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Climate change, population growth, and environmental pressures, pose challenges for water
resource management. Many countries, like the UK, are projected to experience regional variation
in the risk of droughts. One solution is to use inter-basin transfer (IBT) schemes to move water
from where it is abundant to where it is scarce. But what are the first steps in studying the
feasibility of such schemes as a solution? How can we ensure an IBT brings more resilient water
future under the rapidly changing climate and not have a detrimental impact elsewhere? This
paper develops and demonstrates a framework for a preliminary climate impacts assessment for
IBT schemes. The framework evaluates negative hydrological and ecological impacts of IBTs to
the exporting basin. A hypothetical IBT scheme, delivering water from the northeast of England to
London in the southeast, is tested. Three transfer scenarios are analysed under 100 future climate
scenarios generated from the driest member of UK Climate Projection 2018 (UKCP18). The
framework shows there would be no ecological harm for the exporting basin under any scenario.
However, the hydrological risk is sensitive to the IBT operation. Constant and low flow operation
of the IBT would lead to supply deficits of up to 60% in the exporting basin by the 2080 s.
Transferring larger volumes, but only in winter months, allows the IBT to meet the projected
water resource deficit in London whilst not increasing hydrological risks in the northeast – even
under the driest UKCP18 climate scenario.

1. Introduction
By 2030, global demand for water will exceed available water supply by 40% (Zhuang, 2016). Uneven distribution of water re
sources complicates the challenges faced by population growth and climate change. New approaches to water management may evolve
in such circumstances, from supply-oriented solutions to demand management options, with latter being the primary choice (Allan,
2003). However, the paradigm shift that Allan (2003) observed will be limited to stronger economies able to invest (J. Gupta & van der
Zaag, 2008). If the demand for water outstrips the amounts that are available within a given river basin, supply-oriented approaches
will remain important and new water sources will have to be found either by desalinating sea water or by delivering water from
neighbouring river basins, i.e. through inter-basin water transfers (IBTs). Both solutions have a number of advantages as disadvantages

* Corresponding author at: HR Wallingford, Howbery Business Park, Wallingford OX10 8BA, UK.
E-mail addresses: m.khadem@hrwallingford.com (M. Khadem), richard.dawson@newcastle.ac.uk (R.J. Dawson), claire.walsh@newcastle.ac.uk
(C.L. Walsh).
https://doi.org/10.1016/j.crm.2021.100322
Received 30 November 2020; Received in revised form 23 April 2021; Accepted 8 May 2021
Available online 14 May 2021
2212-0963/© 2021 The Authors.
Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Climate Risk Management 33 (2021) 100322

M. Khadem et al.

such as desalination being energy intensive and expensive to operationalise, while IBTs may have detrimental environmental impacts.
Other alternatives exist such as rainwater harvesting, but this solution will be inefficient in the case of large water shortages (Zhuang,
2016).
London is one of the top 15 most water stressed cities in the world (McDonald et al., 2014). This reinforces findings from catchment
scale studies that have highlighted the large projected water resource deficit by the end of the century (Borgomeo et al., 2014; Walsh
et al., 2016). This could leave millions of people without water for a day and have a huge impact on the economy (Jenkins & Warren,
2015). Conversely, the North-east of England is known to be one of the least water stressed regions. In particular, it is home to
England’s largest reservoir, Kielder. An IBT that delivers the abundant water from northeast to southeast, specifically from Kielder
Reservoir to London, seems like a viable option in order to mitigate future water shortage challenges and economic hardship.
Feasibility of this hypothetical option and its sustainability against the changing climate have to be investigated in this paper.
By definition, IBTs are a subset of water transfer where the conveyance is through an anthropogenic route across a basin boundary
(Dickson & Dzombak, 2017). IBTs stem back to the invention of aqueducts, then progressed to the utilisation of anthropogenic
conveyance to move water to where it is needed (Angelakis, Koutsoyiannis, & Mays, 2007). Modern IBTs emerged in the nineteenth
century (Zhuang, 2016). There are more than 160 major IBTs around the world, spread across 20 countries, and totalling more than
17,500 Km in length (Zhuang, 2016). Countries with major operational IBT projects include USA (Chen, 2004; Dickson & Dzombak,
2017; Wang et al., 2008), Canada (Das, 2006), former Soviet Union (Krivonogov et al., 2014; Wang et al., 2008), Pakistan (Chen,
2004), Australia (Ghassemi & White, 2007), Libya (Fang, 2005), India (Grant et al., 2012; Thatte, 2007), China (Fang, 2005; Wilson, Li,
Ma, Smith, & Wu, 2017; Zhao, Zuo, & Zillante, 2017), Iran (Karamouz, Mojahedi, & Ahmadi, 2010), and South Africa (Matete &
Hassan, 2005). These countries have a range of different climatic and demographic characteristics.
Various benefits and disadvantages have been reported for IBTs (Table 1). Zhuang (2016) has identified measures able to mitigate
most of IBTs’ negative impacts. For example, to prevent spread of diseases and pollutions, intercepting plates can be built along the
river banks in the exporting basin so that vegetation do not enter the water course and sewage is strictly forbidden from being dis
charged into the stream; these were implemented in the Australian IBT scheme of Snowy Mountains (Liu, 2000). To prevent decrease in
hydropower generation lessons can be learnt from the South African IBT project in which hydropower was generated over the course of
transfer (Matete & Hassan, 2005). Efficient drainage systems can be used to battle deterioration of water quality due to salinisation in
soil (Zhuang, 2016).
An IBT project should undertake a comprehensive feasibility study and evaluation of the costs and benefits to ecology, environ
ment, society, economy, and other aspects, as well as careful planning and design (Locatelli, Mancini, & Romano, 2014; Wen, Rogers,
Ling, & Saintilan, 2011; Zhao et al., 2017). However, the assessment of IBT projects often ignores ecological impacts of such projects,
or carries out ecological analysis after designing the significant part of the projects’ elements (Zhuang, 2016). Studies have highlighted
the significance of IBTs in improving regional water management and economy (Characklis et al., 2006), yet their design has primarily
been based upon observed inflows which do not account for inflow uncertainty (W. Li, Sankarasubramanian, Ranjithan, & Brill, 2014).
In this paper we focus on the first two negative impacts in Table 1, which are typically the most significant, and can be quantified and
assessed at the very early stages of IBT studies. In the Discussion section, we also consider mitigating measures to prevent increase in
consumption in receiving basins as the third negative impacts of IBTs. We consider the framework here to be an important component
of the feasibility study of a proposed IBT scheme; one of the very first steps of such a project, regardless of the type (raw or treated
water), means (e.g. via permanent man-made canal/pipeline or via other logistics), location, layout, and other properties of an IBT not
yet decided upon at this stage. Other issues will inevitably come to light at later stages in the design, construction, and operation of an
IBT project which are normally case-dependent, hence they are not included in this study.
The framework starts by quality-checking the climate data. This includes pattern scaling for missing data and bias-correction for
correcting the projection based on historical time-series. For the case considered in this paper precipitation and temperature timeseries were obtained from UK’s Met Office most recent climate projection (UKCP18). Next, Potential Evapotranspiration (PET)
time-series was calculated from the temperature time-series. Then, GR4J rainfall-runoff model (Perrin, Michel, & Andréassian, 2003) is
calibrated using precipitation and PET time-series for an estimate of physical parameters of the exporting catchment. In order to make
Table 1
Positive and negative impacts of IBTs.
Positive impacts

Negative impacts

Reduction in cost to supply from alternative sources (Characklis, Kirsch, Ramsey, Dillard, & Kelley,
2006)
Increased reliability in water allocation (Characklis et al., 2006)

Aridification of exporting basin (Zhuang, 2016)

Repairing damaged ecological cycle (Zhuang, 2016)
Improved flood control for the exporting basin (Zhuang, 2016)
Decrease in land subsidence in the exporting basin (Larson, Başaǧaoǧlu, & Mariño, 2001)
Boost in agricultural yield and food productivity (e.g. Pakistan; Y. H. Li, Chen, and Shen (2003))
Improved water quality in the importing basin due to accelerated water exchange and improved selfpurification capacity of water (Zhuang, 2016)
Boosting tourism as a result of creating artificial and ecological landscape (Zhuang, 2016)

2

Harming the ecosystem of the exporting basin (Zhuang,
2016)
Increase in water consumption in the importing basin (
Zhuang, 2016)
Spread of pollution and disease (Zhuang, 2016)
Deterioration of water quality in the exporting basin (Ma &
Wang, 2011)
Decrease in hydropower generation in the exporting basin
(Karamouz et al., 2010)
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sure that climate impact assessment of the proposed IBT is robust against plausible future extremes, 99 scenarios are synthetically
generated using bootstrapping method and the initial UKCP18 member. For each scenario, the rainfall-runoff model is executed to
calculate future inflow time-series. These inflow time-series are used as inputs to the Pywr (Tomlinson, Arnott, & Harou, 2020) water
resources simulation model. The simulation model computes the temporal and spatial distribution of water in the system. Calculated
storage values at reservoirs from Pywr are then fed into the stream temperature model developed based on (Ficklin, Luo, Stewart, &
Maurer, 2012). This model calculates mean stream temperature in rivers using mean air temperature from UKCP18 dataset and other

Fig. 1. (a) Map of Kielder WRZ showing major demand and supply nodes and (b) schematic of Kielder WRZ generated by Pywr.
3
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Fig. 1. (continued).

inputs which are described in sections 2.1 and 3.6. A final post-processing stage calculates two risk indices. The Demand Allocation
ratio (DAR) provides an evaluation of hydrological drought. The Maximum Weekly Average Temperature (MWAT) is used to assess
fresh water habitat mortality by comparing it to the lethal temperature threshold of different species living in the natural streams of the
exporting region in order to evaluate the ecological risks.
2. Kielder to London IBT
In addition to groundwater and river abstractions, the Becton desalination plant can be used during droughts to meet the con
sumption of around 400,000 households in the Greater London Authority area. Operational costs are higher than traditional water
treatment plants. Furthermore, five more plants of Becton’s capacity would be required to meet London’s projected water deficit by the
end of the century. Despite recent heatwaves and growing number of summer water shortages in southeast England, there are no major
IBT operational. The UK’s National Infrastructure Commission recommended that a national water transfer network in England should
form a key component of a strategy to improve the UK’s resilience to droughts (NIC, 2018). Here we propose a hypothetical IBT to
deliver water from England’s north east, especially from Kielder reservoir, to London. This choice is informed by the fact that Kielder is
the largest reservoir in the UK and is located to one of its least water stressed regions. To investigate if such transfer negatively impacts
the exporting basin, we first describe the contributing water resources system.
2.1. Study area
Water resources in England’s north east is managed by Northumbrian Water Limited (NWL). Their water resources system com
prises two water resources zones (WRZs), Kielder and Berwick & Fowberry WRZs. Kielder WRZ is the focus in this study as it is home to
the largest man-made reservoir in Northern Europe, Kielder Reservoir (EA, 2020). Three major west-to-east rivers flow across the
region which all discharge to the North Sea. The northernmost is the River Tyne, further south is River Wear, and the southernmost is
the River Tees. Kielder has a maximum capacity of 198,200 Ml. Main source of demand for water is municipal consumption followed
by industrial and agricultural uses. Fig. 1 shows the study area and its components.
Various freshwater habitats are present in the three rivers of the region. The main species and those considered in this study are
Atlantic salmon (Salmo salar) and Brown trout (Salmo trutta) (EA, 2005; Walsh & Kilsby, 2007). The 7-day lethal stream temperature
for Atlantic salmon and Brown trout is 27.8 ◦ C and 24.7 ◦ C respectively (EA, 2008); these limits are the thresholds used in this study.
One of the key components of this WRZ is the Tyne-Tees Transfer (TTT). This intra-basin transfer system was built so that water
from Kielder can easily be transferred to southern parts of the WRZ whenever required. According to NWL, the ability to move water
from Kielder within the WRZ means that water can then be exported into the northern WRZs of neighbouring water companies, which
in turn, provides the potential to be traded further south (NWL, 2019).

4
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TTT comprises a pumping station on the River Tyne at Riding Mill, a rising main and gravity tunnel carrying water to Airy Holm
Reservoir, the River Wear and the River Tees. At the pumping station six pump units, each having a nominal fixed capacity of 90 Ml/d,
are installed. An agreed supply capacity limits maximum abstraction flow to three pumps; equalling 270 Ml/d. However, because the
provisional location for water transfer to London was at the outlet of TTT in its southernmost part, we excluded the pumping capacity
at Riding Mill from the water resources model. Airy Holm Reservoir serves as a header tank on the tunnel system to correct any
imbalance between pumping rates and outlet discharge. Airy Holm will normally be maintained near to full level in order to provide a
reserve for releases. However, no spillway discharge should occur as a direct result of pumping at the pumping station. Although NWL
(2019) forecasts that water demand in Kielder WRZ will gradually decrease over time, we used constant demand values from 1995
which was even higher than present (2020/21) demand and a key historic drought event in the region. This was done to assess the
proposed IBT against the most extreme demand scenario. The value of daily water demand we used in this study are 268.1 Ml, 265.9
Ml, 177 Ml, and 85 Ml for Newcastle, Durham, Darlington, and Tees Industrial respectively (NWL, 2019). There are other smaller
demand centres with water demand of<1 Ml per day. All demand values include a 5.3% target headroom to further account for
uncertainties.
The node “London_IBT” shows a demand centre which has a water demand equal to London’s water deficit. Thames Water Utilities
Limited (TWUL) manages the water supply for the majority of the Greater London area. Table 2 shows London’s projected water deficit
(TWUL, 2020).
We use interpolated values from Table 2 to calculate London’s water need for each year of the planning horizon. It should be noted
that we consider three transfer scenarios. A ‘NoTransfer’ scenario assigns zero demand to the “London_IBT” node and evaluates Kielder
WRZ business-as-usual under UKCP18 climate scenarios. The ‘NoTranfer’ scenario is developed and used as reference for later
comparisons. An ‘AllYearTransfer’ scenario means that the London IBT has a demand calculated based on Table 2. Finally, a ‘Win
terTransfer’ scenario means the IBT is turned off during dry seasons (the last 6 months of a water year; i.e. April to September) and
operational the rest of each year (i.e. October to March). However, the transfer volume is doubled during the winter months so the
overall volume is the same as the AllYearTransfer scenario. In all transfer cases, it is assumed that raw water is being transferred.
2.2. Climate data
The data used in this study is summarised in Table 3. Climate projection data is available at several resolutions. For this study, we
use the highest resolution, 2.2 Km data. This resolution was chosen due to closeness of some of the reservoirs in the system. Using
projections with lower spatial resolution (e.g. 12 Km) would have led to multiple reservoirs being located in one grid cell, thus
hindering the calculation of reservoir inflow and stream temperature. To ensure that the proposed IBT is sustainable against the most
extreme conditions, we use only climate data from the RCP 8.5 global greenhouse gas concentration scenario (van Vuuren et al., 2011),
the highest emissions scenario provided by UKCP18. There are 12 members within this scenario; each member is the output of the
climate model from different runs. However, we perform our analysis using the member representing the harshest climate. The annual
average summer air temperature and annual average winter precipitation values were calculated for all UKCP18 members. The 11th
member (scenario 2491) has the driest climate-see supplementary information S1. We use this as the “benchmark future” scenario in
this study to assess the performance of the IBT against the most severe projection available. The temporal resolution is daily and the
time horizon is 2021–80. No flow routing is required for daily time-steps due to the scale of Kielder WRZ.
Projected precipitation, prmod, and air temperature, tasmod, cannot be used immediately after downloading. Climate models outputs
such as these data exhibit systematic differences between model results and observations and require bias correction (Fung et al.,
2018). Two steps are required in doing so: (1) looking for missing data and filling the gaps if necessary, and (2) check for bias from the
observed values and correct for them.
2.3. Gap filling
The climate projection used in this study had missing data for 2040–60 (this segment of the projection has not yet been published by
the UK’s Met Office). Pattern scaling was first introduced by (Santer, Wigley, Schlesinger, & Mitchel, 1990) and is mainly developed for
the purpose of generating climate projections beyond the available ones (Herger, Sanderson, & Knutti, 2015). Several approaches have
been reported (Tebaldi & Arblaster, 2014) but here, a time shift approach is used. This entails taking the same window of data from a
different RCP (e.g. RCP4.5) for the missing time window of the RCP of interest (e.g. RCP8.5). The approach we adopted in this study
takes the missing data from the same RCP but from the next coarser resolution. We filled the gap (2040–60) in data for RCP8.5 and 2.2
Km resolution using data from the same time window from nearest grid cell in the RCP8.5 and 12 Km UKCP18 data. This has the
advantages of: (1) consistency between multiple variables such as physical relationship between temperature and precipitation, (2)
fully preserving correlation in space and time, and (3) being simpler to implement compared to other approaches.
Table 2
Projected London water deficit accounting for climate change and population growth (TWUL, 2020).
Year

2020

2025

2030

2045

2075

2100

Water deficit (Ml/d)

24

143

195

362

531

623

5
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Table 3
Data used in this study and their sources.
Data /
Parameter

Description

Source

prmod
tasmod

Modelled precipitation rate (mm/day)
Modelled mean air temperature at 1.5 m
above ground level (oC)
Observed precipitation rate (mm/day)
Observed mean air temperature (oC)
Supply shortfall for London (Ml/day)

UKCP18 user interface available at https://ukclimateprojections-ui.metoffice.gov.uk/products

probs
tasobs
dLond
di
Simin
Simax
infi
infiobs
area
T

ε

inf

i

Water demand for demand site i in the
exporting basin (Ml/day)
Minimum storage capacity of reservoir i in
the exporting basin (Ml)
Maximum storage capacity of reservoir i in
the exporting basin (Ml)
Inflow to node i in the exporting basin
(m3/sec)
Observed inflow at node i in the exporting
basin (m3/sec)
Catchment area of reservoir i
Temperature of inflow used in stream
temperature model
Air temperature addition coefficient

CEDA1′ s MIDAS2 Open archive available at https://help.ceda.ac.uk/article/96-weather-data
Thames Water3′ s WRMP194 available at https://corporate.thameswater.co.uk/about-us/ourstrategies-and-plans
Northumbrian Water’s WRMP19 available at https://www.nwg.co.uk/responsibility/
environment/wrmp/current-wrmp-2015–2020/

See section 3.2
National River Flow Archive available at https://nrfa.ceh.ac.uk/data/search
UK Environment Agency’s Catchment Data Explorer available at https://environment.data.gov.
uk/catchment-planning/
8.6 ◦ C, 14.6 ◦ C, 8.6 ◦ C, and 0.1 ◦ C during spring, summer, fall, and winter respectively. Values
taken from Ficklin, Stewart, and Maurer (2013) due to similar climate of the basins studied
ε = 2, the value Ficklin et al. (2012) obtained for a basin with similar climate to the one
considered in this paper

1

Centre for Environmental Data Analysis.
Met Office Integrated Data Archive System.
3
Thames Water is the private water company that manages the assets in the majority of London boroughs. This company has forecasted significant
water deficit for the future.
4
Water Resources Management Plan 2019; every five years, each water company in the UK must prepare and submit a plan of managing their assets
and strategies to secure water resources.
2

2.4. Bias correction
After filling the gap in the climate data, it is scrutinised for distortion from the observed values. In order to carry out climate impacts
studies, it should be investigated whether to modify the datasets for systematic differences between climate model results and ob
servations. This is done via bias-correction (Fung, 2018). Various approaches exist for bias-correction (Maraun, 2016; Teutschbein &
Seibert, 2012; Jakob Themeßl et al., 2011; Watanabe et al., 2012) but, in essence, all look at differences between the modelled and
observed value of a parameter (1980–2000 in our case) and try to correct any bias in the projected values using this difference. The key
requirement for bias-correction approaches is sufficient observed data. It is recommended to use at least 10 years of observed data to
capture the variation at the decadal timescale (Fung, 2018).
The main approaches for bias-correction include Linear Scaling (Guillod et al., 2018; Lafon, Dadson, Buys, & Prudhomme, 2013),
Variance Scaling (Leander & Buishand, 2007), Quantile Mapping (Brown, Boorman, Mcdonald, & Murphy, 2009; Lopez et al., 2009;
Prudhomme et al., 2012), and Trend-preserved Quantile Mapping (Hutchins et al., 2018). The first two approaches are simple but
Linear Scaling only corrects for mean values and often has to be coupled with other approaches for an efficient bias-correction per
formance. Variance Scaling retains climate change signals but variability follows that of observed ones thus restricted to the range of
observed anomalies. The main disadvantage of Trend-preserved Quantile Mapping approach is that variables are corrected inde
pendently which may result in physical inconsistency (bias-corrected temperature may show sub-zero values while rainfall is not
converted to snowfall). Quantile Mapping is the most commonly used approach for climate impact studies and for hydrological ap
plications. We also opted for this approach and implemented it via Climate Data Bias Corrector (CDBC, 2018; R. Gupta, Bhattarai, &
Mishra, 2019). We performed bias-correction for precipitation and temperature data for reservoir locations. To illustrate the per
formance of this exercise, we show the cumulative distribution function (CDF) for two reservoirs only (see Fig. 2). Bias-corrected data
cover 2021–80.
Fig. 2 clearly shows that for reservoirs where observed data was available only for few years (e.g. Fontburn Reservoir), biascorrection did not improve the quality of data. In those cases, non-corrected data was used. On the other hand, for reservoirs with
long enough observed data (e.g. Kielder Reservoir), bias-correction successfully improved the quality of climate projection data.
Overall, the climate data especially temperature data, was not heavily biased and the use of uncorrected data for some reservoirs is not
problematic.

6
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Fig. 2. Bias-corrected precipitation data represented as CDF (X axis shows precipitation in mm and Y axis shows the probability that a random
variable is less than or equal to specified value of x) for (a) Kielder and (b) Fontburn reservoirs.

3. Framework for risk assessment of Inter-Basin transfers
3.1. Workflow
The first step of the framework is to generate PET time-series from temperature time-series. Next step is to translate climate
(precipitation and PET) data into inflows at key locations within the basin. This is done through using a rainfall-runoff model. The
model has to be calibrated for the physical parameters of the catchment of interest. After obtaining the physical parameter, the PET and
precipitation time-series of the benchmark future is run through the rainfall-runoff model again, to get the corresponding benchmark
future inflow time-series at given locations of the catchment. Since we aim to investigate the impact of climate change on the proposed
IBT and evaluate its sustainability, we will test it against numerous scenarios. For this reason, we synthetically create an ensemble of
future scenarios from the benchmark future to explore as many plausible climates as possible. With inflows used as input, a water
resource modelling is carried out to compute the spatial and temporal distribution of flow and storage for different components of the
system. Next, calculated storage levels are taken to obtain stream temperature using the stream temperature model. Finally, two risk
indices are computed to investigate if the proposed IBT brings any hydrological harm in the form of drought and ecological damages in
the form of fresh water habitat mortality.

7
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3.2. PET model
There are three groups of methods to calculate PET: temperature-based methods, radiation-based method, and combined tem
perature and radiation methods. Since radiation data was not available through the UKCP18 portal, we adopted the temperature-based
Thornthwaite method (Thornthwaite, 1948). This method computes PET based on mean monthly air temperature using equation (1):
)0.16∑12 (0.2tasm )1.514 +0.5
(
m=1
16Nm
10tasm
PET m =
(1)
∑12
1.514
360
m=1 (0.2tasm )
where PETm is the potential evapotranspiration in the mth month (mm), Nm is the maximum possible duration of sunshine in the mth
month (hours), and tasm is the mean air temperature in the mth month. The PET model comprises the following steps: (1) from daily
mean air temperature time-series calculate the sum of non-negative air temperatures (tasTm) in each month (to be later used in step 4);
(2) convert daily mean air temperature time-series into monthly mean air temperature ; (3) calculating monthly PET values using
equation (1); (4) if a daily mean air temperature (tasd) is sub-zero PET for that day is set equal zero, otherwise it is calculated pro
portionate to tasd and tasTm using equation (2):
(
)
tasd
PET d = PET m
(2)
tasT m
3.3. Rainfall-runoff model
We use GR4J lumped rainfall-runoff model (Perrin et al., 2003). The GR4J model was chosen because of its simple structure and
parsimonious parameters. The GR4J model includes 4 parameters: production storage capacity (X1; mm), groundwater exchange
coefficient (X2; mm), one day ahead maximum capacity of the routing store (X3; mm), and time base of unit hydrograph (X4; day)
which have the reported boundaries of [20, 1200], [-5, 3], [20, 500], and [1, 5] respectively (Zeng, Xiong, Liu, Chen, & Kim, 2019). We
applied the same limits in the calibration process. The GR4J model we used for this study was written in Python.
For calibrating the GR4J model, we used Genetic Algorithm (GA; Sastry, Goldberg, and Kendall (2005)) as the optimisation tool
which takes the above four parameters as the decision variable while aiming to optimise the calibration objective function. Garcia,
Folton, and Oudin (2017) proposed that the mean of the Kling and Gupta efficiency (KGE) applied to the discharge and the KGE applied
to the inverse of the discharge provides a better calibration outcome compared to other objective functions (e.g. Nash-Sutcliffe Effi
ciency, NSE; Root Mean Squared Error, RMSE; Absolute Average Deviation, AAD; and Absolute Relative Error, ARE). Mathematical
representation of the above calibration objective function (equation (3)) is:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
KGE = 1 −
(3)
(r − 1)2 + (α − 1)2 + (β − 1)2
with
(
)(
)
M
− μobs Qsim
− μsim
Qobs
j
j
1 ∑
r=
M j=1
σobs σsim

α=

σ sim
σ obs

β=

μsim
μobs

(4)

In equations (3) and (4), r is the Pearson product-moment correlation coefficient, µ and σ are the mean and the standard deviation
of the observed (obs) and simulated (sim) discharge series respectively. α is the ratio between the simulated and observed standard
deviation values and β is the ratio between the simulated and observed mean values. The ideal values for parameters of equation (1) are
1, meaning that KGE = 1 represents a perfect fit of simulated discharges to observed ones. A poor calibration can have a negative KGE
value where 0 < KGE < 1 shows an acceptable goodness-of-fit. Again, as recommended by Garcia et al. (2017), we employ the
following calibration objective function for GA which is the average of KGE calculated using discharge values and KGE with the inverse
of discharge values (equation (5)):
(5)

maxZ(X1 , X2 , X3 , X4 , Q) = 0.5(KGE(Q) + KGE(1/Q) )

For GA, we used population size of 100, maximum generation of 1000, mutation probability of 0.2, and uniform crossover
probability of 0.5. We also performed a Random Seed (RS) analysis with 5 seeds to guarantee convergence.

8
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3.4. Ensemble of future scenarios
The ensemble of future climate scenarios is synthetically built using bootstrapping method (Anghileri et al., 2016; Harou et al.,
2006; Knight et al., 2018). For the driest member of the UKCP18 climate projection (the benchmark future), 99 synthetically-generated
scenarios are created by randomly reordering annual blocks in the climate time-series which preserves monthly autocorrelation
(Khadem et al., 2018). For instance, in the first synthetically-generated scenario the first year of the precipitation and mean air
temperature time-series might be data from year 2046 of the benchmark future, the second year being year 2031 of the benchmark
future and so on. With three transfer scenarios, a total of 100 scenarios are built. This method can cause drier condition than the
benchmark future due to prolonged drought condition (dry years placed next to each other during randomly reordering process), but
not due to having more severe drought. The severity of droughts is limited to extreme conditions in the benchmark future scenario. To
better understand how the original UKCP18 member compares to its bootstrapped time-series, we produced an envelope of inflows to
Kielder Reservoir which echoes above points – see supplementary information S2. Running the proposed framework under a wide
range of plausible future climates allow inflow uncertainty to be taken into account and guaranties sustainability of IBT schemes
against extreme events.
3.5. Water resources model
Many water resources model exist, but not all are computationally efficient to be used in a climate change impact analysis. Pywr
(Tomlinson et al., 2020) is a free and open-source (customisable and extendable) Python-based model. The model is 4-times faster than
other codes where typically the model run for each scenario and then each time-step is repeated. This leads to a lot of inefficient
function repetition. In Pywr, the model run is carried out for each time-step then each scenario in order to take advantage of shared
information across scenarios. This results in a faster execution of the model.
At the heart of Pywr lies a Linear Programming (LP) allocation routine. The general LP formulation shown below is widely used
among many optimisation-based water resources models (e.g. Kuczera (1992)). This formulation uses cost (penalty) parameters
assigned to components of a water resources system to determine allocation. The path with lowest total cost (sum of costs of all
components in a path) will be favoured (equation (6)).
∑
minz =
cT x
subject to:
a ≤ Ax ≤ b
(6)

l≤x≤u

where c is a vector of costs or penalties, x is a vector of commodity flow volumes in links, a and b are vector of known nodal inflow or
outflow volumes, A is a connection matrix (Aij = 1 if there is a link from i to j; 0 otherwise), and l and u are lower and upper limit for x
respectively. Pywr can also handle complex rules without compromising the LP formulation, making it a hybrid approach. These rules
are implemented by updating a, b, and/or A in equation (6). Using a hybrid approaches has clear advantages over traditional rulebased approaches. First, purely rule-based models applied to real-world problems can quickly become inefficient and tedious
(Draper et al., 2004). Second, rule-based models determine what will happen if a specific plan (solution) is adopted while an opti
misation engine can help indicate the best plan (solution) that should be adopted to satisfy the decision standards (Wurbs, 2005).
Hybrid models such as Pywr are ‘best of both worlds’ as long as the extra functionality does not damage the run time and compu
tational requirements.
3.6. Stream temperature model
One of the most commonly-used approaches to model stream temperature is the Soil and Water Assessment Tool (SWAT; Arnold,
Srinivasan, Muttiah, and Williams (1998)). The SWAT model uses a linear relationship of air–water temperature developed by Stefan
and Preud’homme (1993) to calculate average stream temperature of a well-mixed stream. Ficklin et al. (2012) stated that this may be
consistent with most rivers, but may not be the case when the stream temperature might be influenced by snowmelt, surface runoff,
and groundwater inflow volumes that alter stream temperature. Here, we follow the work of Ficklin et al. (2012) to calculate the
temporal and spatial distribution of stream temperature using flow and storage values from the water resources model. At each time
step t, by assuming complete mixing of flow at the location of node i, initial water temperature before the effect of air temper
ature,initTi,t , is calculated using the basic concept of heat equilibrium (equation (7)):
(
)⃒
∑
Si,t− 1 Ti,t− 1 ⃒i∈storage + inf i,t Ti,tinf + j|link(j,i) Qj,i,t Tj,i,t
⃒
initT i,t =
(7)
∑
Si,t− 1 ⃒
+ inf i,t +
Qj,i,t
i∈storage

j|link(j,i)

where T is the temperature after the effect of air temperature and Tinf is the temperature of the inflow. For the first time-step we assume
that T is equal to mean air temperature (tas) of that day. This assumption is not problematic as the calculation of temperature corrects
itself over a number of time-steps (model warm-up period – 20 days in our case). For days with sub-zero tas, inflow is composed of
9
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snowmelt having a temperature of 0.1 ◦ C (Ficklin et al., 2012). For days with above zero tas see Table 3 for Tinf. Stream temperature for
each node i and time-step t after the effect of air temperature is computed (equation (8)) as (Ficklin et al., 2012):
{
)
(
Ti,t = initT i,t +
) Ki,t × TTif tasi,t > 0
( tasi,t − initT i,t ×
(8)
Ti,t = initT i,t + tasi,t + ε − initT i,t × Ki,t × TTif tasi,t ≤ 0
Here, TT is the travel time of water through the basin. For the application considered in this paper, we take TT = 1 because flow
leaves the basin at its outlet in less than a day. ε (oC) is an air temperature addition coefficient, which was included to account for water
temperature pulses when tas is below zero. It allows the modelled water temperature to rise above zero when air temperature is still
below zero. K (1/oC) is a bulk coefficient of heat transfer and ranges from 0 to 1, with K = 1 when stream temperature is equal (or very
close) to air temperature. The value of K depends on the relationship between stream and air temperature within a catchment (Ficklin
et al., 2012).
We propose an extension to the study of Ficklin et al. (2012). We consider a linear relationship between air temperature and stream
temperature as in Morrill, Bales, and Conklin (2005). Since we took K = 1 for the first time-step, we can correct K for next time-steps (t
≥ 2) assuming that there is no significant spike in temperature between any two consecutive days:
(
)(
)
Ti,t− 1
tasi,t
Ki,t = Ki,t− 1
(9)
tasi,t− 1
tasi,t− 1
If equation (9) results in K greater than 1 and K < 1, then the model sets K = 1 and K = 0 respectively. Finally, stream temperature in
each river segment (link) is influenced by T in its immediate upstream node. It should be noted that in the case where modelled stream
temperature is less than zero, then the model sets T = 0.1 ◦ C.
⃒
Ti,j,t ⃒link(i,j) = Ti,t
(10)
3.7. Risk indices
The water resources and stream temperature models enable us to investigate (a) if the proposed IBT causes drought for the
exporting basin and (b) if alteration in stream temperature due to changes in flow and storage volumes poses risks to fresh water
habitats. Two risk indices are used here. For (a), we look at the lowest daily Demand Allocation Ratio (DAR) which is 1 when 100% of
demand is met and 0 when there is a 100% supply shortfall. Obviously, the ideal is to have this index equal (or very close to) 1 for every
scenario. For (b), we use Maximum Weekly Average Temperature (MWAT) index which is calculated as the highest 7-day period
computed as an average of daily mean stream temperature. For the latter index, the ideal is to not violate the tolerable temperature
threshold of the given fresh water habitat. Brungs and Jones (1977) suggest that short exposure to high temperature is not dangerous
for fresh water habitat. It is the longer exposure that can be lethal. That is why MWAT is a widely used criterion for assessing the
mortality rate of freshwater habitat due to heat flux. For calculating both risk indices, detailed system operation from a water resource
simulator is required. Pywr’s NumpyArrayNodeDeficitRecoder feature was employed to extract water deficit time-series to compute DAR
for demand centres and NumpyArrayStorageRecorder was employed to get reservoirs’ storage time-series used in MWAT calculation.
4. Results
4.1. Calibration and validation
Table 4 summarises the calibration results including the best estimate of GR4J parameters and the corresponding KGE objective
function (equation (5)).
The value obtained for the KGE objective function suggests a good fit between simulated and observed discharges. This is further
investigated and better illustrated in Fig. 3. But few points should be noted first. The calibration was performed only for Kielder
reservoir because it is the reservoir of the WRZ with the longest available historic records for calibration purposes. As such, we assume
the entire WRZ has the same catchment characteristics as Kielder. We performed another calibration run with 10,000 generations
instead of 1,000 to make sure the GA converged. The results were almost identical to those reported in Table 4 (only 0.1%
improvement in the KGE objective function was achieved). We used one year beyond the calibration period for validating the cali
bration results (Fig. 3).
This confirms the acceptable goodness-of-fit suggested by the obtained KGE value. The distortion for lower discharges are more
visible. This may be fixed by using a calibration objective function that favours smaller discharge values. Garcia et al. (2017) suggest
that in such cases, the objective function of equation (5) can be modified as Z = 0.1KGE(Q) + 0.9KGE(1/Q). However, a sensitivity test
using one extra seed gave very similar results (see Supplementary information S3).
Table 4
GR4J model calibration result.
X1 (mm)
585.19

X2 (mm)

X3 (mm)

X4 (day)

KGE

− 0.57

12.86

1.01

0.4883
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Fig. 3. Validation and calibration plot. The solid black line represents Y = X.

4.2. Hydrological and ecological risks
We first focus on the hydrological risk of the proposed IBT by looking at frequency and severity of any deficit brought to demand
centres of the exporting region. Fig. 4 shows the minimum daily DAR across all demand centres in Kielder WRZ and all 100 scenarios of
AllYearTransfer scenario.
As climate gets drier and London’s water deficits increases towards the end of planning horizon, water deficit in the Kielder WRZ
increases. When reduced water availability in summer months of Kielder WRZ is intensified by water demand from London IBT (note
that in AllYearTransfer scenarios the value of London IBT water demand is constant in each year), we can see sharp reduction in DAR
values. Even in the last year when London IBT demand is at its highest, we can spot occasions where DAR is equal 1 across all demand
centres and scenarios. This occurs in wet season which brings enough inflow to meet both Kielder WRZ and London IBT water needs.
The overall trend in Fig. 4 is that the sharp drops in DAR are observed in summer months where system gets back to normal in the
following winter and the magnitude of summer fall in DAR increases over time as demand by the IBT to meet London’s growing water
deficit increases.
For the first 10 years (2021–30), the system has no problem to meet the London water deficit. For the next 5 years (2031–35), some
shortfalls are observed but they are not due to the London IBT operation, but a prolonged drought in some of climate scenarios created
during the bootstrapping stage. After around 2035, the system struggles to cope with meeting the demand of the London IBT as notable
deficit (DAR < 95%) starts to emerge in demand centres. In the worst case scenario, by 2080 the city of Newcastle could not meet 60%
of its water need which is equal to 161.13 Ml/day water deficit. This is primarily due to increased demand from London and how
Kielder WRZ operates. Newcastle is the largest demand centre of the region and reservoirs south of River Tyne cannot supply New
castle. Supplementary information S4 represents results of Fig. 4 for different demand centres over the critical period of 2035–80.
Fig. 4 clearly indicates that transferring London’s water deficit throughout each year will not be feasible due to hydrological damages
to the exporting WRZ.
We also investigated the hydrological risk index for other two transfer scenarios. For ‘NoTransfer’ scenarios, the value for DAR was
equal 1 across all demand centres and for all climate scenarios. This is consistent with NWL’s findings (NWL, 2019) in which they

Fig. 4. Minimum of daily DAR values across all climate scenarios and demand centres of Kielder WRZ for AllYearTransfer scenario.
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spotted no supply deficit until the end of their planning horizon (2060). For ‘WinterTransfer’ scenarios, only few scattered occurrence
of DAR < 1 was observed. This, similar to the reason behind observed shortfall during 2031–36 in ‘AllYearTransfer’ scenarios, was due
to the prolonged drought within the bootstrapped climate scenarios and not because of meeting London’s water shortfall. Higher
inflows in Kielder WRZ during wet seasons make it feasible to transfer large volumes of water to London. In section 4.3, we further
investigate what this means for Kielder WRZ.
Next, we assess potential ecological harms of London IBT to Kielder WRZ. This is depicted in Fig. 5. Stream temperature imme
diately downstream of the most upstream reservoir for each river system was evaluate: Kielder Reservoir for River Tyne, Burnhope
Reservoir for River Wear, and Cow Green Reservoir for River Tees. Then we took the maximum of MWAT values across all rivers and all
climate scenarios.
In all transfer scenarios, stream temperature time-series are similar and are not violating the lethal temperature threshold for
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Fig. 5. Maximum of MWAT across all three rivers of Kielder WRZ (a) over the planning horizon of 2021-80, and (b) zoomed-in during 2025.
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Atlantic salmon and Brown trout. As water flows downstream air temperature (consequently stream temperature) increases. Yet, the
analysis suggests that stream temperature at the most downstream parts of the system and the slight variation from different transfer
scenarios would not still be problematic for fresh water habitat. This is because the stream temperature shown in Fig. 5 for the most
upstream parts are well below the lethal temperature threshold and the altitude difference (hence air temperature difference) between
the upstream and downstream extent of the WRZ is not notably high.
In scenarios where storage in upstream reservoirs are generally low (e.g. ‘AllYearTransfer’ scenarios), inflow temperature has the
key role in determining stream temperature (see equation (7)). According to Table 3, inflow temperature does not go above 14.6 ◦ C in
summer months. For cases when storage in upstream reservoirs is near full capacity and is much higher compared to their inflow
volumes (e.g. wet season of ‘NoTransfer’ scenarios), it coincides with low air temperature. Therefore, the resulting stream temperature
will be low as well.
4.3. Implications for Kielder reservoir
To better understand the hydrological consequences of the proposed London IBT, we compare the operation of Kielder Reservoir
corresponding to the results shown in section 4.2. We compare the minimum of Kielder storage level in each day obtained by Pywr
across all climate scenarios for ‘AllYearTransfer’ and ‘WinterTransfer’ scenarios only. Results from the ‘NoTransfer’ scenarios are
excluded here for the sake of better readability of the comparison (Fig. 6).
The operation of Kielder Reservoir under ‘WinterTransfer’ scenarios shows the expected seasonality in the storage. Yet, two drops
can be seen in each year – see Fig. 6.b. One happens during reduced summer flows and the other occurs during increased water
transferred to London during winter. For ‘AllYearTransfer’ scenarios, however, Kielder storage drops as London IBT demand value
increases, showing that the system is struggling to supply water to both Kielder WRZ and London. The results shown in Fig. 6 reinforce
those in Fig. 4. The ‘NoTransfer’ scenarios were very similar to those of ‘WinterTransfer’ with two exceptions. First, the storage levels
are on average higher than those of the ‘WinterTransfer’ scenarios (the average of minimum simulated storage was 191,729.3 Ml, and
194,613.4 Ml for the ‘WinterTransfer’ and ‘NoTransfer’ scenarios) because the London IBT demand is not implemented. Second, only
one substantial drop in available storage is observed each year due to low flow in summer months.
5. Discussion and conclusion
IBTs have been identified as one of the important available solutions to address water supply challenges, especially where there is a
geographical mismatch between water resources and demand. Although more than 160 large-scale IBTs around the world are spread
across 20 countries, the UK only has smaller schemes. However, the UK’s National Infrastructure Commission has encouraged water

Fig. 6. Operation of Kielder Reservoir under two transfer scenarios: (a) over the planning horizon of 2021-2080, and (b) zoomed-in during 2025.
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companies to consider IBTs as one of the options to secure a more resilient water future. The risk of a major drought in London is
increasing.
This paper has developed and demonstrated a framework to assess the hydrological and ecological risks of a hypothetical IBT from
UK’s largest reservoir, Kielder, to London. The framework tests the proposed IBT against a wide range of future climates which are
synthetically generated from the driest UKCP18 member from the 2.2 Km resolution simulations under RCP8.5. This allowed us to
simulate the spatial and temporal distribution of water in the system and the performance of the IBT under the worst case projections in
UKCP18, which ensures inflow uncertainty is considered and the hypothetical IBT is sustainable. The Demand Allocation Ratio (DAR)
and Maximum Weekly Average Temperature (MWAT) are calculated to assess hydrological and ecological impacts of the proposed IBT
respectively. The approach uses tools and data that are scientifically robust, computationally efficient, and freely available for
transparency and auditability. The framework is generalisable, i.e. it can be readily applied to other WRZs with reservoirs of any
capacity or stricter environmental flow requirements and the results will suggest if such WRZs are suitable for being part of an IBT.
Three IBT scenarios were considered. A NoTransfer scenario was used as the comparison reference. AllYearTransfer scenarios
constantly deliver London’s daily water deficit throughout each year. WinterTransfer scenarios include a turned off IBT during dry
season while they deliver twice the London’s daily shortfall during wet seasons so that the total amount of water delivered to London
remains the same as AllYearTransfer scenarios. Results showed that the transfer is only feasible under WinterTransfer scenarios if per
capita consumption remain the same or do not increase. When WinterTransfer is considered, climate change does not cause notable
hydrological and ecological impacts to the exporting region compared to NoTransfer scenarios. With NoTransfer scenarios, however,
Kielder storage can sometimes get very close to its maximum capacity which has the potential to increase flood risk to areas down
stream. None of the transfer scenarios impose ecological risk in the form of stream temperature violating the lethal temperature
threshold of the fresh water habitats. A further question might arise: how would Thames Water manage the high volume of imported
water during their wet season in a WinterTransfer scenario? One solution is to recharge their aquifers (Chalk aquifers in case of London
for example) with the imported water to serve as a water bank. Or to build a small reservoir as a header tank (similar to the role of Airy
Holm for TTT system) that accumulates incoming WinterTransfer water for release in the following summer.
This work has shown the projected water deficit in London could be satisfied by an ambitious North-South IBT without negatively
impacting the exporting basin even under the driest projected climate scenario. The current water resource management plan com
prises a portfolio of leakage reduction, demand reduction, new groundwater and reuse schemes, and regional transfers. However, if
population growth is higher, demand reduction fails to return the necessary benefits, or if the higher standard of drought resilience (1
in 500 as opposed to 1 in 200 years) called for by the NIC (2018) is imposed then a long distance IBT may be essential to sustain
London’s water supply.
Uncertainties in climate data are inevitable, however by identifying operational conditions that satisfy the worst case projection the
conclusion is valid for the full range of uncertainty in the UKCP18 outputs. Yet, the use of bootstrapping to complete the timeseries
does not allow for extremes to be generated beyond those in UKCP18 member 2491. Although the overall framework is not dependent
on a particular choice of model, in this case Pywr uses a Linear Programming solver which is computationally efficient but does not
resolve sub-timestep water transfers accurately under certain conditions (Ilich, 2008, 2009). The most significant assumption is that
the response in the importing basin remains static.
No modelling exercise is perfect and our work is no exception. For example, the performance of the stream temperature has been
tested by validating against historical records. Modelled historical stream temperature was contrasted against the observed historical
counterparts over the period of 1981–2000 for River Tyne. Although a Root Mean Squared Error (RMSE) of 1.6 ◦ C between modelled
and observed historical stream temperature values showed an acceptable validation, there is certainly room to improve the stream
temperature model by, for example, using a more complicated method (those that take both radiation and average air temperature as
input). Further work will extend this analysis to include (i) consideration of possible increase in water consumption as consumers are
made aware of the new source of water (Zhuang, 2016); (ii) how concurrent drought conditions in the importing basin as well as the
exporting basin leading to increased demand on the IBT beyond that considered in the Thames Water (TWUL, 2020) projections; and,
(iii) how alternative supply and operational strategies, and demand-side measures such as a dynamic water tariff based on cap-andtrade policies might be deployed to mitigate more severe drought conditions.
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