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ABSTRACT

This study attempts to compare the performance of two statistical downscaling frameworks in
downscaling hydrological indices (descriptive statistics) characterizing the low flow regimes of
three rivers in Eastern Canada- Moisie, Romaine and Ouelle. The statistical models selected
are Relevance Vector Machine (RVM), an implementation of sparse Bayesian Learning, and the
Automated Statistical Downscaling tool (ASD), an implementation of Multiple Linear Regression.
Inputs to both frameworks involve climate variables significantly (a=0.05) correlated with the
indices. These variables were processed using Canonical Correlation Analysis and the
resulting canonical variates scores were used as input to RVM to estimate the selected low flow
indices. In ASD, the significantly correlated climate variables were subjected to backward
stepwise predictor selection and the selected predictors were subsequently used to estimate the
selected low flow indices using multiple linear regression. With respect to the correlation
between climate variables and the selected low flow indices, it was observed that all indices are
influenced, primarily, by wind components (Vertical, Zonal and Meridonal) and humidity
variables (Specific and Relative Humidity). The downscaling performance of the framework
involving RVM was found to be better than ASD in terms of Relative Root Mean Square Error,
Relative Mean Absolute Bias and Coefficient of Determination. In all cases, the former resulted
in less variability of the performance indices between calibration and validation sets, implying

better generalization ability than for the latter.

Keywords: Downscaling, Low flows, Canonical correlation analysis, Sparse bayesian learning,

Multiple linear regression
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1 INTRODUCTION

Canada exhibits a considerable diversity in land use and climate which results in differences in
processes affecting low flows at different geographic locations. Information on low flows is
required for several purposes such as industrial needs, agricultural demands, water pollution
control requirements and environmental flows. In addition, low flows play a crucial role in
riparian ecosystem and salmon migration due to their impact on the reduction of habitat quality
and quantity (Frenette et al., 1984). In a comprehensive review on low flow hydrology Smakhtin
(2001), indicated that climate change may have greater effects on low flows than high flows. In
a recent study, Burn et al. (2008), found differences in low flow characteristics and their
associated impacts between six regions across Canada. In Quebec, the timing of low flows was
found to transit from a unimodal distribution of late winter flows in the northern portion of the
province, to a bimodal distribution (both late winter and late summer flows) in the central parts of
the province, to a unimodal distribution of late summer flows in the southern portion of the
province. During winters, low flows occur as a result of storage depletion following freezing
temperatures, whereas, occurrence of summer low flows is attributed to low precipitation and
increased evaporation due to higher temperatures.

A number of hydrological indices (HIs) characterizing different aspects of the low flow regime of
a river, have been proposed. These indices have been extensively used in water resource
development and provide a convenient desktop method to assess flow thresholds (Arthington et
al.,, 2006; Monk et al., 2006; Richter et al., 1998). The development of HIs depends on the
nature of objectives in hand and applied methodology (Olden and Poff, 2003).The most
commonly used hydrological indices include 7Q10, 7Q2, Q¢ and Qg flows (Riggs et al., 1980;
Smakhtin, 2001; Tharme, 2003), where subscripts indicate percentiles and normal fonts indicate
return periods. In Canada, the indices 7Q10, 7Q2 and 30Q5 are the most widely used
characteristics for determining the waste load assimilative capacity and water supply
management during droughts. In recent years, low flow indices have been used in ecological
flow studies. The natural flow paradigm (Poff et al., 1997), is a framework to assess ecological
flow needs that is based on the notion that in an altered hydrological regime, flows should be
managed such that key characteristics of the natural hydrogram are reproduced. In this context,
low flow indices are grouped in five categories: Amplitude, Frequency, Duration, Timing and

Variability. Using indices from each category in the context of the study of climate change
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impacts on low flows offers the advantage of providing key ecologically sensitive information

without having to generate daily flow time series.

For a better understanding of potential future changes due to anthropogenic activities, several
studies investigated the presence of trends in low flow indices (Adamowski and Bocci, 2001;
Burn and Elnur, 2002; Ehsanzaeh and Adamowski, 2007; Yue et al, 2003; Yue and Pilon, 2003;
Zhang et al., 2001 ). Keeping in view the adverse effects of climate change and the relevance
of low flow information in water resources management, Smakhtin (2001), gave emphasis to the
need to quantify the impacts of climate change on low flows. Typically, future climate change is
modelled with several hypothetical scenarios generated by General Circulation Models (GCM).
The inability of the GCMs to capture sub-grid scale features (such as topography and land-use),
due to its coarse spatial resolution made it unsuitable for climate change impact studies.
Therefore, the climate research community focussed on the development of ‘downscaling
techniques’ to shorten the gap between large and local scale climate data. To date, impact
studies of climate change on hydrology are investigated through a two step process. The first
step involves using GCM outputs to generate local climate conditions such as precipitation and
temperature, which is known as ‘downscaling’. The downscaled local climate data are then
introduced as input to a hydrological model to project the hydrological changes that may be
brought about by future climate (Drogue et al., 2004; Flato et al., 2000; Loukas et al., 2002;
Nash and Gleick, 1991; Roy et al., 2001; Simonovic and Li, 2003).

Downscaling methods (Wilby et al., 2004) are divided into two categories: dynamical and
statistical (also known as empirical} approaches. Dynamical approaches involve running
regional climate models (RCMs) with GCM outputs as boundary conditions to simulate
processes at much finer scale in comparison to GCMs. However, RCMs are computationally
expensive in addition to the possibility of being applied to limited periods and regions. The
current work relies on Statistical Downscaling (SD) approaches. These approaches derive the
relationships between broad scale variables (predictors), obtained from reanalysis data, and fine
scale surface conditions (predictands). The variables that are strongly related with the
predictand or response variable must be selected as predictors. Future projections from GCM or
RCM are then used in these relationships to estimate the changes in the response variable. SD

methods can be classified into three types: weather classification approach, weather generators

and regression based methods.



Regression methods were among the earliest downscaling approaches (Kim et al., 1984; Wigley
et al., 1990). These approaches generally involve establishing linear or nonlinear relationships
between predictors and predictands. Several studies have shown that accounting for non-
linearity in the relationships between the predictors and predictands can result in better
downscaling ability. Examples of such methods include- Artificial Neural networks (Hewitson
and Crane, 1996), kernel based neural networks such as Support Vector Machines (SVM)
(Cortes and Vapnik, 1995; Cristianini and Taylor, 2000; Haykin, 2003; Sastry, 2003; Tripathi et
al., 2006; Vapnik, 1995,1998 ).

The two-step modelling framework combining GCM outputs to a hydrological model is usually
constrained by the gaps existing between GCMs ability and spatial resolution, and the need of
hydrological modellers. According to Xu (1999), there are spatial, temporal and vertical scale
mismatches between GCMs hydrological models. In addition to that there are mismatches
between GCMs accuracy and the hydrological importance of the variables. For example, runoff,
soil moisture and evaporation are not well represented by GCMs but are of extreme importance
in hydrologic regimes. Apart from these gaps, the data requirement of these hydrological
models, particularly fully distributed models, are large. Davison and Kamp (2008), in a brief
review, analyzed six models developed and/or used in Canada, in terms of their ability to model
low flow processes. The models varied in their ability to incorporate low flow processes such as
drawdown of storage in lakes, stream channels and wetlands, riparian evapotranspiration,
freeze-up and bank storage. One way to overcome the drawbacks associated with the two step
approach could be to establish a direct link between broad scale climate variables and low flow
indices. Such a direct link is criticised because of an over-simplification of the hydrological cycle
and ignorance of the factors affecting streamflow variability such as land use . In a review on the
impacts of large scale climate variability on low flows over Canada, Bonsal and Shabbar (2008)
found that low streamflows for rivers in Eastern coastal regions of Quebec are positively
correlated with Northern Annular Node and negatively correlated with EI-Nino Southern
Oscillation (ENSO) and Pacific North American pattern (PNA) before 1970s but positively
correlated with PNA afterwards. Such a study implies a link between the variables
characterising atmospheric processes and low flow indices.

To our knowledge, direct downscaling of low flow indices, linking low flow indices to large scale
atmospheric predictors, has never been investigated before. Hence the objective of the current
work is to test the ability of two downscaling frameworks, to downscale low flow Hls. The first
framework involves an implementation of Sparse Bayesian Learning (SBL) which is a

probabilistic Bayesian approach whereas the second involves an implementation of Mulitiple
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Linear Regression (MLR). SBL is a recently developed approach and based on literature review,
the numbers of applications of SBL for downscaling purposes, particularly in North America
were found to be scarce. MLR, on the other hand, has been applied in many downscaling
studies involving predictands such as precipitation, temperature (Hessami et al., 2008; Wilby et
al., 2002) and runoff (Nieto and Wilby, 2005). The downscaling abilities of the two frameworks
will be tested for the low flow Hls corresponding to three rivers in Eastern Canada-Romaine,
Moisie and Ouelle. The following section describes the background and mathematical

formulations behind the approaches.
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2 STATISTICAL DOWNSCALING

A diverse range of statistical downscaling methods have been developed in recent past. Details
of the general theory, limitations and practices of these methods have been discussed in detail
elsewhere (Giorgi and Mearns, 1991; Wilby and Wigley, 1997; Xu, 1999). These sources group
downscaling techniques into four main types: (1) dynamical climate modeling, (b) synoptic
weather typing, (c) stochastic weather generation, or (d) regression based approaches.
Regression-based downscaling methods are frequently used. These methods rely on empirical
relationships between local-scale predictands and regional-scale predictor(s). Driven by the
need to provide a decision support tool for the rapid development of single-site, ensemble
scenarios of daily weather variables under current and future regional climate forcing, Wilby et
al. (2002), developed a Windows based decision support tool known as Statistical Downscaling
Model (SDSM).

2.1 Automated Statistical Downscaling Tool

Inspired by the SDSM approach, Hessami et al. (2008) developed an automatic statistical
downscaling (ASD) tool. ASD is a regression based approach, capable of performing statistical
downscaling automatically from predictor selection to model calibration, scenario generation and
statistical analysis of scenarios. The automation is designed to replace SDSM'’s subjective
method of predictor selection, requiring significant input on the part of the user, with a more
objective approach. It allows two methods of predictor selection: backward stepwise selection
(McCuen, 2003) and partial correlation coefficients (Afifi and Clark, 1996). In addition to MLR, it
also allows the use of ridge regression (Hoerl and Kennard, 1970) which accounts for the
collinearity of the predictors, which can make the least square estimates of the regression
coefficients unstable. Full technical details, including model validation and usage, are described
by Hessami et al. (2008).

2.2 Sparse Bayesian Learning

Several studies have shown that accounting for non linear relation between the predictors and
predictand can improve the goodness of fit (Huth et al., 2008). For this reason, Artificial Neural

Network (ANN) based downscaling techniques gained wide recognition (Crane and Hewitson,
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1998; Wilby et al., 1998). The ability to generalize a relationship from given patterns makes it
possible for ANNs to solve large-scale complex problems such as non-linear modeling and
classification (ASCE Task Committee on Artificial Neural Networks in Hydrology, 2000b;
Govindaraju and Rao, 2000). While accuracy in predictions is universally valued, a recent
interest in the notion of sparsity diverted the focus of the research community on learning
algorithms which use fewer parameters. One of the significant developments in this direction is
Support Vector Machines (SVM), a machine learning algorithm. SVM (Cortes and Vapnik, 1995)
have found wide application in the fields of pattern recognition and time series analysis.
However, despite its success, SVM suffered from several drawbacks which were overcome in
Sparse Bayesian Learning (SBL) algorithms. SBL (Faul and Tipping, 2002) enables exploiting a
probabilistic Bayesian learning framework to derive accurate prediction models which utilise
dramatically fewer basis functions than SVM for a comparable problem. A detailed description of
the theoretical background of SBL and the mathematical formulations of the algorithm are

shown in appendix 1.

2.2.1 Relevance Vector Machine

RVM (Tipping, 2001) makes predictions based on functions implemented by SVM. SVM makes

predictions based on the function

t=flw) =35, wK{x,x)+ wg (2-1)

where K{x, ) is a kernel function, effectively defining one basis function for each example in the

training set. RVM is a Bayesian treatment of (2-1). The most compelling feature of RVM is that,
while capable of generalisation performance, it supports sparsity by utilising fewer kernel
functions (Chen et al., 2008).
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3 STUDY AREA AND DATA RESOURCE

The study area comprises of three rivers in Eastern Canada- Romaine, Moisie and Ouelle.
Moisie and Romaine are located on the North shore whereas Ouelle is located on the south
shore of the St. Lawrence River. The current study focuses on these three rivers as they sustain
Atlantic Salmon (Salmo salar) populations, which has been regarded as an endangered species
(Committee on the Status of Endangered Wildlife in Canada, 2011).

The locations of discharge and meteorological stations on each of these rivers are shown in
figure 2.1. Both Moisie and Romaine have one hydrometric station and have two meteorological
stations located within the limits of their drainage basins. River Ouelle has one discharge and
one meteorological station, with the former lying within and the latter lying outside the limits of
its drainage basin. The details of the hydrometric stations are given in table 2.1. The source of
flow and meteorological data for each of bthe three stations is the Environment Canada database

(hitp://www.climate.weatheroffice.gc.ca ). For the flow data, years with one-third of the data (>4

months) missing were excluded.
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Figure 2.1 The study area map showing the locations of discharge and meteorological stations on each
river. The squares and circles denote meteorological and discharge stations, respectively.

Table 2.1 Description of discharge stations.

. . . Catchment
Station Latitude Longitude Area(Km?) Years Years Excluded

Romaine 50°18'28"N  63°37'21"W 13000 12%6310' 2007
Moisie  50°211"N  66°1125"W 19000 12%61%' 1967,1999,2000, 2007
Ouelle  47°2252'N 69°57'29" W 795 12%‘?10‘ 1967,1981,1982,1996
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The precipitation and temperature (daily average) normals of the meteorological stations are
shown in figure 2.2. Due to limited data availability the normals for Lac Eon and Havre St-Pierre
meteorological stations were calculated from 1964-1976 (13 years) and 1964-1984 (21 years),
respectively. For the rest of the stations normals were calculated for 30 years (1971-2000). The
meteorological stations at Sept-lles and Havre St-Pierre are located near the discharge stations
on Moisie and Romaine, respectively. Spatial differences in temperature are evident between
stations corresponding to Moisie and Romaine in the North shore and Ouelle in the south shore.
The maximum daily average temperature is observed at station La Pocatiere (18.0°C in July) on
Ouelle, followed by Sept-lles (15.5°C in July) on Moisie and Havre St-Pierre (14.1°C in August)
on Romaine. The minimum daily average temperature is exhibited by Fermont (-23.0°C in
January) on Moisie, Lac Eon (-18.2°C in February) on Romaine and La Pocatiere (-10.3°C) on
Ouelle. In addition to that, potential evaporation (plots not shown) shows an increase from north
to south (Burn et al., 2008). Highest annual precipitation is observed at station Sept-lles
(1156mm) and lowest at station Fermont (806.5mm).

The flow regime of each river is shown in figure 2.3. The daily mean specific flow is indicated by
darker lines and the dotted lines represent daily mean flow plus and minus the daily standard
deviation. Winter low flows are prominent for Romaine and Moisie. The minimum specific flow
for Moisie (~4.5 Ls'Km™?) is slightly lower than the same for Romaine (~5.39 Ls'Km?). The
hydrogram corresponding to river Ouelle reveals the presence of two low flow seasons (late

winter and late summer). In addition to that, daily flow variability is highest in the case of Ouelle.
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Figure 2.2 Precipitation and Temperature normals of the meteorological stations. For Lac Eon and
Havre-St Pierre normals are calculated for 1964-1976 and 1964-1984 respectively. For the
remaining stations normals correspond to 1971-2000.
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Figure 2.3 Mean specific hydrograms for (a) Romaine, (b) Moisie and (c) Ouelle. The dotted lines indicate

daily mean specific flow plus and minus the daily standard deviation. The drainage area of
each river is also indicated.
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4 METHODOLOGY

4.1 Selection of Low flow Indices

Over 200 Hls have been defined and reported in the literature (Clausen and Biggs, 1997,
Extence et al., 1999; Hughes and James, 1989; Poff and Ward, 1989; Puckridge et al., 1998;
Richter et al., 1998). In a study, attempting to characterize the low flow regimes of rivers in
Eastern Canada using data from 175 discharge stations, Daigle et al. (2011) identified 71 His
as potentially relevant from the low flow perspective. Following Richter et al. (1996) these
indices were categorized into five groups describing different aspects of low flow regime -
magnitude, frequency, duration, variability and timing. The number of indices was reduced from
71 to eight highly informative and low-correlated His using Principal Component Analysis (PCA).
The selected HIs were then tested for their ability to describe the regional features and
differences among the low flow regimes of rivers in Eastern Canada. Based on this work, non
redundant Hls, explaining more than 75% of variance of low flow Hls, were selected for the
current work. To account for the impacts of temporal dependence on the validity of statistical
estimates, indices exhibiting autocorrelation were avoided. In keeping with the principles of the
natural flow paradigm, the selected indices were: minimums of March flow values for each year
(A1), ratio of the lowest annual monthly discharge to the mean annual discharge (A2), average
Julian date of the seven annual one day minimum discharges (T), standard deviation of the
Julian date of the seven 1-day minimum discharges (V), 90-day minimum divided by the median
of the entire record (D1) and 90-day minimum calculated for July-October, divided by the
median of the entire record (D2).These indices are shown in table 2.2. Figure 2.4 shows box
plots corresponding to the selected low flow indices for each river. The median and the outliers
are represented by a gray line and '+ sign, respectively. The following section briefly describes

some of the inferences drawn from these box plots.
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Table 2.2 Selected hydrological indices definition with index code.

Index Description Timing
A1l Minimums of March flow values for each year Yearly
(Ls'km?)
A2 Ratio of the lowest annual monthly discharge to Yearly
the mean annual discharge (unitless)
T Average Julian date of the seven annual 1-day Yearly
minimum discharges (Julian date)
Vv Standard deviation of the Julian date of the Yearly
seven 1-day minimum discharges (days)
D1 90-day minimum divided by the median of the Yearly
entire record(unitless)
D2 90-day minimum calculated for July-October, Seasonal

divided by the median of the entire record
(unitless)
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Figure 2.4 Box plots of low flow indices using the entire available dataset. The gray line represents the

median and the ‘+’ sign shows the outliers.
4.1.1 Selected Low flow Indices

4111 A1 (Minimum March Flows)

For Moisie, the A1 mean and median values of the sample are 4.2 L/s/Km? and 3.8 L/s/Km?,
respectively. There are two outliers corresponding to the years 1968 (6.8 L/s/Km?) and 1981
(8.9 L/s/Km?) because both the years have experienced rainfall events in the month of February
leading to 88.2 and 116 mm of rain, respectively. For the discharge station on river Romaine,
the mean and median values of the index are 4.8 and 4.7 L/s/Km?, respectively. There are two
outliers corresponding to the years 1970 (7.4 L/s/Km?) and 1981 (8.8 L/s/Km?). In the case of
river Romaine, the station Havre St-Pierre experienced winter rainfall events in the month of
January correspondihg to years 1970 and 1981 amounting to 60.6 and 76.10 mm of rainfall,
respectively. For Ouelle, the mean and the median values of the index are 2.5 and 2.0 L/s/Km?
and there is one outlier corresponding to the year 2000 (10.2 L/s/Km?). Among the three rivers,
the index corresponding to Romaine shows the highest median value followed by Moisie and
Ouelle. Based on the interquantile range (IQR), it can be said that the index corresponding to

Ouelle exhibits largest variability. For Romaine, the position of the median and the length of the
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top and the bottom whiskers reflect proximity of the distribution of the sample, to symmetry. For

Moisie and Ouelle the same factors indicate positive skewness.

41.1.2 A2 (Base flow Index)

For Moisie, Romaine and Ouelle, the respective A2 mean (median) values of the sample are
0.20 (0.194), 0.223 (0.218) and 0.12 (0.111). In case of Moisie there is one outlier
corresponding to year 1968. In case of Romaine, there are two outliers corresponding to years
1962 and 1974 and so is for Ouelle, for the years 1986 and 2006. In all the cases, the length of
the whiskers and the position of the median indicate reasonably symmetric sample. The median
value is highest for Romaine followed by Moisie and Ouelle. In terms of IQR, the largest

variability is exhibited by Ouelle followed by Moisie and Romaine.

41.1.3 T (Average Julian date of seven one day minimum)

The mean (median) values of the samples of the T index from Moisie, Romaine and Ouelle are
113.6 (116), 111.49 (113.15) and 182.61 (218.28) respectively. The box plots show that the
samples corresponding to Romaine and Moisie are comparable to each other in terms of
variability and magnitude of the median. On the other hand, the same from Ouelle shows higher
median and larger variability in comparison to the rests. The larger variability can be attributed
to the bimodal distribution of the timing of low flows (late winter and late summer). In addition,
for Ouelle, the position of the box and the length of the lower whisker indicate a negatively
skewed sample. For Moisie and Romaine, the samples appear to be reasonably symmetric. For
the former, the box plot is characterized by two outliers corresponding to years 1968 and 1981.
Daily minima for Moisie are observed in the months of March and April. For these years, rainfall
events occurred in February, shifting the daily minima to January thus decreasing the index

value.
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41.1.4 V (standard deviation of the Julian date of seven one day minimum)

For all the rivers, the box plots of the V values are characterized by several outliers. For Ouelle,
in the ‘outlier years, daily minima appear in both of the low flow seasons, increasing the
variability of the corresponding Julian dates. The mean (median) values of the samples from
Moisie, Romaine and Ouelle are 3.55 (2.16), 3.50 (2.16) and 16.36 (3.31), respectively. For all
the rivers, the box plots indicate positively skewed samples. The mean, median and the
variability of the samples are comparable between Romaine and Moisie. The sample
corresponding to river Ouelle exhibits highest median and largest variability in comparison to the

rest.

41.1.5 D1 (Annual 90 day minimum divided by Q50)

The mean (median) values of the D1 index for Moisie, Romaine and Ouelle are 0.19 (0.185),
0.22 (0.21) and 0.33 (0.31) respectively. The sample from Ouelle exhibits highest median
followed by Romaine and Moisie. Apparently from the box plots, Ouelle manifests largest
variability followed by Romaine and Moisie. The samples from Romaine and Moisie appear to
be reasonably symmetric whereas the same from Ouelle is right-skewed. There are outliers
corresponding to years 1970 for Moisie; 1962, 1967, 1970 and 1978 for Romaine and 1973 and
1979 for QOuelle.

4.1.1.6 D2 (90 day minimum for S2 divided by Q50)

The mean (median) D2 values of the samples from Moisie, Romaine and Ouelle are 0.796
(0.820), 0.690(0.763) and 0.808(0.448) respectively. Romaine exhibits highest median followed
by Moisie and Ouelle. The largest variability is seen in Ouelle followed by Romaine and Moisie.
For Romaine and Moisie, the position of the boxes and the length of the whiskers indicate
reasonably symmetric samples whereas for Ouelle, the sample is positively skewed. There are
no outliers in case of Romaine while Moisie has one (year 1968) and Ouelle has three (years
1984, 1992 and 2002). For Ouelle, these were the years in which the seasonal 90 day minimum

was twice the median flow.
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4.1.2 Predictor Selection

One of the most important steps in a downscaling exercise is to select appropriate predictors.
Wilby et al. (1999) proposed three main factors constraining the choice of predictors: (1) reliable
simulation of the predictors by the GCM; (2) how readily available the GCM outputs are; and (3)
the correlation strength with the surface variables of interest. For the current work, 21 variables
were tested as potential predictors. The variables at different pressure levels (1000, 850 and
500 hPa) included Relative Humidity (RH), Specific Humidity (SH), Zonal (U), Meridonal (V) and
Vertical (w) components of wind and geopotential height. Sea Level Pressure (SLP) and
Heating Degree Days (HDD) were also considered. HDD indicates the number of degrees that a
day’'s average temperature is above a certain threshold (base temperature). For the current
work the base temperature has been taken as 1°C. The full list of the tested potential predictors
is given in table 2.3. Reanalysis data from the National Center for Environmental Prediction
(NCEP; Kalnay et al., 1996) were used as large-scale atmospheric predictors to calibrate the
models and validate the approaches. These datasets are typically viewed as ‘observed’ large-
scale data on a regular grid with a spatial resolution of approximately 2.5 X 2.5 (250 km X 250
km). Each NCEP variable was interpolated to each of the three hydrological stations locations
using bilinear interpolation. For a given station, the interpolated data are the weighted average

of the data of four nearest points located on a regular grid.
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Table 2.3 NCEP predictors used in the downscaling framework.

Number Predictor Names
1 Mean temperature at 2m
2 Mean sea level pressure
3 Specific humidity at 1000 hPa
4 Specific humidity at 850 hPa
5 Specific humidity at 500 hPa
6 Relative humidity at 1000 hPa
7 Relative humidity at 850 hPa
8 Relative humidity at 500 hPa
9 Zonal wind component at 1000 hPa
10 Zonal wind component at 850 hPa
11 Zonal wind component at 500 hPa
12 Meridonal wind component at 1000 hPa
13 Meridonal wind component at 850 hPa
14 Meridonal wind component at 500 hPa
15 Vertical wind component at 1000 hPa
16 Vertical wind component at 850 hPa
17 Vertical wind component at 500 hPa
18 Geopotential height at 1000 hPa
19 Geopotential height at 850 hPa
20 Geopotential height at 500 hPa
21 Heating Degree Days
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For each discharge station correlation coefficients were computed for the low flow indices and
the yearly, seasonal and monthly series of every climate variable (listed in table 2.3). The
variables showing significant correlation (a<0.05) were selected for further processing
(described in the next subsection).One should however note that significance does not
necessarily imply that the variable is a useful predictor since the amount of explained variance
may be low. These significantly correlated variables are mentioned in the tables shown in table
2.6. The numbers in bold represent negatively correlated variables whereas the normal fonts

indicate positively correlated variables.
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Table 2.4 Predictands significantly correlated with selected low flow indices for river Romaine.
Negatively correlated predictors are indicated by bold numbers whereas normal fonts indicate
positively correlated predictors. The mentioned numbers refer to NCEP reanalysis variables
listed in table 2.3.

A1 A2 T \' D1 D2
January 6 4,5,20
February 3.4,5,6, 8 11 5 10,12,13,
9,10,12, 14
15,16,17,
19,20,21
March 2,3,4,6,7, 10,14 3,4,7 514,15
10,12,13, 10,11
14,18
April 3,8,9,10 3,4,16,17, 3,4,19
18
May 18 3 4,14
June 5 3,8
4,519,20
July 8 8 6,7,10,
11
August 6,8 7 6 2,18,19
September 12,13,14 3,4,5,19, 3 3.4
20 10,11
October 12,13,15 13,1521 5,8,13,20 12 5,7
November 20 8 15
December 5,8,7,10, 7 5 3.4,5,9,
11 10,11,12,
16,17
Winter 3.4,5,6,7,8, 4.5 11 9,10,11,1 5
(DJF) 9,10,11,12, 6,17
14,15
Spring 2,6,7,10, 13,14 3,4,10,11 3,5,15,16, 3,4,20
(MAM) 11,13,14 17
Summer 2,6,7,9 6,18,19,2 14
(JJA) 18,19,20, 0
Autumn 12 13,15 3.4,519, 2,3,4,5,
(SON) 20 9,10,11
16,18
Annual 9,10,11,12, 9,12,20 7,20 3,4,5,10,
13,14,16,17 11,20
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Table 2.5 Predictands significantly correlated with selected low flow indices for river Moisie. Negatively
correlated predictors are indicated by bold numbers whereas normal fonts indicate positively
correlated predictors. The numbers mentioned refer to NCEP reanalysis variables listed in

table 2.3.
A1 A2 T \" D1 D2
January 10, 8 20
3,4,6,9,
February  10,11,15, 21011, 34,5 12,1516, 10
15,16,17 17
16,17
1,2,6,7,10,
11,12,13,
March 14, 18 3,4 9
_ 3,4,5,8,
April 9.10.11 17 5
May 1 14
June 8
July 7.8 1 8,19,20 1
August 6 9,15
September 8,14 12,13
2,12,13,14,
October 13,17 11 18.19.20 6,14
November 12,13,14 13,15,17 11
5,9,13,14,
December 1,11, 17 5,17 15,16 11,5
. 4,5,6,7,8,
‘?I’D"J‘t:)r 9,10.11, 10'1117’16' 9 11,1617
16,17
Spring 2,7,10,11, 3,45, 3
(MAM) 18,19, 10
Summer
Autumn
(SON) 12,13,14 12 9,10,11
Annual 7’10'1161'13' 9 16,17
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Predictands significantly correlated with selected low flow indices for river Ouelle. Negatively

Table 2.6
correlated predictors are indicated by bold numbers whereas normal fonts indicate positively
correlated predictors. The numbers mentioned refer to NCEP reanalysis variables listed in
table 2.3.
A1 A2 T \") D1 D2
January 10 8,14 1,21
February 3.4 1 6
March 9 16,17 3
April 3,21 6.7.8
May 1 6 219
2,11,14,18, 27,8111
June 1 19 8,19,20
July 1,89 5, 20 6 6,7
5
August 9,10 7
September 20,3 6 8
9,10,11,
October 5 20 16,17 4,5
3,4,5,
November 5 9.12.20 11 21
2,5,17,18,
December 1,13,15 19,20
Winter 3,4,511, 1,21
(DJF) 20, 5,20
Spring 9 14
(MAM) 1,15 6,16,17
Summer 7,8,19, 6,7,5,12
(JJA) 1 7,8,11,19 14 20
Autumn 3,4,59,12, 8,12,13,
(SON) 3,4,5,20 19,20, 14.16
Annual 113,15 9,19,20 16,17 10
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4.1.3 Statistical downscaling Framework

For the downscaling framework involving RVM, the selected predictors were further processed
using Canonical correlation analysis. CCA (Bretherton et al., 1992) gives patterns (linear
combinations of the predictors) that share maximum correlation with linear combinations of
predictands. Canonical variables or scores were then used as input to RVM. RVM calibration
involves only one parameter, which is the width of the kernel function used (o in Equation (2-11)

in appendix 1). For the current work the Gaussian kernel function was used:

(2-2)

K{x,x;)=exp (_ M)

297
The selection of the width is a crucial component in selecting an appropriate model. Width
values ranging from 0.1 to 4 were considered (Ghosh and Majumdar, 2008).

ASD implements two methods of predictor selection: backward stepwise regression and partial
correlation. For the current work, the backward stepwise regression method was used. The
predictors thus selected in 80% or more of the total number of calibration sets, are mentioned in
table 2.7. Leave One Out cross-validation (LOCV) was used to evaluate the prediction
performance of the models. LOCV consists of omitting one case at a time and building the
statistical model on the remaining dataset, and then estimating the omitted case with the model.
The set of all omitted cases forms the validation set. Therefore, for each river there were n
calibration sets and 1 validation set combining all n “left-out” cases; where n is the number of
training points. The flowchart depicting the statistical downscaling framework is shown in figure
2.5.
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Table 2.7 Predictors selected using stepwise regression in the ASD tool. The mentioned numbers refer
to NCEP reanalysis variables shown in table 2.3.

Index Romaine Moisie Ouelle
20 (February)
15 (February) 11 (DJF)
A1l 10 (March) 15 (February)
8 (December)
10 (annual)
17(February) 1 (annual)
A2 , 1(‘[‘)‘(3“22:52;) 17(December) 3(April)
13(November) 9(August)
11 (DJF) 3 (February)
T 11 (MAM) 5(April) 19 (Annual)
5 (December) 9(August) 9(SON)
15 (October) 8(September)
17 (annual)
8(January)
y f;((oﬁog‘:{)) 3(February) 14 (January)
9 4 (February) 6 (February)
11(November)
20(July)
11(DJF)
N 15(Nierch 17 0JF) 70
3(September) 15 (February) 2 (December)
20 (April) 5 (JJA)
8 (SON)
3(June) 10 (February)
D2 1 (January)
6(July) 6(October)
9(October)
3(September)
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Figure 2.5 Statistical downscaling framework.

4.1.4 Performance Indices

The downscaling efficiency of the two downscaling methods was compared using three
performance indices-Relative Root Mean Square Error (RRMSE), Relative Mean Absolute Bias
Error (RMABE) and Coefficient of Determination (R?).

RRMSE = (2-3)
L5
RMABE = ——n—"k— (2-4)
Z
p2 o | _IEo-@@ch (2-5)

(TE(0-0) L (PP

where n denotes the total number of cases, O; and P; denote observed and simulated values,

respectively. 0 and P denote observed and simulated means, respectively.
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5 RESULTS

The mean RRMSE, RMABE and R? values for the calibration sets are shown in figure 2.6 and
the validation results are shown in figure 2.7. The number of relevant vectors and the selected
width of the kernel function (in brackets) are shown in table 2.8. The calibration and validation
results clearly indicate that for each river and for each low flow index, RVM is performing better
than ASD. In each case, the difference between RRMSE, RMABE and R? values given by RVM
and ASD for the validation set is greater than (twice, in most cases) the difference obtained for
the calibration sets. In comparison to Ouelle, both the methods resulted in lower values of

RRMSE and RMABE for Romaine and Moisie for calibration as well as validation sets.

RRMSE RMABE
204 | 04
€ o w8 &8 BB o« g oo« ww .o
§05 05
-
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Figure 2.6 Mean RRMSE, RMABE and R’ calibration values for (a) Romaine, (b) Moisie and (c) Ouelle.
White bars represent ASD results and gray bars represent RVM results
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Figure 2.7 RRMSE, RMABE and R? validation results for (a) Romaine, (b) Moisie and (c) Ouelle. White
bars represent ASD results and gray bars represent RVM results.

Table 2.8 Number of Relevant vectors (% of total training points). The width of the kernel functions are
indicated in brackets.

Index Romaine Moisie Ouelle
A1 10-12%(3.5) 10-12% (2.8) 11-13%(3.4)
A2 4-6%(1.3) 5-7%(3.6) 4%(3.6)

T 4-6%(2) 7%(1.8) 4-6%(3.5)
\ 8%(2.4) 3%(2.5) 4%(1)
D1 8-12%(2.5) 10-12%(3.2) 13%(0.7)
D2 8-12%(2.8) 5%(2) 8-10%(3.3)

It is clearly evident from figures 2.6-2.7 that for each river, highest values of RRMSE and
RMABE are observed for V, for both RVM and ASD. The difference between mean RRMSE,
RMABE and R? calibration values given by RVM and ASD for index V are 0.437, 0.36 and 0.48
for Moisie, 0.46, 0.38 and 0.76 for Romaine and 3.15, 1.84 and 0.22 for Ouelle, respectively.
For the validation set, the same are 0.75, 0.61 and 0.84 for Moisie, 0.51, 0.43 and 0.84 for

Romaine and 5.65, 3.64 and 0.71 for Ouelle, respectively. For both, calibration and validation
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sets, highest differences between RVM and ASD are observed for index V from Ouelle. In
addition to that, for the remaining indices, highest differences between RRMSE and RMABE
values obtained for RVM and ASD are seen in the case of Ouelle. For the variability index V
from Ouelle, it is observed that RVM results in higher values of RRMSE and RMABE (>1 in both
the cases) but gives reasonable values of R? for both, calibration (0.87) and validation (0.80)
sets. In the case of ASD, it is seen that negative values of V are obtained for calibration and
validation sets. The validation plots for V are shown in figure 2.8. Compared to ASD, RVM
results in small differences between calibration and validation values of performance indices.
These differences are highest for the indices from Ouelle for both RVM and ASD. Additionally,
among the indices from Ouelle, highest difference is observed for index V. For the same, the
differences between RRMSE, RMABE and R? calibration and validation values given by ASD
are 2.63, 1.84 and 0.56 and those given by RVM are 0.13, 0.04 and 0.07, respectively.

100 ‘, 100
T 7l aw
s 1 860
8 g0 § 40
23 Q%5
g'& @22 20
IR 3 o
ki S
0« D , 80 , ,
10 20 30 40 50 80 70 80 80 100 -%0-4{}%6%2{}4{}698{}106
Observed (Julian days) Observed {Julian days)
Figure 2.8 Observed versus predicted plot of the variability index for Quelle. The dotted line represents

1:1 line.

The selection of predictors in the two frameworks is done differently. To analyse the effects of
predictor selection on the performance of MLR framework, stepwise regression was replaced
with CCA. The comparison results for the indices corresponding to river Ouelle are shown in
figure 2.9. Combining CCA with MLR (CCAMLR) shows marked improvements in the prediction

and generalisation abilities of MLR framwork. Despite improvements, SBL framework is still

superior than CCAMLR in terms of goodness of fit and generalisation. Pronounced differences
are visible in RRMSE and RMABE values of index V. The corresponding RRMSE, RMABE and
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R? values for using SBL framework are 1.70, 1.29 and 0.81 and for CCAMLR framework, they
are 3.72, 2.63 and 0.75, respectively.

RMABE RRMSE
oo

Figure 2.9 RRMSE, RMABE and R? validation results for river Ouelle using MLR, CCAMLR and SBL
frameworks. The description of selected indices is given in table 2.2.
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6 DISCUSSION

The current work is one of the first to compare two downscaling frameworks in capturing the
variability in low flow indices using atmospheric variables. As explained earlier, the selected
indices abide by the principles of the natural flow paradigm, as they characterize four aspects of
the low flow regime of the considered rivers: amplitude, timing, duration and variability.The
indices describing the Ouelle low flow regime exhibit more variability in comparison to Moisie
and Romaine. Such behaviour is attributed to the occurrence of two low flow seasons (late
summer and late winter) for Ouelle. Based on the correlation values between the low flow
indices and large scale climate variables at different temporal scales (yearly, seasonal and
temporal), it was observed that the variables appearing most commonly as significant correlated
with the selected low flow indices are humidity and wind components (Vertical, Zonal and
Meridonal). Wind movement regulates the humidity levels of the atmosphere. For example, a
west to east wind brings cold dry air (very low moisture) along with it, thereby reducing
precipitation. Humidity variables (SH and RH) are expected to influence low flow indices as their
variation affects temperature and precipitation and hence river flows. This has been highlighted
with the use of humidity variables as predictors in flow downscaling studies (Cannon and
Whitfield, 2002; Ghosh and Majumdar, 2008; Tisseuil et al., 2010).

Comparing the values of performance indices clearly indicated that SBL performed better than
MLR to downscale the selected low flow indices of the considered rivers. For all three rivers, the
relatively small difference between performance indices values corresponding to calibration and
validation sets (figures 2.6 and 2.7) reflected better generalisation ability (less overfitting) of
RVM as compared to ASD. The higher RRMSE and RMABE values corresponding to Ouelle
can be explained by the higher variability present in the indices (particularly V) from the same in
comparison to those from Romaine and Moisie. Regression based statistical downscaling
models often cannot explain all of the variance of the downscaled variable ( Ghosh et al., 2008;
Wilby et al., 2004). Improvements in the performance of MLR framework were observed by
rerunning ASD with CCA as the predictor selection method. But the improved MLR framework
did not surpass RVM in terms of the evaluation criteria. For all the rivers (validation plots shown
only for Ouelle in figure 2.9), noticeable differences between SBL and CCAMLR were observed

for index V, which exhibits the highest variability. The ability of SBL to better capture the
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variability than MLR is reflected by the values of performance indices for the low flow His from
Ouelle as well as the variability index for all the rivers. In addition to that, in all cases, SBL
supported sparsity by using fewer relevant vectors (shown in table 2.8) in comparison to MLR

and CCAMLR, thereby leading to lesser computation time.

It is observed that SBL resulted in higher values of RRMSE and RMABE (> 1) but reasonable
values of R*(>0.80 for both calibration and validation sets), for the variability index computed for
Ouelle. In the observed versus predicted plots of the variability index from Ouelle (shown in
figure 2.8), it can be seen that the clustering of points around the 1-1 line gave a reasonable
value to R% The high values of RRMSE (1.79) and RMABE (1.28) were an outcome of under
prediction of lower values of the index. In the case of MLR, predicted values corresponding to
certain lower values of the index were found to be negative, leading to higher values of RRMSE
(7.44) and RMABE (4.94).
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7 CONCLUSION

This study proposes a direct downscaling approach from atmospheric variables to low flow
indices, which is less commonly implemented than the approach involving the use of an
intermediate hydrological model between GCMs and streamflow. This paper presents the
downscaling of low flow indices using SBL and MLR, with NCEP climate variables as predictors.
This approach relies on the assumption that the low flow indices are influenced by atmospheric
factors only. Such an assumption disregards the influence of some physical factors such as soil
and land use which affect the movement of water through the soil and which are at least
partially taken into account in a framework involving the use of a hydrological model. However,
the results revealed by the current work are encouraging and further developments in the use of

direct downscaling approaches are promising.

Six indices characterising the low flow regime of Moisie, Romaine (both located on the Quebec
North shore) and Ouelle (located on the south shore of Quebec) rivers, which all sustain salmon
populations, were selected. Low flow indices are of the utmost importance to characterize and
assess potential impacts of changing hydrological regimes on fish and associated fisheries. The
indices corresponding to Ouelle were found to show higher variability in comparison to the ones
from Romaine and Moisie. The predictors corresponding to the selected indices were identified
on the basis of their correlation with the climate variables. For SBL and CCAMLR frameworks,
input was prepared using CCA, whereas for MLR, stepwise predictor selection method was
used. In contrast to MLR, SBL is characterised by a complex algorithm based on probabilistic
Bayesian learning. This complexity becomes a drawback in terms of computation time in cases
where the sample size is large. Despite its complexity, the probabilistic nature of the algorithm
accounts for the uncertainties present in the predictions. In addition to that, the algorithm
automatically sets majority of parameters to zero, leading to a procedure which is effective at

discerning those basis functions which are ‘relevant’ for making good predictions.

It was observed that the climate variables showing significant correlation with the indices were
wind components and humidity variables. SBL not only outperformed MLR in terms of the
values of the performance indices but also involved fewer parameters. The proximity of the
values of the performance indices for calibration and validation sets indicated a good

generalization capability of SBL. Rerunning ASD with CCA predictor selection method improved
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the results of MLR framework but SBL still showed better performance. This suggests that the
performance of MLR framework was impacted by the considered predictor selection method,
but not to the extent of outperforming SBL. Marked differences between the performances of
CCAMLR and SBL were observed for the variability index for all rivers. The inability of SBL and
MLR to capture variability was reflected in the values of performance indices, obtained for the
low flow HIs corresponding to Ouelle and the variability index for all rivers. The proposed
methodology can be used to project low flow indices for future years using GCM and RCM
outputs. In addition to that different ways of preparing the input for the regression model (e.g.

Classification and regression trees, combination of PCA and fuzzy logic) could be explored.
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8 APPENDIX-1

8.1.1 Theoretical Background of Sparse Bayesian Learning

In an archetypical regression situation, given a set of data {x‘mtn}i“;}, the target samples are

considered to be realisations of a deterministic function ¥, potentially corrupted by some noise

process: t.=ylx,w)+g (2-6)

Where £;, i=1,2,...n are random errors which are independent normally distributed random
variables with mean zero and constant variance o°. The function y is modelled as a linearly-

weighted sum of M fixed basis functions {¢,, (x> _,:
y{x; W) = Z;ﬁ:(}u?m(pm(x} = Pw (2-7)

where @ is the design matrix and w = {wy,wy, ..., Wy ) is the weight vector. The objective is to
infer values of the parameters/weights {w,,}_. such that the function y models the underlying

generative function. A classic approach to estimate y{x,w} is to minimise the cost function:

Ep(w) = 1/2%7 [ty — Zozo Wi b (X)) (2-8)
Minimisation of squared error leads to a model which exactly interpolates the data. One way to
meaningfully learn from data is to impose a ‘priori’ prejudice on the nature of the complexity of
functions we wish to elucidate. A common way of doing this is via ‘regularisation’. In linear
model framework, smoother functions have smaller weight magnitude and therefore, complex
functions are penalised by including a penalty term to the cost function defined in (2-8). Hence,

we now minimise
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E(w) = E,(w) + AE (W) (2-9)
where E (w)=1/2Y"_ w ? (2-10)
and the hyperparameter A balances the trade off between how smooth the function is and how

well the function fits the data. In the probabilistic Bayesian framework, an explicit probabilistic

model is defined over ¢;, chosen to be a Gaussian distribution with mean zero and variance
o * Therefore,

pglo?) = N(0,0%) (2-11)
Consequently, using (2-6), p{{t;lw;,6%) = N{y, ¢*) and therefore, the likelihood function is given
by:

2g%

N
p(tiw,0%) = (2no?) zexp {—

— (_2352)—%}2 exp{—w} (2-12)

20"
where t=(t;, ..t5)T w=(wy..wy)’ and @ is the N x (N+1) ‘design matrix’ with
@ =[x ), p{xz), 0, d(x )], wherein  ¢(x,) = [1, K{x;, %), K{x;, 223, .., K{x,;,x)]T  where
R’(_xi,xj_) for j=1,2,...N is a kernel function, effectively defining one basis function for each
example x; (where j=1,2,...N) in the training set. Since the numbers of parameters in the model
are equal to the number of equations (M=N), maximum likelihood estimation of w and = would

lead to severe over fitting. To control model complexity, instead of the regularisation weight
penalty, defined in (2-9), a ‘prior’ probability distribution, expressing our degree of belief over the
values w might take, is defined as:

p(wla) = [T, N (w0, ") (2-13)

with @ a vector of N+1 hyperparameters. Such a representation, encodes a preference for

smoother (less complex) functions. Importantly, there is an individual hyperparameter
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associated with every weight, moderating the strength of the prior. The prior given by equation

(2-13) is conditioned on &, so for full Bayesian consistency, hyperpriors are defined over « as
well as the remaining parameters of the model, the noise variance o <. Once the prior has been
defined, the posterior distribution over all unknowns can be defined as:
plw,a, o2t} = p(tiw, a, 6 p(w, &, a2) /p(t) (2-14)
which cannot be computed analytically. Therefore, the posterior is decomposed as
plw,a,¢%|t) = p(wlt, e, o Dpla, o2 |t) (2-15)
The first term on the RHS of (2-15), denoting the posterior distribution over the weights is given
by piwlt a, 6% = (p(tiw, ¢ )p(wla))/p{tla,c?)
= (2rm) "2 2"V 2exp {—1/2(w — ) TE N (w — )} (2-16)
where the posterior covariance and mean are respectively:
E={c"0Td+4)? (2-17)
w=o LTt (2-18)
where A is a diagonal matrix defined as diag (g, @y, -, & ).
The hyperparameter posterior, which is the second term on the RHS of (2-15) is represented by
a delta function at its mode, i.e. at its most-probable values ayp,055.-We have
pla, o|t) x p(tla, o )pla)p(c?) (2-19)
For the case of uniform hyperpriors, it is needed to maximize the term p(tla, %) only, which is
computable and is given by:
pltla, %) = [ p(tlw, 6 ) p{wia)dw
= (2m) V2|62 + ®ATIDT| MV 2exp [—1/267 (62 + PATIOT) 1t} (2-20)
This quantity is known as the marginalized likelihood and its maximization is known as the type

Il maximum likelihood method. For maximizing p(t|a, 2}, a gradient based approach is used.
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For a differentiating (2-20), equating to zero and rearranging gives:

alv =y /puf (2-21)
where y; is the i-th posterior mean weight from (2-18) and the quantities y; can be defined by:

vi=1-—aNy (2-22)
With N;; the i-th diagonal element of the posterior weight covariance from (2-17) computed with
the current a and 2. Each y; € [0,1] can be interpreted as a measure of how ‘well-determined’
its corresponding parameter w; is by the data.
For the noise variance ¢?, differentiation leads to the re-estimate:

(02 = |t - opll /- Sy (2-23)

where N in the denominator denotes the number of data examples.

Hyperparameter estimation is typically carried out with an iterative formula such as a gradient

ascent on the objective function given by (2-20). In practice, many of the «;’s tend to infinity and
from (2-13) it implies that p{w;|t,a,6%) becomes highly peaked at zero. Therefore, the
corresponding w; become close to zero and can thus be pruned and consequently sparsity is

realized. At convergence of the hyperparameter estimation procedure, predictions are made

based on the posterior distribution over the weights conditioned on the maximizing values ap

and . For a new datum x., the predictive distribution is given by:

plt.|t ayp,0dp) = [p(t|w olp)pWlt, ayp,ci,) dw (2-24)

Since both terms in the integrand are Gaussian, (2-24) can be readily computed, giving:

p(tx t, ax‘ffprg,é;}) = ’N{tﬂ |yzu G%)
with v, =polx)
o =ogp+ ¢(x )TZ¢(x,) (2-25)
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This gives the predictive mean as y{x,,u} and the predictive variance as the sum of two

variance components: the estimated noise on the data and that due to uncertainty in the

prediction of the weights.
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ABSTRACT

This study attempted to investigate two downscaling frameworks to downscale temperature and
four to downscale precipitation. Input to all frameworks were climate variables (NCEP reanalysis
variables) significantly (a<0.05) correlated with the predictands (temperature and precipitation).
The first framework was an implementation of Multiple Linear Regression (MLR) called
Automated Statistical Downscaling (ASD) tool. ASD selects predictors using backward stepwise
regression and subjects the selected predictors to MLR. The second framework implemented
Relevance Vector machine (RVM) which is a Sparse Bayesian Learning (SBL) approach. The
SBL framework involves selecting predictors using canonical correlation analysis followed by
their input into the RVM algorithm. For precipitation downscaling, two additional frameworks that
combine genetic programming (as the predictor selection method) with SBL and MLR were
presented. The results showed that SBL outperformed MLR in downscaling temperature. For all
stations, temperature was better downscaled than precipitation. For precipitation downscaling,
SBLGP framework outperformed all other frameworks in classification as well as regression.
MLRGP, on the other hand, did not bring about much improvement in the results and was in

many cases outperformed by MLR.

Keywords: Downscaling, Sparse Bayesian Learning, Multiple Linear Regression, Low flows,

Canonical Correlation Analysis, Genetic Programming.
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1 INTRODUCTION

The fourth assessment report of Intergovernmental Panel on climate change (IPCC, 2007d)
stated that continued greenhouse gas emissions at or above current rates would induce many
changes in the global climate during the 21st century. These changes are likely to be larger than
those observed during the 20th century. Under these circumstances, there is a need to improve
our knowledge of the global climate system and its possible impacts on the meteorological and
consequently hydrological patterns and processes. Global Climate Models (GCMs) are
mathematical tools that simulate present climate and generate future climate scenarios upto a
resolution of tens to hundreds of kilometers with forcings including greenhouse gases and
aerosol emissions. However, due to their coarse sparse resolution they are not considered a
reliable source of information in impact studies that require information at a fine scale to
characterize spatial variations and establish parameterizations (Wilby et al., 2004). For
example, in studying the hydrological impacts of climate change, hydrological models are
required to simulate sub-grid scale phenomena and therefore need input data such as daily
precipitation and temperature at a similar scale. Hence, there is a need to convert GCM outputs
into precipitation and temperature time series at a scale at which the hydrological impact is to be
investigated. The methods used to covert GCM outputs into local meteorological variables are
referred to as ‘downscaling’.

Downscaling techniques are broadly classified into two categories-dynamical downscaling and
statistical downscaling (SD). Dynamical downscaling techniques involve the use of Regional
Climate Models (RCMs) which use initial and time dependent lateral boundary conditions from
GCMs to achieve a higher spatial resolution at the cost of limited area modeling. SD techniques
derive relationships between large scale variables (predictors), obtained from reanalysis data,
and local scale surface conditions (predictands). Climate variables that are closely related to the
predictand are selected as predictors. Future projections from GCM or RCM are then used in
these relationships to estimate the changes in the response variable. SD methods are further
classified into three types: Weather classification (Huth, 2000; Jones et al., 1993), weather
generator (Katz, 1996; Wilks & Wilby, 1999) and regression (transfer functions) models (Wilby
et al., 2002). Out of the three, regression based methods are the most widely used. The relative
ease of application and use of observable trans—scale relationships forms the strength of
regression downscaling. The major weakness of this approach is that it explains only a part of

the climate variability. Apart from assuming the validity of model parameters under future
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climate conditions, these approaches are also sensitive to the choice of predictor variables and
of the transfer function. The most commonly used SD methods implement linear methods such
as Multiple linear regression (Hessami et al., 2008, Wilby et al., 2002), canonical correlation
analysis (Huth, 2004) and artificial neural networks (Hewitson & Crane, 1996).

Dibike and Coulibaly (2006) compared two downscaling models- a temporal neural network
(TNN) model and a regression-based statistical model, to predict daily precipitation, daily
minimum temperature and daily maximum temperature in northern Quebec, Canada. They
found that the TNN model was more efficient in downscaling both daily precipitation and daily
maximum and minimum temperatures. In another study, Tripathi et al. (2006) proposed a
support vector machine (SVM) approach to obtain average monthly rainfall at meteorological
sub-divisions (MSDs) for India and concluded that a SVM based model was a suitable statistical
downscaling method for precipitation. Chen et al. (2008) compared three downscaling models—
one based on a Relevance Vector Machine (RVM), a least square support vector machine
(LSSVM) and a back propagation neural network (BPNN) to downscale runoff and found RVM
to be an effective way to assess climate change impact on hydrology.

The selection of suitable predictors is crucial in developing a statistical downscaling model. The
most basic requirement for a predictor is that it is informative, i.e. it has a high predictive power.
Informative predictors can be identified by statistical analyses, typically by correlating possible
predictors with the predictands. A list of predictors used for precipitation downscaling is given by
Wilby and Wigley (2000), along with a comparison of observed and simulated predictors and a
stationarity assessment. In another study, 29 individual atmospheric predictors of daily
precipitation are examined for their downscaling skill in 15 locations that encompass diverse
climate regimes (Cavazos and Hewitson, 2005). Mid-tropospheric geopotential heights and mid-
tropospheric humidity were found to be the two most relevant controls of daily precipitation in all
the locations and seasons analyzed. In a study implementing genetic programming (GP)
method, Coulibaly (2004), presented a method to simulate local scale daily extreme (maximum
and minimum) temperatures based on large scale atmospheric variables. GP outperformed
MLR in downscaling daily minimum temperature, while the two models were almost equivalent
in downscaling daily maximum temperature. Hashmi et al. (2011) presented the results of
statistical downscaling of precipitation data from the Clutha Watershed in New Zealand using a
non-linear regression model developed using Gene Expression Programming (GEP, a variant of
GP). The results showed that GEP-based downscaling models can offer very simple and

efficient solutions in downscaling precipitation.
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The work presented in this paper is motivated by the desire to explore the potential of two and
four downscaling frameworks for temperature and daily precipitation series, respectively.
Temperature is modeled as an unconditional event whereas precipitation is modeled as a two
step approach: precipitation occurrence and precipitation amounts. The first framework (F1) is
an implementation of MLR, known as Automated Statistical Downscaling tool (ASD). ASD
applies backward stepwise regression to draw a relationship between predictors and predictand.
The second downscaling framework (F2) involves the combination of canonical correlation
analysis and Relevance Vector Machine (RVM). RVM is an implementation of probabilistic
Sparse Bayesian Learning (SBL) which uses distance based kernel functions to define the
transfer function. Several studies have implemented machine learning methods in precipitation
and temperature downscaling studies (Ghosh et al., 2008; Chen et al., 2008; Chen et al 2010;
Najafi et al., 2011; Samui and Dixon, 2012; Joshi et al., 2013). MLR has also found several
applications in downscaling studies (Aksornsingchai and Chutimet, 2011; Burgor et al, 2012 and
Nieto & Wilby, 2005). In addition to the above mentioned frameworks, two more frameworks
were tested for precipitation downscaling. These consisted of replacing canonical correlation
analysis and backward stepwise regression with Genetic programming GP as the predictor
selection method. Therefore, the remaining two frameworks involve combining GP (as predictor
selection method) with SBL and MLR (as statistical downscaling models). GP has been used in
other downscaling studies (Hashmi, 2009; Hashmi, 2011; Hassanzadeh et al, 2013), but the
combination of GP with RVM is one novel aspect of this project.

The paper is organized as follows. Section 3.3 describes the statistical models (SBL and MLR)
used for downscaling as well as a brief explanation of GP. Section 3.4 describes the study area
followed by section 3.5 that describes the Methodology. Section 3.6 presents the results

followed by discussion and conclusion in section 3.7 and 3.8 respectively.
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2 STATISTICAL MODELS

This section describes the methods/models used in the applied downscaling frameworks. The
first subsection describes the MLR as is followed by a brief description of SBL. Finally, the third

subsection describes the GP framework implemented for precipitation downscaling

2.1 Multiple linear regression

MLR is a statistic method that is used to model linear relationship between a dependent variable
(predictand) and one or more independent variables (predictors). Therefore, the MLR model can
be expressed as a linear function:

Yi=Bg+ B X+ -+ 8,5, +& (3-1)

fori=1,2,...,N

Where the &;'s are random noise assumed to be independent N(0,52), X;'s are the predictors
and Y; is the predictand. Wilby et al. (2002), developed a Windows based decision support tool

known as Statistical Downscaling Model (SDSM) that facilitates the rapid development of
multiple, low-cost, single-site scenarios of daily surface weather variables under current and
future regional climate forcing. Additionally, the software performs ancillary tasks of predictor
variable pre-screening, model calibration, basic diagnostic testing, statistical analyses and
graphing of climate data. Inspired by the SDSM approach, Hessami et al. (2008) developed the

automatic statistical downscaling (ASD) tool.

2.1.1 Automated Statistical Downscaling Tool

ASD is a regression based downscaling tool, capable of performing statistical downscaling
automatically from predictor selection to model calibration, scenario generation and statistical
analysis of scenarios. The automation is designed to replace SDSM’s subjective method of
predictor selection, requiring significant input on the part of the user, with a more objective
approach. It allows two methods of predictor selection: backward stepwise selection and partial
correlation coefficients (Afifi & Clark, 1996). In addition to MLR, it also allows the use of the
ridge regression (Hoerl & Kennard, 1970). Ridge regression accounts for the collinearity of

predictors, resulting in more stable least square estimates of the regression coefficients. Full
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technical details about ASD, including model validation and usage, are described by Hessami et
al. (2008).

2.2 Sparse Bayesian Learning

Several studies have shown that accounting for non-linear relation between the predictors and
predictand can improve the goodness of fit (Huth et al., 2008). For this reason, Artificial Neural
Network (ANN) based downscaling techniques have gained wide recognition (Crane &
Hewitson, 1998, Wilby et al., 1998). The ability to generalize a relationship from given patterns
makes it possible for ANNs to solve large-scale complex problems such as non-linear modeling
and classification (ASCE Task Committee on Artificial Neural Networks in Hydrology, 2000b;
Govindaraju & Rao 2000). While accuracy in predictions is universally valued, a recent interest
in the notion of sparsity diverted the focus of the research community on learning algorithms
which use fewer parameters. One of the significant developments in this direction is Support
Vector Machines (SVM), a machine learning algorithm. SVM (Cortes & Vapnik, 1995) has found
wide application in the field of pattern recognition and time series analysis. However, despite its
success, SVM suffers from several drawbacks (Tipping, 2001) which were overcome in Sparse
Bayesian Learning (SBL) algorithms. SBL (Faul & Tipping, 2002) enables exploiting probabilistic
Bayesian learning framework to derive accurate prediction models which utilize fewer basis
functions than SVM for a comparable problem. A detailed explanation of the mathematical
formulations behind SBL regression and classification algorithms is provided in the appendix.
For the current work, Relevance Vector Machine (RVM), which is an implementation of SBL, is
used. RVM makes predictions based on functions implemented by SVM. SVM uses the
function
t=flx,w)=3SL, wK{x,x)+wy (3-2)

where K{x,x;) is a kernel function, effectively defining one basis function for each example in

the training set. RVM is a Bayesian treatment of (3-2). The algorithm adopts a fully probabilistic
framework and introduces a prior over the model weights governed by a set of
hyperparameters, one associated with each weight, whose most probable values are iteratively
estimated from the data. Sparsity is achieved because in practice the posterior distributions of
many of the weights are sharply (indeed infinitely) peaked around zero. These training vectors,
associated with the remaining non-zero weights are termed as ‘relevance’ vectors’. The

mathematical formulations behind RVM can be found in Tipping (2001).
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2.3 Genetic programming framework for precipitation downscaling

GP is a biologically inspired machine learning method that allows computer programs to evolve
in order to perform a task. The objective of the evolutionary process is to discover an optimal
equation (or model) for relating a dependent variable (or predictand) and independent variables
(or predictors). However, as the search space of all possible equations is extremely large,
particularly in problems involving multivariate time series, the heuristic search has to be
restricted to only those equations that follow a specified ‘grammar’ (or set of rules used to build
equations). Figure 3.1, shows a tree represented by the equation f(x4, x2) = x; + (x2*10). In the
tree, the inner connection points (or inner nodes) are called binary arity functions (e.g., '+, /', ™
in figure 3.1) or non-terminals that require two arguments or sub-trees, whereas the leaf nodes

are called terminals, which represent external input variables and constants.

Equation representing the tree: f(x,,x;) = x,+(x," 10}

Figure 3.1 Example of a function tree formed using grammar functions * and +. The equation
representing the tree is f(x1, x2) = x1+(x2*10).
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Whatever the type of grammar used, it is essential to specify the list of functions and terminals

that will be used to create the derivation trees. A maximum depth of derivation tree (or

maximum expression depth) must also be set to halt the generation process and prevent the

evolution of too complex (or larger) models. A higher maximum expression depth means more

complex equations will likely be produced. Once the grammar is set, the next step is to generate

the initial population. In this case, the grow method (Koza, 1999) is used to create the initial

population of random individuals (or trees). In the grow method, a tree of arbitrary size is

generated by selecting terminals or primitive functions with equal probability. The shape of the

optimal tree is found using an evolutionary process as follows:

2.

Each individual of the initial generation is evaluated and a score (or fitness) is
determined for each population member. Here the score of each individual is based
upon the optimization method, the error function and the parsimony. The latter is a
weighting added to an individual depending on its tree-size. This term is used to guide
the selection towards shorter equations that have the same prediction accuracy as
longer equations. For the current work on precipitation, the fitness function used for

classification problem is

fitness s = Nyry + Nopor = (Nary = Nyae ) (3-3)

Where Ny, and N,.. indicates the number of rightly classified dry and wet days,
respectively. The term (Ng,., — N, ) penalises those combinations for which one of the
Ngry and N, is well determined and the other poorly predicted. For the regression

problem (precipitation amount downscaling), the fitness function is given by

fitness, ., = mean{abs(0 — P)) (3-4)

where O and P indicate observed and predicted precipitation amounts, respectively. The
best scoring members are selected as “parents” for “reproduction”.

Once individuals have been selected as parents for reproduction, three genetic
operators (crossover, mutation, and direct reproduction) may be applied to generate a
new population. Crossover (figure 3.2) is the process of taking more than one parent and
producing a child solution from them. Crossover produces a new population, but it does

not introduce any new information into the population. Thus the population can become
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more and more homogeneous leading to a premature convergence to a non-optimal
solution. To guard against such premature convergence, a mutation of feature is often
introduced in the population. Mutation (figure 3.3) alters one or more gene from its initial
state. Various types of computational mutations (e.g., branch mutation, node-mutation,
etc) may be used to introduce new information into the population. In direct reproduction,
the entire individual is simply copied to the next generation without modification.

3. The process goes back to scoring the new population members. The iterative process
stops when the specified maximum number of generation (100) is reached or the fitness
function reaches its threshold value. For precipitation classification, the threshold value

of the fitness function is 2 and for precipitation amount (regression), the same is 0.
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PARENTS

CHILDREN

Figure 3.2 Crossover operations for genetic programming. The bold selections on both parents are
swapped to create the offspring or children.
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Figure 3.3

ORIGINAL INDIVIDUAL

MUTATED INDIVIDUALS

Two different types of mutations. The top tree is the original individual. The bottom left tree
illustrates a mutation of a single terminal (3) for another single terminal (a). It also illustrates a
mutation of a single function (-) for another single function (+). The tree on the extreme right
illustrates a replacement of a subtree by another subtree.
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A major advantage of this GP method as compared to classic multiple regression, is that the
specific model structure is not chosen in advance, but is rather part of the optimization and
search process. Another advantage of the GP approach over nonlinear methods such as
artificial neural networks is that it provides explicit an model structure (i.e. mathematical
equations) that can improve our knowledge of the predictand - predictor relationship.

For this work, the GP algorithm is applied using GPTIPS, a genetic programming toolbox for use
with MATLAB. Information  about the toolbox can be obtained from

https://sites.qoogle.com/site/GAtips4matlab/. It provides a number of convenient functions for

exploring the population of evolved models, investigating model behaviour, post-run model
simplification and export to different formats, e.g. graphics file, symbolic math object or
standalone m-file. One of the main features of GPTIPS is that it can be configured to evolve
multigene individuals. A multigene individual consists of one or more genes, each of which is a
“traditional” GP tree. Genes are acquired incrementally by individuals in order to improve
fitness. The overall model is a weighted linear combination of each gene. In GPTIPS, the
optimal weights for the genes are automatically obtained, using MLR and SBL by regressing the
genes against the output data. The resulting pseudo-linear model can capture non-linear

behaviour.
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3 STUDY AREAS AND DATA

The two study areas are drainage basins of two rivers located in Eastern Canada. The Moisie
river is located on the North shore of the St. Lawrence river, whereas the Ouelle river is located
on the south shore of the St. Lawrence. The current study focuses on these two rivers as they
sustain Atlantic Salmon (Salmo salar) populations. Atlantic Salmon has been regarded as an
endangered species (Committee on the Status of Endangered Wildlife in Canada 2011). This
has prompted a number of studies related to possible climate change impacts on flow and water
temperature on these rivers (Jeong et al. 2012, Morin & Slivitzky 1992), impacts that could lead
to important saimon habitat loss.

The locations of discharge and meteorological stations on each of these river basins are shown
in figure 3.4. Moisie has one hydrometric station and two meteorological stations located within
the limits of its drainage basin. Ouelle has one discharge and one meteorological station, with
the former lying within and the latter lying outside the limits of its drainage basin. The details of
the meteorological stations are given in table 3.1. The selection of meteorological stations was
based on data availability. The alphabets mentioned in brackets in the first column of table 3.1
denote the abbreviation used for the station in subsequent tables and figures. The source of
meteorological data for each of the two study areas is the Environment Canada database

(http://www.climate.weatheroffice.gc.ca ).
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| ]
La Pocatiere

Sept-lles

Figure 3.4 Study area map showing the drainage basins and the location of the meteorological and
hydrological stations. Meteorological stations are denoted by squares whereas hydrological
stations by circles.
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Table 3.1 Details of the meteorological stations used in the current work. The alphabet mentioned in
brackets in the first column denotes the abbreviation used for the station in subsequent
tables and figures.

Elevation
Station Latitude Longitude Available years
(m)
Fermont (F) 52°48'0 000" N 67°05'0 000"W  594.40 Oct 1980-Dec 1996
Sept-lles (S) 66°16'0 000"W 54,90 Oct 1980-Dec 1996

50°13'0 000" N

Oct 1969-Sept
La Pocatiere (P) 47°21'21.000"N  70°01'55.000"W 31.00
1991

Figure 3.5 shows precipitation and temperature (daily average) normals at the selected
meteorological stations. The station normals were calculated for a 30 year period (1971-2000).
Spatial differences in temperature are evident between stations corresponding to the North
shore and south shore locations. The maximum daily average temperature is observed at
station La Pocatiere (18.0°C in July) on the South shore, followed by Sept-lles (15.5°C in July)
on the North shore. The minimum daily average temperature is exhibited by Fermont (-23.0°C in
January) on the North shore and La Pocatiere (-10.3°C). In addition, potential evaporation (plots
not shown) shows an increase from north to south (Burn et al., 2008). Highest annual

precipitation is observed at Sept-lles (1156mm) and lowest at Fermont (806.5mm).
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Figure 3.5 Precipitation and temperature normals of the meteorological stations described in table 3.1.
Normals were calculated for 30 years (1971-2000).
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4 METHODOLOGY

4.1 Statistical Downscaling Framework

The present work compares linear and non-linear downscaling frameworks to downscale
predictands (mean temperature and precipitation) at the selected meteorological stations.
Twenty NCEP re-analysis variables listed in table 3.2 were considered as predictors. These
variables include Relative Humidity (RH), Specific Humidity (SH), Zonal (U), Meridonal (V) and
Vertical (w) components of wind and geopotential height at different pressure levels (1000, 850
and 500 hPa) and Sea Level Pressure (SLP). Reanalysis data from the National Center for
Environmental Prediction (NCEP, Kalnay et al., 1996) were used as large-scale atmospheric
predictors to calibrate the models and validate the approaches. These datasets are typically
viewed as ‘observed’ large-scale data on a regular grid with a spatial resolution of approximately
2.5° X 2.5° (250 km X 250 km). Each NCEP variable was interpolated at each of the three
meteorological stations locations using bilinear interpolation. For a given station, the
interpolated data are the weighted average of the data of the four nearest points located on the
NCEP grid. To evaluate the prediction performance of the considered frameworks, split
sampling was used. The dataset was divided into two subsets. For combination 1 (C1), the first
sample was used to calibrate the model and the second was used for validation. For
combination 2 (C2), the calibration and validation sets were reversed. The data division into
calibration and validation sets and the lengths of the corresponding time series are shown in
table 3.3.
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Table 3.2 List of predictors selected for the downscaling of precipitation and temperature at the
selected meteorological stations.

Number Predictor Name
1 Air temperature at 2m
2 Geopotential height at 1000hPa
3 Geopotential height at 850hPa
4 Geopotential height at 500 hPa
5 Vertical component of wind at 1000hPa
6 Vertical component of wind at 850hPa
7 Vertical component of wind at 500hPa
8 Relative humidity at 1000hPa
9 Relative humidity at 850 hPa
10 Relative humidity at 500hPa
11 Specific humidity at 1000hPa
12 Specific humidity at 850hPa
13 Specific humidity at 500hPa
14 Sea level pressure
15 U component of wind at 1000hPa
16 U component of wind at 850 hPa
17 U component of wind at 500 hPa
18 V component of wind at 1000hPa
19 V component of wind at 850 hPa
20 V component of wind at 500 hPa
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Table 3.3 Combinations of calibration and validation sets used in downscaling precipitation and
temperature downscaling. Data sizes in years are indicated in brackets.

Combinations Moisie OQuelle
Oct 1980-Sep 1990 (10) Oct 1969-Aug 1981(~12)
C1
Oct 1990-Dec 1996 (6) Oct 1982-Sep1991 (9)
Oct 1990-Dec 1996 (6) Oct 1982-Sep1991(9)
C2
Oct 1980-Sep 1990 (10) Oct 1969-Aug 1981(~12)

For each meteorological station, correlation coefficients were computed between the predictand
(local temperature or precipitations) and predictors (large-scale variables). The variables
showing significant correlation (a<0.05) were selected for further processing. In an attempt to
select parsimonious models, for each station, models formed using top five significantly
correlated variables (M5) were compared to the one using all significantly correlated variables
(M_all). The comparison was done using RRMSE, RMABE, R? and the Akaike Information
criteris (AIC, Akaike, 1974) criterion which is given by:

AIC =2k —2in (L) (3-5)

where k is the number of parameters in the statistical model, and L is the maximized value of
the likelihood function for the estimated model. If the M5 model performed poorly, in comparison
to M_all, then the number of input variables was gradually increased until we obtained a model
that performed better or equivalently to the M_all model. The selected predictors were further
processed using backward stepwise selection in the MLR framework and canonical correlation
analysis in the SBL framework. Backward stepwise regression begins with an examination of
the combined effect of all of the independent variables on the dependent variable. One by one,
independent variables (usually starting with the weakest predictor) are removed, and a new
analysis is performed. The results provide coefficients for each independent variable, signifying

the degree to which each one, when combined with the others, contributes to predicting the
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dependent variable. CCA (Bretherton et al. 1992) constructs variates (linear combinations of the
predictors) that share maximum correlation with linear combinations of predictands, while
ensuring orthogonality between the newly created variates. Canonical variables or scores were
then used as input to RVM. RVM calibration involves only one parameter, which is the width o

of the kernel function used. For the current work, the Gaussian kernel function was used:

z

) (3-6)

" 0
Hx—xq

K{x,x;) = exp(—

22

Width values ranging from 0.1 to 4 were used (Ghosh & Majumdar, 2008). For both GP
frameworks, all significantly correlated NCEP variables were input into the GP algorithm. The
algorithm then formed genes, each of which is a combination of NCEP variables formed using
the specified grammar functions (‘+’, /' *'). For the current work, a maximum of four genes
(Searson et al., 2010) was selected to form the input to the SBL and MLR algorithms. Table 3.4
summarizes some of the initial system parameters used in this study. The values of the system
parameters (e.g., the mutation and crossover rate, the population size) are problem dependent,

and were selected by trial-and-error during the model calibration stage.
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Table 3.4 Some of the initial system parameters (GPTIPS) used for the GP algorithm.

Description Value
Size of the population 100
Number of generations to run for (including 20

generation zero)

0 (precipitation amount)

Termination threshoid value 2 (precipitation classification)

Probability of GP tree crossover. 0.85

Probability of GP tree mutation. 0.1

Probability of GP tree direct copy. 0.05

Maximum number of genes per individual. 4

| Precipitation downscaling is performed in two steps: precipitation occurrence (classification) and
| amount (regression). Precipitation occurrence involves classifying the days as dry and wet
where dry days are assigned precipitation amount equal to 0. Regression is then used to predict
precipitation amounts for wet days only. Unlike precipitation, temperature is modeled as an
unconditional event. The algorithm describing the statistical downscaling frameworks

experimented for precipitation and temperature is shown in figure 3.6.
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NCEP reanalysis predictors Temperature downscaling

Precipitation downscaling
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Precipitation occurrence Dry Days
RVM/
. ASD/GP
Regression . Precipitation
Significantly 5| Wet Days amount=0
/| correlated -
! Predictors
1 | corresponding
to wet days
\ Precipitation
amount
Figure 3.6 Statistical downscaling framework for precipitation and temperature.
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4.2 Model Accuracy Measures

The accuracy measures used to evaluate the temperature and precipitation amount
downscaling performance of the considered frameworks are the Relative root mean square
error (RRMSE), the relative mean absolute bias (RMABE) and the coefficient of determination
(R?).

.
fz?ﬁgigi'égéj?z
RRMSE = > —nwuw—— (3-7)
range
N lo-p4
RMABE = —&% (3-8)
range

¥, (0;-0)(P~F) 2

] o~
‘EZ;?:,‘QGE—O}‘Y?‘ (p—F)*

It ===

R*=¢

(3-9)

where N is the total number of points, 0; and P;indicate the i" observed value and predicted

value, respectively. 0 and P denote observed and predicted means, respectively, and ‘range’

denotes max{observed) — min (observed).

Precipitation classification results were evaluated in the form of percentage of rightly classified
total, dry and wet days. The occurrence of wet or dry days is assumed to be a stochastic
process, represented by a first-order Markov chain (Nicks et al., 1990). To generate wet and dry

days, the probabilities p{w|w)and p(wid) are used. p{w|w) is defined as the probability of
having a wet day preceeded by a wet day (wet-wet) = N(w|w)/N(w) and p(w|d) is defined as the
probability of having a wet day preceeded by a dry day (dry-wet) = N(wl|d)/N{w} where,
N{wlw): number of wet days preceded by a wet day, N(w|d): number of wet days preceded by
a dry day and N{w): total number of wet days. The complementary dry-dry ({p{dld}) and wet-
dry ((p(dlw}) probabilities are computed as: p{dld) = 1 —p(wld) and p{d|w) = 1 — p(w|w).
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5 RESULTS

This section states the result of temperature and precipitation downscaling. Split sampling was
used to validate the models and the model resulting in the best RRMSE, RMABE and R? values
for validation set is considered as the best model with a minimum chance of overfitting. The
selected NCEP reanalysis variables were first checked for their correlations with precipitation
and temperature. From the perspective of parsimony, it was observed that the M5 model lead to
lower AIC values and comparable values of the performance indices, for both temperature and
precipitation, for all stations, except Sept-lies. For this station, the M5 model for precipitation
performed poorly in comparison to M_all. Therefore, the numbers of input variables were
gradually increased from five until a model performing comparably/superior to M_all was
obtained. The model using top 10 significantly correlated variables (M10) was found to perform
comparably to M_all and also resulted in lower AIC value than the latter. Therefore, for Sept-
lles, precipitation downscaling was performed using top 10 significantly correlated variables as

input.

5.1 Temperature downscaling results

The predictors selected by for temperature and precipitation downscaling are shown in table
3.5. Figures 3.7 and 3.8 show temperature downscaling results for both calibration and
validation combinations. It is evident from both figures that SBL performs better than MLR in
downscaling temperature. As an example, the RRMSE, RMABE and R? validation values for
Sept-lles given by SBL for C1 are 0.075, 0.055 and 0.91 and by MLR are 0.086, 0.066 and 0.90,
respectively. For C2, the same given by SBL are 0.06, 0.052 and 0.90 and by MLR are 0.078,
0.062 and 0.89, respectively. It can be seen that for all stations the percentage of total number
of sample points used for making prediction is less than equal to 5%. The highest number of
sample points are used for La Pocatiere for C2 (5%) and lowest for Fermont for both C1 and C2
(1%).
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Table 3.5 Predictors selected for temperature and precipitation downscaling for set 1 and set 2. The
numbers refer to the corresponding predictors mentioned in table 3.2. Alphabets refer to the
stations mentioned in table 3.1.

Stations/ Variables Temperature Precipitation
Fermont (F) 11,4,12,1,13 13,7,6,5,19
Sept-lles (S) 11,4,12,1,13 6,7,19,5,15,13,10,20,9,8

La Pocatiere (P) 11,4,12,1,3 15,19,7,13,6
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Calibration Vahidation

Figure 3.7 SBL (RVM) and MLR (ASD) temperature downscaling results for C1. White bars represent MLR
whereas gray bars represent SBL results.

Calibration Validation

Figure 3.8 SBL (RVM) and MLR (ASD) temperature downscaling results for C2. White bars represent MLR
whereas gray bars represent SBL results.
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5.2 Precipitation Results

This subsection is subdivided into four parts. The first two parts describes the comparison of
classification results given by SBL, MLR, SBLGP and MLRGP frameworks in terms of the
selected performance indices (RRMSE, RMABE and R?) and transition probabilites (described
in the previous section). The third and fourth subsections compare the regression results given
by these methods for the entire dataset and two seasons: Winter (December-March) and

Summer (July-October).

5.2.1 Classification Results

The results of precipitation classification are shown in figures 3.9 and 3.10. The percentage of
relevant vectors used for prediction by SBL and SBLGP algorithms lie in the range 1-5% for all
stations. All methods give better classification for dry days, in comparison to wet days. The
correctly identified dry days lie in the range 80-90% whereas the correctly identified wet days
are in the range 45-75%. For wet day classification, SBLGP outperforms all methods, in all
cases. For dry day classification, in the case of stations La Pocatiere and Fermont, MLRGP and
MLR outperform SBLGP. For example, for La Pocatiere, the percentage of corresponding
correctly identified dry days in the validation set of combination C1 are 87, 84 and 86% for MLR,
SBLGP and MLRGP, respectively. MLR is seen to outperform MLRGP in some cases. For
example, for the validation set corresponding to C1 for station Fermont, the percentage of rightly
classified dry days given by MLR and MLRGP are 87% and 85%, respectively. Another example
is of station Sept-lles for which MLR and MLRGP give 70 and 68% of rightly classified wet days
for the validation set of C2. In some cases, MLR and MLRGP perform comparably in identifying
wet and dry days. Station Sept-lles for the validation sets of C1 and C2 exemplifies this
observation, where the percentage of appropriately classified dry days given by MLR and
MLRGP are 87% for C1 and 90% for C2. Comparison of SBL and MLR shows that both
methods give equivalent performance in classifying wet and dry days. For C1, for all stations,
wet days are better classified by SBL and dry days by MLR. For C2, both methods give
comparable results for dry days. For wet days corresponding to C2, SBL performs better than

MLR for Fermont and La Pocatiere. Equivalent results are observed for Sept-lles.

Of all stations, the highest number of rightly classified days is obtained for Sept-lles for both
combinations. For this station, the percentage of rightly classified total (both wet and dry) days
given for the validation set of C1 by SBL, MLR, SBLGP and MLRGP are 80, 80, 82 and 80%
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respectively. The lowest number of correctly identified days is seen for Fermont. For this station,
the percentage of rightly classified total days given for the validation set of C1 by SBL, MLR,
SBLGP and MLRGP are 71, 71, 73 and 71 % respectively.
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Figure 3.9 Comparison of classification results given by SBL, MLR, SBLGP and MLRGP for combination
C1. White bars represent SBL, light gray bars represent MLR, dark gray bars represent SBLGP
and black bars show MLRGP results.
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Figure 3.10 Comparison of classification results given by SBL, MLR, SBLGP and MLRGP for combination
C2. White bars represent SBL, light gray bars represent MLR, dark gray bars represent SBLGP
and black bars show MLRGP results.
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5211 Comparison of transition probabilites

In another comparison of the classification abilities of the methods, wet and dry day transition
probabilities given by SBL, MLR, SBLGP and MLLRGP for C1 are compared to the observed
values (table 3.6-table 3.7). These probabilites are calculated using the entire dataset
(calibration and validation sets corresponding to C1, combined). It is seen that for both
combinations, dry day transition probabilities (wet-dry and dry-dry) are overestimated and wet
day transition probabilities (dry-wet and wet-wet) are underestimated by both methods. Among
all the methods, SBLGP gave better values of the transition probabilities for both combinations

except for Fermont. For this station, SBLGP and MLRGP give equal values of p(w|w) (0.43)
and p{d|w)(0.57). MLR and MLRGP perform comparably in all cases. SBL is observed to

outperform MLR in all cases. The absolute differences between observed and estimated values
of p{wld) and p(d|d)} values given for La Pocatiere by SBL are 0.02 and 0.05 and by MLR are

0.02 and 0.07, respectively.

Table 3.6 Comparison of wet day transition probabilities obtained for C1. ‘Obs’ refers to observed
values and ‘Stn’ indicates the stations. The alphabets denoting the station names are shown
in table 3.1.

plwlw) p(diw)

Stn. Obs. SBL MLR  SBLGP MLRGP Obs. SBL MLR SBLGP MLRGP

F 052 040 040 0.43 0.43 0.48 0.60 060 057 0.57

S 046 040 039 044 0.40 0.54 0.60 0.61 0.56 0.60

P 0.43 0.39 0.35 0.41 0.35 0.57 061 065 0.59 0.65
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Table 3.7 Comparison of dry day transition probabilities obtained for C1. ‘Obs’ refers to observed
values and ‘Stn’ indicates the stations. The alphabets denoting the station names are shown
in table 3.1

pwld) pldld)

Stn Obs. SBL MLR SBLGP MLRGP Obs. SBL MLR SBLGP MLRGP

F 0.30 0.21 0.21 0.22 0.21 070 079 079 0.78 0.79
S 0.31 028 0.26 0.29 0.27 069 0.72 074 071 0.73
P 029 027 0.22 0.28 0.22 071 073 0.78 0.75 0.78

- 5.2.2 Precipitation amount downscaling results

The regression results are shown in figures 3.11 and 3.12. In comparison to the other
considered methods, SBLGP gives better values of RRMSE, RMABE and R? for all stations
except for Fermont. For this station, SBLGP and SBL perform equivalently for the validation sets
of both combinations, C1 and C2. The RRMSE, RMABE and R? validation values for C1 given
by SBLGP are 0.07, 0.03 and 0.20 and the same given by SBL are 0.07, 0.035 and 0.16,
respectively. The respective values given for C2 by SBL are 0.08, 0.038 and 0.38 and by
SBLGP are 0.082, 0.037 and 0.33.

As observed for classification, in some cases, MLR performs comparably or outperforms
MLRGP. For example, for Sept-lles, MLR outperforms MLRGP for the validation set of C1 and
the latter outperforms the former for C2. For Fermont, both methods perform equivalently for
both validation sets of C1 and C2. For this station and C1, the RRMSE, RMABE and R? values
given by MLR are 0.07, 0.036 and 0.16 and for MLRGP are 0.071, 0.034 and 0.15, respectively.
For C2, the RRMSE, RMABE and R? values given by MLR are 0.08, 0.04 and 0.16 and by
MLRGP are 0.08, 0.04 and 0.11, respectively.
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Comparison of SBL and MLR shows that both methods performed equally in terms of the
chosen performance indices. For La Pocatiere, the RRMSE, RMABE and R? validation values
given by SBL are 0.058, 0.030 and 0.20. The same indices for MLR are 0.057, 0.028 and 0.20,
respectively. Like classification, for regression too SBLGP utilized fewer sample points than SBL
for prediction. The percentage of relevant vectors used by SBLGP and SBL for regression is in
the range 1-6% and 1-5%, respectively, which is an indication of a relatively parsimonious

model.
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Figure 3.11 Regression results given by SBL, MLR, SBLGP and MLRGP for combination C1. White bars
represent SBL, light gray bars represent MLR, dark gray bars represent SBLGP and black bars
show MLRGP results.
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Figure 3.12 Regression results given by SBL, MLR, SBLGP and MLRGP for combination C2. White bars
represent SBL, light gray bars represent MLR, dark gray bars represent SBLGP and black bars
show MLRGP results.
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5.2.2.1 Seasonal resulits

Further analysis of precipitation amount downscaling was done by comparing the methods for
two seasons: Winter (December-March) and Summer (July-October). Figure 3.13 shows
RRMSE, RMABE and R? validation results given by SBL, MLR, SBLGP and MLRGP for winter
and summer seasons for C1. It is seen that SBLGP performs better than the other considered
methods for all stations. The RRMSE, RMABE and R? values for winter given by this method for
Fermont are 0.14, 0.08 and 0.17 and for summer are 0.12, 0.06 and 0.15, respectively. MLRGP
is outperformed by MLR for all station for both seasons. The RRMSE, RMABE and R? values
given for Sept-lles by MLRGP are 0.08, 0.04 and 0.26 and by MLR are 0.074, 0.032 and 0.41,
respectively. Between SBL and MLR, both methods give comparable values of performance
indices for all stations. The RRMSE, RMABE and R? values given for Fermont by SBL are
0.143, 0.081 and 0.167, respectively. The same given for MLR are 0.144, 0.083 and 0.169,
respectively.

For winters, best results are given by Sept-lles for all methods. The corresponding RRMSE,
RMABE and R? values given for SBLGP for Sept-lles are 0.070, 0.028 and 0.40, respectively.
For summer, the best results are obtained for La Pocatiere by all methods. The RRMSE,
RMABE and R? values given SBLGP are 0.062, 0.027 and 0.18, respectively.

Winter Summer

01

ot
- 005
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Stations Stations

Figure 3.13 RRMSE, RMABE and R? results of winter and summer seasons obtained for C1. White bars
and gray bars represent SBL and MLR resuits.
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6 DISCUSSION

Based on the results shown in the previous section, it can be said that SBL outperformed MLR
in downscaling temperature. Temperature was well downscaled by both methods and resulted
in correlation values greater than 0.90, for all stations. According to the R? values obtained for
SBL, MLR, SBLGP and MLRGP, the corresponding correlation lies between 0.30- 0.77, which
for daily climatic time series is satisfactory, in particular considering the stochastic character of
daily precipitation (Hessami et al., 2008). The relatively low explained variances given for
precipitation by all methods underiine the difficulty to downscale the precipitation regime
compared to the temperature.

For precipitation, SBLGP outperformed all the other methods in classification results. For all
methods, dry days were better classified than wet days. The introduction of GP as predictor
selection method did not improve the percentage of rightly identified dry days. In some cases,
SBL and MLR outperformed both GP frameworks (SBLGP and MLRGP). For all stations, the
percentage of rightly classified wet days did show marked improvements for SBLGP. However,
MLRGP was surpassed by MLR, in some cases. For example, the percentages of rightly
classified wet days corresponding to La Pocatiere given by MLRGP and MLR, for the validation
set of C2 were 50 and 53%, respectively.

In comparison to other methods, SBLGP gave better regression results for all stations. This
observation could be attributed to the improved classification results (particularly wet days)
given by SBLGP for all stations. Like classification, in some cases MLRGP outperformed MLR
in regression results for amounts. This observation may be the result of reduction in the number
of correctly identified wet days while dry days remained more or less at the same level. An
example of this is the validation result obtained for La Pocatiere for C1. The corresponding
RRMSE, RMABE and R? values given by MLRGP were 0.063, 0.038 and 0.13 and by MLR
were 0.057, 0.028 and 0.20, respectively.

Both SBL frameworks (SBLGP and MLRGP) used fewer numbers of parameters than the MLR
frameworks. The former also involved greater computation time and memory, in comparison to
the latter. These two factors can be accounted for by implementing the algorithm using lower
level languages such as C and C++ and using larger memory computers. MLR, on the other
hand used the entire sample space for making prediction and also involved lesser computation

time.
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An important factor found to influence the results of GP is the fitness function used for
optimization. For this study, different optimization functions such as root mean square error
(RMSE), coefficient of determination (R?) and mean absolute bias (MAB), were tried and they
were found to give different results. According to a study done by Willmott and Matsuura (2005),
MAB was reported to be a better measure of average error, in comparison to RMSE. RMSE was
regarded inappropriate because it is a function of 3 characteristics of a set of errors, rather than
of one (the average error). RMSE varies with the variability within the distribution of error

magnitudes and with the square root of the number of errors (n'"?)

, as well as with the average-
error magnitude (MAE). R? values may also be high even if the model systematically over-or
underpredicts all the time. Therefore, MAB was ultimately selected as the optimization function.

Similarly, different results were observed for precipitation classification when a different

optimization function was used, suchas N_._, + N where N

wat dry.

ary. @Nd N, are percentage of

rightly classified dry and wet days, respectively. It was observed that for this optimization

function, models resulting in higher values of N, and lower values of N, were getting

selected if their corresponding sum is higher than the model with comparable values of the two.

For example, a model with N, =90% and N,...=10% will get selected over a model with

N,.. = 50% and N,,..=40%. Therefore, a penalty function (N N,,..)’ was added to sum,

dry dry.

N, .. +N

wet ary.

Keeping aside the extent of convergence criteria, the results of GP may rely on

the predictors selected as parents to form the initial population, as they govern the nature of the

next generation determined using selection, crossover and mutation processes.
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7 CONCLUSION

The present work compares two frameworks to downscale mean temperature and four
frameworks to downscale precipitation at three meteorological stations. The first framework
involves backward stepwise regression whereas the second is a non-linear SBL framework
which includes input preparation using canonical correlation analysis. For precipitation
downscaling, two more frameworks involving the application of genetic algorithm as predictor
selection method for both SBL and MLR algorithms were applied.

The results indicated that SBL performed better than MLR in downscaling temperature. For all
stations, temperature was better downscaled than precipitation. For precipitation downscaling,
SBLGP framework gave better classification and regression results, in comparison to the other
considered methods. In some cases, MLR was seen to outperform MLRGP for classification as
well as regression. Dry days were better classified than wet days. Between SBL and MLR, the
latter could be regarded as a better approach for precipitation downscaling. This is because
MLR is characterised by a simple, computationally inexpensive algorithm and also performed
equally well as SBL.

Both SBL frameworks (SBL and SBLGP) supported sparsity by using fewer parameters.
However, both methods also required greater computation time and memory. Applying the
algorithm using lower level computer languages may prove helpful in accounting for the
computational requirements of the algorithm. The application of SBL with other predictor
selection methods (fuzzy logic, classification and regression trees) can be regarded as an

extension of this work.
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ABSTRACT

This work explores the ability of two methodologies in downscaling hydrological indices (HIs)
characterising the low flow regime of three saimon rivers in Eastern Canada: Moisie, Romaine
and Ouelle. The selected indices describe four aspects of the low flow regime of these rivers:
amplitude, frequency, variability and timing. The first methodology (direct downscaling)
ascertains a direct link between large scale atmospheric variables (the predictors) and low flow
indices (the predictands). The second (indirect downscaling) involves downscaling precipitation
and air temperature (local climate variables) that are introduced into a hydrological model to
simulate flows. Synthetic flow time series are subsequently used to calculate the low flow
indices. The statistical models used for downscaling low flow Hls and local climate variables
are: Sparse Bayesian Learning and Multiple Linear Regression. The results showed that direct
downscaling using Sparse Bayesian Learning surpassed the other approaches with respect to

goodness of fit and generalization ability.

Keywords: Statistical downscaling, Relevance Vector Machine, Multiple Linear Regression,

Canonical Correlation Analysis, Low flows, Hydrological modeling
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1 INTRODUCTION

Water-related disasters, i.e. floods and droughts, have been more devastating overall than other
natural hazards (earthquakes, volcanoes, etc.) as far as deaths, suffering, and economical
damages are concerned. Many climate change scenarios predict that the frequency of
occurrence and amplitude of climatic and hydrologic extremes are likely to be affected within the
next 100 years. These extremes are important for decision making in water resources. In
particular, information on low flows is relevant for several purposes such as industrial needs,

agricultural demands, water pollution control requirements and environmental flows.

In the literature, a number of hydrological indices (Hls) describing different aspects of a river low
flow regime have been proposed. Indices have been developed and tested in particular regions
in terms of biologically relevant flow variables, to describe the overall variability in regional
hydrologic regimes and to quantify iow flow characteristics sensitive to various forms of human
perturbations (Olden and Poff, 2003). Despite the significant amount of specialist knowledge
that has accumulated in the field of low flow hydrology, specific understanding of processes
associated with low flows in diverse climatic, topographical and geological conditions is rather
limited, due to scarce experimental low flow studies. According to Smakhtin (2001), considering
the growing attention to climate variability, the specific issue of low flow change under altering

climatic conditions requires additional research.

A crucial step in the development of tools for climate change impact assessment was the
development of global atmospheric general circulation models (GCMs), which simulate the
present climate and generate scenarios of future climate change. GCMs exhibit significant skill
at hemispheric and continental spatial scales and incorporate a large proportion of the
complexity of the global system but are inherently unable to represent local sub-grid scale
features (Wigley et al., 1990) such as topography, cloud cover and land use. The focus of most
of the climate change impact studies is primarily on societal responses to local and regional
consequences of large-scale changes. As a consequence embedding schemes linking GCMs to
meteorological and hydrologic models resolved at finer scales were proposed and implemented.
The use of deterministic hydrologic models for assessing the impacts of climate change on
hydrological regimes has several advantages (Xu, 1999). Deterministic models are meant to
conceptually represent the physical processes underpinning the hydrological budget for a

drainage basin or sub-basin. Many models tested for different climatic/physiographic conditions
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are readily available. Additionally, the coupling of hydrological models with outputs from large-
scale GCMs can be well suited to take advantage of continuing improvements in the resolution
of climate models. Although the coupling of GCMs with hydrological models facilitates the
understanding of the effects of large scale changes on regional hydrologic variability, this
framework is constrained by gaps between the GCMs resolution and the need to describe
potential hydrological changes at a relatively fine scale. According to Xu (1999), these gaps are
characterized by spatial and temporal scale mismatches, vertical level mismatches and the
mismatches between accuracy of GCM outputs and the hydrological importance of the

variables.

To narrow these gaps, the climate research community put a considerable effort towards the
development of ‘downscaling techniques’. Two fundamental approaches exist for the
downscaling of GCM outputs (Wilby et al., 2004): dynamical and statistical (also known as
empirical) approaches. Dynamical approaches involve running regional climate models (RCMs)
with GCM outputs as boundary conditions to simulate processes at a finer scale. However,
RCMs are computationally expensive, and their application is sometimes temporally and
spatially limited. Statistical Downscaling (SD) approaches derive mathematical relationships
between broad scale variables (predictors), obtained from reanalysis data, and fine scale
surface conditions (predictands). With the advent of SD techniques, the initial steps of providing
hydrological information for impact studies of climate change on hydrology were then typically
viewed as a two step approach (referred to as ‘indirect downscaling’ (ID) henceforth): (1) GCM
outputs (predictors) are used to generate local dowscaled climate conditions (predictand) such
as temperature or precipitation and, (2) the downscaled variables are introduced into a

hydrologic model to get future projections of possible hydrological changes.

This two step downscaling framework is usually constrained in space by the domain of
calibration of the hydrological model. Additionally the data requirement for adjusting the model
parameters may be large, particularly for conceptual and fully distributed hydrological model, for
example SWAT (Eckhardt et al., 2005). Simple models have a smaller range of applications and
can give adequate results at greatly reduced costs while the models characterized by
complexity in terms of structure and data requirements provide adequate results for a wide
range of applications. In an attempt to circumvent these shortcomings, few studies (Canon and
Whitfield, 2002; Ghosh and Majumdar, 2008; Tisseuil et al., 2010) tried to establish a direct link
between streamflows and GCM outputs. Such a direct link (referred to as direct downscaling

(DD) henceforth) has been criticised primarily due to lack of consideration of water stores and
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transfers within the soils and groundwater of a catchment (Xu, 1999). However, seeking such a
direct association between river flows and GCM outputs may be relevant to facilitate the
generalisation and extrapolation of predictand simulations over large scales (Tisseuil et al,,
2010).

In this study, DD and ID strategies linking low flow Hls to large scale atmospheric variables
were explored for three salmon rivers in the province of Quebec, Canada. The statistical models
experimented for their downscaling abilities were Sparse Bayesian Learning (SBL) and Multiple
Linear Regression (MLR). On the basis of literature review, it was found that the former finds
scarce applications in downscaling studies, particularly in North America, while the latter has
been frequently applied (Nieto and Wilby, 2005; Gachon and Dibike, 2007; Dibike et al., 2008).
Also, to our knowledge no downscaling study has been conducted for low flow His. This study

will thus address the following questions:

1. Which of the two statistical models (SBL and MLR) performs best in downscaling low
flow Hls from NCEP reanalysis atmospheric variables?

2. Does the inclusion of a hydrological model (ID framework) improve the downscaling
performance, or could the characteristics of low flow Hls be well reproduced by
establishing a direct link to NCEP reanalysis atmospheric variables (DD framework)?

3. Is the considered downscaling framework relevant with respect to future climate change
impact studies? As an example, future projections of low flow indices are shown using
three emission scenarios (A1B, A2 and B1) of GCM (ECHAMS) and one scenario (A2) of
Canadian Regional Climate Model (CRCM; Driving GCM: CGCM3).
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2 STATISTICAL DOWNSCALING FRAMEWORK

The statistical downscaling framework (figure 4.1) used in this work is built on a comparative
approach that has three aspects. Two statistical models were applied to two downscaling
methodologies to quantify the relationship between NCEP atmospheric variables and low flow
Hls for three rivers: Moisie, Romaine and Ouelle. As mentioned in the introduction, the two

downscaling methodologies were

¢ Direct Downscaling (DD)

e Indirect Downscaling (ID)

DD methodology directly links NCEP atmospheric variables with the low flow Hls. ID is a two
step approach where the NCEP atmospheric variables are first linked with local climate
variables (such as precipitation and air temperature) and thereafter, the downscaled local
climate variables are introduced into a hydrological model to simulate flows from which low flow

Hls are calculated. The statistical models selected to establish these links were

¢ Relevance Vector Machine (RVM), that enforces SBL algorithm (described in the following
section), and

¢ The Automated Statistical Downscaling (ASD; Hessami et al., 2008) tool that implements
MLR

In the ID methodology, the hydrological model chosen for simulating flows from the downscaled
local climate variables was the Streamflow Synthesis and Reservoir Regulation (SSARR)
model. Details of RVM, ASD and SSARR are given in the following subsections. Inputs to both

the methodologies were prepared in the following manner:

1. Correlations were calculated between monthly, seasonal and yearly values of NCEP
reanalysis variables and predictands. The predictands for DD were low flow Hls. For ID, the
predictands were inputs to the hydrological model, SSARR, i.e. mean air temperature and

precipitation.

2. The significantly correlated series (a<0.05) were then subjected to canonical correlation
analysis (CCA) and the canonical variable scores were introduced into the RVM algorithm. CCA
(Busuoic et al., 2007) looks for a linear combination of predictors that are optimally correlated

with the predictand.
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3. For ASD, the significantly correlated variables underwent backward stepwise regression.
Backward stepwise regression (McCuen, 2003) starts with all the terms in the model and

removes the least significant terms until all the remaining terms are statistically significant.

Combining the two statistical downscaling models (RVM and ASD) and two downscaling

methodologies (DD and ID) gave the following approaches:

1. DD using statistical models
¢ RVM (DD1)
e ASD (DD2)

2. ID involving hydrological model, SSARR, with the following inputs:

e RVM downscaled values of precipitation and temperature (ID1) and
o ASD downscaled values of precipitation and temperature (ID2)

3. Introducing observed values of precipitation and temperature into SSARR to simulate flows
and hence low flow indices. This approach eliminates the biases present in the reanalysis
data and is referred to as ‘Partial Validation Approach’ (PVA).

Projections of low flow HIs were produced to illustrate an application of the downscaling
framework for future climate change impact studies. These projections are based on three
scenarios, A1B (high emission), A2 (medium-high emission) and B1 (low emission), (IPCC
report, Emission Scenarios, 2007) from GCM, ECHAMS5 (Roeckner et al., 2003) and one
scenario A2 from CRCM (Jiao and Caya, 2006). ECHAMS is currently the most recent version
of ECHAM, a global climate model developed by the Max Planck Institute for Meteorology.
CRCM is a regional climate model developed in collaboration between Canadian Regional
Climate Modeling and Diagnostics network, the ESCER centre of university of Quebec at
Montreal and the Ouranos Consortium on regional climatology and adaptation to climate
change. The CRCM model used here is driven by GCM, CGCM3 following greenhouse gas and
aerosol concentration according to scenario A2.

Two time periods: 2021-2050 (20s) and 2051-2080 (50s) were investigated for relative change
(RC) in median and variability of the low flow Hls with respect to the baseline period (1961-
2010). RC was calculated as the difference between future projected and observed (1961-

2010) flow condition, divided by the observed condition.

176




The future projections of low flow HIs were made in the following manner:

1.

Daily outputs of the selected atmospheric variables were extracted for scenarios A1B, A2
and B1 for ECHAMS5 and scenario A2 for CRCM.

. These predictors were bilinearly interpolated (Lo et al, 2008; Tisseuil et al 2010) to obtain

ECHAMS and CRCM outputs at the selected discharge/meteorological stations and yearly,
monthly and seasonal series of the resulting interpolated variables were calculated.

The yearly/monthly/seasonal series of NCEP reanalysis variables, exhibiting significant
correlation with the low flow Hls, were selected and the corresponding subsets from
ECHAMS and CRCM outputs (obtained in step 2) were selected as predictors for future
projections.

These predictors were used as inputs in the statistical models (developed using NCEP
reanalysis variables). Canonical variates were used for RVM and predictors selected by
stepwise regression were used for ASD to generate scenarios of low flow indices for future
time periods (20s and 50s).

The criteria of comparison between the projections are relative change (RC) in the median
and variability of the indices in the future time periods: 2021-2050 (20s) and 2051-
2081(50s) with respect to the baseline period (1961-2010). RC is calculated as:

future projected value—baseline period value
RC = (4-1)

baseline peried value
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Figure 4.1 Statistical Downscaling Framework.

2.1 Statistical models

The two statistical models used to downscale low flow HIs in the DD framework and
meteorological variables (precipitation and temperature) in the ID framework are Sparse
Bayesian Learning (SBL; Tipping, 2001) and Multiple Linear Regression (MLR; Gachon and
Dibike, 2007). MLR is a statistical method that is used to model linear relationship between a
dependent variable (predictand) and one or more independent variables (predictors). It is a least
square based method that assumes that the relationship between the predictors and predictand
is linear. SBL is a Bayesian framework for obtaining sparse solutions to regression and
classification tasks using models linear in the parameters. A key facet of SBL is the
incorporation of parameterized prior on the weights that encourages sparsity in representation.

The maijority of parameters are automatically set to zero during the learning process, giving a
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procedure that is extremely effective at discerning those basis functions which are ‘relevant’ for

making good predictions (Tipping, 2001).

2.1.1 Relevance vector machine (RVM)

RVM (Tipping, 2001) uses probabilistic Bayesian learning to capture the underlying
relationships between predictors and predictands. It is a Bayesian treatment of the function
used in SVM (Cortes and Vapnik, 1995):

t=flx;w) =50, wK{xx)+ wg (4-2)
where K(x,x;) is a kernel function, effectively defining one basis function for each example in

the training set. Mathematical formulations behind the algorithm and its application in
downscaling studies can be found in Joshi et al. (2013). The current work uses a Gaussian
kernel function:

K{x,x;)=exp (—M) (4-3)

2g3%

2.1.2 Automated statistical downscaling tool

ASD is capable of performing statistical downscaling automatically, from predictor selection to
model calibration, scenario generation and statistical analysis of scenarios. Two methods of
predictor selection: backward stepwise regression and partial correlation are incorporated for
predictor selection. The current work uses backward stepwise regression for predictor selection.
Details about the mathematical formulations behind the ASD algorithm and its application in

precipitation and temperature downscaling can be found in Hessami et al. (2008).

2.2 The hydrological model: SSARR

SSARR (Kite, 1978; Cundy and Brooks, 1981) is a lumped conceptual hydrological model which
comprises of a generalized watershed model and a streamflow and reservoir regulation model.
The current version of SSARR uses two types of watershed models: Integrated-Snowband
model and Depletion Curve model. The Integrated snowband model (figure 4.2) divides the
basin into a number of bands or zones of equal elevation. Each band is then treated as a

separate watershed with its own characteristics. Simulation of snowpack conditions and
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moisture input for routing is independently accomplished for each band. The depletion curve
model simulates the catchment as an entity and depletes the snow covered area as a function
of seasonal accumulated runoff. This work uses the integrated snowband model which has
been diagrammatically represented in figure 4.2 (SSARR user manual, 1991).
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Figure 4.2 Snow —Elevation band example of rain, snow and melt (SSARR manual, 1991).

The River System and Reservoir Regulation Model routes streamflow from upstream to
downstream through channel and lake storage and reservoirs under free flow or controlled-flow
modes of operation. Flows may be routed as a function of multivariate relationships involving
backwater effects from tides or reservoir operations. Diversion and overbank flows can be

simulated. The compute-period may be as short as 0.1 hour or as long as 24 hours.
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2.2.1 SSARR calibration

SSARR calibration was done using an optimisation subroutine based on an algorithm that
makes an iterative search of the parameter space based on performance measures and depth
function (Bardossy and Singh, 2008). For the quantification of the performance of hydrological
models, most of the performance criteria concentrates on how well the simulated hydrographs,
flood peaks and flow volumes match with corresponding observed values (Green and
Stephenson, 1986). These criteria provide scarce information about the quality of low flow
simulations due to their bias towards high flows. For the current work, the following evaluation

performance criterias were used to assess SSARR results

T L0-03 PP

R? = | = (4-4)

4525:2(0_0}‘2?:&(;}_!?}2

o _ E?:z{Oi—Péz

NASH=173r (o0y? (4-5)

T Ul E‘{ =
MODNASH = 1— ~—f3~ 4-6
] i . {+3ﬂ (4-6)
LOGNASH = 1 — Lizs{1og(00 TlostP0)* (4-7)

XL oz (0p- ~log (O3 ®

where n denotes the number of days in the time series, and O; and P; denote observed and

simulated daily values, respectively. 0 and P denote observed and simulated means,

respectively. These performance criterias were quantified for the entire year and separately for

two seasons (December-March and July-October).

R® and NASH are the most commonly used performance criterias (Legates and McCabe,
1999). The major drawback of using R? if it is considered alone, is that it only quantifies
dispersion. Therefore, a model which systematically over- or under predicts can still result in
good values of R%. With the NASH coefficient, the squaring of the difference between observed
and predicted values leads to an overestimation of model performance during peak flows and
an underestimation during low flow conditions. Niether performance criteria are sufficiently
sensitive to systematic model over- or under prediction, particularly during low flow periods. To
reduce the problem of squared differences and the resulting sensitivity to extreme values,

LOGNASH is calculated with logarithmic values of O and P. The logarithmic transformation

181




flattens the peaks of the hydrograph. As a result, the influence of low flows is increased in
comparison to flood peaks, thereby increasing the sensitivity of the index to model over- or
under prediction of low flows. Another way of increasing the influence of absolute differences
between observed and predicted values during low flow periods and reducing the same during
high peaks, is to quantify them as relative deviations (MODNASH). As a result, it can be
expected that the relative deviations are more sensitive to systematic over- or under prediction,

particularly during low flow conditions.
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3 STUDY AREA

The considered downscaling methodologies were experimented for three rivers located in the
province of Quebec, in Eastern Canada. Moisie and Romaine rivers are located on the North
shore whereas Ouelle is located on the south shore of the St. Lawrence River. These rivers
were chosen as they sustain Atlantic Salmon (Salmo salar) populations, which has been
regarded as an endangered species (Committee on the Status of Endangered Wildlife in
Canada; COSEWIC, 2011) and is known to be adversely affected by extreme low fiows
(Armstrong et al., 1998).

Daily streamflow, precipitation and air temperature data for stations representing the three rivers

were obtained from Environment Canada database (http://www.climate.weatheroffice.qgc.ca).

Locations of the discharge and meteorological stations on each of these river basins are shown
in figure 4.3 which has been reproduced from Joshi et al (2013) (Chapter 1). There is one
hydrometric station and two meteorological stations corresponding to Romaine and Moisie and
one discharge and one meteorological station for Ouelle. Details of the meteorological stations
and hydrological stations are shown in table 4.1 and table 4.2, respectively. Flow duration
curves for the three rivers for summer and winter flows are shown in figure 4.4. Moisie and
Romaine clearly have more severe winter flows. For Moisie, the Q95 (flows exceeded 95% of
days) values for summer (July-October) and winter (December-March) flows are 222.5 m*/s and
60.3 m*/s, respectively and for Romaine the same are 140 and 42.9 m%/s, respectively. Ouelle
has more severe summer flows, however, the difference between summer and winter flows is
not as pronounced as for Romaine and Moisie. The Q95 values corresponding to QOuelle for

summer and winter are 0.65 and 0.86 m*/s, respectively.
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meteorological and discharge stations, respectively.
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Figure 4.4 Flow duration curves for Romaine, Moisie and Ouelle for summer (dashed line) and winter
flows (smooth line). The drainage areas (DA) are indicated in the figure. Data are plotted on
semi-logarithmic axis.

Table 4.1 Description of meteorological stations used in the current work.

Station River Latitude Longitude Elevation Available years

Fermont 67°05'00.000" Oct 1980-Dec

Moisie 52°48'00.000" N 594 .40
w 1996
66°16'00.000" Oct 1980-Dec

Sept-lles  Moisie 50°13'00.000" 54.90

N W 1996

Jan 1964-Dec
Lac Eon Romaine 51°52'02.000" N 63°17'01.000" 588.90

W 1976
Havre St- Jan 1964-Dec
Romaine 50°16'55.000" N 63°36'41.000" 37.80
Pierre W 1976
La 70°01'55.000" Oct 1969-Sept
Ouelle 47°21'21.000" N 31.00
Pocatiere W 1991
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Table 4.2

Description of hydrometric stations (reproduced from Joshi et al., 2013).

Station Latitude Longitude Catchmerz'nt Years Years Excluded
Area(Km®)
H o v " [ L] " 1961‘
Romaine 50°1828"N  63°37'21"W 13000 2010 2007
HP. (<] t4n o 1) " 1966-
Moisie 50°21"1"N  66°11'25" W 19000 2010 1967,1999,2000, 2007
Ouelle 47°22'52"N  69°57'29" W 795 12%(210- 1967,1981,1982,1996
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4 SELECTION OF LOW FLOW INDICES

Six low flow indices characterizing different aspects of the low flow regime of the three rivers
were considered. These indices were selected based on the study presented in Daigle et al.
(2011) which dealt with the characterization of low flow regimes of rivers in Eastern Canada
using data from 175 discharge stations. 71 indices considered relevant from low flow
perspective were identified and categorized into five groups describing different aspects of the
low flow regime- magnitude, frequency, duration, variability and timing (Richter et al., 1996). The
number of indices was reduced from 71 to eight highly informative and low-correlated Hls using

Principal Component Analysis (PCA).

Following this work, low redundant His covering four aspects of low flow regime of a river, were
selected. These four aspects are magnitude, variability, timing and duration. To account for the
impacts of temporal dependence on the validity of statistical estimates, indices exhibiting
autocorrelation were avoided. The selected indices were (Table 4.3): Minimums of March flow
values for each year (AMP1), ratio of the lowest annual monthly discharge to the mean annual
discharge (AMP2), average Julian date of the seven annual one day minimum discharges (T),
standard deviation of the Julian date of the seven 1-day minimum discharges (V), 90-day
minimum divided by the median of the entire record (D1) and 90-day minimum calculated for

July-October, divided by the median of the entire record (D2).
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Table 4.3 Selected hydrological indices definition with index code (reproduced from Joshi et al.,

2013).
Index Description Timing
AMP1 Mmlmurgs o_f2 all March flow values for each Yearly
year (Ls" km™)
AMP?2 Ratio of the lowest alnnual monthly discharge Yearly
to the mean annual discharge (unitless)
Average Julian date of the seven annual 1-
T day minimum discharges (Julian date) Yearly
Vv Standard dewr—:ltl.on of t_he Julian date of the Yearly
seven 1-day minimum discharges (days)
D1 QO-Qay minimum divided by the median of the Yearly
entire record(unitless)
90-day minimum calculated for July-October, Seasonal
D2 divided by the median of the entire record

(unitless)
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5 PREDICTOR SELECTION

Statistical downscaling models are based on the fundamental assumptions (Von Storch et al.,
2000): (1) The empirical relationship developed between global-scale predictors and local-scale
predictands should be stable under future climate conditions, (2) the predictor variables should
be adequately produced by GCM/RCM, and (3) the selected predictors should fully incorporate
the future climate change signal. In particular connection to point 3, Huth et al (2004), found that
for temperature downscaling it is necessary to include among predictors the variables
describing radiation-induced changes and not only circulation induces changes. In connection,
the use of sea level pressure or 1000 hpa heights predictors as the only predictors lead to
unrealistically low temperature change estimates. Some other studies that have investigated
appropriate predictor methods in downscaling studies include Benestad (2001), Hessami et al.
(2008), Dibike et al. (2008) and Jeong et al. (2012).

For the current work, reanalysis data from the National Center for Environmental Prediction
(NCEP; Kalnay et al., 1996) were used as large-scale atmospheric predictors to calibrate the
models and validate the approaches. These datasets are ‘observed’ large-scale data on a
regular grid with a spatial resolution of approximately 2.5° X 2.5° (250 km X 250 km). Each
NCEP variable was interpolated to each discharge and meteorological station locations for DD
and ID, respectively, using bilinear interpolation. For a given station, the interpolated data were
calculated by taking a weighted average of the data from the four nearest points located on a
regular grid. The full list of predictors is shown in table 4.4. These variables include Relative
Humidity (RH), Specific Humidity (SH), Zonal (U), Meridonal (V) and Vertical (w) components of
wind and geopotential height at different pressure levels (1000, 850 and 500 hPa) and Sea
Level Pressure (SLP). The variable Heating Degree Days (HDD) was also included for the DD.
HDD indicates exceedence of the daily mean above a certain temperature threshold (base

temperature). In the current work, a base temperature equal to 1°C was considered.
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Table 4.4 NCEP predictors used in the downscaling framework (reproduced from Joshi et al., 2013).

Number Predictor Names
1 Mean temperature at 2m
2 Mean sea level pressure
3 Specific humidity at 1000 hPa
4 Specific humidity at 850 hPa
5 Specific humidity at 500 hPa
6 Relative humidity at 1000 hPa
7 Relative humidity at 850 hPa
8 Relative humidity at 500 hPa
9 Zonal wind component at 1000 hPa
10 Zonal wind component at 850 hPa
11 Zonal wind component at 500 hPa
12 Meridonal wind component at 1000 hPa
13 Meridonal wind component at 850 hPa
14 Meridonal wind component at 500 hPa
15 Vertical wind component at 1000 hPa
16 Vertical wind component at 850 hPa
17 Vertical wind component at 500 hPa
18 Geopotential height at 1000 hPa
19 Geopotential height at 850 hPa
20 Geopotential height at 500 hPa
21 Heating Degree Days

190




6 MODEL VALIDATION AND PERFORMANCE

Cross-validation (Stone, 1974) provides a simple and effective method for both model selection
and performance evaluation and is widely employed by the downscaling community. Under k -
fold cross-validation the data are randomly partitioned to form k disjoint subsets of
approximately equal size. Of the k subsets, one is retained as the validation data for testing the
model, and the remaining k — 1 subsets are used as training data. A special case of k fold cross
validation is split sampling (k=2) in which the dataset is divided into two subsets, one for training
and the other for testing. The most extreme form of cross-validation is known as leave-one-out
cross-validation (LOCV). LOCV consists of omitting one case at a time and building the
statistical model on the remaining dataset, then estimating the omitted case with the model. All
N available cases are omitted and estimated in turn and the model performance is computed
from the N estimation errors.

The low flow Hls selected for this work are yearly and/or seasonal. Therefore, in DD, the total
number of samples available for calibrating RVM and ASD is equal to the total number of years
of data, and the method was validated through LOCV. In ID methodology, daily values of
precipitation and temperature were downscaled and further introduced into SSARR to simulate
daily flows and thereafter low flow indices were calculated. Therefore, the dataset was divided
into two subsets, that were alternatively used as calibration and validation sets in a split-sample
cross-validation

The ability of the DD and ID methodologies to downscale the selected low flow His was
quantified using the following performance indices: Relative Root Mean Square Error (RRMSE),

Relative Mean Absolute Bias Error (RMABE) and Coefficient of Determination:
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