure 6-10 (a)), whereas streamflow simulated with
CSIRO Mk3.6, HadGEM2-AO, and HadGEM2-ES show the peak flow occurrence in
September, August and July, respectively. Simulated mean annual streamflow over the base
period at Pyay are 476 ± 85, 460 ± 55, and 457 ± 41 × 109 m3 in the models forced with
CSIRO Mk3.6, HadGEM2-AO, and HadGEM2-ES, respectively. The mean annual
streamflow values from observed data and the calibrated SWAT model over the same period
are 379 ± 51, and 391 ± 42 x 109 m3, respectively.
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Sediment load
The simulated sediment load over the base period show similar variation to streamflow
(Figure 6-10 (b)) at Pyay. The simulated mean annual sediment loads for the base period at
Pyay are 316 ± 87, 294 ± 49, and 291 ± 41 million tons in the simulations forced with
CSIRO Mk3.6, HadGEM2-AO, and HadGEM2-ES, respectively. The model calibration
estimates the load of 275 ± 49 Million tons for the base period, which is less than the longterm (1966-1996) average of observed data (325 ± 57 million tons, Furuichi et al. (2009)).
Similar to the streamflow, simulations forced with bias-corrected GCM data result in a basin
sediment load that is higher than the observed and the results of the calibrated SWAT model
forced with observed climate data. These discrepancies in streamflow and sediment load
estimation may be attributed to the uncertainties in GCM data, model parameters, model
structure, and bias correction method.

Figure 6-10. Simulated (a) streamflow, and (b) sediment load at Pyay with bias-corrected GCM
data (CSIRO Mk3.6, HadGEM2-AO, and HadGEM2-ES) for the base period (1991-2005) in the
Irrawaddy River Basin. The observed streamflow and sediment loads are presented in thick pink
color line. Model simulations were carried out with the calibrated SWAT model for both streamflow
and sediment load.
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6.4 Results and discussion: Future periods 2045-2065
and 2081-2100
6.4.1 Changes in future climate
Precipitation
The changes in precipitation in the future are not unidirectional depending on climate model,
RCP, and the time periods considered. The Irrawaddy RB is projected to have a significantly
increased monsoon precipitation (May to September) (Annex B), with the exception of
CSIRO Mk3.6 of the three GCMs considered, which project a decrease in the monsoon
precipitation during the mid-century (2046-2065) period. All three models project decreased
precipitation in December to February in the mid-century under RCP 2.6 (compared to the
base period). Only HadGEM2-AO and HadGEM2-ES show an increase of mean monthly
precipitation in all months except December during 2046-2065 and 2081-2100 for RCP 8.5.
The maximum increment in precipitation is projected with HadGEM2-AO during June
(78 mm) and July (142 mm) for RCP 2.6 and RCP 8.5, respectively. The largest reduction
of precipitation is projected with CSIRO Mk3.6 data for the month of May with 47 mm and
50 mm for RCP 2.6 and RCP 8.5, respectively.
Mean annual precipitation is projected to increase and decrease over the different parts of
the basin (Figure 6-11). Upper and lower parts of the basin are projected to experience more
changes than the middle part (dry zone). The percentage changes of each GCM precipitation
projection were calculated with respect to their base precipitation (1991 - 2005). Northeastern parts of the basin are projected to experience the highest increment of precipitation
(more than 10%) for both RCPs by HadGEM2-AO and HadGEM2-ES. In contrast, the
highest decrease of precipitation (19%) is projected over the western parts of the basin for
CSIRO Mk3.6 data, particularly for the mid-century period. During the end-century,
precipitations from three GCMs are projected to vary between 7 % and 12% for RCP 2.6
and 8% to 31% for RCP 8.5 (compared to the base period). Similar to these findings, a recent
study also shows that the upper Irrawaddy Basin (north and north-eastern parts of the study
area) may experience an increase of precipitation of 16-20% in the 2040s and 21%-28% in
2080s (compared to their base period of 1975 to 2005) (Ghimire et al., 2019). Over the Belu
River Basin (a small basin adjacent to the eastern part of the Irrawaddy RB), Myanmar, the
average precipitation is projected to vary with no clear trends (-1.78% – 9.14%). The peak
rainfall of that basin is also projected to vary by -3.4% – 23.2% during August compared to
the base period 1976-2005 (Aung et al., 2016). Considering the entirety of Myanmar,
precipitation is projected to increase by 6%-23% across the country during the 2041-2070
period compared to a base period of 1980-2006 (Horton et al., 2017). IPCC projections
indicate that average precipitation over Myanmar may increase by 0-10% for RCP 2.6 and
10-20% for RCP 8.5 during the end-century (2081-2100) compared to the AR5 base period
1986-2005 (Figure SPM 7, IPCC, 2014).
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Temperature
In general, the selected GCMs show an increase in temperature over the basin for all RCPs.
The spatial variation of the temperature increment is minimal. The GCM projections for
RCP 2.6 project average maximum temperature increases of 0.9-2.2 oC and average
minimum temperature increases of 0.4-2.0 oC compared to the base period. For RCP 8.5,
both maximum and minimum temperature are projected to increase by 2.1-5.1 oC and by
1.9-6.0 oC, respectively. During end-century (2081-2100), the highest increments of
maximum and minimum temperature are projected with CSIRO Mk3.6 (by 5.1 oC) and
HadGEM2-ES (by 6.0 oC) for RCP 8.5, respectively. For the same period under RCP 8.5,
the lowest increments of both temperatures are projected with HadGEM-AO by 4.2 oC and
4.3 oC, respectively. All increases mentioned above are relative to the base period of
1991- 2005.
In Balu River Basin, Myanmar, the minimum temperature changes are almost double as
compared to changes in maximum temperature (Aung et al., 2016). For example, in the
2080s, minimum (maximum) temperature increases by 5.27 oC (2.82 oC) for RCP 8.5
(compared to the base period 1976-2005). In Bago River Basin in Myanmar, outcomes of
six GCM models show an increase of average temperature by 1.5 oC and 3 oC for RCP 4.5
and RCP 8.5 by 2070-2099, respectively when compared to the base period (1975-2009)
values (Shrestha and Htut, 2016a). Similar increases in temperature are projected for the
entirety of Myanmar by 2041-2070 with average annual temperature projected to rise by
1.3-2.7 oC over Myanmar compared to the period of 1980 to 2006 (Horton et al., 2017). By
the end of 21st century, the increase of average surface temperature in Myanmar is projected
to be 1- 1.5 oC and 3-5 oC for RCP 2.6 and RCP 8.5, respectively compared to 1986 - 2005
(Figure SPM 7, IPCC, 2014).
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Figure 6-11. Percentage change of precipitation under two RCPs (RCP 2.6 on the left and RCP 8.5
on the right) of the three selected GCMs (from left to right CSIRO Mk3.6, HadGEM2-AO, and
HadGEM2-ES), relative to the base period (1991 – 2005) over each sub-basin of the Irrawaddy
River Basin. In each RCP plot, two future periods are presented: 2046-2065 (top) and 2081-2100
(bottom).

6.4.2 Climate change-driven variations in future streamflow and
sediment fluxes to the coast
All future changes in streamflow and sediment loads for mid-century (2046-2065) and endcentury (2081-2100) periods were computed relative to the base period (1991-2005)
(Section 6.3.4). As the focus here is on the streamflow at the basin outlet and sediment fluxes
to the coast, this section presents results obtained at Pyay.

Streamflow
In general, similar to the projected increment in precipitation over the basin, streamflow at
Pyay may also increase, particularly during the monsoon period (May to October) of both
mid- and end-century periods considered (Figure 6-12). The variability of projected monthly
mean streamflow at Pyay is more significant for RCP 8.5 (-36% to 93%) compared to RCP
2.6 (-43 % to 55%) over mid- and end-century periods. The most substantial increment of
streamflow at Pyay (93% in May) is projected in simulations forced with HadGEM2-ES
(under RCP 8.5) during end-century (2081-2100), while the most considerable reduction of
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the streamflow (43 % in May) is projected in the simulation forced with CSIRO Mk3.6
(under RCP 2.6) during mid-century (2046-2065).
The mean high flows (during monsoon period) are projected to vary considerably, ranging
from -8% to 1% and from -2% to 6% for RCP 2.6 during the mid and end century periods,
respectively. Similarly, changes in monsoonal mean high flows are projected to vary from 5% to 10% and 9% to 25% for RCP 8.5 during mid- and end-century periods considered,
respectively. During the low flow periods (November to April), changes in the mean flow
are projected to vary between -13% and 4% and -3% and 5% for RCP 2.6 and between -5%
and 10% and -1% and 24% for RCP 8.5 during mid- and end-century periods, respectively.
During the monsoon period, projections obtained with HadGEM2-ES have the highest mean
flow increment (25%) for RCP 8.5 during the end-century. For the same GCM inputs, the
largest reduction of 8% of the mean flow is projected during mid-century for RCP 2.6.
Similarly, during the non-monsoon periods, the HadGEM2-AO forced simulation shows the
largest increase of 24% under RCP 8.5 during the end-century period and simulation forced
with CSIRO Mk3.6 shows the largest decrease (13%) under RCP 2.6 during the midcentury. CSIRO Mk3.6 and HadGEM2-ES driven simulations project the occurrence of
peak flow in September and July, respectively, which is in line with the historical timing of
peak flows. The projection with HadGEM2-AO forcing indicates that the peak flow would
occur in July, one month earlier than during the base period.
Similar projections, albeit with some variation, have been reported for other basins in the
region. A study on Upper Irrawaddy Basin showed that the peak flows (during June to
September) would increase (< 50%) while experiencing reductions during October to
November (< 25%) for both RCP 4.5 and RCP 8.5 (Ghimire et al., 2019). That study also
indicated that the flows from January to April might also experience considerably higher
relative changes as well (w.r.t. base period of 1975-2014). Shrestha et al. (2013) found that
intra-annual (monthly) flows are projected to vary between -62% to 105% in Nam Ou Basin
in Lao PDR during 2041-2070. Agarwal et al., (2014) found that average monthly flows in
Koshi River Basin (Nepal) would increase for three emission scenarios (B1, A1B, and A2)
with a shift in the peak flow from the month of July (during the base period) to August
(during the future period). It should be noted that these studies have used different scenarios,
climate models, and methods of downscaling/bias correction.
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Figure 6-12. Percentage change in projected mean monthly streamflow at Pyay relative to the base
period (1991-2005) for simulations forced with the three different GCM data. Top panel shows the
mid-century period (2046-2065) and the bottom panel shows the end-century period (2081-2100).
Each panel includes the results of simulations forced with three GCMs (CSIRO Mk3.6, HadGEM2AO, and HadGEM2-ES) under both RCP 2.6 (filled circles) and RCP 8.5 (asterisks).

The mean annual precipitation and streamflow variations of Irrawaddy RB have a similar
trend (Figure 6-13). However, the streamflow variation (in magnitude) is always higher than
that of precipitation. During the end-century period, all simulations project streamflow to
increase by 8% - 17 % and 9% - 45% for RCP 2.6 and RCP 8.5, respectively. In contrast,
simulations forced with CSIRO Mk3.6 project reductions in the streamflow by 6% and 3%
during the mid-century period for RCP 2.6 and RCP 8.5, respectively, while, HadGEM2AO and HadGEM2-ES forced simulations project increments of 6% - 20% (RCP 2.6) and
15% - 25% (RCP 8.5) for the same period. Projections reported in previous studies of the
Irrawaddy RB show variations that are similar to those obtained in this study. For example,
Ghimire et al. (2019)’s mean decadal streamflow projections for the Upper Irrawaddy basin
indicate an increase of 21% (22.7%) during 2021-2030 and 33% (41.8%) during 2091-2100
compared to 1975-214 under RCP 4.5 (RCP 8.5). In another study focusing on Bago River
Basin in Myanmar, Shrestha and Htut (2016a) projected that the annual streamflow would
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increase by 46.8% under RCP 8.5 during 2070-2099 compared to the baseline period (19902009).

Figure 6-13. Percentage change of projected mean annual flow (left) and sediment load (right) at
Pyay relative to the base period (1991-2005) under RCP 2.6 and RCP 8.5 computed using the three
selected GCM data as forcing. Q is Streamflow and rf is precipitation. Each panel (left and right)
show results for RCP 2.6 (top) and RCP 8.5 (bottom) and the 3 selected GCMs (CSIRO Mk3.6,
HadGEM2-AO, and HadGEM2-ES). In each plot, light color bar shows the result relevant to the
mid-century period (2046-2065), whereas dark color bar shows results relevant to end-century
(2081-2100). In the left panel, streamflow changes are in the primary axis (left Y-axis) and
precipitation changes are in the inverse secondary axis (right Y-axis). Similarly, in the right panel,
sediment load changes are in the primary axis, and streamflow changes are in the inverse secondary
axis.

Sediment load
The projected changes in mean monthly sediment load at Pyay follow a similar trend to that
of streamflow projections (Figure 6-14). The mean monthly sediment load projections vary
between -58 % and 117 % and -20% and 112% for RCP 2.6 during the 2046-2065 and 20812100 periods, respectively. Similarly, for RCP 8.5, the projected change in the mean
monthly sediment load is between -51% to 104% and -47% to 273% for mid- and endcentury periods, respectively. The highest projected increase (273%; for RCP 8.5) and
decrease (58%; for RCP 2.6) of sediment loads are obtained with HadGEM2-AO (in
February during 2081-2100) and CSIRO Mk3.6 (in May during 2046-2065), respectively.
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It should be noted that the projected monthly percentage changes in sediment load are
greater than the corresponding percentage changes in streamflow.
During the monsoon period, mean sediment load changes ranging from -10% to 8% for RCP
2.6 and from -7 % to 37% for RCP 8.5 are projected. Similarly, the sediment load in nonmonsoonal months is projected to change between -21% and 8% under RCP 2.6, while
between 8% and 51% under RCP 8.5. The mean annual sediment load is projected to
increase in all the RCPs and periods, except for the simulations forced with CSIRO Mk3.6
data during the mid-century (Figure 6-13). On average, the projected increases are 11%
(20%) during the mid-century and 22% (52%) over the end-century period for RCP 2.6
(RCP 8.5).

Figure 6-14. Percentage changes in projected mean monthly sediment load at Pyay relative to the
base period (1991-2005) for simulations forced with the three different GCM data. Top panel shows
the mid-century period (2046-2065) and the bottom panel shows the end-century period (20812100). Each panel includes the results of simulations forced with three GCMs (CSIRO Mk3.6,
HadGEM2-AO, and HadGEM2-ES) under both RCP 2.6 (filled circles) and RCP 8.5 (asterisks).
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6.4.3 The combined effect of climate change and reservoirs on
streamflow and sediment fluxes to the coast
Streamflow
For simulations with reservoirs, the relative changes of streamflow and sediment loads are
calculated with reference to each climate scenario. The simulation results show that the
streamflow at Pyay is similar for both trapping efficiencies (TE=50%, and 95%) (Annex B),
because streamflow does not depend on sediment retention/outflow. The seasonal and
annual changes in streamflow at Pyay are presented in Table 6-3 for the different climate
scenarios with 95% trapping efficiency in all six reservoirs. The streamflow projections
show a reduction in mean monsoonal flow (7% for RCP 2.6 and 6.1% for RCP 8.5) at Pyay.
In contrast, non-monsoonal streamflow are projected to increase by 36.5% and 34% (on
average) for RCP 2.6 and RCP 8.5, respectively. As discussed in Section 6.4.2, except for
RCP 2.6 with HadGEM2-AO forcing, climate change-driven impacts are projected to
increase the monsoon streamflow with all GCMs and for both RCPs considered. The
reservoirs store water during the monsoon period, which causes a reduction of the
downstream flow. On the other hand, reservoir operational release plays a significant role
in the non-monsoonal period, as the operational release is specified here as a constant
minimum release (Section 6.2.3). Therefore, the simulated low flow projections during the
Nov-Apr period is greater with reservoirs than without (Table 6-3).
Similar projections (with some variations) are also reported in other basins in the region. A
similar study carried out in the Sesan River Basin (Vietnam) with seven reservoirs in
operation indicates that compared to the base period (2002-2012), streamflow may increase
during the dry period but decreases during the wet period under both RCP 4.5 and RCP 8.5
during 2010-2100 (Ngo et al., 2018). Thus, simulation results for the Irrawaddy River Basin
are consistent with results obtained for the Sesan River Basin. However, the same study by
Ngo et al. (2018) shows an increase of both wet and dry period flows in the Srepok River
Basin (Vietnam), where five cascade reservoirs exist. The mean annual flows are projected
to decrease by 2-3% (compared to without reservoirs condition) in Sesan River under RCP
4.5 and RCP 8.5 during 2010-2100, and no changes are projected in the Srepok River for
the same conditions. Furthermore, a study presented by Mittal et al. (2016) indicates that
the flow variability in the Kangsabati River Basin (India) would reduce due to reservoir
operations. This is due to the fact that high flows during flood events are buffered by the
reservoirs while increasing the pre-monsoon flows via flow regulations.
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Table 6-3. Changes in projected seasonal streamflow at Pyay during the end-century period (20812100) under RCP 2.6 and RCP 8.5 with/without reservoirs. Monsoon period is from May to October
and Non-monsoon period is from November to April. Results related to reservoirs scenarios are with
95% trapping efficiency at all reservoirs. The simulation without reservoirs (Section 6.4.2) is
considered as the reference to compute relative changes of projections obtained with reservoirs. It
was assumed that all the reservoirs are full at their maximum level at the beginning of all
simulations.

RCPs

GCMs

Monsoon
Period (May
to Oct)
(m3/s)

Relative
change due
to reservoirs
(%)

NonMonsoon
Period (NovApr) (m3/s)

Relative
change due
to reservoirs
(%)

Reference condition: Without reservoir (CC only) (Section 6.4.2)

RCP 2.6

RCP 8.5

CSIRO Mk3.6

26,626

5,933

HadGEM-AO

27,834

5,635

HadGEM-ES

27,592

6,317

CSIRO Mk3.6

27,265

5,587

HadGEM-AO

35,055

7,195

HadGEM-ES

33,214

6,961

Scenario: CC + Reservoirs

RCP 2.6

RCP 8.5

CSIRO Mk3.6

24,826

-6.8

7,979

34.5

HadGEM-AO

25,660

-7.8

8,063

43.1

HadGEM-ES

25,835

-6.4

8,334

31.9

CSIRO Mk3.6

25,412

-6.8

7,684

37.5

HadGEM-AO

33,140

-5.5

9,484

31.8

HadGEM-ES

31,227

-6.0

9,272

33.2

Sediment load
The mean seasonal and annual sediment loads also follow the same variations of streamflow
projections. The sediment load at Pyay does not change due to different trapping efficiencies
of the reservoirs. However, output sediment load from the Chindwin Basin shows a
considerable reduction compared to the projections without reservoirs. For example, with
95% TEs of all six reservoirs, the mean annual sediment load is projected to decrease from
-27% to -24% and from -27% to -20% for RCP 2.6 and RCP 8.5, respectively. In contrast,
sediment reduction due to the three planned reservoirs in the upper Irrawaddy Basin is not
as high as the Chindwin Basin. This reduction at the outlet of Sub-basin 29 varies only from
3.2% to 3.8% under both RCPs. Two of these reservoirs (out of three) are located far
upstream in the basin and the Yeywa reservoir (Sub-basin 26) is the nearest one to basin
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outlet (Figure 6-3). The reservoir retention effect has been neglected during the routing
process to the outlet.
Table 6-4 shows the mean seasonal and annual sediment load variation at Pyay by the endcentury period with 95% trapping. During the monsoon period, the mean sediment load is
projected to reduce by 11.2% and 9.5% for RCP 2.6 and RCP 8.5, respectively, due to
reservoirs. On the other hand, during the non-monsoon period, the mean sediment load is
projected to increase up to 52.4%. Even though a higher sediment reduction appears at the
outlet of Chindwin Basin (Sub-basin 28), the mean annual sediment load at the Pyay is
projected to vary from -5.9% to -4.9% and from -5.7% to -4.2% for RCP 2.6 and RCP 8.5,
respectively. It is observed that relative changes in seasonal sediment load are always higher
than that for streamflow. For example, the mean monsoon sediment load is more than five
times the same for the non-monsoon period during 2081-2100, whereas the comparable
streamflow projections show almost three times.
Table 6-4. Changes in projected seasonal and annual sediment load at Pyay during the end-century
period (2081-2100) under RCP 2.6 and RCP 8.5 with/without reservoirs. Monsoon period is from
May to October and Non-monsoon period is from November to April. Results related to reservoirs
scenarios are with 95% trapping efficiency at all reservoirs. The simulation without reservoirs
(Section 6.4.2) is considered as the reference to compute relative changes of projections obtained
with reservoirs.

RCP
scenario

RCP 2.6

RCP 8.5

RCP 2.6

RCP 8.5
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GCMs

Monsoon
period
(May to
Oct) (MT)

Relative
change
due to
reservoirs
(%)

Nonmonsoon
period
(Nov-Apr)
(MT)

Relative
change
due to
reservoirs
(%)

Annual
(MT)

Relative
change
due to
reservoirs
(%)

CSIRO Mk3.6

318

39

357

HadGEM-AO

334

35

370

HadGEM-ES

326

42

367

CSIRO Mk3.6

339

35

374

HadGEM-AO

461

55

515

HadGEM-ES

424

49

473

CSIRO Mk3.6

281

-11.4

55

39.4

336

-5.8

HadGEM-AO

294

-12.1

53

52.4

348

-5.9

HadGEM-ES

292

-10.2

58

36.0

349

-4.9

CSIRO Mk3.6

302

-10.8

51

43.6

353

-5.7

HadGEM-AO

422

-8.5

72

31.9

494

-4.2

HadGEM-ES

385

-9.1

67

36.1

452

-4.4
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To investigate the relationship between trapping efficiency (TE) and the projected
differences in sediment load at the basin outlet, the mean annual sediment load in the main
reaches was analyzed. For example, Figure 6-15 shows sediment load projections from
simulations forced with CSIRO Mk3.6 under RCP 8.5 for the 2081-2100 period. Due to the
high amount of sediment trapping within three reservoirs in the cascade system, a
considerable reduction of sediment load at the outlet of the Chindwin Basin is expected.
However, model results show only 15 MT/yr of sediment reduction with 95% TE compared
to 50% TE (161 MT/yr with 50% TE and 146 MT/yr with 95% TE). This limited reduction
in sediment volume for 45% increase TE implies that the river channels would erode and
generate sediment load when the river reaches are starved of sediment due to reservoir
trapping. It is also interesting to note that an increase of trapping efficiency from 50% to
95% has no effect on the sediment load at Pyay. This can be explained as follows: the area
of sub-basins 30 and 31 (just downstream of the Chindwin and Irrawaddy confluence) is
49,000 km2. Most of this land area is utilized for agriculture, which generates a higher rate
of sediment erosion, and thus a very high sediment load (512 MT/yr), which completely
overshadows the 15MT/yr difference between the 50% and 95% TE cases. When the
sediment carrying capacity of the river is less than the amount of sediment introduced to the
river, excess sediment is deposited along the riverbed or flood plains. Thus, in both
simulations shown in Figure 6-15, the sediment load at Pyay is governed by the sediment
carrying capacity in the river reach from the confluence to the outlet, which does not change
in the two cases. Therefore, the computed sediment load at Pyay is identical in the 50% and
95% TE cases.
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Figure 6-15. Projected mean annual sediment load in the reservoir reaches (just downstream of
reservoirs) from simulations with CSIRO Mk3.6 under RCP 8.5 with 50% trapping efficiency (left)
and 95% trapping efficiency (right). All the values are in Million Tons per year (MT/yr). The green
area is the Upper Irrawaddy Basin and the beige area is the Chindwin Basin. The planned reservoir
locations are shown by red triangles. Black color arrows represent the flow direction.

The ranges of projected decreases in sediment load at the basin outlet Pyay under RCP 8.5
for the end of century period (2081-2100), even with a 95% TE, is significantly lower than
that projected for other large basins in the region. For example, Shrestha et al. (2016)
indicated that the sediment outflow from the Nam Ou Basin, Lao PDR (drainage area of
26,181 km2) would reduce considerably as the number of reservoirs increases. That study
indicates a decrease of sediment outflow by 44% to 80% only with the most upstream
reservoir (capacity of 1,469 MCM) and by 66% to 89% with five reservoirs (cumulative
capacity of 2,400 MCM) within the cascade system at Nam Ou Basin. Yang et al. (2015)
indicated that the mean sediment flux (mean discharge) in the Yangtze River Basin, China
(drainage area of 1.8 million km2) has reduced by 71% (7%) during 2003-2012 (post-dam
period) compared with the 1950-2002 (pre-dam period, where the three-gorges dams
(TGDs, capacity of 39,300 MCM) were completed in 2003). The total sediment reduction
is attributed to the TGDs (65%), other dams of 64,000 MCM cumulative capacity (10%),
precipitation decline (14%), soil conservation (10%), and water abstraction (1%).
Ranasinghe et al. (2019) showed that in Pearl River, China (drainage area of 450,000 km2),
fluvial sediment supply to the coast has reduced by 71% (compared to natural condition)
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during 1954-2013 due to excessive human activities such as dam constructions, river flow
diversions and deforestation. Increased streamflow due to climate change during the 21st
century would only reduce 1% of this sediment deficit by 2100. According to the global
sediment fluxes estimation by Syvitski et al. (2005), the sediment supplied to the world’s
coast has reduced by 1.4 ± 0.3 billion tons per year because of anthropogenic retention
during 1960 to 1995.
The summary of projected mean annual streamflow and sediment load at Pyay discussed in
Sections 6.3.4, 6.4.2, and 6.4.3 is shown in Table 6-5 and Table 6-6. The results of the
present study suggest that future climate and reservoirs affect the streamflow regime and
sediment outflux of the basin. However, these impacts can be dominated by reservoir
operations as mentioned by Ngo et al. (2018). Reservoirs have greater impacts than climate
change on sediment outflow (Ranasinghe et al., 2019; Shrestha et al., 2016) and natural flow
regime (Mittal et al., 2016). Furthermore, Mittal et al. (2016) have concluded that the
combined effects of climate change and reservoirs are considerably higher than their
individual effects.
Table 6-5. Projected mean annual streamflow and sediment loads at Pyay from the three GCMs for
the base period (1991-2005) and mid-century periods (2046-2065). Q is streamflow and Qs is
sediment load (highlighted). CC means Climate change.
Base Period
(1991-2005)
GCM

RCP
Q
(m3/s)

CSIRO Mk3.6

HadGEM2-AO

HadGEM2-ES

Projections for the mid-century period
(2046-2065)

15,088

14,597

14,501

Qs
(MT/yr)

CC only

CC + reservoirs

Q (m3/s)

Qs
(MT/yr)

Q (m3/s)

Qs
(MT/yr)

RCP 2.6

14,148

370

14,223

273

RCP 8.5

14,569

386

14,647

285

RCP 2.6

17,439

383

17,555

363

RCP 8.5

16,791

365

16,894

344

RCP 2.6

15,296

317

15,396

299

RCP 8.5

18,100

407

18,230

387

316

294

291
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Table 6-6. Projected mean annual streamflow and sediment loads at Pyay from the three GCMs for
the base period (1991-2005) and end-century periods (2081-2100). Q is streamflow and Qs is
sediment load (highlighted). CC means Climate change.
Base Period
(1991-2005)
GCM

CSIRO Mk3.6

HadGEM2-AO

HadGEM2-ES

Projections for the end-century period
(2081-2100)
RCP

Q
(m3/s)

Qs
(MT/yr)

15,088

316

14,597

14,501

CC only

CC + reservoir

Q (m3/s)

Qs
(MT/yr)

Q
(m3/s)

Qs
(MT/yr)

RCP 2.6

16,333

357

16,433

336

RCP 8.5

16,492

374

16,593

353

RCP 2.6

16,834

370

16,946

348

RCP 8.5

21,193

515

21,367

494

RCP 2.6

16,982

367

17,100

349

RCP 8.5

20,183

473

20,294

452

294

291

6.5 Conclusions
This chapter assessed the impact of climate change and human activities on streamflow and
sediment load simulation in the Irrawaddy River Basin, Myanmar. SWAT model
simulations for the base period (1991 - 2005), and two future periods: mid-century (20462065) and end-century (2081-2100) are presented. Data from 10 GCMs were initially
considered in this study and three most representative GCM models (CSIRO Mk3.6,
HadGEM2-AO, and HadGEM2-ES) for the Irrawaddy RB were selected based on the
performance of GCM climate variables (precipitation, and minimum and maximum
temperatures) and performance of SWAT hydrological simulations forced with GCM data.
The data from the three selected GCMs were corrected for biases using the mean bias
correction method and used to force a series of SWAT models. The SWAT model was set
up for sediment and reservoir simulation, taking into account six planned reservoirs in the
basin. Model simulations were undertaken with only climate change forcing and with
climate change forcing together with planned reservoirs.
Sediment load calibration (SWAT model forced with observed data) at three stations
(Kalewa, Sagaing and Pyay) shows good agreement with observed data (1991-2010). Model
simulations forced with bias-corrected GCM data from CSIRO Mk3.6, HadGEM2-AO, and
HadGEM2-ES for the base period (1991-2005) overestimate the observed streamflow at
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Pyay station, particularly during high flow period (July to September). Similar to the
streamflow, simulated sediment load at Pyay is also higher than the observed sediment load.
Results show that changes in climate variables (precipitation and temperature) alter the
streamflow and sediment fluxes in the basin. However, the projected changes in sediment
fluxes are not consistent among the climate models used in this study. In general, streamflow
and sediment load are projected to increase during the monsoon period compared to nonmonsoonal months. The projected changes in sediment loads are always higher than the
variations in streamflow.
The changes in both seasonal streamflow and sediment load are considerably affected by
the planned reservoirs. Reservoirs act as buffer storage during high flows, which in turn
reduce peak flows. Besides, reservoirs release a minimum flow throughout the year, which
results in an increase in river flow during the low flow period. Seasonal changes in sediment
load follow the same changes of streamflow. In terms of mean annual streamflow and
sediment loads, projected increases are 10%-46% and 12%-68% (compared to base period
estimates), respectively during the end-century period (2081-2100) under RCP 8.5 with
planned reservoirs. The same projections with climate change alone (i.e., no reservoirs) are
9%-45% and 18%-75%, respectively for 2081-2100 under RCP 8.5.
It should be noted that the sediment load at the basin outlet may depend on factors other
than climate change and reservoirs. One such factor, which is not considered in the present
study, is changes in future land-use. Different land-use practices can affect the rate and
magnitude of soil erosion and sediment yield of a basin and the streamflow (Pokhrel, 2018;
Rodriguez-Lloveras et al., 2016). Therefore, as a future direction, a study combining the
potential effects of climate, land-use and other human activities (i.e., water diversions,
damming) are recommended.
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7
7 SIMULATING STREAMFLOW AND
SEDIMENT FLUXES TO THE
COAST IN THE KALU RIVER BASIN
7.1 Introduction
This chapter investigates the impacts that climate change might have on 21st century
streamflow and sediment load in the Kalu River Basin, Sri Lanka. The analysis is carried
out for a base period (1991-2005) and two future periods: mid-century (2046 - 2065) and
end-century (2081 – 2099) under different RCPs.
This chapter is structured as follows: Section 7.2 describes the methods adopted, which
includes analysis of the projected climate data, bias correction of climate data, SWAT model
set-up, and scenarios for future streamflow and sediment load estimation. Sections 7.3 and
7.4 present the results for the base period and future periods, respectively. Section 7.5
presents the conclusions of the investigations.
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7.2 Data and methods
7.2.1 Climate models and climate change scenarios
Climate data for Kalu River Basin were obtained from three RegCM4 RCMs (details in
Table 3-4) because coarser-resolution GCM data could not capture the seasonal variability
of precipitation within the basin. Similar to the GCM data discussed for Irrawaddy River
Basin, three RCMs data also show a significant difference in climate data over the basin
(Figure 7-1 and Annex C). Average annual precipitation from the RCMs during the base
period (1991-2005) is significantly higher than the average annual precipitation from the
observed data over the basin (3600 mm, Section 4.4.1) (Figure 7-1). The RCM data based
on MIROC5 and MPI-ESM-MR data show the highest annual precipitation over the basin
(7090 mm and 6630 mm, respectively), while the RCM data based on NCC-NORESM1-M
data show 4490 mm of annual precipitation.
The RCM outputs show varied distributions of daily precipitation over sub-basins for the
base period (1991-2005) (Figure 7-2). For example, in sub-basin 1, while the observed data
shows 17% dry days (that is percentage days over 1991-2005 with 0 mm precipitation), the
three RCMs (MIRCO5, MPI-ESM-MR, and NCC-NORESM1-M) show 1%, 1% and 3% of
dry days, respectively. In sub-basin 10, the dry day occurrences are 15% in the observed
data, and 1%, 1%, and 2% in the three RCM data. For heavy precipitation (here considered
as greater than 50 mm/day), average differences in the probability of occurrence between
observed and RCM data are small in Sub-basin 1 (<4%) and Sub-basin 10 (<9%). In
contrast, when compared with observed data, medium precipitation (here considered as
between 5 and 50 mm/day) of RCM data shows the highest computed difference (21% in
Sub-basin 1 and 22% in Sub-basin 10) in the probability of occurrence. The analysis of the
three RCMs and observed precipitation data for 1991-2005 (Figure 7-2) indicates that
MIROC5 data deviates most from the observed data.
The daily maximum and minimum temperatures over the Kalu River Basin during the base
period (1991-2005) do not vary significantly among the RCMs (Annex C). All RCMs
underestimate the maximum daily temperature in the entire basin. For example, the
observations show that maximum daily temperature is 31-34 oC, while RCMs show
27- 28 oC. The RCM estimates of minimum temperatures are almost similar to observations
in the basin except in the northern part, where the RCM estimates show 2oC lower
temperature than observed values (minimum temperature).
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Figure 7-1. Gridded average annual precipitation from 1991 to 2005. (a) RegCM4/MIROC5, (b)
RegCM4/MPI-M-MPI-ESM-MR, and (c) RegCM4/NCC-NORESM1-M. Data were collected from
ICTP, Italy (Table 3-4).

Figure 7-2. Distribution of daily precipitation of three RegCM4 RCMs compared with observed data
at selected sub-basins over the base period (1991-2005). Red line indicates the observed data. Data
comparisons are shown for most upstream (Sub-basins 1 and 2), middle (Sub-basins 6 and 8), and
most downstream (Sub-basin 10 and 14) parts of the Kalu Basin. These basins represent the
individual grids covered the entire basin from upstream to downstream.
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7.2.2 Model setup and scenarios
Suspended sediment modelling
Similar to the method adopted for the Irrawaddy River Basin, the best-performing SWAT
model for streamflow simulation (Section 4.4) was used to further calibrate the model for
sediment load at the Kalu RB. However, the available sediment load observations (time
series data) is not sufficient enough for a comprehensive model calibration for fluvial
sediment loads. Nevertheless, based on few yearly sediment values (in 1976, 1984, 1991,
and 2001) published by CCD (2006), model parameters (Table 6-1) were adjusted manually
to obtain a reasonably calibrated model for 1991-2000 period.
Calibration with one average value of sediment load (average of four years of annual values)
does not represent a robust model calibration. Thus, the projected variability of the sediment
loads was assessed by considering parameter uncertainty. Among the five parameters
selected for calibration (Table 6-1), three parameters (SPCON, CH_COV1, and CH_COV2)
are related to the sediment transport in the river reach and remaining two parameters
(USLE_P and USLE_C) are related to the soil erosion within the basin. It was found that
among these five parameters, the erosion related parameters are less sensitive to the
estimated sediment load at the basin outlet compared to the parameters related to sediment
transport in the river. Therefore, parameter uncertainty assessment was carried out only for
the sediment transport parameters (i.e., SPCON, CH_COV1, and CH_COV2). The input
values of these parameters were varied within a ± 50% range (i.e., -50%, -25%, +25%, and
+50%) of the respective calibrated magnitudes. New simulations were carried out with these
new parameter combinations for the uncertainty assessment.

Model scenarios and simulations
RCM data (precipitation, and maximum and minimum temperatures) were bias-corrected
using mean-bias correction method (details in Section 6.2.2). Future streamflow and
sediment loads were projected under climate change only. These projections were derived
using model simulations forced with bias-corrected climate data in the calibrated SWAT
model.
Similar to the Irrawaddy River Basin, mainly three different model simulations were carried
out in this study: (1) calibration for sediment load (using observed data as model forcing),
(2) GCM forced for a base period with climate change only, and (3) GCM forced for future
periods with climate change only. Projection uncertainty in sediment load due to parameters
was also assessed.
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7.3 Results and discussion: Base period (1991-2005)
7.3.1 Bias corrected climatic variables
In general, none of the RCM data reproduced the seasonal variation of precipitation (i.e.,
inter-annual variability) adequately (Figure 7-3). MIROC5 and MPI-ESM-MR data show
considerably higher biases than NCC-NorESM1-M data. After bias correction, monthly
precipitation data still do not show good agreement with observed precipitation (NSE <0)
in many of the sub-basins (e.g., sub-basin Annex C). Thus, the mean bias correction
procedure does not appear to preserve the temporal characteristics of observed precipitation
adequately (0.1 < R2 < 0.31). Compared to the precipitation data, after applying the bias
correction, minimum and maximum monthly mean temperatures show good agreement with
observed data (Figure 7-4).

Figure 7-3. Monthly precipitation of observed and RCMs (without and with bias correction) for the
selected sub-basins during 1991-2005. In the legend, Raw denotes without bias correction and BC
denotes with bias correction. The NSE values of RCM precipitation (MIROC 5, MPI-ESM-MR and
NCC-NorESM1-M) are shown in three subsequent columns for without (Raw) and with (BC) bias
correction data. Statistical performances of all sub-basins are tabulated in Annex C. The three
selected sub-basins represent the up-, mid-, and downstream of the Kalu River Basin, respectively.
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Figure 7-4. Monthly mean minimum temperature (Tmin in shaded 3 three plots) and maximum
temperature (Tmax in bottom three plots) of observed and RCMs for three stations during 19912005. In the legend, Raw denotes without bias correction and BC denotes with bias correction. The
NSE values of RCM temperatures (MIROC5, MPI-ESM-MR, and NCC-NorESM1-M) are shown in
three columns subsequently for without (Raw) and with (BC) bias correction data. Statistical
performances of three stations are tabulated in Annex C.
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7.3.2 Evaluation of simulated sediment load forced with
observed climate data (1991-2000)
Model simulations were carried out with the best-performing SWAT model setup in
streamflow computations (discussed in Section 4.4) for 1991-2000 that is similar to the
streamflow calibration period (discussed in Section 4.4). In terms of sediment load, model
calibration at the basin outlet shows a good agreement with annual observations (Figure
7-5). For the year 1991, the model marginally underestimates the sediment load, where the
simulated and observed annual sediment loads are 0.658 and 0.672 x 106 tons, respectively.
The average annual sediment load at Kalu river outlet is estimated as 0.78 ± 0.19 x 106 t/yr
by the model, whereas the averaged value of four-year observations is 0.70 ± 0.09 x 106 t/yr.
All the observations (four-yearly values) are within the maximum and minimum sediment
load projections for the 1991-2000 period. According to the records presented by CCD
(2006), the total basin sediment supply during the 1976-2001 period is about 10 Million m3
(70 tons/ha/yr).

Figure 7-5. Annual sediment load at the Kalu River Basin outlet. Blue line indicates the sediment
load computed with calibrated parameters, and the shaded area indicates the range between
maximum and minimum values of the projected sediment load. Red dots represent the observed
annual sediment loads of four different years (1976, 1984, 1991 and 2001).

The simulated average sediment yield over the calibration period (1991-2000) ranges
between 39 to 80 t/ha/yr (Figure 7-6 (a)), and the basin averaged value is 59 t/ha/yr. This
value is considerably higher than the global average (15 t/ha/yr). The highest soil loss is in
sub-basin 6, 7 and 11, where rubber and tea are the dominant crops. Compared to the
Irrawaddy River Basin, estimated mean yield does not vary significantly over the simulation
period (as shown in Figure 7-6 (b)). Dissanayake and Rupasinghe (1996) showed that soil
losses due to tobacco, carrot and chilies cultivation in mild slope terrain in Sri Lanka are as
high as 70 t/ha/yr, 18 t/ha/yr, and 38 t/ha/yr, respectively, and also that soil loss in the tea
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cultivation is as 52.6 t/ha/yr. The estimated sediment yield in the upper part of the largest
river basin in Sri Lanka (Mahaweli basin) is high as 10 – 70 t/ha/yr (Hewawasam, 2010).
The same study found that the short-term sediment yield of the basin may vary between 1.3
– 21 t/ha/yr based on the river monitoring sediment load in tributaries. Therefore, sediment
yield simulated here for the Kalu River Basin is in a reasonable agreement with previous
studies in Sri Lanka.

Figure 7-6. The model simulated (a) average annual sediment yield, and (b) coefficient of variation
of sediment yield at sub-basin level for the base period (1991-2000) in Kalu River Basin

7.3.3 Simulated streamflow and sediment load using biascorrected RCM data
Comparison of future changes in streamflow and sediment loads were undertaken with
respect to the model simulations forced with GCM data for the base period (1991-2005).
The bias-corrected precipitation and temperature data of three selected RegCM4 regional
climate models (i.e., MIROC5, MPI-ESM-MR, and NCC-NORESM1-M, presented in
Table 3-4) were used to simulate streamflow and sediment load for the base period using
above described calibrated SWAT model (Section 7.3.2).

Streamflow
The simulations forced with bias-corrected RCMs data show a reasonable performance of
the streamflow. For example, Figure 7-7 (a) shows the comparison of simulated and
observed streamflow at the most downstream station of the basin: Putupaula. Models forced
with all three RCMs underestimate as well as overestimate the streamflow, particularly
during May to June (early Southwest monsoon) and October to November (inter-monsoon
2). Simulated mean annual streamflow over the base period (1991-2005) at Putupaula are
5.2 ± 1, 5.2 ± 1.3, and 5.3 ± 1.1 × 109 m3 in the models forced with MIROC5, MPI-ESMMR, and NCC-NORESM1-M, respectively. These estimations are almost nearly equal to
the observed and SWAT simulated streamflow for 1991-2000 of 5.5 ± 0.9, and 5.7±1.0 ×
109 m3, respectively.
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Sediment load
A similar variation is also observed in the base period sediment load estimation at the basin
outlet, 20 km downstream of Putupaula gauging station (Figure 7-7 (b)). Different parameter
combinations lead to changes in a certainty range of the sediment predictions (minimum and
maximum of the predictions). The annual sediment loads obtained from the simulations with
calibrated parameters show reasonable agreement with two observations (year 1991 and
2001, Figure 7-7(c)). The simulated mean annual sediment load from three RCMs
(MIROC5, MPI-ESM-MR, and NCC-NORESM1-M) at the basin-outlet over the base
period (1991-2005) are 0.63 ± 0.20, 0.66 ± 0.26, and 0.64 ± 0.19 x 106 tons, respectively.
These predictions underestimate the observed and SWAT simulated (forced with observed
climate data) sediment load of 0.78 ± 0.19 x 106 t/yr (for 1991-2000), and 0.70 ± 0.09 x 106
t/yr (average of four-year observations (1976, 1984, 1991, and 2001) at the basin outlet,
respectively.
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Figure 7-7. Simulated (a) monthly streamflow at Putupaula, and (b) monthly, and (c) annual
sediment load at basin outlet with bias-corrected RegCM4 RCM data (MIROC 5, MPI-M-MPI-ESMMR, and NCC-NORESM1-M) for the base period (1991-2005) in the Kalu River Basin. Thick pink
color line in figure (a) represents the observed streamflow at Putupaula. Model simulations were
carried out with the previously calibrated SWAT model for both streamflow and sediment load. The
grey area in the plots (b) and (c) presents the maximum and minimum sediment-load prediction
range (monthly and annual). The “*” in the plot (c) represents the observed annual sediment loads
in year 1991 and 2001. Solid lines in each plot present the results obtained from the simulation with
the calibrated parameter set.
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7.4 Results and discussion: Future periods 2045-2065
and 2081-2099
7.4.1 Changes in future climate
Precipitation
Similar to the Irrawaddy RB, the changes in precipitation in the future are not unidirectional
in the Kalu RB, depending on RCPs, climate models used and periods considered. The
southwest (SW) monsoon and inter-monsoon bring high amounts of precipitation over the
basin. Hence, the basin is projected to experience significantly increased monsoon
precipitation (May to September) for RCP 8.5 by the end of the century (Annex C). For
example, RegCM4/NORESM1-M projections indicate increments in monsoon precipitation
of the sub-basins by 22% -120% during end-century (2081-2099) under RCP 8.5. Except
for RegCM4/MIROC5, all the RCMs preserve the two peaks (in May and October) for RCP
2.6. The projections of RegCM4/MIROC5 indicate a shift in peak precipitation from May
to June during the end-century period. This shift in monsoonal period implies a delay of
southwest monsoon. Under RCP 8.5, all RCMs project a shift in the SW monsoon peak from
May to June during the end of the century, while only RegCM4/MIROC5 project the same
shift during the mid-century period. During the SW monsoon (May to Sep.), the maximum
variation of monthly precipitation (34 – 1038 mm) is projected for RCP 8.5 during the endcentury period. The minimum variation (-56 - 80 mm) of the same is projected for RCP 2.6
during the mid-century period. Similarly, for the Inter-monsoon 2 period (Oct. - Nov),
maximum (23 - 282 mm during end-century) and minimum (-24 - 58 mm during midcentury) variations of precipitations are projected for RCP 8.5 and 2.6, respectively.
All models show an increase of average annual precipitation over the basin except the
RegCM4/MPI-ESM-MR which shows a decrease of precipitation in the most downstream
part of the basin (Sub-basin 14 and 15) (Figure 7-8). Lowest and highest increases in
precipitation are projected within the eastern and coastal parts of the basin, respectively.
During the end-century period, the mean annual precipitation in the basin is projected to
increase by 6% - 10% and 39% - 52% for RCP 2.6 and RCP 8.5, respectively (compared to
the base period: 1991-2005). However, an IPCC multi-model analysis shows that the mean
annual precipitation over Sri Lanka would increase by 0% - 10% (RCP 2.6) and 10% - 20%
(RCP 8.5) compared to 1986-2005 (Figure SPM 7, IPCC, 2014). Another study has shown
that annual rainfall is likely to change by -0.5% - 44% compared to 1971-2000 over the
Mahaweli River Basin (Sri Lanka,), which is the largest basin in the country (Imbulana et
al., 2018). The projected change of annual precipitation over Sri Lanka is +11% (median
from 42 GCMs) for 2046-2070 compared to 1976-2005 under RCP 8.5 (Zheng et al., 2018).
Relative to these prior studies, the changes in mean annual precipitation of Kalu River Basin
projected in this study appear to be higher than those projected for adjacent basins and Sri
Lanka as a whole.
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Figure 7-8. Percentage change of precipitation under RCP 2.6 (left) and RCP 8.5 (right) of three
RegCM4 RCMs (from left to right MIROC5, MPI-M-MPI-ESM-MR, and NCC-NORESM1-M) with
respect to the base period (1991 – 2005) over each sub-basin of the Kalu River Basin. In each RCP
plot, two future periods are presented: 2046-2065 (top) and 2081-2099 (bottom).

Temperature
All the selected models show an increase in average annual maximum and minimum
temperatures. The minimum temperature increase is greater than the same for maximum
temperature. During the mid-century (2046-2065), the projected maximum and minimum
temperature increments compared to the base period (1991-2005) are 0.6-1.6 oC and 0.6-1.8
o
C, respectively for RCP 2.6. Similarly, the same increments for RCP 8.5 are 1.4-3.3 oC and
1.4-3.3 oC. By the end of the century (2081-2100), the temperature is projected to rise by
2.3-3.3 oC (maximum temperature) and 2.6-3.3 oC (minimum temperature) for RCP 8.5.
Similar to these findings, the average surface temperature over Sri Lanka is projected to rise
by 0.5-1 oC and 3-4 oC for RCP 2.6 and RCP 8.5, respectively during 2081-2100 (compared
to the period of 1986-2005) (Figure SPM 7, IPCC, 2014). The annual average temperature
over Sri Lanka is projected to increase by 2 oC during 2046-2070 for RCP 8.5, which is the
median value of 42 GCMs outputs (Zheng et al., 2018).

7.4.2 Climate change-driven variations in future streamflow and
sediment fluxes to the coast
All future changes in streamflow and sediment loads for mid-century (2046-2065) and endcentury (2081-2099) periods were computed relative to the base period (1991-2005)
(Section 7.3.3). This section presents the results (streamflow and sediment load) obtained at
the basin outlet.

Streamflow
The projected relative changes of mean streamflow are higher for RCP 8.5 than RCP 2.6
(Figure 7-9). The mean monthly streamflow at the basin outlet is projected to increase
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between -26% and 71% during the mid-century and between -9% and 68% during the end
of the century for RCP 2.6. For RCP 8.5, these values during mid- and end-century periods
vary between -47% to 76% and -44% to 452%, respectively. Similarly, all simulations
indicate a 2nd peak of streamflow in October under both RCPs, which is in line with the
historical timing of peak flows. Furthermore, simulations forced with RegCM4/MIROC5
show a shift in the 1st peak flow month from May to June under both RCPs. The model
projections from the other two RCMs (RegCM4/MPI-ESM-MR and RegCM4/NORESM1M) show mixed results for the shift in the peak flow month. For example, both RCMs have
a projected peak in the month of June during the end of the century for RCP 8.5. The results
from RegCM4/MPI-ESM-MR show a peak in June and other RCMs show a peak in May
during the end of the century for RCP 2.6.
The mean annual streamflow is projected to increase in both future periods under both RCPs
(Figure 7-10). Projections show an increase by 5%-13% (14-22%) during the mid-century
and 9%-20% (67-87%) during end-century for RCP 2.6 (RCP 8.5). The projected variations
in annual streamflow are always higher for RCP 8.5 than RCP 2.6.

Figure 7-9. Percentage change in projected mean monthly streamflow at the basin outlet relative to
the base period (1991-2005) for simulations forced with the three RegCM4 RCM data. Top panel
shows the mid-century period (2046-2065) and the bottom panel shows the end-century period
(2081-2099). Each panel shows the results of simulations forced with three RegCM4 RCMs
(MIROC5, MPI-M-MPI-ESM-MR, and NCC-NORESM1-M) under both RCP 2.6 (filled circles) and
RCP 8.5 (asterisks).
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Figure 7-10. Percentage change in projected mean annual flow (left) and sediment load (right) at
basin outlet relative to the base period (1991-2005) under RCP 2.6 and RCP 8.5, computed using
the three RegCM4 RCM data as forcing. Q is Streamflow and rf is precipitation. Each panel (left
and right) shows results for RCP 2.6 (top) and RCP 8.5 (bottom) and the three RegCM4 RCMs
(MIROC5, MPI-M-MPI-ESM-MR, and NCC-NORESM1-M). In each subplot, the light color bar
shows the result relevant to the mid-century period (2046-2065), whereas the dark color bar shows
the result relevant to the end-century (2081-2099). In the left panel, streamflow changes are in the
primary axis (left Y-axis), and precipitation changes are in the inverse secondary axis (right Y-axis).
Similarly, in the right panel, sediment load changes are in the primary axis and streamflow changes
are in the inverse secondary axis.

Sediment load
Uncertainties in sediment load projections are higher in future periods than in the base
period for both RCPs considered (Figure 7-11 and Figure 7-12). This is likely due to the
projection uncertainties of RCMs for future periods. The maximum and minimum
projections ranges are higher for RCP 8.5 during the end-century period due to the larger
increments in precipitation and streamflow (discussed in Section 7.4.1 and Section 7.4.2).
The highest uncertainty of the sediment load projections is observed during the high flow
months (April- June and October) of the end-century period (0.002-2.79 million tons during
April- June and 0.01-1.3 million tons in October).
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Figure 7-11. Average monthly sediment load projections for RCP 2.6. Three colors represent the
three RCMs. Solid lines indicate the projected average monthly sediment loads for each future
period (2046-2065 and 2081-2099) and dotted lines show the same values for the base period (19912005), simulated with calibrated parameter set. The maximum and minimum projection ranges are
shown in the representative colors of each RCM for the base period and in grey for the future
periods.

Figure 7-12. Average monthly sediment load projections for RCP 8.5. Three colors represent the
three RCMs. Solid lines indicate the projected average monthly sediment loads for each future
period (2046-2065 and 2081-2099) and dotted lines show the same values for the base period (19912005), simulated with calibrated parameter set. The maximum and minimum projection ranges are
shown in the representative colors of each RCM for the base period and in grey for future periods.

The projected variation of fluvial sediment is greater than that of streamflow (Figure 7-13).
The mean monthly sediment load at basin outlet is projected to vary between -39% and
128% during mid-century and from 19% to 158% during the end-century for RCP 2.6
compared to the base period. Similarly, simulation results show that sediment load varies
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between 63% and 217% during mid-century and between 57% and 922% increase during
end-century for RCP 8.5. Peak months of sediment load are similar to that of streamflow
peaks in all cases. The only exception for this behavior is projected with RCP 8.5 inputs of
RegCM4/MIROC5 data during the end-century period (2081-2099), in which the sediment
peak occurs in April, while the streamflow peak occurs in June. During 2081-2099,
MIROC5 data-driven SWAT simulations show seven (out of 228) high sediment loads
(> 0.5 million tons/ month) and high streamflow (> 800 m3/s). Out of these sediment peaks,
only one is projected to occur in April with four peaks in May (and the remaining two in
October). The high sediment load in April (2 million tons/ month) is projected in 2099,
which is the reason underlying the shifting of the average monthly sediment peak over
2081- 2099 to April. If 2099 is omitted from the averaging, peaks of both streamflow and
sediment loads will occur in the month of May.
Similar to the annual streamflow variation, climate change is projected to increase the
sediment load of the Kalu RB (Figure 7-10). On average, the mean annual sediment load is
projected to increase by 16% (37%) and 26% (142%) for RCP 2.6 (RCP 8.5) during midand end-century periods, respectively.

Figure 7-13. Percentage change in projected mean monthly sediment load at the basin outlet relative
to the base period (1991-2005) simulations of individual RegCM4 RCM. Top panel shows the midcentury period (2046-2065), and the bottom panel shows the end-century period (2081-2099). Each
panel shows the results of three RegCM4 RCMs (MIROC5, MPI-M-MPI-ESM-MR, and NCCNORESM1-M) under RCP 2.6 and 8.5.

132

Simulating streamflow and sediment fluxes to the coast in the Kalu River Basin
In general, an increase/ decrease in streamflow will have a similar effect on the sediment
load at monthly, seasonally, and annual time scales. These variations in sediment load are
always higher than the projected changes in streamflow. Similar findings were observed in
a study carried out in the Nam Ou Basin (Lao PDR) (Shrestha et al., 2013). In that study,
- 27% to 160% variation in sediment loads are projected for -17% to 66% changes in annual
streamflow for five GCMs and three emission scenarios. Similarly, the average annual
runoff in headwaters of the Yinma RB (China) is projected to increase by 88% and 48%
during 2021-2050 for RCP 4.5 and RCP 8.5, respectively, leading to 237% and 133%
respective increments of sediment yields for RCP 4.5 and 8.5 (Zhou et al., 2017).

7.5 Conclusions
This chapter assessed the impact of climate change on streamflow and sediment load
simulations in the Kalu River Basin, Sri Lanka. SWAT model simulations for the base
period (1991 - 2005), and two future periods: mid-century (2046-2065) and end-century
(2081-2099) are presented. For this analysis, required climate data (precipitation and
temperatures) to force the SWAT model were obtained from three Regional Climate Models
(RCMs), which were corrected for biases using the mean bias correction method.
Model calibration was first undertaken with a SWAT model forced with observed
precipitation and temperature data over the 1991-2000 period, achieving a reasonable
agreement between the limited available annual observed sediment loads and modelled
sediment loads at the basin outlet. SWAT model simulations forced with the bias-corrected
RCM data (precipitation, and maximum and minimum temperatures) projected the
streamflow and sediment load to an acceptable level (with some over-estimation) for the
base period (1991-2005). Uncertainty assessment for the sediment loads computed for the
base period shows that different parameter combinations and RCM ensembles may lead to
differences in maximum and minimum ranges of predicted sediment loads in each year.
In general, streamflow and sediment load are projected to increase during the Southwest
monsoon period compared to other periods (Inter-monsoons and Northeast monsoon).
Simulations for RCP 8.5 shows the highest uncertainty in the projected monthly sediment
load. The projected changes in sediment load are proportionally higher than the projected
changes in streamflow. During the end-century (2081-2099) under RCP 8.5, all simulations
project an increase in streamflow and sediment load by 67-87% and 128-145%, respectively.
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8
8 COMPARISON OF DISTRIBUTED
MODELLING VS LUMPED
MODELLING IN SIMULATING
FLUVIAL SEDIMENT SUPPLY
TO THE COAST
8.1 Introduction
Fluvial sediment supply is one of the main sources of sediment received by coasts. Sediment
transport from catchment to coast is a complex process and is affected by geology, climate,
geography and human activities of the basin (Syvitski and Milliman, 2007). Based on the
contemporary trend in fluvial sediment supply, Syvitski et al. (2005) indicate that despite
the generally increased catchment (basin) erosion, sediment supply to the coast is
decreasing. To understand this complex phenomenon of sediment erosion and transport
process at the basin scale, several numerical models have been developed. Some of them
are Area Relief Temperature sediment delivery model (ART, Syvitski (2003)), BQART
model (Syvitski and Milliman, 2007), Annualized Agricultural Non-Point Source Pollution
Model (AnnAGNPS, Bingner and Theurer (2001)), SWAT (Neitsch et al., 2011), Limburg
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Soil Erosion Model (LISEM, De Roo et al. (1996)), Pan-European Soil Erosion Risk
Assessment (PESERA, Kirkby et al. (2008)), SPAtially Distributed Scoring model (SPADS,
De Vente et al. (2008)), Pelletier (Pelletier, 2012), WATEM–SEDEM (Rompaey et al.,
2001) and WBMsed (Cohen et al., 2013).
As discussed in Section 1.2, the common usage of empirical lumped parameter sediment
load in reduced complexity models of coastline change to enable fast computations may
however compromise the accuracy of results obtained thereof. This chapter compares the
sediment load estimations from a process-based model (i.e., SWAT) applied in a distributed
setting (by dividing a basin into sub-basins and further into hydrological response units) and
a lumped empirical model (i.e., BQART model) to provide insights on the appropriateness
of using the latter in reduced complexity models of long term coastline change. The
comparison for the same future conditions considered in Chapters 6 and 7, for the Irrawaddy
and Kalu River Basins.
This chapter is structured as follows: Section 8.2 describes the BQART model and compares
the two modelling approaches used here (SWAT and BQART). Section 8.3 and Section 8.4
discuss the results obtained from BQART model and present the comparison of the results
obtained from the two modelling approaches, under the same conditions, for Irrawaddy and
Kalu River Basins, respectively. A discussion on the BQART modelling approach is
presented in Section 8.5. Comparison of results for the two case study basins is given in
Section 0, with conclusions given in Section 8.7.

8.2 Methods
8.2.1 The BQART model description and input data
Many coastal studies have used the BQART model presented by Syvitski and Milliman
(2007) to project annual fluvial sediment supply to the coast (ex. Balthazar et al., 2013;
Bamunawala et al., 2020, 2018b, 2018a). BQART was developed using data from 488
global river basins (Syvitski and Milliman, 2007) and it estimates the long-term average
annual suspended sediment load using the following equations.
𝑄𝑠 = 𝜔 𝐵 𝑄 0.31 𝐴0.5 𝑅 𝑇

𝑓𝑜𝑟 𝑇 ≥ 20 𝐶

Eq. 8-1

where Qs is the sediment load in kg/s or MT/yr with ω = 0.02 or 0.0006 respectively, B is
the lithology and human impact index, Q is the annual streamflow from the basin (km3/yr),
A is the basin area (km2), R is the relief of the basin (km), T is mean annual temperature of
the basin (oC).
The term ‘B’ accounts for geology and human activities, which is defined as the following;
𝐵 = 𝐼𝐿(1 − 𝑇𝐸 )𝐸ℎ
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where, I is glacial erosion factor (I ≥ 1), L is the basin-wide lithology factor, 𝑇𝐸 is reservoir
trapping efficiency, and 𝐸ℎ is the human-induced erosion factor.
The term I is defined as
𝐼 = 1 + 0.09𝐴𝑔

Eq. 8-3

where, 𝐴𝑔 is the percentage of ice coverage area in the basin.
Currently, the main rivers in the two study areas considered in this thesis are more or less in
pristine condition. However, for the future periods, there are a number of planned reservoirs
in the Irrawaddy basin, and in Chapter 6, six large planned reservoirs were considered to
analyze their impacts on streamflow and sediment transport using the SWAT model. In the
SWAT model, each reservoir and its trapping efficiency are represented individually. In
BQART model, the trapping efficiency is defined for the entire basin, because it is a lumped
model. Therefore, for application in the BQART model, the basin-wide TE from the six
reservoirs were estimated using the method proposed by Vörösmarty et al. (2003) (from Eq.
8-4 to Eq. 8-6). Vörösmarty et al. (2003) developed the basin-wide trapping efficiency
model for large reservoirs (> 500 MCM) by considering 633 reservoirs data across the
world. This basin-wide trapping (𝑇𝐸𝑏𝑎𝑠𝑖𝑛 ) is derived by considering the geographical
locations of the considered reservoirs and the sediment residence time from 236 regulated
river basins. Figure 8-1 shows the schematic diagram of a representative basin as considered
by Vörösmarty et al. (2003) in this derivation.

Figure 8-1. Vörösmarty et al. (2003)’s representation of a basin for estimating basin-wide sediment
trapping for large reservoirs. Source - Vörösmarty et al. (2003).

∆𝜏𝑟𝑒𝑔,𝑗 =

∑𝑛
1 𝑉𝑖
𝑄𝑗

(𝑒𝑔.

𝑇𝐸𝑟𝑒𝑔,𝑗 = 1 −

(𝑉2 +𝑉3 + 𝑉4 + 𝑉5 )
𝑄𝐵
0.05
√∆𝜏𝑟𝑒𝑔,𝑗

)

Eq. 8-4
Eq. 8-5
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𝑇𝐸𝑏𝑎𝑠𝑖𝑛 =

∑𝑚
1 𝑇𝐸𝑟𝑒𝑔,𝑗 𝑄𝑗
𝑄𝑚

Eq. 8-6

where, ∆𝜏𝑟𝑒𝑔,𝑗 is the residence time of reservoir areas of jth regulated sub-basin of the basin
(j is A, B, and C here), 𝑉𝑖 is the operational volume of ith reservoir in j, 𝑄𝑗 is discharge at
regulated sub-basin j, 𝑇𝐸𝑟𝑒𝑔,𝑗 is approximated trapping efficiencies of jth sub-basin, 𝑇𝐸𝑏𝑎𝑠𝑖𝑛
is the discharge-weighted trapping efficiency of the basin based on discharge, 𝑄𝑚 is
discharge at basin outlet, n is number of reservoirs in each regulated sub-basin j, and m is
number of regulated sub-basins in the basin
For the Irrawaddy RB, different 𝑇𝐸𝑏𝑎𝑠𝑖𝑛 values were calculated for each GCM under RCP
2.6 and RCP 8.5 for the two future periods considered: 2046-2065 (mid-century) and 20812100 (end-century). As there are no planned reservoirs for the Kalu basin, reservoir effects
are not considered in the fluvial sediment load estimations. Furthermore, a zero-trapping
efficiency was considered while implementing the BQART model for both river basins to
represent only the climate-driven impacts on fluvial sediment supply explicitly. The
calculation of 𝑇𝐸𝑏𝑎𝑠𝑖𝑛 (Eq. 8-6) is based on the volume of reservoirs, discharge from
reservoirs and discharge at the basin outlet. The average basin-wide trapping efficiency
(𝑇𝐸𝑏𝑎𝑠𝑖𝑛 ) in Irrawaddy RB computed from Eq. 8-6 is 42% based on three GCMs and two
RCPs. Vörösmarty et al. (2003) calculated the basin-wide trapping efficiencies (𝑇𝐸𝑏𝑎𝑠𝑖𝑛 ) of
236 Basins using 633 large reservoirs, which includes some Asian River Basins such as the
Mekong (0-20%), Chao-Pharya (20-40%), Ganges and Brahmaputra (0-20%), Krishna
(80- 100%), Yangetz Basin (60-80%), and Indus (40-60%). The number of large reservoirs
within each of these basins vary from 3 to 20. Furthermore, large reservoirs (633) and small
reservoirs (> 40,000) in the world contribute 30% and 23% of sediment trapping,
respectively (Vörösmarty et al., 2003). Considering this wide range of computed trapping
efficiencies, the above calculated 𝑇𝐸𝑏𝑎𝑠𝑖𝑛 of the Irrawaddy RB appears to be reasonable.
Table 8-1 summarizes the input parameters of the BQART model. The river discharge (Q)
values were obtained from the SWAT simulation results (presented in Chapter 6 and 7) over
the base period, and mid- and end-century periods for RCP 2.6 and RCP 8.5. The mean
temperature (T) over the basins was obtained from the three selected GCMs/RCMs
(discussed in Chapters 6 and 7) for the same RCPs. The human-induced erosion factor (𝐸ℎ )
in Eq. 8-2 is based on land-use, socio-economic situation and population. The suggested
optimum range of 𝐸ℎ is 0.3≤ 𝐸ℎ ≤ 2.0 (Syvitski and Milliman, 2007). In the SWAT
simulations for future periods, it is assumed that the prevailing land-use condition will
remain invariant throughout the modelling period and the inclusion of planned reservoirs is
the only future human activity considered. Thus, for future simulations with the BQART
model, human-induced erosion factor (𝐸ℎ ) is assumed to remain constant throughout the
21st century (Table 8-1).
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Table 8-1. Summary of model input parameters. * obtained from Syvitski and Milliman (2007). **
indicates the average basin-wide trapping (TE) for the entire Irrawaddy basin obtained from
different GCMs (CSIRO Mk3.6, HadGEM2-AO, and HadGEM2-ES), RCPs (RCP 2.6 and RCP 8.5)
and two periods (2046-2065 and 2081-2100), but this value changes for each case (depending on
GCM, RCP and periods considered), *** 𝐸ℎ represents the current condition obtained from Syvitski
and Milliman (2007).

Parameter

Irrawaddy Basin

Kalu Basin

Lithology factor (L)*

1.0

0.5

Sediment Trapping (𝑇𝐸 )

0.42**

0

Human-induced erosion factor (𝐸ℎ ) ***

1

2

Area (A in km2)

371,558

2,787

Relief of the basin (R in km)

5.7

2.25

8.2.2 Comparison of projected sediment load at the basin outlet
The projected sediment loads from two numerical models (SWAT and BQART) were
compared based on the mean annual sediment load for the base period (1991-2005) and
under both RCPs considered for mid- and end-century periods. For the Kalu River Basin,
the SWAT model results from uncertainty analysis were also incorporated for this
comparison.

8.3 Irrawaddy River Basin
8.3.1 Annual sediment fluxes to the coast simulated by BQART
The BQART projected sediment loads at the basin outlet under different scenarios are given
in Table 8-2. The projected mean annual sediment loads for RCP 8.5 are higher than that of
for RCP 2.6 during both periods. By the end of the century under RCP 8.5, sediment supply
to the coast is projected to increase by 35% (relative to the base period) when the future
changes are only driven by climate change. In comparison, the sediment supply is projected
to decrease by 21% due to the combined effect of climate change and reservoirs. The
projected sediment load by BQART model varies between 319 and 356 MT/yr and between
326 and 412 MT/yr for mid-century and end-century, respectively under the assumed zero
trapping condition (i.e., no reservoirs). These values are projected to reduce to 179-210
MT/yr and 189-247 MT/yr for same two periods, respectively, when the reservoirs are
considered (with basin-wide trapping efficiencies). Due to the combined effects of climate
change and reservoirs, the average reduction of sediment supply is 41% for both future
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periods relative to that due to climate change alone. It is evident that the basin-wide trapping
(𝑇𝐸𝑏𝑎𝑠𝑖𝑛 ) is the main influencing factor (average 𝑇𝐸 = 0.42, Table 8-1) for this reduction.
Table 8-2. BQART projected mean annual sediment load in Million tons per year at the Irrawaddy
basin outlet. Numbers shown in parentheses are the standard deviations of the computed annual
sediment loads for each period.

RCP 2.6
GCM inputs

Base
period

MidCentury

EndCentury

RCP 8.5
MidCentury

EndCentury

Without reservoir trapping (CC only)
CSIRO Mk3.6

300 (13)

323 (13)

341 (9)

341 (10)

386 (20)

HadGEM2-AO

307 (10)

337 (9)

334 (14)

352 (15)

412 (14)

HadGEM2-ES

290 (9)

319 (12)

326 (7)

356 (14)

409 (15)

With reservoir trapping (CC + Reservoirs)
CSIRO Mk3.6

181 (8)

194 (5)

198 (6)

228 (12)

HadGEM2-AO

199 (5)

191 (8)

204 (9)

247 (9)

HadGEM2-ES

179 (6)

189 (4)

210 (9)

233 (9)

8.3.2 Comparison of results obtained from SWAT and BQART
models for the Irrawaddy basin outlet
The SWAT derived base period and future projections of sediment loads at the Irrawaddy
RB outlet are consistently higher than that obtained from BQART model for all three GCMs
considered (Figure 8-2). For the base period (1991-2005), simulated mean sediment loads
from SWAT and BQART are 365-388 MT/yr and 290-307 MT/yr, respectively. BQART
predictions for the base period is 20% (on average) lower compared to SWAT predictions.
Syvitski and Milliman (2007) have calculated 30-year average sediment yield in the
Irrawaddy RB as 258.6 MT/yr with different input parameters (e.g., A = 405,963 km2,
R = 4.8 km and T = 22 oC), which is not too different from the BQART results obtained
here, considering the level of aggregation in the model. During the end-century period, on
average, BQART projections are 27% (25%) and 56% (55%) lower compared to SWAT
projections under RCP 2.6 (RCP 8.5) without and with reservoirs, respectively. Due to the
six planned reservoirs in the Irrawaddy RB, the average sediment load at its outlet is
projected to decrease by 4.7 % (RCP 2.6) and 2.1 % (RCP 8.5) by the SWAT simulations
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for the period 2081-2100, while under the same conditions, BQART projects decrease of
42.7% and 41.3% for RCP 2.6 and RCP 8.5, respectively.
In general, the BQART model projections show smaller increments with climate change
only and higher reduction of sediment loads when reservoirs are considered (compared to
the base period model estimations) compared to the corresponding SWAT derived
projections, with the exception for the SWAT simulation driven by CISRO Mk3.6 (Figure
8-3). On average, with climate change alone, SWAT and BQART model projections
indicate increases of sediment load by 22% and 12% under RCP 2.6, respectively during the
end-century period, while under RCP 8.5, SWAT and BQART project 47% and 35%
increment of sediment loads, respectively. In contrast, with planned reservoirs, BQART
model projects sediment load reductions of 36% and 21% during end-century period for
RCP 2.6 and RCP 8.5, respectively, while SWAT projections indicate increases of sediment
loads by 16% and 44% under the same two RCPs respectively (compared to the base period
model estimates). Such directional changes in the projections obtained from the two
different models are a cause for concern.
There could be several reasons for these large mismatches between the two models. The
BQART model uses the mean annual streamflow, and so does not differentiate the interannual variability in sediment load. The SWAT model, on the other hand, runs at a daily
time step, thus accounts for both high and low flows conditions. SWAT simulations provide
the total sediment load at the basin outlet for a given year based on the sediment erosion
within the basin and sediment routing through the river reaches (Section 6.2.3). On the other
hand, BQART computes the sediment load as a linear function of the basin temperature.
Furthermore, the mean annual temperatures used in BQART are not bias-corrected and these
raw GCM temperatures may underestimate the basin-wide temperature as discussed in
Section 6.3.1. All these factors may have contributed to the lower sediment load estimates
given by the BQART. A large difference (up to 53% different) in sediment load projections
obtained from the two models can be seen in simulations that account for planned reservoirs.
This is likely due to the estimated basin-wide trapping efficiency used in the BQART model
as opposed to reservoir specific TEs used in SWAT. Based on the calculated basin-wide
trapping efficiency (Section 8.2.1), approximately 42% of the sediment load is expected to
be trapped by the reservoirs. At present, there is no data available to verify this value for the
Irrawaddy basin.

141

Comparison of distributed modelling vs lumped modelling in simulating fluvial sediment
supply to the coast

Panel 1

Panel 2

Figure 8-2. Comparison of the mean annual sediment projections (Millions Tons (MT)) at the
Irrawaddy basin outlet obtained from SWAT and BQART models. Panel 1 and Panel 2 show the
estimates of sediment loads for the base period (1991-2005) and two future periods (2046-2065 and
2081-2100) under two RCPs (RCP 2.6 and 8.5), respectively. The shaded area in Panel 2 represents
the results under CC + Reservoirs scenario.
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Figure 8-3. Comparison of the relative changes in mean annual sediment projections for future
periods (2046-2065 and 2081-2100) compared to the base period model estimates at the Irrawaddy
basin outlet using SWAT and BQART models. The shaded area in each plot represents results under
CC + Reservoirs scenario. The positive changes (+ %) mean that sediment load is projected to
increase in the future compared to base period, while negative changes (- %) mean that sediment
load is projected to decrease.

8.4 Kalu River Basin
8.4.1 Annual sediment fluxes to the coast simulated by BQART
The BQART projected sediment load at the Kalu basin outlet is shown in Table 8-3. Similar
to the Irrawaddy RB, projected mean annual sediment load for RCP 8.5 is higher than that
for RCP 2.6 during both periods considered, except MIROC5 associated simulations under
RCP 8.5 in mid-century. By the end of the century, sediment supply to the coast is projected
to increase by 5% and 32% (relative to the base period) under RCP 2.6 and RCP 8.5,
respectively under climate change (i.e., no reservoirs). The projected sediment load by
BQART model varies between 2.81 and 3.06 MT/yr and between 2.83 and 3.66 MT/yr for
mid-century and end-century, respectively under the assumed zero trapping condition (i.e.,
no reservoirs).
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Table 8-3. BQART projected mean annual sediment load in million tons per year (MT/yr) at the
Kalu basin outlet under zero trapping condition (i.e., no reservoirs). Numbers shown in parentheses
are the standard deviations of the computed annual sediment loads for each period.
RCP 2.6
RegCM4 RCM
inputs

Base
period

RCP 8.5

MidCentury

EndCentury

MidCentury

EndCentury

MIROC5

2.73 (0.18)

2.92 (0.19)

2.90 (0.21)

3.04 (0.31)

3.54 (0.45)

MPI-ESM-MR

2.72 (0.24)

2.81 (0.22)

2.89 (0.25)

3.06 (0.30)

3.66 (0.49)

NCC-NORESM1-M

2.75 (0.19)

2.81 (0.21)

2.83 (0.28)

2.94 (0.30)

3.65 (0.40)

8.4.2 Comparison of model results obtained from SWAT and
BQART for the Kalu River Basin
A comparison of the above BQART results with results obtained under the same conditions
using SWAT is shown in Figure 8-4. Clearly, the BQART projections of sediment load at
the outlet are up to an order of magnitude larger than that of SWAT simulations. For the
base period, SWAT and BQART respectively models simulate 0.63-0.66 MT/yr and 2.722.75 MT/yr of sediment load with the inputs from 3 RegCM4 RCMs. During the end-century
period, on average, BQART projections are 258% and 129% higher compared to SWAT
under RCP 2.6 and RCP 8.5, respectively.
In general, SWAT shows higher increments (relative to the base period model estimates) of
sediment loads under both RCPs for both periods (Figure 8-5). For example, SWAT and
BQART project the increase of sediment load by 25% and 5% (average of 3 RCMs) under
RCP 2.6, respectively during the end-century period. For RCP 8.5, the SWAT and BQART
projected increases (compared to the base period model estimates) are 145% and 32%,
respectively. The lower BQART projected change in sediment load relative to the base
period is likely due to its low sensitivity to streamflow, which is projected to increase by
67% - 87% under RCP 8.5 by the end of the century. Such large increases in streamflow
will, however, have significant implications on increasing the SWAT projected sediment
loads.
One explanation for the large differences between the sediment load projected by the two
models could be the use of the aggregated quantity human-induced erosion factor 𝐸ℎ in
BQART. This factor is based on countrywide GNP/ capita, and hence using the value for all
of Sri Lanka, following Syvitski and Milliman (2007), a 𝐸ℎ value of 2 was used in the
calculations for the Kalu River Basin. However, as the Kalu River Basin contains large areas
with low-income communities, this value should, in fact, be different for the Kalu RB.
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Panel 1

Panel 2

Figure 8-4. Comparison of the mean annual sediment projections (Million tons (MT)) at the Kalu
basin outlet obtained from SWAT and BQART models. Panel 1 and 2 show the estimated sediment
loads for the base period (1991-2005) and two future periods (2046-2065 and 2081-2099) under
two RCPs (RCP 2.6 and RCP 8.5), respectively. Simulations were carried out with the three different
RCMs presented along the X-axis. The uncertainty band in each color represents the range of results
from SWAT simulations. The black color bar presents the average annual load with respect to
calibrated parameters of SWAT. “●” shows the BQART results associated with each RCM.
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Figure 8-5. Comparison of the relative changes of mean annual sediment projections for future
periods (2046-2065 and 2081-2099) compared to the base period model estimates at the Kalu basin
outlet using SWAT and BQART models. The three RegCM4 RCMs used are presented along the Xaxis. The uncertainty band in each color represents the range of results from SWAT simulations.
The black color bar presents the percentage change for simulation with calibrated parameters of
SWAT. “●” shows the BQART results associated with each RCM. The positive changes (+ %) mean
that sediment load is projected to increase in the future compared to the base period, while negative
changes (- %) mean that sediment load is projected to decrease.

8.5 BQART projections with updated 𝑬𝒉 values
The parameter ‘B’ in the BQART model represents the geology and human activities in the
basin. The human-induced erosion factor (𝐸ℎ ) is one of the main influencing factors, for B,
and is linearly correlated with B, and consequently with the fluvial sediment load computed
by the BQART model. Syvitski and Milliman (2007) have derived the 𝐸ℎ factor based on
land-use, socio-economic situation and population. However, recent studies by Balthazar et
al., (2013) and Bamunawala et al. (2020, 2018a, 2018b) have shown that the human footprint
index (HFPI) presented by Wildlife Conservation Society-WCS and Center for International
Earth Science Information Network-CIESIN-Columbia University (2005) can be a better
representation of the anthropogenic influences on fluvial sediment load estimation via the
BQART model. The HFPI was developed based on several global datasets; population,
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urban areas, land-use, navigable waterways, roads, electrical infrastructure (Sanderson et
al., 2002).
As a further test of the SWAT and BQART projected fluvial sediment loads, here the
BQART projections were re-calculated using HFPI and re-compared with the corresponding
SWAT projections. To do this, HFPI values, which range from 0 to 100 need to rescaled to
the global range of 𝐸ℎ (0.3 ≤ 𝐸ℎ ≤ 2.0) estimated by Syvitski and Milliman (2007) for use in
BQART. HFPI values across the Irrawaddy and Kalu River Basins were obtained from
0.25ox0.25o resolution data (Wildlife Conservation Society-WCS and Center for
International Earth Science Information Network-CIESIN-Columbia University, 2005) and
rescaled. Subsequently, the basin average rescaled HFPI value was used with BQART to
re-compute the fluvial sediment load at the outlets of the two basins. The comparison of
projected sediment loads from SWAT and BQART (with the two 𝐸ℎ factors; one derived
from HFPI and one following Syvitski and Milliman (2007)) with climate change only (i.e.,
no reservoirs) is shown in Table 8-4. With the HFPI based 𝐸ℎ , BQART projects lower
sediment loads in both basins compared to previous BQART estimations. This is because
the HFPI based human-induced erosion factors (𝐸ℎ ) for the two basin areas are almost half
of the 𝐸ℎ values that were derived according to Syvitski and Milliman (2007) (Table 8-1).
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Table 8-4. Projected average annual sediment loads in Million tons per year (MT/yr) for the
Irrawaddy and Kalu basins under RCP 2.6 and RCP 8.5, without reservoirs. A: Estimated load from
SWAT simulations (shaded values), B: Estimated load from BQART model with human-induced
erosion factor: 𝐸ℎ = 1 for the Irrawaddy Basin and 𝐸ℎ = 2 for the Kalu Basin obtained from
Figure 7 in Syvitski and Milliman, (2007), and C: Estimated load from BQART model with humaninduced erosion factor 𝐸ℎ = 0.64 for the Irrawaddy Basin and 𝐸ℎ = 0.93 for the Kalu Basin obtained
from Human Foot Print Index published by (Wildlife Conservation Society-WCS and Center for
International Earth Science Information Network - CIESIN - Columbia University, 2005). SWAT
model results for both basins are from simulations with the calibrated parameter set presented in
Chapters 6 and 7.

GCM/RCM
inputs

Mid-Century

End-Century

RCP
A

B

C

A

B

C

Irrawaddy River Basin
RCP 2.6

370

323

207

443

341

218

RCP 8.5

386

341

218

454

386

247

RCP 2.6

483

337

215

461

334

214

RCP 8.5

455

352

225

618

412

264

RCP 2.6

397

319

204

458

326

209

RCP 8.5

495

356

228

572

409

262

CSIRO Mk3.6

HadGEM2-AO

HadGEM2-ES

Kalu River Basin
RCP 2.6

0.76

2.92

1.36

0.76

2.90

1.35

RCP 8.5

0.88

3.04

1.41

1.45

3.54

1.65

RCP 2.6

0.77

2.81

1.31

0.87

2.89

1.35

RCP 8.5

0.97

3.06

1.42

1.69

3.66

1.70

RCP 2.6

0.71

2.81

1.31

0.79

2.83

1.32

RCP 8.5

0.80

2.94

1.37

1.61

3.65

1.70

MIROC5

MPI-ESM-MR

NORESM1-M
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8.6 Comparison of modelled results in the two basins
The sediment load projections by SWAT and BQART models are different in the two river
basins. In Irrawaddy RB, SWAT simulations project higher sediment load than the BQART
model and vice versa in the Kalu RB. For example, according to human-induced erosion
factor (𝐸ℎ ) obtained from Syvitski and Milliman (2007), BQART underestimates the SWAT
projected sediment load by 20% in the Irrawaddy RB and over-predicts that in the Kalu RB
by 325% for the base period (1991-2005). During the end-century period under RCP 8.5,
BQART model underestimates the SWAT projected sediment load by 25% in the Irrawaddy
RB and overestimates by 129% in the Kalu RB. During the same period and under the same
RCP, the amount of projected sediment supply is further reduced in the Irrawaddy RB due
to proposed reservoirs, where the BQART underestimates the SWAT projected sediment
load by 55%. Compared to the base period (1991-2005) model estimations, in general,
BQART projections show lower increment than SWAT projected increments in the
Irrawaddy and Kalu River Basins without reservoirs (i.e., climate change only).
When adopting the human-induced erosion factor (𝐸ℎ ) derived from the human foot print
index, BQART underestimates the SWAT projected sediment load by 48% in the Irrawaddy
RB and over-predicts that in the Kalu RB by 97% for the base period (1991-2005). During
the end-century period under RCP 8.5, BQART underestimates the SWAT projected
sediment load by 71% in the Irrawaddy RB and overestimates by 7% in the Kalu RB. These
results indicate that using the HFPI based 𝐸ℎ increases the under predictions by BQART in
the Irrawaddy basin, but decreases the over-predictions in the Kalu basin.
The BQART model does not provide the information on sediment erosion, transport, and
deposition in the flood plains, as it only estimates sediment delivery rate at river station
at/near sea level (Syvitski and Milliman, 2007). The BQART empirical equation was
developed based on 488 global river dataset having a broad span of basin size (160 km2 –
5,853,804 km2) with high accuracy in calibration (R2 = 0.96 for 292 basins) and validation
(R2 = 0.94 for 196 basins) (Syvitski and Milliman, 2007). However, a recent analysis by De
Vente et al. (2013) summarized that non-linear regression models like BQART might
provide more accurate results than what distributed models such as SWAT would for
sediment yield in basins larger than 10,000 km2. Nevertheless, a study of the Blue Nile and
Atbara river systems showed that BQART is not well suited for capturing highly spatially
varied sediment yields ranging thousands of ton/km2/year (Balthazar et al., 2013). Spatially
distributed models demand more input data and high calibration efforts as well. However,
the SWAT model (categorized as a process-based model) is more suitable for assessing
environmental change scenarios such as changes in climate, land-use and management
practices (Neitsch et al., 2011). On the other hand, lumped empirical models such as
BQART are more suitable for assessing sediment yield in large basins (De Vente et al.,
2013). Therefore, both models have their own advantages and disadvantages in sediment
load estimation for a selected region under different environmental conditions.
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8.7 Concluding remarks
This chapter aimed to evaluate the estimation of fluvial sediment supply to the coasts using
a distributed process-based model (SWAT) and an empirical lumped model (BQART) in
the Irrawaddy and Kalu River Basins. Similar to the SWAT model simulations described in
Chapters 6 and 7, the BQART model simulations were undertaken with and without
reservoirs over the two future periods considered (i.e., 2046-2065 and 2081-2100) for the
RCP 2.6 and 8.5.
Results show very significant differences between the sediment loads projected by the two
models in the two basins. In the Irrawaddy River Basin, SWAT simulations project higher
sediment loads than the BQART model with the three selected GCMs. In contrast, SWAT
simulations project lower sediment loads than BQART in the Kalu River Basin with the
three RCMs. Compared to the base period (1991-2005) model estimates, the BQART shows
lower increment than SWAT increments in both Irrawaddy and Kalu River Basins with
climate change alone (i.e., no reservoirs). Based on these estimations of sediment load by
BQART in two basins, it can be concluded that BQART model projections are more in line
with SWAT derived projections at the large Irrawaddy RB than at the small Kalu RB.
In the SWAT simulations, computed changes in sediment load follow a similar trend as
streamflow and in general, percentage changes in sediment load are always greater than the
percentage changes in streamflow. Changes in streamflow do not result in similar
proportional changes in sediment yield in the BQART model, because of the power function
of streamflow and sediment load (𝑄𝑠 ∝ 𝑄 0.31). Within the BQART model, the impact of
reservoirs on sediment loads is introduced as a basin-wide trapping efficiency (𝑇𝐸𝑏𝑎𝑠𝑖𝑛 ).
Computation of this 𝑇𝐸𝑏𝑎𝑠𝑖𝑛 accounts for reservoir locations within the basin and their
volumes, and the discharge of the respective sub-basin outlets (Section 8.2.1; Eq. 8-4 to Eq.
8-6). The percentage sediment reduction in the BQART model is directly proportionate to
the trapping efficiency factor adopted because it does not account for eroded or deposited
sediment loads along river canals and floodplains. In contrast, the SWAT uses different
trapping efficiency for each reservoir, which can be calculated separately for each of the
reservoirs in the basin. The sediment generation and routing processes are also simulated
downstream of the reservoir(s) by SWAT. Therefore, in general, trapping efficiency is more
sensitive for fluvial sediment load estimates computed by BQART compared to those
computed by SWAT.
Both SWAT and BQART model projections possess uncertainties due to the inherent
uncertainties in projected future climatic inputs (precipitation and temperature) and other
variables such as human-induced erosion factor, and model calibration parameters. An
aggregated global model such as BQART does not always guarantee equally good results
in all regions, as it is not explicitly calibrated specifically for individual study regions.
SWAT model, as a standard practice, is calibrated to the specific basin, thus, the quality of
SWAT model results also depend on quality/ quantity of data available for calibration. On
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the other hand, reservoir simulation in the SWAT model requires detailed information on
reservoirs such as operational capacity, high flood level, operation practices, and sediment
data. Some of this information has to be approximated/ assumed due to the lack of actual
reservoir design/ operation details. Thus, both model approaches adopt certain
approximations, which in turn have implications on the reliability of the projected sediment
loads.
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9
9 GENERAL CONCLUSIONS AND
RECOMMENDATIONS
9.1 Introduction
The preceding chapters of this dissertation presented a detailed investigation of the how
different modelling approaches and input data sources may influence simulating streamflow
and sediment fluxes to the coast in data-poor regions, taking into account model calibration,
and plausible variations in natural and anthropogenic impacts. In order to achieve this main
objective of this research study, a process-based model SWAT is applied at two data-poor
case study sites; the large Irrawaddy River Basin in Myanmar and the small Kalu River
Basin in Sri Lanka. The relative merits of using a process-based distributed versus lumped
empirical models to derive projections of fluvial sediment supply to the coast were also
investigated in order to provide insights on the appropriateness of using the latter in reduced
complexity models of long-term coastline change. This final chapter presents the general
conclusions of the overall study (Section 9.2) and provides suggestions and
recommendations for future research on this topic (Section 9.3).

General conclusions and recommendations

9.2 General conclusions
Hydrological responses of a river basin (i.e., streamflow and sediment fluxes to the coast)
under projected climate change and human activities in data-poor regions can be
investigated through process-based modelling at different spatial scales. Such modelling
approaches, in general, consist of several key steps, which include the selection of suitable
input data sources, model calibration and validation for reference base period, and
application of the calibrated model to simulate future responses using projected climate
model inputs.

Different precipitation products for streamflow simulation
Precipitation is one of the fundamental input variables for hydrological modelling and,
hence the quality of precipitation data plays a crucial role in achieving reliable model
outputs. In this study, four different precipitation products (i.e., Gauge data with and without
interpolation, PERSIANN-CDR, and CHIRPS) were used in a process-based hydrological
model: Soil Water Assessment Tool (SWAT) for simulating streamflow. The suitability of
these precipitation products for streamflow simulation in data-poor basins was assessed
considering their spatial and temporal variability, and model performance, so that bestsuited precipitation product at each study site can be determined.
Detailed analysis of the selected precipitation data products indicated that the global
precipitation products (PERSIANN-CDR and CHIRPS) yield lower precipitation volumes
at both case study river basins (Irrawaddy RB and Kalu RB) compared to the in-situ
precipitation data. Such low precipitation estimations were particularly observed during the
monsoon season(s) (May to October), in which the PERSIANN-CDR data showed the
lowest cumulative estimation. When different precipitation products (gauge data with or
without interpolation and global products) are used in the hydrological model to simulate
streamflow, simulations with interpolated gauge data outperformed the simulations forced
with other precipitation products at most of the gauging stations, in both basins. However,
global precipitation products (PERSIANN-CDR and CHIRPS) also produced acceptable
performances in streamflow estimation in the larger Irrawaddy Basin. Different
precipitation inputs lead to differences in model performances, best-fitted model parameters,
and uncertainty in model predictions. Even though the global precipitation products have a
bias towards lower precipitations, they can be valuable assets for hydrological applications
requiring long data records in data-poor basins. Another potential application of the global
data is the development of a merged superior quality product that combines gauged data and
one or more global data products.
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Hydrological model calibration with ET and streamflow
Here, the use of remote sensing (RS) based hydrological variables for calibrating the SWAT
model was investigated. The Global Land Evaporation: the Amsterdam Model actual
Evapotranspiration (GLEAM-ET) and available streamflow data were used to examine two
methods of model calibration; (i) single variable calibration, and (ii) multi-variable
calibration in a selected part of the Irrawaddy River Basin.
Model calibration with multiple-variables (measured streamflow and GLEAM-ET) resulted
in good model performance for monthly streamflow (NSE > 0.85) and evapotranspiration
(NSE > 0.61). Single variable calibration with GLEAM-ET indicated that the model could
reproduce the streamflow with an NSE value greater than 0.69 at three of the four stations
considered within the Irrawaddy River Basin. The only exception was observed at the
farthest upstream gauge station, which resulted in NSE value of 0.16. The analysis of
calibration parameters suggested that parameter sensitivity and values change among
different calibration set-ups, and that the uncertainty ranges of parameters differ among the
different parameters and the different stations. Results also showed that different sets of
parameter values could produce similar results. In general, the results of this investigation
point towards the possibility of using RS based hydrological variables such as
evapotranspiration for successful hydrological model calibration, particularly in ungagged
basins.

Projections of streamflow and sediment load under climate change and
human activities
The impact of climate change and human activities (here represented only by planned
reservoirs) on streamflow and sediment load simulation in the two case study river basins
were investigated via SWAT model simulations for the base period (1991 - 2005), and two
future periods: mid-century (2046-2065) and end-century (2081-2100). Data from 10 GCMs
were initially considered and the three most representative GCMs were selected based on
the performance of GCM climate variables (precipitation, and minimum and maximum
temperatures) and performance of SWAT hydrological simulations forced with GCM data.
For Irrawaddy River Basin, the best performing GCMs were CSIRO Mk3.6, HadGEM2AO, and HadGEM2-ES. Coarser-resolution GCM data could not capture the seasonal
variability of precipitation within the small Kalu River Basin, therefore, dynamically
downscaled projections of the RCMs (RegCM4/MIROC5, RegCM4/MPI-M-MPI-ESMMR, and RegCM4/NCC-NORESM1-M) were used in all computations therein. The
GCM/RCM data were corrected for biases and used to force a series of SWAT models. For
the Irrawaddy RB, the SWAT model was set up for sediment and reservoir simulation,
taking into account six planned reservoirs in the basin. Model simulations were undertaken
with only climate change forcing (RCP 2.6 and RCP 8.5) and with climate change forcing
together with planned reservoirs. There are no documented planned reservoirs for the Kalu
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RB, and hence all simulations were undertaken with climate change forcing only (RCP 2.6
and RCP 8.5).
The computed sediment yields at two case study basins (22 t/ha/yr in the Irrawaddy RB, 59
t/ha/yr in the Kalu RB) are larger than the global average value (15 t/ha/yr in the globe).
The projected precipitation data of GCMs/ RCMs show higher variability among the models
than projected temperature values. Thus, consistency among GCMs or RCMs projections
was not observed in both basins. These variabilities in key climatic inputs (precipitation and
temperature), in turn, resulted in hydrological projections with significant uncertainties.
Applying a bias correction does not always guarantee a good model performance in the
entire basin, and it does not consider the non-stationarity of future climatic variables. In
general, when compared with the base period (1991-2005), the Irrawaddy and Kalu River
Basins will be warmer and wetter by the end of the 21st century. Consequently, future
streamflow and sediment fluxes to the coast are projected to increase in both basins by the
end of the 21st century under both RCPs considered (RCP 2.6 and RCP 8.5). However, the
simulated results forced with different GCMs/RCMs climate projections show a difference
in the projections for the mid- and end-century periods (2046-2065 and 2081-2100). Further,
the projected proportional changes in sediment loads are more significant than that with
respect to streamflow.
The combined effect of changes in climate conditions and human activities (i.e., reservoir
constructions) has considerable impacts on the hydrological responses in the Irrawaddy
River Basin. Compared to the model projections without reservoirs, seasonal variations
(monsoon and non-monsoon) of sediment fluxes and streamflow to the coast with reservoirs
are projected to be considerably higher. Reservoir operational rules adopted in this study
have remarkable effects on its projected streamflow and sediment loads. Apart from
uncertainties due to the model inputs (i.e., projected climatic data), assumptions made
regarding reservoir operation may add to the uncertainty in the streamflow and sediment
load projections.

Comparison of distributed model vs lumped model for determining
fluvial sediment supply to the coast
The use of a process-based distributed model and an empirical lumped parameter model to
assess fluvial sediment supply from river basins to the coast was analyzed by comparing
sediment loads estimated from SWAT and BQART models.
SWAT projections of sediment loads were higher than that of the BQART in the Irrawaddy
River Basin and vice versa in the Kalu River Basin. However, compared to the base period
model estimates, BQART projections show lower increments in sediment load projections
than SWAT increments in both Irrawaddy and Kalu Basins under the influence of climate
change. The BQART model results largely depend on accurate representation of
anthropogenic activities (human-induced erosion factor and reservoir trapping efficiency)
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and average temperature as they have a linear relationship with the computed sediment load.
When reservoirs are included, sediment projections for Irrawaddy RB from these two
models show higher inter-model differences (55%) than without reservoir condition (25%)
(for RCP 8.5, by the end-century period). The BQART model requires a single estimate of
basin-wide relative reservoir-trapping efficiency, which depends on reservoir storage,
reservoir outflow and flows at the basin outlet. Therefore, the estimation of a representative
basin-wide relative trapping efficiency is crucial for BQART model applications that
accounts for reservoir impacts.
Projections obtained from both models contain uncertainties due to the inherent
uncertainties in projected future climatic inputs (precipitation and temperature) and other
variables such as human-induced erosion factor, and model calibration parameters. An
aggregated global model such as BQART does not always guarantee equally good results
in all regions, as it is not explicitly calibrated for individual study regions. As a standard
practice, SWAT model is calibrated to the specific basin, and the quality of model results
also depend on the quality/ quality of data available for calibration. On the other hand,
reservoir simulation in the SWAT model requires detailed information on reservoir
geometry, operation, and sediment data, some of which may have to be approximated/
assumed due to the lack of data.

9.3 Implications and future directions
Global precipitation products can be used as additional data sets that cover more prolonged
periods than some of the in-situ measurements. Hence, they can be used to determine the
hydrological responses of a river basin. This study analyzed only two global precipitation
products over two river basins. Therefore, other freely available precipitation products (e.g.,
MSWEP, TMPA 3B42 V7, and CMORPH-CRT V1, Beck et al. (2017)) can be examined
for these study locations. Apart from GLEAM ET, other global remote-sensing based data
products may be further explored and analyzed for their appropriateness in hydrological
model calibration. Such global datasets include remote-sensing based evapotranspiration
products such as MODIS16 (Running et al., 2017), soil moisture content such as ESA CCI
(Dorigo et al., 2017) and AMSR-E (Njoku et al., 2003). Integration of those RS based data
and in-situ streamflow observations may be further investigated for better simulation of
hydrological responses of the study areas.
Use of actual reservoir data/ details (e.g., reservoir storage capacity, full supply level,
spillway capacity, and reservoir operational data) would improve the estimation of future
changes in streamflow and sediment fluxes. Furthermore, the currently available reservoir
simulation methods in SWAT is not fully capable of representing complex dynamics of
sediment and flow controls. A detailed analysis may be carried out by integrating SWAT
with models dedicated to reservoir operation to assess the effect of plausible water allocation
and reservoir operation scenarios.
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Land-use change is a common phenomenon in many parts of the world. Due to increased
demands of the growing population (e.g., food, water and houses), adverse effects from
land-use changes are inevitable. Streamflow and sediment yield are highly dependent on the
land-use pattern within the basin. However, this study did not consider the effects of landuse changes, assumed it to be invariant in all future simulation periods. Dynamical land-use
modelling approaches such as Conversion of Land-Use Change and its Effects at Small
Regional Extent (CLUE-S, Verburg et al. (2002)) may be used to project the land-use in
future periods. The combined effects of climate change, land-use and reservoirs can be
analyzed for better projections of streamflow and fluvial sediment quantity from the river
basins.
In this study, SWAT and BQART model applications projected widely different results at
two spatially heterogeneous river basins. Therefore, to gain more insights on the relative
merits of computing fluvial sediment supply to the coast using process-based distributed vs
lumped models, more such comparisons are recommended for different sizes of basins
located in different climatic zones around the world.
There are two main sources of uncertainties associated with the model estimations/
projections: model uncertainties (i.e., model structure and model parameters) and input
uncertainties (i.e., model input data). In this study, in the case of SWAT model, the model
parameter sensitivity and predictive uncertainty are assessed using a commonly used tool:
SUFI-2 (Sequential Uncertainty Fitting, Abbaspour (2015)). These results are discussed in
Chapter 4 and 5, when the SWAT model was calibrated with various precipitation inputs
and with the remote sensing-based evapotranspiration. When the hydrological model (in this
case SWAT) is run with multiple precipitation datasets (model inputs), the ensemble of
model realizations with respect to these input datasets can be interpreted as input
uncertainty. However, in this study, the motivation was more to evaluate these precipitation
products for streamflow simulation, comparing against available measurements, than to use
them as ensemble inputs. In the case of future projections under climate change, the climate
projection data from different global circulation models serve as multiple inputs (ensembles)
of precipitation and temperature to the SWAT and BQART models and also constitute a
major source of uncertainty, which is illustrated by the differences in model results with
respect to these different inputs (Chapter 6, 7, and 8). In the future projections, because the
hydrological model cannot be calibrated for the future periods, the same model calibrated
for the base period is used but the projection results are presented in terms of the relative
change (from the base period values). A more comprehensive assessment of uncertainty in
the projections could be carried out, which is recommended for future studies, in the Monte
Carlo framework (e.g., recent study by Bamunawala et al. (2020)) incorporating both model
and input uncertainties.
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A.1 Hydrological parameters used for model calibration

Parameter

Initial
Range

Description

Scale

SCS curve number, AMC (II)

HRU

HRU
Specific

-10 - 9

v__GWQMN.gw

Threshold groundwater depth for
return flow to occur (mm)

Basin

1000

0 - 5000

v__GW_DELAY.gw

Groundwater delay time (days)

Basin

31

0 - 500

v__ALPHA_BF.gw

Base flow Alpha Factor (days)

Basin

0.048

0-1

v__GW_REVAP.gw

Groundwater "revap" coefficient

HRU

0.02

0.02 - 0.2

v__REVAPMN.gw

Threshold water depth in shallow
aquifer for "revap" or percolation to
occur (mm)

HRU

750

0 - 1000

v__SHALLST.gw

Initial depth of water in the shallow
aquifer (mm H2O)

Basin

1000

0 - 5000

v__RCHRG_DP.gw

Deep aquifer percolation fraction

Basin

0.05

0-1

v__CH_N2.rte

Manning's coefficient for main
channel

Basin

0.014

0.01 - 0.3

v__ALPHA_BNK.rte

Base flow Alpha Factor for bank
storage (days)

Basin

0

0-1

a__SOL_AWC( ).sol

Available water capacity of a soil
layer (mm H2O / mm Soil)

HRU

Soil
specific

0 - 0.8

a__SOL_Z( ).sol

Depth from soil surface to bottom of
layer (mm)

HRU

Soil layer
specific

0 - 3000

a__SOL_BD( ).sol

Moist bulk density of soil layer
(Mg/m3 or g/cm3)

HRU

Soil
specific

0 - 0.8

a__SOL_K( ).sol

Saturated soil conductivity of layer
(mm/hr)

HRU

Soil
specific

0 - 200

v__ESCO.hru

Soil evaporation compensation
factor

HRU

0.95

0-1

v__SURLAG.hru

Surface runoff lag coefficient

HRU

2

0 - 24

v__EPCO.hru

Plant uptake compensation factor

HRU

1

0-1

Average slope length (m)

HRU

HRU
Specific

10 - 120

Lateral flow travel time (days)

HRU

0

0 - 180

a__CN2.mgt

v__SLSUBBSN.hru
v__LAT_TTIME.hru

Default

Annexes

Initial
Range

Parameter

Description

Scale

Default

v__CANMX.hru

Maximum canopy storage (mm)

Basin

0

0 - 10

v__SLSOIL.hru

Slope length for lateral subsurface
flow (m)

HRU

0

0 - 150

v__CH_K2.rte

Hydraulic conductivity of main
channel (mm/h)

Basin

0

0 - 100

Note: a means ‘value added’, v means ‘a replacement’ and r means ‘relative change’ to
existing initial parameter values.

A.2 NSE of the best simulation in each iteration performed at
each station

Note: The scales of two axis in each plot are not identical
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Annex B
B.1 Gridded average annual minimum temperature from ten
different GCMs over the Irrawaddy River Basin from 1991 to
2005
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B.2 Gridded average annual maximum temperature from ten
different GCMs over the Irrawaddy River Basin from 1991 to
2005
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B.3 Statistical performance of with and without bias-correction
of precipitation data at each sub-basin
Without bias correction
Subbasin

CSIROMk3.6

HadGEM2AO

With Bias correction

HadGEM2ES

CSIROMk3.6

HadGEM2AO

HadGEM2ES

NSE
Sub_1

0.50

0.50

0.59

0.78

0.77

0.81

Sub_2

0.56

0.51

0.50

0.8

0.82

0.84

Sub_3

0.59

0.41

0.37

0.8

0.86

0.87

Sub_4

0.62

0.54

0.70

0.64

0.71

0.75

Sub_5

0.67

0.53

0.74

0.68

0.74

0.79

Sub_6

0.65

0.53

0.73

0.65

0.73

0.77

Sub_7

0.62

0.44

0.58

0.69

0.69

0.76

Sub_8

0.67

0.33

0.62

0.66

0.68

0.74

Sub_9

0.66

0.35

0.72

0.64

0.72

0.76

Sub_10

0.67

0.37

0.75

0.66

0.73

0.78

Sub_11

0.52

0.62

0.69

0.55

0.66

0.68

Sub_12

0.38

0.32

0.48

0.03

0.35

0.46

Sub_13

0.67

0.30

0.74

0.66

0.73

0.77

Sub_14

0.54

0.58

0.72

0.43

0.66

0.70

Sub_15

0.44

0.27

0.50

0.26

0.32

0.55

Sub_16

0.22

0.09

0.40

0.18

0.28

0.48

Sub_17

0.40

0.24

0.50

0.23

0.32

0.54

Sub_18

-0.18

0.46

0.47

0.33

0.44

0.48

Sub_19

0.10

0.46

0.46

0.17

0.44

0.47

Sub_20

-1.84

0.39

0.47

0.38

0.45

0.54

Sub_21

0.54

0.45

0.64

0.30

0.54

0.62

Sub_22

0.47

0.39

0.61

0.18

0.49

0.58

Sub_23

-2.30

0.32

0.37

0.12

0.34

0.38

Sub_24

-2.64

0.28

0.34

0.08

0.30

0.35

Sub_25

-1.75

0.34

0.38

0.12

0.37

0.39

Sub_26

0.34

0.55

0.63

0.37

0.57

0.63

Sub_27

-0.71

0.39

0.41

0.26

0.40

0.41

Sub_28

-1.18

0.45

0.50

0.4

0.47

0.48

Sub_29

-1.21

0.42

0.46

0.31

0.41

0.42

Sub_30

-0.80

0.42

0.45

0.32

0.45

0.44

Sub_31

-0.85

0.51

0.52

0.52

0.52

0.58

Sub_32

0.59

0.59

0.55

0.60

0.54

0.48
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Without bias correction
Subbasin

CSIROMk3.6

HadGEM2AO

With Bias correction

HadGEM2ES

CSIROMk3.6

HadGEM2AO

HadGEM2ES

R2
Sub_1

0.64

0.51

0.61

0.80

0.78

0.82

Sub_2

0.68

0.61

0.69

0.81

0.82

0.84

Sub_3

0.68

0.53

0.55

0.81

0.87

0.88

Sub_4

0.65

0.60

0.72

0.68

0.73

0.76

Sub_5

0.71

0.62

0.76

0.72

0.77

0.81

Sub_6

0.67

0.62

0.74

0.70

0.75

0.78

Sub_7

0.71

0.49

0.61

0.73

0.72

0.77

Sub_8

0.70

0.50

0.63

0.71

0.72

0.76

Sub_9

0.68

0.59

0.73

0.68

0.74

0.77

Sub_10

0.70

0.61

0.75

0.71

0.76

0.79

Sub_11

0.61

0.65

0.71

0.62

0.68

0.71

Sub_12

0.48

0.41

0.51

0.36

0.45

0.52

Sub_13

0.70

0.61

0.75

0.71

0.75

0.79

Sub_14

0.61

0.65

0.74

0.58

0.70

0.73

Sub_15

0.57

0.38

0.53

0.51

0.51

0.63

Sub_16

0.49

0.34

0.48

0.47

0.48

0.57

Sub_17

0.57

0.39

0.54

0.51

0.51

0.62

Sub_18

0.60

0.58

0.61

0.54

0.58

0.60

Sub_19

0.51

0.58

0.58

0.48

0.58

0.59

Sub_20

0.55

0.52

0.55

0.55

0.54

0.61

Sub_21

0.63

0.55

0.67

0.53

0.52

0.67

Sub_22

0.61

0.53

0.64

0.48

0.59

0.64

Sub_23

0.48

0.43

0.48

0.44

0.50

0.48

Sub_24

0.44

0.40

0.44

0.42

0.47

0.45

Sub_25

0.51

0.45

0.49

0.45

0.42

0.48

Sub_26

0.59

0.62

0.69

0.56

0.63

0.69

Sub_27

0.61

0.53

0.58

0.52

0.50

0.57

Sub_28

0.61

0.55

0.60

0.57

0.53

0.60

Sub_29

0.60

0.53

0.58

0.54

0.50

0.57

Sub_30

0.62

0.55

0.59

0.54

0.53

0.58

Sub_31

0.64

0.64

0.68

0.62

0.61

0.66

Sub_32

0.64

0.64

0.60

0.63

0.61

0.57
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B.4 Statistical performance of with and without bias-correction
of maximum temperature data at each station
Without bias correction
Stations

CSIROMk3.6

HadGEM2AO

With bias correction

HadGEM2ES

CSIROMk3.6

HadGEM2AO

HadGEM2ES

NSE
Putao

-5.59

-6.17

-8.03

0.32

0.48

0.46

Hkamti

-1.95

-4.89

-6.95

0.49

0.61

0.75

Myitkyina

-5.21

-3.87

-4.86

0.25

0.51

0.44

Homalin

-2.51

-5.25

-7.31

0.46

0.50

0.65

Bhamo

-6.0

-2.49

-3.41

0.54

0.67

0.7

Katha

-2.39

-4.68

-6.47

0.42

0.43

0.48

Lashio

-3.98

-1.4

-2.27

0.37

0.5

0.56

Hakha

-15.33

-12.16

-8.54

0.45

0.38

0.38

Monywa

-2.75

-1.94

-3.76

0.83

0.67

0.75

Mandalay

-3.14

-3.14

-4.55

0.66

0.62

0.67

Meiktila

-2.25

-0.74

-2.11

0.81

0.63

0.68

Taunggyi

-1.53

-6.28

-4.9

0.59

0.58

0.5

Minbu

0.13

-0.03

-0.94

0.89

0.82

0.81

Pyay

-1.21

-1.26

-3.52

0.81

0.76

0.74

R2
Putao

0.35

0.45

0.42

0.38

0.49

0.47

Hkamti

0.60

0.67

0.66

0.59

0.65

0.75

Myitkyina

0.43

0.49

0.45

0.37

0.53

0.47

Homalin

0.60

0.58

0.56

0.57

0.57

0.66

Bhamo

0.71

0.76

0.76

0.63

0.71

0.72

Katha

0.55

0.60

0.61

0.51

0.52

0.54

Lashio

0.62

0.64

0.64

0.52

0.58

0.60

Hakha

0.56

0.68

0.66

0.54

0.54

0.51

Monywa

0.58

0.68

0.72

0.84

0.70

0.76

Mandalay

0.56

0.70

0.70

0.70

0.67

0.70

Meiktila

0.71

0.56

0.60

0.82

0.67

0.70

Taunggyi

0.61

0.46

0.41

0.67

0.64

0.58

Minbu

0.81

0.67

0.70

0.90

0.83

0.82

Pyay

0.71

0.53

0.51

0.83

0.78

0.76
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B.5 Statistical performance of with and without bias-correction
of minimum temperature data at each station
Without bias correction
Stations

CSIROMk3.6

HadGEM2AO

With bias correction

HadGEM2ES

CSIROMk3.6

HadGEM2AO

HadGEM2ES

NSE
Putao

-0.78

-0.67

-0.97

0.88

0.87

0.87

Hkamti

0.36

0.63

0.60

0.95

0.96

0.96

Myitkyina

-0.84

0.40

-0.10

0.94

0.95

0.95

Homalin

0.30

0.76

0.64

0.95

0.96

0.94

Bhamo

-0.81

0.69

0.31

0.94

0.95

0.95

Katha

0.20

0.65

0.32

0.88

0.91

0.91

Lashio

0.84

0.61

0.81

0.95

0.96

0.96

Hakha

-1.93

-2.7

-1.18

0.92

0.92

0.91

Monywa

-0.74

-0.05

-0.8

0.96

0.95

0.95

Mandalay

-0.49

0.05

-0.65

0.91

0.94

0.93

Meiktila

-1.26

-0.29

-1.34

0.94

0.92

0.89

Taunggyi

0.27

-0.79

0.19

0.89

0.9

0.90

Minbu

0.37

0.61

0.02

0.95

0.94

0.92

Pyay

-0.92

-0.26

-0.38

0.90

0.89

0.9

R2
Putao

0.80

0.82

0.82

0.88

0.87

0.87

Hkamti

0.94

0.93

0.94

0.95

0.96

0.96

Myitkyina

0.94

0.93

0.94

0.94

0.95

0.95

Homalin

0.95

0.93

0.94

0.95

0.96

0.94

Bhamo

0.93

0.92

0.93

0.94

0.95

0.95

Katha

0.88

0.88

0.88

0.88

0.91

0.91

Lashio

0.88

0.80

0.83

0.95

0.96

0.96

Hakha

0.91

0.84

0.88

0.92

0.92

0.91

Monywa

0.92

0.92

0.94

0.96

0.95

0.95

Mandalay

0.91

0.92

0.91

0.92

0.94

0.93

Meiktila

0.87

0.88

0.86

0.94

0.92

0.89

Taunggyi

0.91

0.88

0.91

0.90

0.90

0.90

Minbu

0.87

0.90

0.91

0.95

0.94

0.93

Pyay

0.81

0.86

0.90

0.91

0.89

0.91
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B.6 Average monthly precipitation over the Irrawaddy River
Basin for future periods under two RCPs with base period
values.
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B.7 Projected mean annual streamflow and sediment loads at
Pyay in the Irrawaddy River Basin
Simulations forced with three GCMs under RCP 2.6 and RCP 8.5 for two future periods
(mid-century [2046-2065] and end-century [2081-2100]).
RCP 2.6
Variable

Time period

CSIRO Mk3.6
TE =
50%

Streamflow
(m3/s)
Sediment load
(Million tons)

HadGEM2-AO

HadGEM2-ES

TE =
95%

TE =
50%

TE =
95%

TE =
50%

TE =
95%

Mid-century

14,223

14,223

17,555

17,555

15,396

15,396

End-century

16,433

16,433

16,946

16,946

17,100

17,100

Mid-century

273

273

363

363

299

299

End-century

336

336

348

348

349

349

RCP 8.5
Streamflow
(m3/s)
Sediment load
(Million tons)
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Mid-century

14,647

14,647

16,894

16,894

18,230

18,230

End-century

16,593

16,593

21,367

21,367

20,294

20,294

Mid-century

285

285

344

344

387

387

End-century

353

353

494

494

452

452
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Annex C
C.1 Gridded average annual temperatures from three RCMs over
the Kalu River Basin from 1991 to 2005
Top raw presents the minimum temperature and bottom raw presents the maximum
temperature.
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C.2 Statistical performance of with and without bias-correction
of precipitation data at each sub-basin
Subbasins

Without bias correction

With bias correction

MIROC5

MPI-ESM-MR

NCCNORESM1-M

MIROC6

MPI-ESM-MR

NCCNORESM1-M

Sub-1

-4.97

-7.76

-2.03

-0.38

-0.55

-0.21

Sub-2

-2.84

-2.6

-1.21

-0.05

0

-0.16

Sub-3

-4.81

-7.42

-1.85

-0.25

-0.44

-0.05

Sub-4

-3.8

-3.67

-1.15

0.07

-0.03

0.03

Sub-5

-10.22

-6.55

-1.36

-0.72

-0.69

-0.01

Sub-6

-10.84

-6.88

-1.48

-0.75

-0.74

-0.04

Sub-7

-18.16

-11.73

-3.98

-0.33

-0.38

0

Sub-8

-3.28

-3.2

-0.97

0.06

-0.07

0.03

Sub-9

-19.35

-12.41

-4.26

-0.37

-0.43

-0.02

Sub-10

-19.14

-12.35

-4.17

-0.31

-0.39

0.04

Sub-11

-18.44

-11.81

-4.05

-0.27

-0.28

0.11

Sub-12

-17.76

-11.35

-3.87

-0.27

-0.29

0.11

Sub-13

-11.75

-7.31

-1.62

-0.58

-0.52

0.1

Sub-14

-2.4

-0.69

-1.38

-0.18

0.01

-0.05

Sub-15

-2.9

-0.84

-1.47

-0.07

0.09

-0.01

NSE

R2
Sub-1

0.14

0.07

0.05

0.12

0.13

0.20

Sub-2

0.00

0.00

0.14

0.23

0.20

0.18

Sub-3

0.15

0.07

0.06

0.17

0.17

0.27

Sub-4

0.09

0.03

0.09

0.24

0.21

0.26

Sub-5

0.01

0.01

0.03

0.09

0.12

0.25

Sub-6

0.00

0.01

0.03

0.10

0.13

0.26

Sub-7

0.01

0.02

0.02

0.14

0.16

0.25

Sub-8

0.09

0.03

0.08

0.22

0.18

0.24

Sub-9

0.01

0.02

0.02

0.14

0.15

0.25

Sub-10

0.01

0.01

0.02

0.15

0.15

0.27

Sub-11

0.00

0.01

0.02

0.15

0.18

0.30

Sub-12

0.00

0.01

0.02

0.15

0.17

0.30

Sub-13

0.00

0.01

0.02

0.12

0.17

0.31

Sub-14

0.00

0.01

0.01

0.19

0.27

0.28

Sub-15

0.00

0.02

0.01

0.22

0.30

0.28
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C.3 Statistical performance of with and without bias-correction
of maximum and minimum temperature data at each station
Maximum Temperature
Without bias correction
Station
MIROC5

MPI-ESM-MR

With bias correction

NCCNORESM1-M

MIROC6

MPI-ESM-MR

NCCNORESM1-M

NSE
Rathnapura

-13.35

-12.49

-9.54

0.66

0.66

0.52

Agalawatta

-16.55

-15.22

-12.15

0.67

0.61

0.43

Bombuwala

-36.2

-32.16

-37.77

0.44

0.54

0.41

R2
Rathnapura

0.53

0.45

0.56

0.67

0.68

0.58

Agalawatta

0.63

0.54

0.58

0.68

0.63

0.52

Bombuwala

0.00

0.38

0.00

0.54

0.59

0.51

Minimum Temperature
NSE
Rathnapura

-8.52

-8.11

-13.02

0.51

0.53

0.49

Agalawatta

-0.57

-0.07

-1.71

0.40

0.53

0.46

Bombuwala

-1.21

-1.09

-0.63

0.14

0.38

0.36

R2
Rathnapura

0.47

0.54

0.23

0.61

0.61

0.59

Agalawatta

0.37

0.53

0.31

0.44

0.54

0.48

Bombuwala

0.14

0.27

0.21

0.18

0.37

0.36
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C.4 Average monthly precipitation over the Kalu River Basin for
future periods under two RCPs with base period values
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