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Abstract
Prince Edward Island (PEI) is the largest potato-producing province in Canada, and most
of its croplands are rainfed. Climate change impacts all fields of life, including agriculture. Thus,
there is a need to understand better the historical variations and future projections of climate
change and its patterns for PEI. Climate change and its impacts on potato tuber yield have been
evaluated in this thesis under three objectives.
For the first objective, twenty climate extreme indices were computed with the help of
ClimPACT2 software for 30 years (1989-2018) to assess their impacts on the potato tuber yield.
The average of daily mean temperature, mean daily minimum temperature (TNm), and the
occurrence of continuous dry days (CDD) significantly increased, while daily temperature range
(DTR), frost days, cold days, cold nights, and warmest days (TXx) showed decreasing trends
during the potato growing seasons (May-October) for the past three decades. The principal
component analysis results showed that DTR, TXx, CDD, and TNm were the main indices,
defining ~39% variations in tuber yield. However, DTR, TXx, CDD, and TNm individual
contributions to the variations in tuber yield were recorded to be 21, 19, 16, and 4%, respectively.
For the second objective, the Hargreaves method was used to calculate reference
evapotranspiration (ET0) for western, central, and eastern parts of PEI using their two input
parameters: daily maximum temperature (Tmax) and daily minimum temperature (Tmin). The
Tmax and Tmin from the Canadian Earth System Model Second Generation (CanESM2) were
downscaled with the help of statistical downscaling model (SDSM) for three future periods, i.e.,
the 2020s (2011-2040), 2050s (2041-2070), and 2080s (2071-2100) under three representative
concentration pathways (RCP’s) including RCP2.6, 4.5, and 8.5. Temporally, there were major
changes in Tmax, Tmin, and ET0 for the 2080s under RCP8.5. In the next steps, a one-dimensional
convolutional neural network (1D-CNN), long-short term memory (LSTM), and multilayer
perceptron (MLP) were used for estimating ET0 for historical and future periods. High coefficient
of correlation (r > 0.95) values for both calibration and validation periods showed the potential of
the artificial neural networks in ET0 estimation.
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For the third objective, SDSM, MLP, random forest (RF), and support vector regression
(SVR) were used to downscale Tmax, Tmin, and precipitation at eight meteorological stations
located in PEI. The comparison results depicted the better performance of MLP to downscale the
climatic parameters (Tmax, Tmin, and precipitation). Therefore, the MLP algorithm was used to
project the climatic parameters for the future period (2006-2100) under RCP2.6, 4.5, and 8.5. The
linear scaling method was used to reduce the biases in the projected data and get real results. The
results of the analysis of the data from the annual and the growing season showed that Tmax and
Tmin continually increased in the future under all the RCPs, but maximum increment was noticed
under RCP8.5. The spatial patterns of average annual precipitation in the growing season showed
high, moderate, and low precipitation at the PEI’s eastern, central, and western parts for the
historical (1976-2003) and future periods.
This study will help the decision-makers and farmers to understand better the variations
and patterns of the climatic parameters for the historical and future periods in relation to
agriculture. The results may also help to develop irrigation scheduling in response to climate
change to meet sustainable development goals.
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CHAPTER 1
Introduction
Potato is the major crop grown in every province of Canada, and it is one of the top ten
countries that export fresh potatoes and seeds of potatoes (Government of Canada, 2021). Atlantic
Canada is the major potato producer in Canada by producing 39.9% of potatoes, followed by
central Canada (22.2%) and western Canada (37.9%) in Canada’s total potato production by area.
The PEI cultivates ~34803 hectares of potatoes and produces 25% of total potatoes grown in
Canada (Statistics Canada, 2021). Furthermore, potato production is the major contributor to the
PEI economy as it contributes over 1.3 billion in annual revenue to the provincial economy
(Government of PEI, 2020a).
Climate change is causing serious challenges for the agriculture ecosystem as the global
surface temperature has increased over the last 100 years, and the increment in the future was also
expected from 0.3 to 4.8 °C till the end of this century based on different concentration pathways
(Trenberth et al., 2014). The temperature is expected to be increased in the future with inconsistent
precipitation patterns. Climate change is also impacting the intensity and frequency of extreme
climate events.
Climate is changing all over the world (IPCC, 2021), including Canada (Qian et al., 2019)
and PEI (Bhatti et al., 2021). It was reported that the temperature is about 0.5 °C warmer than 100
years ago. The cold days and nights are converting into hot days and nights; snowy days are
converting into rainy days, extreme events are also changing (Government of PEI, 2018a). It was
also reported that a 3-4 °C rise in temperature is expected for the PEI over the next 100 years
(Government of Canada., 2017a). These changes in climatic parameters affect all the fields of our
lives, including agriculture, energy management, food security, and water resources. So, all these
changes in climatic parameters and events affect agriculture, especially in rainfed areas.
The potato crop is very sensitive to the temperature and grows well in cooler conditions.
Therefore, global warming will have a profound effect on potato growth worldwide. Even
moderately high temperatures can drastically reduce the tuber yield. The diseases also increased
1

with an increase in temperature (Singh et al., 2013). It was found that a 1-1.4 °C rise in temperature
could decrease the potato tuber yield by 18-32% (Hijmans, 2003). Agriculture is dependent on the
precipitation water in rainfed areas. Nowadays, PEI gets rainfall with high intensity on a single
day and less continuous consistent rainy days. The potato plants are very susceptible to water
shortages affecting potato yield in times of drought. If drought is not compensated by supplement
irrigation, it may lower the yields. It was also reported that the production of last year’s potato
tuber yield was down by an average of 13.6% as compared to 2019, and the main reason for the
reduction is drought (Statistics Canada, 2021). Therefore, it is necessary to investigate and
understand the historical and future variations and patterns in PEI to mitigate and adapt to these
changes.
Potato tuber yield depends on many factors, including seed quality, soil moisture, soil and
water management practices, slope, elevation, and supplement irrigation (Guluma, 2020;
Nurmanov et al., 2019; Wang et al., 2020). These parameters are responsible for most of the
variation, 22-66% individually. It is hypothesized that the climate extreme indices may affect the
potato tuber yield explaining some degree of variation. Climate extreme indices were computed
for the historical period to test a hypothesis for the PEI agriculture ecosystem. Mann-Kendall test
and Sen’s slope estimates were used to find the trends and changes per unit time of the climate
extreme indices, respectively (Kendall, 1948; Mann, 1945a). Then, their individual and the
combined impact was found on the potato tuber yield by using regression models.
Furthermore, to assess the water requirements of crops in PEI evapotranspiration (ET 0),
future trends were also projected in this study for sustainable irrigation practices. It is of utmost
importance to project the climatic parameters and ET0 in the future. Different downscaling models
were used previously worldwide to downscale and project the climatic parameters for the future
period. There is limited literature for the future projection of climatic parameters and ET 0 for the
PEI ecosystem. Therefore, it is necessary to find the variations and patterns of Tmax, Tmin,
precipitation, and ET0 using different statistical downscaling models and propose better
management practices for natural resource sustainability.
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1.1

Study Objectives

The objectives of this study were:
1. To explore the attribution of climate extreme indices of Prince Edward Island to its
potato tuber yield for future agricultural strategies
2. To estimate reference evapotranspiration under climate change scenarios by applying
artificial neural networks.
3. To project the major meteorological parameters for Prince Edward Island using
machine learning techniques.
1.2

Thesis Style
The compiling of the thesis follows the publication style and consists of five chapters.

Chapter 1 of this thesis briefly introduces the study topic and the three study objectives. Chapters
2-4 have Abstract, Introduction, Material and Methods, Results and Discussion, and Conclusions
for individual objectives. The results of these objectives have been summarized, and future
recommendations are presented in chapter 5.
In the 2nd chapter, climate extreme indices and their trends were computed for the historical
period and used to find their contribution to the potato tuber yield variation. The result of this study
has

been

published

in

a

peer-reviewed

journal

namely:

Sustainability

(https://www.mdpi.com/2071-1050/12/12/4937).
In the 3rd chapter, the climate, especially the daily maximum and minimum temperature,
were downscaled and projected for the historical and future periods, which was used to calculate
the reference evapotranspiration. This study has been accepted in a peer-reviewed journal namely:
water resources management (DOI: 10.21203/rs.3.rs-603225/v1).
In the 4th chapter, the daily maximum and minimum temperature and precipitation were
downscaled and projected for the future period, which was used to study the temporal variation of
temperature and spatial pattern of precipitation.
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1.3

Author Contributions
This is a publication-based thesis and consists of ideas, review, and writing process. All

the data collection, analysis, writing, and methods used in this study were conducted by the
candidate itself. The committee members helped the candidate ideate the objectives and improved
the thesis. All the committee members were included in the peer-reviewed articles based on their
contributions.
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CHAPTER 2
Contribution of Climate Extremes to Variation in Potato Tuber Yield in
Prince Edward Island
Abstract
Agricultural management practices are responsible for almost two-thirds of the variations
in potato tuber yield. To answer the research question about the remaining variability of the tuber
yield, we hypothesized that climate extremes partly explain the missing component of variations
of the tuber yield. Therefore, this research attempts to bridge this knowledge gap to generate a
knowledge base for future strategies. A climate extreme dataset of PEI was computed by
averaging the data of five meteorological stations. In detail, changing patterns of 20 climate
extreme indices were calculated with ClimPACT2 software for 30 years (1989–2018) data of
PEI. Statistical significance of the trends and their slope values were determined with the MannKendall test and Sen’s slope estimates, respectively. The average daily mean temperature, TNm,
and CDD significantly increased by 0.77 °C, 1.17 °C, and 3.33 days., respectively, during the
potato growing seasons (May-October) of the past three decades. For this period daily, frost days,
cold days, cold nights, DTR, and TXx showed decreasing trends of −3.75 days, −5.67 days,
−11.40 nights, −1.01 °C, and −2.00 days, respectively. The principal component analysis showed
that DTR, TXx, CDD, and TNm were the main factors affecting seasonal variations of tuber
yield. The multiple linear regression model attributed ~39% of tuber yield variance to DTR, TXx,
CDD, and TNm. However, these indices explained individually 21, 19, 16, and 4% variation to
the tuber yield, respectively. The remaining variation in the tuber yield is explained by other yield
affecting factors. The information generated from this study can be used for future planning about
agricultural management strategies in the Island, for example, the provision of water resources
for supplemental irrigation of crops during dry months.
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2.1

Introduction
The global mean surface temperature is expected to increase over the 21 st century ranged

from 1 .5 °C for RCP4.5 to more than 2 °C for RCP6.0 and RCP8.5 between 1850–1900 and
2081–2100 period (Tian et al., 2017). The sample of over 70% of the global land area showed that
climate indices related to daily minimum temperature indicated significant warming changes
compared to the indices related to daily maximum temperature (Alexander et al., 2006).
Precipitation indices showed significant trends towards wetter conditions throughout the 20th
century, and these changes in precipitation indices were heterogeneous compared to temperature
changes (Donat et al., 2013). Climate change is expected to increase the air temperature,
evapotranspiration rate, risk of intense rainstorms, and heatwaves associated with droughts
(Halimatou A et al., 2017).
The summer days, daily mean temperature, total precipitation, heavy precipitation, CDD,
TNm, DTR, and TXx have significantly increased. However, cold days and cold nights have
decreased in different parts of the world (Chisanga et al., 2017; Ciupertea et al., 2017; Gamal,
2017; Montero-Martínez et al., 2018; Mostafa et al., 2019; Shiferaw et al., 2018). Climate change
in Canada has been evident in the last few years; however, due to the large area, it is not uniform
throughout the country. The warmer climate has been observed in many regions of Canada as the
mean temperature increased by 1.5 °C during 1950–2010 (Vincent et al., 2012). Warming was
higher in minimum temperature compared to the maximum temperature and stronger during the
nights in winter than during the day in summer (Bonsal et al., 2001; Wang et al., 2014).
Extreme heat events including very high temperature, hot nights (Tmin > 22 °C), hot days
(Tmax > 30 °C), summer days (Tmax > 25 °C) are increased. However, snow cover duration, frost
days (Tmin < 0 °C), cold days (10% quantile of Tmax), and cold nights (10% quantile of Tmin)
are decreased throughout Canada (Vincent et al., 2018; Vincent and Mekis, 2006). Extreme
temperatures associated with the warm days (95% quantile of Tmax) and warm nights (95%
quantile of Tmin) were expected to increase by 3.5–6.0 °C and 3.5–4.5 °C, respectively (Casati et
al., 2013).
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The increase in precipitation has been observed across Canada (Mekis and Vincent, 2011).
The temperature and precipitation changes have decreased the snow cover duration due to warmer
spring temperatures (Brown et al., 2010). Likewise, PEI—the Eastern Canadian province—faces
seasonal warming, more extremely hot days and nights, fewer unusually cold days and nights,
longer, more frequent and intense heatwaves, increased continuous dry days, changing
precipitation pattern, increase in rainy days and decrease in snowy days and snow cover duration
(Government of PEI, 2015a; Richards and Daigle, 2011).
Agriculture is the major industry of PEI. Over 40% of its total area consists of agricultural
land (Government of PEI, 2020b). Potato is one of the major exported agri-food products (among
fruits, vegetables, and dairy products) on the Island. Potatoes, worth ~415 million dollars, were
exported by the Island (86% of the total exported agri-food products) in 2018 (Government of PEI,
2018b). The potato industry of PEI contributes 10.8% to the gross domestic product of the Island
(Macdonald, 2017). The potato production of PEI is the highest of any province of Canada and a
major contributor to the Island’s economy (Statistics Canada, 2017).
Uncertainties related to temperature represented a greater contribution to the climate
change impact on crop yield and productivity when compared to the precipitation (Lobell and
Burke, 2008). The temperature is the primary factor that affects the rate of crop production, and
there is high confidence that temperature extreme indices such as hot days, warm nights, heat
waves, and droughts affect crop production (Hatfield and Prueger, 2015; Qian et al., 2019). The
frequency of pest attacks and diseases is also increased with an increase in temperature (Raymundo
et al., 2018). The impact of temperature on agriculture is of major significance since a 1 °C rise is
linked to a 2.7% reduction in the growth of agricultural outputs (Dell et al., 2012). Crop water
stress increases due to droughts, floods, and waterlogging issues (Lobell and Gourdji, 2012).
Different methods are used to find the relationships between crop yields and climate variables.
Poudel and Shaw (2016) and Mumo et al. (2018) used a multiple regression model for accessing
impacts of climatic variability on different crops (maize, rice, wheat, millet, and barley) in Nepal
and Kenya and found out that climate variables were partially impacting the yield of these crops.
Potato is the most important non-grain crop in the world. It is very susceptible to climatic
variability, and therefore, climate change and global warming will have a profound negative
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impact on potato production (Hijmans, 2003). It performs ideally in cooler conditions and is
vulnerable to high temperatures (Levy and Veilleux, 2007). Even moderately high temperature
drastically reduces tuber yield without substantially affecting photosynthesis and total biomass
production (Singh et al., 2013). Hijmans (2003) reported that with an increase in temperature
between 1 to 1.4 °C, the tuber yield decreased by 18 to 32%. Over the next 100 years, a temperature
increase of 3 to 4 °C has been projected for Atlantic Provinces (Government of Canada., 2017a),
which can reduce the tuber yield of the Island. Therefore, it is necessary to understand the potential
impacts of climate change on potato production for future global food security strategies
(Raymundo et al., 2018). It is hypothesized that the future climate scenarios will be harmful to
global potato yield by 2055 (−2 to −6%) but will have a larger impact by 2085 (−2 to −26%)
depending upon the RCP, as reported by Raymundo et al. (2018).
Tuber yield depends on many factors like soil and water management practices, chemical
and bio-fertilization, seed quality, soil moisture contents, slope, elevation, and supplement
irrigation (Afzaal et al., 2020a; Farooque et al., 2019; Guluma, 2020; Kumar et al., 2019;
Nurmanov et al., 2019; X. Wang et al., 2020; Zare et al., 2019). These parameters are responsible
for most of the variations (22–66) % in the tuber yield. In contrast, factors for the remaining
variations in potato tuber yield are unknown. We assumed that climatic extreme indices might be
among the unknown parameters to explain the remaining variability of tuber yield. Literature
reports about climate extremes’ effect on crop yields in different growing regions and seasons but
no in-depth study has been reported on the effects of climate extremes on tuber yield in PEI.
Therefore, the objective of this study was to explore the attribution of climate extreme indices of
PEI to its potato tuber yield for future agricultural strategies.
2.2

Materials and Methods

2.2.1 Study Area
This study was conducted in PEI, the Eastern Canadian province (Figure 2.1). It is the
smallest province with 225 km length and 3–65 km width with a curving geometry from North
Cap to East Point. It lies between 46 to 47 °N latitude and 62 to 64 °W longitude. To the south and
the west, the Northumberland Strait separates this Island from the mainland provinces of Nova
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Scotia and New Brunswick. Charlottetown is its provincial capital, and its total area is 566,560 ha,
out of which 240,514 ha area consists of agricultural lands. The agricultural land used for potato
cultivation is 34,803 ha, which has the largest share in Canada’s potato acreage (Government of
PEI, 2020b). Due to its location and the fertile soil, it has two nicknames, “Garden of Gulf” and
“Million Acre Farm.” Sometimes, it is also called Spud Island due to its significance in potato
production. Its population was 155,318 as of April 1, 2019 (Statistics Canada, 2019).

Figure 2.1 Prince Edward Island is placed along the Canadian and global maps showing the five weather stations
considered as study sites of this research.

The climate of PEI is a mild maritime climate, which receives a significant impact from
the warm waters of the Gulf of St. Lawrence. PEI gets about 290 cm of snow and 890 mm of
rainfall each year. The average minimum temperature is −7 °C in January, and the average
maximum temperature is 19 °C in July (Government of PEI, 2018c). The Island has four seasons
with varying temperature ranges: spring (8 to 22 °C), summer (20 to 34 °C), autumn (8 to 22 °C),
9

and winter (−3 to −11 °C) (Government of PEI, 2015b). Most of the island’s agricultural land is
rain-fed as it receives the annual mean snowfall of 290 cm, and the cold wind makes its winter
temperature feel like −25 °C. In PEI, the potato crop lasts from May to October as all agricultural
activities are performed during these six months. There are no agricultural activities due to
snowstorms, snow cover, flooding, and windstorms in the remaining months.
2.2.2 Data Collection and Analysis
Five meteorological stations (Figure 2. 1) were selected for this study based on their
random locations on the island, data quality, completeness, and length (1989–2018). The selected
stations were East Point, Charlottetown, New Glasgow, Summerside, and North Cap. Daily total
precipitation, maximum and minimum temperature data for the analysis period of 30 years (1989–
2018) of the selected stations were collected from Environment Canada (Table 2.1). Average tuber
yield data were also collected from statistic Canada for the analysis period (1989–2018).
Table 2.1 Geographical coordinate and climatic parameters of all the selected stations in Prince Edward Island,
Canada.
Stations

Lat.
(°)

Long.
(°)

Elev.
(m)

Average
Precipitation
(mm)

Upper
Threshold of
Tmax (°C)

Lower
Threshold of
Tmin (°C)

Missing
Data
(%)

East point
Charlottetown
New Glasgow
Summerside
North cap

46.46
46.23
46.41
46.44
47.06

-61.99
-63.17
-63.35
-63.84
-64.00

7.70
13.7
6.10
12.2
7.60

3.00
3.19
3.49
2.69
2.97

33.5
33.0
34.0
33.7
33.2

-31.0
-29.8
-34.5
-28.0
-33.0

2.05
0.78
2.67
12.3
2.16

Lat: latitude; Long: longitude; Elev: elevation; Tmax: daily maximum temperature; Tmin: daily minimum temperature.

A linear regression model was used to estimate the missing values of the data. One of the
five stations (i.e., Summerside) had a large amount (~12%) of missing data. The ordinary least
square method was used to fit a missing number between the observed data from the target station
and neighboring stations. The neighboring highly correlated stations (R 2 > 0.50) were selected to
estimate the missing data. After selecting the most favorable station for filling the missing data, a
linear regression model, Equation (2.1), was used for estimating the missing values:
y = β0 + β1 X1
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(2.1)

where, y = estimated data, β0 = y-intercept, β1 = slope, and X1 = neighboring station data
2.2.3 ClimPACT2
Climate extreme indices were calculated using the R-software package ClimPACT2
developed by Alexander and Herold (2016). It is based on the RClimDex software developed by
the expert team on climate Change detection and indices. Software and relevant documents of
ClimPACT2 can be accessed from the website https://github.com/ARCCSS-extremes/climpact2.
The data were checked for quality control before calculating extreme indices.
Nine tests were performed using ClimPACT2 to ensure the quality of the data, including
(i) identification of the missing and unrealistic values, (ii) identification of the potential outliers
through interquartile technique, (iii) detection of four or more equal consecutive values, (iv)
detection of temperature > 50 °C and precipitation > 200 mm per day, (v) detection of the
temperature difference between two consecutive values equal to or higher than 20 °C, (vi) if the
maximum temperature was lower than the minimum temperature, (vii) identification of the values
that occurred more than once in the sample data, viii) how often each of the ten possible values
after the decimal point (0.0 to 0.9) appeared, and (ix) identify maximum and minimum temperature
values, with more than four standard deviations. Additional information about data quality control
can be found in the user guide of ClimPACT2 software. Minimal errors were found in the data and
eliminated.
2.2.4 Calculation of Climate Indices and Trend Analysis
Thirteen temperature and seven precipitation extreme indices, developed by the expert
team on climate change detection and indices, were calculated (Table 2.2).
Trends of the calculated indices were detected by non-parametric tests (Kendall, 1948;
Mann, 1945b), and their changes per growing season were calculated by Sen’s slope estimates.
The trends were calculated using MAKESENS (Salmi et al., 2002), which uses two different
approaches (s-test, z-test) to test the time series data trends, based on the number of observations.
The MAKESENS uses an s-test for less than ten observations and a z-test for more than ten
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observations. Positive values of z or s indicate increasing trends, while negative values represent
decreasing trends.

ID
TN10p
TN90p
TX10p

Indicator Name
Cold nights
Warm nights
Cold days

TX90p

Hot days

TXx
TXn
TNx
TNn
TMm
TNm
DTR
FD
SU
CDD
CWD
Rx1day
Rx5day
R10mm
R20mm
P_TOT

Warmest day
Coldest days
Warmest night
Coldest night
Mean Tmean
Mean Tmin
Daily temperature range
Frost days
Summer days
Continuous dry days
Continuous wet days
Max 1-day P
Max 5-day P
No. of heavy P days
Number of very heavy P days
Annual total wet-day
precipitation

Precipitation indices

Indices

Temperature indices

Table 2.2 Names, identifications (abbreviations), indicators, definitions, and their units of the temperature and
precipitation indices by the expert team on climate change detection and indices.
Definition
Percentage of days when Tmin < 10th percentile
Percentage of days when Tmin > 90th percentile
Percentage of days when Tmax < 10th
percentile
Percentage of days when Tmax > 90th
percentile
Maximum value of daily Tmax
Minimum value of daily Tmax
Maximum value of daily Tmin
Minimum value of daily Tmin
Mean daily mean temperature
Mean daily minimum temperature
Daily Tmax - Daily Tmin
Number of days when Tmin < 0 °C
Number of days when Tmax > 25 °C
Number of consecutive days, when P < 1.0 mm
Number of consecutive days, when P ≥ 1mm
Amount of P that fell in 1 day
Amount of total P that fell in 5 consecutive days
Count of days when P ≥ 10mm
Number of days when P ≥ 20 mm
Sum of daily P when P ≥ 1.0 mm

Units
%
%
%
%
°C
°C
°C
°C
°C
°C
°C
Days
Days
Days
Days
mm
mm
Days
Days
mm

Tmean: mean daily temperature; Tmax: daily maximum temperature; Tmin: daily minimum temperature; P: daily precipitation

2.2.5 Statistical Analysis
Minitab 18 (State College, Pennsylvania State University, PA: Minitab, INC.) was used to
calculate principal component analysis (PCA), correlation matrix, and linear and multiple linear
regression. The large datasets that are increasingly common and are often difficult to interpret are
processed with PCA. It is a technique for reducing the dimensionality of large and common
datasets to increase and simplify interpretability minimizing information loss (Armenise et al.,
2013). The climate extreme indices that showed significant trends were analyzed with PCA, using
the correlation coefficient matrix and finding the minimum data set (MDS). Principal components
(PCs) that explained, individually, at least 5% of the variation in the data and up to 85% of the
cumulative variation (Andrews et al., 2002) were selected to be part of MDS. The first PC in the
linear relationships was considered to have the largest percentage of total data variation and so on.
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Under each PC, all the variables (climate index) were given weights that represented the
contribution of the specific climate index in the PC composition. Only highly weighted variables
(absolute value within 10% of the highest weight) were selected initially in MDS as the influential
indicators (Mandal et al., 2008; Xian et al., 2019). In a single PC, if more than one variable had a
high weight and was part of MDS, then correlation coefficients were used to rule out their
redundancy. For example, variables with a correlation coefficient > 0.60 were regarded as
redundant and were thus screened as part of MDS based on their weights (Andrews and Carroll,
2001). However, the highly weighted variables with a correlation coefficient < 0.60 were retained
in the MDS (Sánchez-Navarro et al., 2015).
Multiple linear regression was used to find the relationship between the climate extreme
indices screened from PCA and the tuber yield. The significance of the relationship was tested
using a t-test at a 95% confidence level. Equation (2.2) was used for accessing the impact of
climatic variability on tuber yield:
y = β0 + β1X1 + ...βn Xn

(2.2)

where y is the average tuber yield, β0 is the y-intercept representing a unit change of the dependent
variable, X1, X2, ... Xn is the climate extreme indices, and n is the number of climate indices.
Multicollinearity was tested using the variance inflation factor on each climate index in the
model to prevent associated complications or prevention of achieving the optimal set of
explanatory variables.
2.3

Results and Discussion

2.3.1 Estimation of Missing Values
The neighboring station’s data were regressed linearly to estimate missing values in the
time-series data: i.e., Tmax: daily maximum temperature, Tmin: daily minimum temperature, and
daily precipitation for different study years. Almost all the linear models used to estimate missing
Tmax, Tmin, and precipitation had a good coefficient of determination (R 2). The filled data were
considered reliable for further analysis.
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2.3.2 Climate Extreme Indices and their Trends
Values and slope (minus sign showing negative slope) of trends of extreme indices for PEI
dataset and significance levels of the trends are presented in Table 2.3. There were significant
decreases in cold nights (p < 0.001), cold days (p < 0.05), frost days (p < 0.05), TXx (p < 0.05),
and DTR (p < 0.05). Over the 30 years of the study period, the cold nights decreased by 11.40
nights, cold days decreased by 5.67 days, warmest days decreased by 2.00 days, daily temperature
range decreased by 1.01 °C, and frost days decreased by 3.75 days. However, there was significant
increase in daily mean temperature (p < 0.05), TNm (p < 0.01), and CDD (p < 0.01). The monthly
mean of daily mean temperature increased by 0.77 °C, mean daily minimum temperature increased
by 1.17 °C, and consecutive dry days increased by 3.33 days over the 30 years of this study.
There were more significant temperature-based indices than precipitation-based indices
reflecting that temperature was the primary factor of climate change in the island over the study
period. The research of Lobell and Burke (2008) also showed that more changes occurred due to
temperature than to the precipitation in various parts of the world. The precipitation extreme
indices showed that continuous dry days significantly increased over time, as confirmed by a
decrease in total annual precipitation (Table 3). These results are contrary to the findings of Donat
et al. (2013) who revealed that precipitation indices showed significantly increasing trends in most
of the areas in the world after analyzing indices for 110 years (1901-2010),. Vincent et al. (2018)
and Wang et al. (2014) also revealed similar results for Canada. Variations in temperature and
extreme temperature events impact crop productivity (Hatfield and Prueger, 2015). Increased
evapotranspiration from agriculture fields due to increased temperature may result in increased
supplemental irrigation in rainfed areas such as PEI.
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Table 2.3 Changes in climate extreme indices based on 30 years of data (1989–2018) of months May-October for
Prince Edward Island.
Indices-ID

Definition

Trends

TN10p

Cold nights

-11.40***

TN90p

Warm nights

3.98

TX10p

Cold days

-5.67*

TX90p

Hot days

-2.38

TXx

Warmest days

-2.00*

TXn

Coldest days

1.36

TNx

Warmest nights

1.07

TNn

Coldest nights

1.44

TMm

Mean TM

0.77*

TNm

Mean TN

1.17**

DTR

Daily temperature range

-1.01*

FD

Frost days

-3.75*

SU

Summer days

-1.30

CDD

Continuous dry days

3.33*

CWD

Continuous wet days

0.00

R10mm

Number of heavy P days

0.00

R20mm

Number of very heavy P days

0.00

P_TOT

Annual total wet-day P

-27.0

Rx1day

Max 1-day P

5.18

Rx5day

Max 5-day P

9.52

Precipitation Indices

Temperature Indices

Indices

Units

%

°C

days

days

mm

* Significant at 0.05 level (95%); ** Significant at 0.01 level (99%); *** Significant at 0.001 level (99.9%). Tmean: mean daily temperature;
TM: daily maximum temperature; TN: daily minimum temperature; P: daily precipitation

2.3.3 Principal Components of Climate Indices
The indices that showed significant trends (Table 2.3) were used in PCA to determine their
combined relation with the potato tuber yield. Since there were eight significantly varying indices;
therefore, eight PCs were generated (Figure 2.2). The first three PCs (PC1, PC2, and PC3) were
selected as they individually explained more than 5% variance of the data and had cumulative
variance (52.2%, 74.6%, and 86.9%) greater than 85% (Andrews et al., 2002) as shown in (Figure
2.2) and (Table 2.4).
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Figure 2.2 Principal components with their percentage of variance and cumulative percentage variance.

PC1 that explained a 52.2% variation in the data had TNm with the highest loading value
(i.e., −0.48) followed by TN10p (−0.46), which lies within the scope of 10% of the highest value.
Therefore, both TNm and TN10p were considered highly weighted factor loadings and initially
considered for MDS (Mandal et al., 2008; Xian et al., 2019). In PC2, 22.4% variation of the data
had been explained with TXx (−0.59) and DTR (−0.59) as highly weighted factor loadings initially
considering TXx and DTR for MDS. PC3 explained a 12.3% variation of the data with only CDD
(−0.89) as highly weighted factor loading under it and considered initially for MDS.
Pearson’s correlation matrix (Table 2.5) was generated to check and reduce redundancy
from the MDS. It was found that highly weighted factors (TNm and TN10p) of PC1 were highly
correlated (0.91). Therefore, TNm was retained in the MDS as it had the highest loading value
(0.48) as compared to TN10p (0.46). Similarly, TXx and DTR were not highly correlated (0.52),
which is why retained both in the MDS for PC2. The index CDD was also contained in the MDS
as it was the only highly weighted factor loading of PC3. The retained factor loadings (TNm, TXx,
DTR, and CDD) in MDS were used in multiple linear regression for accessing their combined
relationship with the tuber yield.
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Table 2.4 Results of principal component analysis. The values shown in the bold text represent the factor loadings
that were initially selected for MDS (minimum data set) based on the highly weighted factor loadings concept.
Variance and Factor Loadings

PC1

PC2

PC3

Variance (%)

52.2

22.4

12.3

Cumulative variance

52.2

74.6

86.9

Factor loading
CDD (days)

0.03

-0.30

-0.89

TXx (°C)

0.01

-0.59

0.44

DTR (°C)

-0.25

-0.59

0.06

FD (days)

-0.41

-0.10

-0.10

TN10p (%)

-0.46

-0.14

-0.01

TX10p (%)

-0.39

0.30

0.08

TNm (°C)

0.48

0.01

0.01

TMm (°C)

0.42

-0.30

0.04

PC = Principal Component. TN10p: cold nights; TX10p: cold days; TXx: warmest days; TMm: mean of daily mean temperature;
TNm: mean of daily minimum temperature; DTR: daily temperature range; FD: frost days; CDD: continuous dry days. The bolded
and underlined values are the factor loadings that were considered retained in the MDS after removing redundancy under the scope of
10% of the highest value.

Table 2.5 Pearson’s correlation coefficients for the climate extreme indices used to reduce redundancy of indices
from MDS (minimum data set).
TXx (°C)

TMm (°C)

TNm (°C)

DTR (°C)

FD

Indices

TN10p (%)

TX10p (%)

TX10p (%)

0.63***

1.00

TXx (°C)

0.07

-0.22

1.00

TMm (°C)

-0.71***

-0.83***

0.25

1.00

TNm (°C)

-0.91***

-0.76***

-0.02

0.89***

1.00

DTR (°C)

0.64***

0.08

0.52**

-0.06

-0.50*

1.00

FD (days)

0.79***

0.51*

-0.03

-0.60***

-0.74***

0.50*

1.00

CDD (days

0.09

-0.21

0.03

0.13

0.02

0.19

0.03

(days)

* Significant at the 0.05 level, ** Significant at the 0.01 level, and *** Significant at the 0.001 level. TN10p: cold nights; TX10p:
cold days; TXx: warmest days; TMm: mean of daily mean temperature; TNm: mean of daily minimum temperature; DTR: daily
temperature range; FD: frost days; CDD: continuous dry days.

17

2.3.4 The Dominant Extreme Indices and Tuber Yield
Based on PCA, the four indices, including DTR, TXx, CDD, and TNm were among the
dominant, extreme indices with significant trends and were shortlisted for the data of the 30 study
years. These indices were plotted along 30-year mean yield data of PEI to relate variations in the
shortlisted indices and tuber yield (Figure 2.3). There were visual relationships between the
considered indices and tuber yield. For example, the lines of tuber yield data showed that the year
2001 was the problematic year as it had the lowest average tuber yield (21.59 Mg/ha) supported
by the varying CDD (23 days) and TXx (32.2 °C), DTR (9.02 °C), and TNm (10.6 °C) to be the
highest values in 2001 except for DTR, which had its highest value during 1999. Therefore,
multiple linear regression was performed to find out the combined relation of these indices and the
tuber yield, while linear regression was performed to determine the relation of the climate index
and the tuber yield.

Figure 2.3 Comparison between tuber yield and the most influential climate extreme indices in Prince Edward Island.
Figures (a–d) represent the relation between average tuber yield and daily temperature range (DTR), warmest days
(TXx), continuous dry days (CDD), and mean of daily minimum temperature (TNm), respectively.
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Quantitative assessment of variations in tuber yield required the development of models
that relate yield, as the dependent variable, to the shortlisted climate extreme indices including
DTR, TXx, CDD, and TNm. The regression equation (Equation (2.3)) was constructed to find
relationships between tuber yield and the shortlisted climate extreme indices as:
Yield = 62.4 − 0.378(CDD) − 0.777(TXx) − 0.760(DTR) + 0.610(TNm)

(2.3)

where Yield is Prince Edward Island’s 30-year averaged tuber yield, and the rest of the indices are
the same as defined in Table 2. The value of R2 of the model presented here was 0.39, the t-value
of the regression model (i.e., 4.20), and a p-value of 0.000 concluded that the relationships shown
in this model were allied significant at a 5% level of probability. There was no multicollinearity
as all the indices had a variance inflation factor of less than 1.5 (Mumo et al., 2018).
Further, the four shortlisted indices were accessed individually to check their contribution
to variations in tuber yield. The daily temperature range accounted for only 21.3% of the total tuber
yield changes (Figure 2.4a) reflecting that 78.7% of the variation in the tuber yield was explained
by other factors that may include crop management practices, advanced technologies, other climate
indices, seed selection, etc. The DTR displayed a linearly decreasing trend with average tuber yield
and as illustrated in Equation (3), a one-unit change in DTR will decrease 0.760 Mg/ha of tuber
yield.
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Figure 2.4 The relation between tuber yield and the most significant climate extreme indices in Prince Edward Island.
Figures (a–d) represent the relation between average yield and daily temperature range (DTR), warmest days (TXx),
continuous dry days (CDD), and mean daily minimum temperature (TNm), respectively.

The monthly maximum value of daily maximum temperature (warmest days) explained
~19% of the variation in tuber yield (Figure 2.4b), which means that ~81% of the variation in tuber
yield was explained by other factors. It displayed a decreasing linear trend with the tuber yield.
The regression equation (Equation (3)) showed that the one-unit change in TXx will lead to a tuber
yield decrease of 0.777 Mg/ha. The reason is that the highest temperature for a more extended
period reduces the tuber yield due to drought resembling conditions, as Hatfield and Prueger
(2015) reported.
Continuous dry days, which displayed a linearly decreasing trend with average tuber yield,
accounted for only ~16% of the total tuber yield changes, whereas ~84% of the variation in the
tuber yield was explained by the other tuber yield affected parameters (Figure 2.4c). There was a
0.378 Mg/ha reduction in tuber yield with a one-unit change in CDD. A prolonged period of CDD
represents the drought conditions in which crops do not get the required water for optimal growth,
especially in rain-fed agricultural areas, where rainwater is the only source for irrigation. Like
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other crops, the potato crop is also sensitive to drought conditions, which was also experienced
and reported in the literature for different parts of the world by Peña-Gallardo et al. (2019) and
PEI by Afzaal et al. (2020a).
With ~96% of the variations in the tuber yield explained by the other factors, the variations
in mean daily minimum temperature accounted for only ~4% of variations in the total tuber yield
of the 30-year data of PEI (Figure 2.4d). Having displayed a linearly decreasing trend with average
tuber yield, the TNm’s one-unit change will increase 0.610 Mg/ha of tuber yield.
Literature also reports that the tuber yield depends on many factors. including climate
changes that partially impact crop yield (Poudel and Shaw, 2016). Farooque et al. (2019) found
that 57 to 66% variation in the tuber yield of New Brunswick and PEI was explained by soil
moisture content. Zare et al. (2019) found that the slope and elevation of agricultural fields
explained 22 to 36% variation in the tuber yield of PEI and New Brunswick. Tuber yield also
depends on the tuber seed quality, soil management practices, nitrate contents in the soil, fertilizer
and water management practices, chemical and bio-fertilization (Guluma, 2020; Nurmanov et al.,
2019; Wang et al., 2020).
2.4

Conclusion
This study generates a knowledge base for future strategies about the contribution of

climate extremes to variations in potato tuber yield in PEI. As the means of the daily mean
temperature, TNm, and CDD, significantly increased and the means of frost days, cold days, cold
nights, DTR, and TXx decreased during the study period, it can be extracted from the results, and
as also reported by Hijmans (2003). The R2 value of 0.39 indicates that climate extreme indices
account for only 39% of the tuber yield change. In comparison, 61% of the variation in tuber yield
was explained by the other factors, such as better management practices, better seed, fertilization,
precision agriculture technology, field topography, soil properties physical, chemical, and
hydrologic properties, supplement irrigation, and others. The potato production in PEI is sensitive
to climate extreme indices. Therefore, it is essential to consider climate change while strategizing
agriculture on the island. This study’s findings will help researchers find out the climate indices
and relate their relationship with the yield of other crops in other parts of the world. Field strategies
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for any crop, especially for potatoes, may be initiated from the outcome of this study for the
management of crop cultivation on the island.
The results showed that climate change had affected the potato tuber yield of PEI during
the 30 years of this study period, due to which sustainability of the potato industry might have
been at risk. Supplement irrigation, in such scenarios, is the only way to mitigate the impact of
temperature and droughts on tuber yield. The supplement irrigation should be applied sustainably
on a need base. Irrigation scheduling is done for this purpose. Values of evapotranspiration are
required for irrigation scheduling. Since climate change is also expected to increase the air
temperature, the evapotranspiration rate may increase in the future too. Therefore,
evapotranspiration was estimated in the second objective (Chapter 3) of this study for the 21 st
century with the help of neural networks.
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CHAPTER 3
Application of Artificial Neural Networks to Project Reference
Evapotranspiration under Climate Change Scenarios
Abstract
Evapotranspiration is sensitive to climate change. The main objective of this study was to
examine the response of ET0 under various climate change scenarios using artificial neural
networks and the GCM-CanESM2 data. The Hargreaves method was used to calculate ET 0 for
western, central, and eastern parts of PEI using their two input parameters: Tmax and Tmin. The
Tmax and Tmin were downscaled with the help of SDSM for three future periods, the 2020s,
2050s, and 2080s, under RCP2.6, 4.5, and 8.5. Temporally, there were major changes in Tmax,
Tmin, and ET0 for the 2080s under RCP8.5. The temporal variations in ET 0 for all RCPs matched
the reports in the literature for other similar locations. For RCP8.5, it ranged from 1.63 (2020s) to
2.29 mm/day (2080s). As a next step, a 1D-CNN, LSTM, and MLP were used for estimating ET 0.
High coefficient of correlation (r > 0.95) values for both calibration and validation periods showed
the potential of the artificial neural networks in ET 0 estimation. The results of this study will help
decision-makers and water resource managers in future quantification of the availability of water
for the island and optimize the use of island water resources on a sustainable basis.
3.1

Introduction
Atmospheric increase of greenhouse gases has caused global warming (Shi et al., 2020).

The atmospheric temperature has been rising in numerous parts of the world (Abbas et al. 2018)
included Canada (Zhai et al., 2019). All sectors of life have been badly affected due to climate
variability globally (Chipanshi., 1997; Maqsood et al., 2020; Zhu et al., 2019), necessitating the
investigation and understanding of future climate variability at a site-specific/regional scale to
adapt to and mitigate these changes.
Evapotranspiration is an essential element of the water cycle. Evapotranspiration from the
reference crop surface is known as reference evapotranspiration (ET 0). A comprehensive definition
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of evapotranspiration and its components can be found (Allen et al., 1998). Accurate measurement
of ET0 is required for irrigation scheduling, water resources management, designing agricultural
practices, and hydrological studies.
The Penman-Monteith method can accurately measure ET0 in different climate conditions.
It requires various climatic parameters like temperature, sunshine hours, wind speed, and vapor
pressure for calculating ET0 (Allen et al., 1998). However, this method is challenging in many
parts of the world due to the non-availability of meteorological data. Moreover, the downscaling
of the input climatic parameters for future projection of ET 0 is also unreliable and limits its use.
Therefore, temperature-based empirical methods may be preferred for ET 0 estimation to overcome
these limitations. Temperature data are easily accessible for almost all the world’s meteorological
stations, and its projection by the available GCMs is more reliable than any other climatic
parameters (Randall et al., 2007). The outputs of the GCMs under different RCPs prescribed by
the intergovernmental panel on climate change may only be used on a global or continental level
(Wilby et al., 2002). Therefore, the outputs of the GCMs cannot present a credible view on the
local/site-specific scale due to parameterization limitations. Hence, dynamic and statistical
downscaling techniques are used to make the GCMs outputs useful at a local/site-specific scale.
The statistical downscaling technique offers immediate outputs of climate variables
(precipitation and temperature) and is much simpler, cheaper, and more flexible than the dynamic
technique (Zhang et al., 2020). Statistical relationships between large-scale atmospheric predictors
(e.g., surface mean temperature, surface precipitation, etc.) and local scale parameters (e.g.,
observed precipitation and temperature) have been established in this technique by using multiple
linear regression (MLR). Various statistical downscaling models exist, but SDSM is preferred as
it is the most accurate and widely used method to downscale and project the climate variables
(Birara et al., 2020; Dau et al., 2020).
The non-linear nature of ET0 because of its contributing meteorological parameters
requires non-linear problem-solving techniques for its accurate estimation. Artificial neural
network techniques (ANNs) have a non-linear mathematical structure, useful in modeling complex
non-linear problems. Hashemi and Sepaskhah (2020) estimated ET 0 with the Penman-Monteith
method and ANNs, namely MLP and the radial basis function, and reported that both the ANNs
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performed better than the Penman-Monteith method. Zanetti et al. (2007) used MLP and radial
basis function for estimating ET0 from Tmax, Tmin, and/or different neural network architecture
and found that MLP gave better results, with a single hidden layer, 10 neurons, and activation
function type of hyperbolic tangent sigmoid, than radial basis function.
Long short-term memory has a chain-like structure that can store previous information and
handle time series problems (Zhang et al., 2018). Afzaal et al. (2020b) and Roy (2021) estimated
ET0 using the recurrent neural networks, namely LSTM and bidirectional LSTM, and a limited
number of meteorological parameters. They reported the high accuracy of these networks in
estimating ET0. Majhi et al. (2020) used different combinations of meteorological parameters for
computing the ET0 and compared the results of LSTM with MLP and empirical methods
(Hargreaves and Blaney-Criddle). They found that LSTM can estimate ET0 with higher accuracy
than the other models. One-dimensional convolutional neural networks (1D-CNNs) are deep
learning algorithms mainly used to analyze visual imagery. These networks are the most advanced
forms of the ANNs as they have more hidden layers than the MLP and LSTM. They can also be
used in time-series problems, once modeled properly (Ferreira and da Cunha, 2020).
Evapotranspiration is the major climatic component that controls the water balance, but it
controls crop production. The variation in ET0 may create problems in its estimations for rainfed
areas such as Atlantic Canada. Further, future projections of ET 0 can help strategize irrigation for
rainfed regions where the temperature is expected to increase and rainfall to vary due to climatic
change. A research gap exists for PEI, an essentially agricultural province of Atlantic Canada,
about future predictions of ET0. This could have been due to the non-availability of the required
climatic parameters for this area. It is also an extensive exercise to manage time-series data.
However, the task can be achieved by downscaling and techniques of using minimal climatological
data in ANNs. Limited studies are found in the literature but with one or two ANNs. Therefore,
the novelty of this study is to project ET0 for PEI with the use of Canada-specific GCM (CanESM2)
outputs and three ANNs. Time-series meteorological data have been computed out for this study
by calculating missing data using standard statistical techniques.
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3.2

Materials and Methods

3.2.1 Study Area
Four weather stations including North Cape (47.06 °N, -64.00 °W), Charlottetown (46.23
°N, -63.17 °W), and East Point (46.46 °N, -61.99 °W) of in PEI were selected because of the
availability of meteorological data (1989-2005) and their random locations on PEI (Figure 3.1).

Figure 3.1 Location map of meteorological stations on Prince Edward Island used for this study.

3.2.2 Data Collection and Analysis
This study i) investigated the ability of the SDSM to downscale and assess the variation in
Tmax and Tmin for baseline (1989-2005) and three future periods the 2020s, 2050s, and 2080s, ii)
calculated ET0 for the baseline and future three-time periods using meteorological data (Tmax,
Tmin, and Tmean) in Hargreaves method, and artificial neural networks (MLP, LSTM, and CNN).
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The daily meteorological data (Tmax and Tmin) for the baseline period (1989-2005) were
collected for these stations from the Environment Canada website (Government of Canada,
2017b). The missing values of data for North Cape (1.68%), Charlottetown (0.64%), and East
Point (0.77%) were estimated using data of relevant neighboring stations (R 2 > 0.90) and a linear
regression model. These data were used as a predictand in calibration and validation of the SDSM.
The data from GCM (CanESM2), and the National Center of Environmental Prediction/National
Center for Atmospheric Research (NCEP/NCAR) were also used. The outputs of CanESM2
between 2006 to 2100 were retrieved for three different climate scenarios RCPs of 2.6 (low forcing
scenario),4.5 (medium stabilization scenario), and 8.5 (very high emission scenarios). The largescale atmospheric variable from NCEP/NCAR was utilized for creating a statistical relationship
with the historical Tmax and Tmin. Two tiles (Box_106X_49Y and Box_107X_49Y) of CanESM2
cover the study area with a relatively higher spatial grid resolution of 2.8125° × 2.8125°. The data
of these two tiles were retrieved from the Canadian climate data and scenarios website
(Government of Canada, 2019) and have a set of 26 predictors of CanESM2 and NCEP/NCAR for
the 1961-2005 period (Table 3.1). It is a widely used GCM in climate change impact studies and
has performed well in the projection of local climate variability with SDSM (Birara et al., 2020;
Lotfi et al., 2020)
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Table 3.1 The list of 26 predictors of the National Center of Environmental Prediction/National Center for
Atmospheric Research (NCEP/NCAR) and CanESM2 used to downscale and project Tmax and Tmin for the
baseline and future periods of this study.
No.
1

Predictors
Surface precipitation (ncepprcpgl)

No.
14

Predictors
Vorticity at Surface (ncepp1_zgl)

2

Surface specific humidity (ncepshumgl)

15

Vorticity at 500 hPa (ncepp5_zgl)

3

Mean sea level pressure (nceppmslpgl)

16

Vorticity at 850 hPa (ncepp8_zgl)

4

Surface mean temperature (nceptempgl)

17

Wind direction at Surface (ncepp1thgl)

5

Air flow strength at surface (ncepp1_fgl)

18

Wind direction at 500 hPa (ncepp5thgl)

6

Air flow strength at 500 hPa (ncepp5_fgl)

19

Wind direction at 850 hPa (ncepp8thgl)

7

Air flow strength at 850 hPa (ncepp8_fgl)

20

Divergence at Surface (ncepp1zhgl)

8

Zonal velocity at surface (ncepp1_ugl)

21

Divergence at 500 hPa (ncepp5zhgl)

9

Zonal velocity at 500 hPa (ncepp5_ugl)

22

Divergence at 850 hPa (ncepp8zhgl)

10

Zonal velocity at 850 hPa (ncepp8_ugl)

23

Geopotential height at 500 hPa (ncepp500gl)

11

Meridional velocity at surface (ncepp1_vgl)

24

Specific humidity at 500 hPa (nceps500gl)

12

Meridional velocity at 500 hPa (ncepp5_vgl)

25

Geopotential height at 850 hPa (ncepp850gl)

13

Meridional velocity at 850 hPa (ncepp8_vgl)

26

Specific humidity at 850 hPa (nceps850gl)

3.2.3 The Statistical Downscaling Models
This study used SDSM (Wilby et al., 2002), a hybrid model of MLR and stochastic weather
generator. The MLR creates a statistical relationship between the predictand (Tmax and Tmin) and
NCEP predictors (large-scale parameters), which produce regression parameters from the input
data. The calibrated parameters of MLR are used in a stochastic weather generator to generate time
series data up to 100 years. The steps for downscaling GCM data include i). quality control
analysis, ii) screening of the predictors, iii) model calibration, iv) generation of weather, v) model
validation and vi) scenario generation using GCM data. Quality control deals with the missing
values present in a dataset and replaces them with code -999 as per model provisions.
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Screening the NCEP predictors is a crucial and the most important step for all the statistical
downscaling methods as these predictors highly influence the output of the SDSM (Mahmood and
Babel, 2013). Partial correlation, p-value, and correlation matrix are mostly used in combination
to screen the predictors (Wilby et al., 2002). The steps described by Mahmood and Babel
(2013)were used to screen NCEP predictors for this study.
First, NCEP predictors were extracted for the baseline period, and a correlation matrix was
computed for Tmax and Tmin. The predictors having the highest correlation were separated (12 in
this case). The procedure adopted for screening NCEP predictors for Tmax at the central part of
the island is shown in Table 3.2. The surface means temperature (nceptemp) predictor was the
super predictor for Tmax at the central part of the island as it had the highest correlation (0.93)
with the predictand.
Table 3.2 Procedure adopted in screening NCEP predictors for Tmax at the central part of the island.
Sr

NCEP Predictors

R_1 (%)

R_2 (%)

ρ.r (%)

p-value

PRP

1

nceptempgl

0.93

2

ncepp500gl

0.87

0.85

0.37

0.00

0.57

3

ncepshumgl

0.86

0.92

0.05

0.00

0.95

4

nceps850gl

0.71

0.76

0.03

0.06

1.04

5

ncepp850gl

0.63

0.58

0.21

0.00

1.33

6

nceps500gl

0.47

0.52

0.17

0.00

1.37

7

ncepp1_vgl

0.44

0.36

0.38

0.00

0.13

8

ncepp5_fgl

0.35

0.31

0.02

0.20

0.95

9

ncepp5_zgl

0.36

0.31

0.25

0.00

1.70

10

ncepp8_zgl

-0.29

0.19

0.22

0.00

1.75

11

ncepp5_ugl

0.26

0.23

0.07

0.00

0.73

12

ncepp1_fgl

0.24

0.21

0.08

0.00

0.66

R_1: correlation coefficient between NCEP predictors and predictand; R_2: correlation coefficient among the NCEP predictors; ρ.r.: partial
correlation between predictand and predictors and in the presence of SP; PRP: Percentage reduction in partial correlation to the correlation
coefficient. Bold values were the screened predictor for Tmax at the central part of the island.

The following calculating the correlation coefficient between the remaining selected NCEP
predictors (11 in this case) and predictand (R_1), correlation coefficient among NCEP predictors
(R_2), partial correlation (ρ.r), and p-value. The predictors (ncepp500gl, ncepshumgl, nceps850gl,
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ncepp850gl, and nceps500gl) that had the highest correlation (R_2 >0.5) with the super predictor
were eliminated from the list to minimize multi co-linearity. Moreover, ncepp5_fgl and
nceps850gl were also eliminated from the list as they had a p-value > 0.05.
The percentage of reduction in partial correlation to the correlation coefficient (PRP) was
used to find the second most appropriate NCEP predictor (Equation 3.1).
PRP =

.

_
_

(3.1)

where R_1 is the correlation coefficient, and ρ.r is the partial correlation between predictand and
predictors.
The predictor meridional velocity at the surface (ncepp1_vgl) was selected as the secondmost appropriate predictor. It had the lowest PRP value (0.13) and did not strongly correlate with
the SP. The next predictors were selected by repeating these steps.
3.2.4 Model Calibration, Validation, and Future Scenarios Generation
The complete dataset of the baseline period with screened NCEP predictors was split into
70% for calibration (1989 to 2000) and 30% for validation (2001-2005). The options of ordinary
least square, unconditional, and monthly sub-models were chosen in the model interface for
calibration purposes. Validation was carried out with the output of the calibration run. Then, a
stochastic weather generator generated 20 ensembles of synthetic daily future weather series. Their
average was compared with the historical data for the validation period. The calibrated model was
used to project Tmax and Tmin for the future period 2006-2100 under different RCPs (i.e., 2.6,
4.5, 8.5). The pattern of climatic variables was modeled for three future periods, namely the 2020s,
2050s, and 2080s.
3.2.5 Hargreaves Method
Various methods are used for estimating the ET0, but the Penman-Monteith method is
considered the most precise and standard method. It requires multiple weather parameters such as
temperature, moisture content, wind velocity, and solar radiation. Many meteorological stations
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do not have a complete dataset of the meteorological parameters and the required data set is mostly
unavailable. So, alternate methods like Hargreaves, Blaney-Criddle, FAO-56 reduced set, and Turc
methods are used, which require only a few meteorological parameters. It was found from previous
studies that the Hargreaves method was performed well in estimating the ET 0 as compared to other
methods like Blaney-Criddle, FA0-56 reduced method (Hafeez et al., 2020).
The Hargreaves method was used to estimate the ET0 from Tmax and Tmin data
(Hargreaves and Samani., 1985). The equation used in this method is:
ET = 0.408(0.0023)(17.8 + Tmean)(Tmax − Tmin)

.

R

(3.2)

where R is extraterrestrial radiation (MJm−2) and 0.408 is an empirical factor to convert MJm-2 to
mm.
The solar radiation at the top of the earth's atmosphere is used as R a. Its values range from
~12 to ~31 MJm−2 in PEI, with winter months reflecting the lower values and vice versa. It is
calculated, based on the latitude of the location and the calendar day of the year, by the given
equation:
R =
where, G

(

)

× G (d )[(sin(φ) × ω × sin(δ)) + (cos(φ) × cos(ω ) × cos(δ))]

is the solar constant (0.0820 MJm−2). The value of G

(3.3)

showed the amount of solar

energy per unit time, at the mean distance of the earth from the sun, received on a unit area of a
surface normal to the sun outside the atmosphere. In Equation 3.3, φ is the latitude of the location
(radians). Latitudes for North Centre, Charlottetown, and East Point locations were used as 0.8214,
0.8079, 0.8109 radians. Similarly, d is the inverse relative distance from the earth to the sun and
calculated based on the calendar day of the year as:
d = 1 + [0.33 × cos

(3.4)

J ]

where J is the calendar day of the year.
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In Equation 3.3, ω represents the sunset hour angle (radians). Its values range from ~1 to
~2 radians in PEI with winter months reflecting the lower values and vice versa. It is calculated
as:
ω = arccos(− tan(φ) × tan( δ))

(3.5)

where, δ = solar declination (radians) and is calculated as:
δ = 0.409 × sin ((

× J) − 1.39))

(3.6)

Its values range from ~ -0.4 to ~ 0.4 radians in PEI, with winter months reflecting negative
values and vice versa.
3.2.6 Deep Learning Algorithms
Three artificial neural networks (1D-CNN, LSTM, and MLP) were used to estimate the
daily ET0 for baseline and future periods under three RCPs for western, central, and eastern island
parts. The ANNs were trained by using 70% of data in each period under every RCP and validated
by the remaining 30% of data at all the parts of the island. The trial-and-error method tuned the
hyperparameters (learning rate, optimizer, and batch size). Learning rate is a configurable
hyperparameter that controls how quickly the model is adapted to the problem and has small
positive values (0 to 1.0). Batch size is the hyperparameter that refers to the number of samples
used in one iteration. The most used batch sizes are 32,64 and 128. Optimizers are the methods
that reduce the losses by changing the attributes (learning rates or weights) of the neural network.
The highest performing combination of the learning rate, optimizer, and batch size was used to
calibrate and validate the networks (Afzaal et al., 2020c). The CNN and MLP performed well at
learning rate = 0.01, batch size = 64, and optimizer = Adam, while LSTM performed well at batch
size = 128 and with the same learning rate and optimizer as CNN and MLP. The network’s
estimated ET0 values were compared with the Hargreaves method output (ET 0) by naming it the
actual ET0.
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(a)

(b)

(c)
Figure 3.2 (a) Block diagram of the one-dimensional convolutional neural network; (b) memory block of the longshort term memory network, and (c) Structure of multilayer perceptron neural network.

Five layers of 1D CNN were used, followed by appropriate hyperparameter selection by
the hit-and-miss method (Figure 3.2a). The first layer was the convolutional layer which takes
input (Tmax, Tmin, and Tmean). This layer connects with a max-pooling layer to extract the
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features. The third (flatten) layer was used to join the max-pooling and the last two fully connected
layers.
The LSTM is a form of RNN that predicts time series problems. The recurrent neural
networks stored the information, based on the time or sequence steps, as a hidden state (h t) at every
stage. i.e., ht for every input (Xt). Hyperbolic tangent function (tanh) also presents in the structure
of the RNN that scales the input date from -1 to 1. The problems of short-term memory of the
RNN are solved by adding more states into its memory.
The temporal and sequel dependence of the previous blocks is retained by adding the forget
state (ft) and cell state (Ct) in LSTM. The ft of LSTM keeps or discards the information, and it
depends on the output values of the sigmoid function. Those values closer to 1 are kept while the
closer values to 0 are discarded. The previous hidden state (h t-1) and Xt are processed and gave a
new input (it) using the sigmoid activation function. The it is also given in the range of 1 to 0
without ignoring any information like ft. Ct is calculated by adding the ft and the dot product of the
sigmoid and tanh functions. The detailed review of the LSTM memory block (Figure 3.2b).
An MLP is a common type of feedforward artificial neural network, mostly used in
hydrology and water resources problems to mode non-linear processes (Afzaal et al., 2020c). In
this study, it was used for estimating the ET0. It contains multiple layers, including input, hidden,
and output (Figure 3.2c). Neurons are the fundamental processing unit of the ANNS that connect
all these layers. The input layer takes all the variables like Tmax, Tmean, and Tmin to predict
output i.e., ET0. The hidden layers add the inputs and use an activation function for creating the
output. The most common activation functions are sigmoid, tanh, and rectified linear units. A
rectified linear unit was used in this study due to its better performance relative to others.
About 100 neurons and two hidden layers were selected by the trial-and-error method. A
comparison of different learning algorithm was used in many studies, and Levenberg-Marquardt
was reported to be faster and had higher accuracy relative to the other algorithm (Tabari and
Talaee, 2013). Therefore, the Levenberg-Marquardt learning algorithm was chosen for this study
to find out the loss function due to its best performance.
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3.2.7 Statistical Evaluators
Two statistical evaluators, coefficient of correlation (r) and root mean square error
(RMSE), were used for assessing the performance of the SDSM and the machine learning
algorithms as suggested and used by Afzaal et al. (2020b). Closure the value of r to ‘1’ showed the
better performance of the model.

r =

∑

(у

ӯ)
∑

∑
(у

(у

ŷ)

(3.7)

ӯ)

The RMSE is used to calculate the differences between the observed and predicted data.
Closure the value of RMSE to ‘0’ showed the better performance of the model.

RMSE =

∑

(у

ŷ)

(3.8)

where ŷi is the estimated value at the ith time; уi is the actual value at the ith time; ӯ = mean value
of the уi; N = number of values and i ranges from 1 to N.
3.3

Results and Discussion

3.3.1 Predictors Selection
The screened NCEP predictors for Tmax were Surface mean temperature (nceptemp) and
surface meridional velocity at the surface (ncepp1_v), while Surface means temperature
(nceptemp) and surface meridional velocity at 500 hPa (ncepp5_z) were the screened predictors
for Tmin at all the parts of the island. It was observed that the nceptemp was the super predictor
for both Tmax and Tmin variables at all the parts of the island. The nceptemp was also found as a
super predictor in different studies (Mahmood and Babel, 2013).
3.3.2 Evaluation, Calibration, and Validation of SDSM
The screened predictors of NCEP were used for the calibration and validation period of the
SDSM. The results of Tmax and Tmin simulated by SDSM were compared with the observed
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values for calibration (1989-2000) and validation (2001-2005) periods. The simulated results of
both Tmax and Tmin variables at all the island parts had a high correlation with their respective
observed Tmax and Tmin during the calibration and validation periods. The values of r for Tmax
and Tmin at all the parts of the island were greater than 0.95. The simulated results of the Tmax
and Tmin were in a better agreement with the observed mean monthly values. It indicated a better
efficiency of the SDSM in simulating Tmax and Tmin and the reliability and applicability of the
model for predictions studies involving PEI.
3.3.3 Change of Climate Factors under Different Future Climate Scenarios
The developed SDSM of climate factors was utilized to project daily Tmax and Tmin for
future periods. The projected Tmax and Tmin were used in the Hargreaves method for calculating
the ET0. These variations in average annual Tmax, Tmin, and ET0 were illustrated in Figure 3.3
for the baseline and future periods based on the RCPs (2.6, 4.5, and 8.5) for the island’s western,
central, eastern parts. Results showed an increment in the future average annual Tmax, Tmin, and
ET0 irrespective of the RCPs and parts of the island.
RCP2.6 showed less change in the average annual values of Tmax, Tmin, and ET 0 than to
RCP4.5 and RCP8.5 at all the parts of the island. The increment in the average annual values of
Tmax, Tmin, and ET0 became more extensive as the time increased into the future periods. RCP8.5
showed maximum variations of Tmax, Tmin, and ET 0 in future periods.
A larger average annual increment in Tmax, Tmin, ET 0 was found under RCP8.5 in all the
parts compared to the RCP4.5 and RCP2.6 in future periods. The projected change in the average
annual Tmax was approximately varied from 11.74 (2020s) to 16.55 (2080s) at the western part,
12.86 (2020s) to 19.52 (2080s) at the central part, and 11.93 (2020s) to 18.02 °C (2080s) at the
eastern part of the island under RCP8.5. The variation in the average annual Tmin was observed
from 3.53 (2020s) to 8.90 (2080s) at the western part, 4.50 (2020s) to 11.33 (2080s) at the central
part, 5.21 (2020s) to 11.36 °C (2080s) at the eastern part of the island under RCP8.5. The calculated
average annual ET0 changed in the range of 1.64 (2020s) to 1.92 (2080s), 1.64 (2020s) to 2.03
(2080s), and 1.63 (2020s) to 2.29 mm/day (2080s) at all the parts of the island under RCP2.6,
RCP4.5, and RCP8.5 respectively.
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Figure 3.3 Projected changes in the average annual Tmax (°C), Tmin (°C), and ET0 (mm/day) for baseline (19892005) and future periods the 2020s (2011-2040), 2050s (2041-2070), and 2080s (2071-2100) at western, central,
eastern parts of the island under different RCPs (2.6, 4.5, and 8.5). The (*) asterisk symbol represents the presence of
outliers in the data.

In concurrence with the findings, Richards and Daigle (2011) predicted that the Tmax and
Tmin values were likely to increase in the future periods for PEI. Shi et al. (2020) projected the
ET0, Tmax, and Tmin in southeastern Australia and reported that the changes to increase over time
and maximum changes for RCP8.5. Lotfi et al. (2020) used outputs of the CanESM2 model under
RCP2.6, 4.5, and 8.5 to find the effect of climate variability on the ET 0 in the West of Iran by
calculating the ET0 by Hargreaves and Priestley-Taylor methods and observed the highest rate of
change of ET0 under the RCP8.5 scenario.
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3.3.4 Deep Learning Algorithms-Based Evaluations
All the models were run at the selected combination for the baseline and future periods and
found out the validation r and RMSE (Table 3.3). The changes in r values were observed at western
part which were 0.96 to 0.98 (CNN), 0.96 to 0.97 (LSTM), and 0.96 to 0.98 (MLP) while at central
part, r values were changed from 0.96-0.97, 0.96, and 0.96 to 0.97 for CNN, LSTM, and MLP,
respectively. The values of r in the eastern part were also changed, irrespective of the RCPs and
periods, from 0.95 to 0.98, 0.95 to 0.97, and 0.95 to 0.98. The CNN, LSTM, and MLP validation
RMSE were in the range of 0.28-0.30, 0.29-0.31, and 0.28-0.29 mm/day, respectively, for the
western part. The validation RMSE values for the central part were in the ranges of 0.30-0.36,
0.30-0.38, and 0.30-0.34 mm/day, while for the eastern part it was in the ranges of 0.26-0.27, 0.280.31, and 0.26-0.27 mm/day for CNN, LSTM, and MLP, respectively. The r and RMSE showed
that all these neural networks performed well in calculating the ET 0, but CNN and MLP both
showed slightly higher accuracy at all the parts of the island compared to the LSTM. The validation
r and RMSE at all the island parts showed slightly higher accuracy (r) in the 2080s scenario under
RCP8.5 (Figure 4).
The lower peaks in figures 3.4a, b, c indicate the ET0 year’s winter season, while higher
peaks reflect the values of ET0 for the summer season. Similar to these results, Ferreira and da
Cunha (2020) used deep learning algorithms (combination of CNN and LSTM, and LSTM, 1D
CNN) and outdated machine learning models (ANN’s and random forest) for forecasting (seven
days) of the daily ET0. They reported better performance of the deep learning algorithms than the
traditional machine learning models for ET0 forecasting. Tabari and Talaee (2013) used four MLP
models for estimating the ET0 in the semi-arid region of Iran. They used a different combination
of meteorological variables in these models and concluded that the MLP model could be used for
calculating the ET0. The results also showed that all these neural networks with a non-linear
structure could be used for estimating the ET0 by using minimal meteorological data.
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Table 3.3 The RMSE (mm/day) and r for the validation periods of artificial neural networks (CNN, LSTM, and
MLP) for western, central, and eastern parts of the island.
Parts
of the
island

RCPs

Future
Scenarios

Baseline

1989-2005

Western

RCP2.6

RCP4.5

RCP8.5

Baseline

Central

RCP2.6

RCP4.5

RCP8.5

Baseline

Eastern

RCP2.6

RCP4.5

RCP8.5

CNN
Valid_ Valid_
r
RMSE
0.96
0.29

LSTM
Valid_
Valid_r
RMSE
0.96
0.30

MLP
Valid_
Valid_r
RMSE
0.96
0.29

2020s

0.97

0.28

0.97

0.29

0.97

0.28

2050s

0.97

0.29

0.97

0.3

0.97

0.28

2080s

0.97

0.28

0.97

0.29

0.97

0.29

2020s

0.97

0.29

0.96

0.3

0.97

0.28

2050s

0.97

0.29

0.97

0.3

0.97

0.28

2080s

0.97

0.29

0.97

0.3

0.97

0.28

2020s

0.97

0.28

0.96

0.3

0.97

0.28

2050s

0.97

0.29

0.97

0.31

0.97

0.28

2080s

0.98

0.3

0.97

0.32

0.98

0.29

1989-2005

0.96

0.30

0.96

0.30

0.96

0.30

2020s

0.97

0.3

0.96

0.32

0.96

0.31

2050s

0.96

0.32

0.96

0.33

0.96

0.31

2080s

0.96

0.31

0.96

0.32

0.96

0.32

2020s

0.96

0.32

0.96

0.33

0.96

0.23

2050s

0.96

0.32

0.96

0.34

0.96

0.32

2080s

0.96

0.32

0.96

0.34

0.96

0.32

2020s

0.96

0.3

0.96

0.32

0.96

0.3

2050s

0.97

0.34

0.96

0.35

0.97

0.33

2080s

0.97

0.36

0.96

0.38

0.97

0.34

1989-2005

0.95

0.27

0.95

0.28

0.95

0.27

2020s

0.97

0.26

0.96

0.28

0.97

0.26

2050s

0.97

0.27

0.96

0.28

0.97

0.26

2080s

0.97

0.26

0.96

0.28

0.97

0.27

2020s

0.97

0.27

0.96

0.29

0.96

0.26

2050s

0.97

0.26

0.96

0.29

0.97

0.26

2080s

0.97

0.26

0.96

0.29

0.97

0.27

2020s

0.96

0.27

0.96

0.29

0.96

0.26

2050s

0.97

0.27

0.97

0.29

0.97

0.27

2080s

0.98

0.27

0.97

0.31

0.98

0.27

CNN: convolutional neural network; LSTM: long-short term memory; MLP: multilayer perceptron; r: coefficient of correlation; RMSE: root means
square error
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Figure 3.4 Validation phase of 2080s time spans under RCP8.5 for CNN, LSTM, and MLP at (a) western part, (b)
central part, (c) eastern part of Prince Edward Island.

3.4

Conclusion
This study deals with the change in the patterns of Tmax, Tmin, and ET 0 for the baseline

and future periods. This study showed that all the models, SDSM (for downscaling of Tmax and
Tmin), Hargreaves method (for estimating the ET0 with limited input parameters), and ANNs
(CNN, LSTM, and MLP) for highly accurate estimation of the ET0 were applicable in this study
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area. All the models showed higher accuracy (>95%) in estimating the ET 0 for the three future
periods under all the RCPs in all the island parts. The performance of LSTM and CNN was not
showing any better performance than the MLP. It was observed that CNN and MLP performed
quite similarly and had almost the same accuracy. At the same time, LSTM showed slightly lower
accuracy than them for estimating ET0 for all the scenarios. The results showed that the projection
of Tmax, Tmin, and ET0 at all the island parts was different in magnitude but similar in the pattern
under three RCPs. The temporal variation showed that changes in Tmax, Tmin, and ET 0 exceeded
overtime under all RCPs. Overall, the highest changes in the considered climate variables were in
the 2080s under RCP8.5 in concurrence with literature. This study may be a valuable benchmark
for others who wants to apply these models and methods for accessing the variations in future
Tmax, Tmin, and ET0.
Increased evapotranspiration from agriculture fields due to increased temperature may
result in increased supplemental irrigation in rainfed areas such as PEI. Precipitation data is also
required with evapotranspiration for the future period for accurate estimation of the available water
for the crop. The downscaling of precipitation is not as easy as temperature due to its non-linear
nature. Therefore, precipitation was downscaled and projected in the 3 rd objective (chapter 4) using
machine learning algorithms that can better handle the non-linear variables.
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CHAPTER 4
Projection of Major Climatic Parameters for Prince Edward Island using
Machine Learning Techniques
Abstract
Climate change impacts all fields of life, including agriculture. Thus, there is a need to
understand better the historical and future climate change variations and patterns in PEI, the largest
potato-producing province in Canada, and most of its croplands are rainfed. The SDSM, MLP, RF,
and SVR were used to downscale Tmax, Tmin, and precipitation at eight meteorological stations
across PEI. The GCM- CanESM2 was used to achieve this goal. The performance of the models
was evaluated based on three comparison criteria: mean absolute error (MAE), r, RMSE, and. The
MLP performed well in downscaling Tmax, Tmin, and precipitation and was therefore applied to
project the climatic parameters for the future period (2006-2100) under three RCPs, namely
RCP2.6, 4.5, and 8.5. A bias correction method (linear scaling) was also used to reduce the biases
in the projected data for getting accurate outputs. The results of the annual and seasonal, i.e., potato
growing season (May-October), showed that Tmax and Tmin would continually increase in the
future under all the RCPs with the maximum increment noticed under RCP8.5. The increment for
Tmax and Tmin for the growing season was 0.72-5.37 and 0.87-5.91 °C by the end of the 21 st
century across the island irrespective of the RCPs. The projected precipitation showed a decreasing
trend at most of the stations except the eastern part’s stations. The spatial patterns of average
annual precipitation in the growing season showed high, moderate, and low precipitation at the
eastern, central, and western parts of the island for the historical and future periods. This study will
help the decision-makers, and farmers better understand the variations and patterns of the climatic
parameters for the historical and future period to strategize mitigating the impacts of climate
change on the island’s agriculture in the future.
4.1

Introduction
The global surface temperature has shown an increasing trend over the past hundred years.

The sixth assessment report of the intergovernmental panel on climate change also reveals that the
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intensity and frequency of extreme climate events will change in the future as the global surface
temperature during the most recent decade (2011-2020) exceeded 0.2 to 1 °C relative to 18501900 (IPCC, 2021). Based on different representative pathways, the global surface temperature
may increase within the range of 0.3 to 4.8 °C till the end of this century (Trenberth et al., 2014).
The changes in the pattern of precipitation have also been observed in different parts of the world
(Hasan et al., 2017; Newton et al., 2021), adversely affecting daily activities of agriculture, energy
management, food security, and water resources (Abbas et al., 2018; Maqsood et al., 2020). PEI,
Canada also faces climate warming (Bhatti et al., 2021; Maqsood et al., 2020), necessitating
investigating the future climate variability at a regional scale to strategize mitigative and adaptive
measures for agriculture.
General circulation models are the most essential tool in assessing recent or past climate
changes and for projecting the future climate changes under different emission scenarios (Dong et
al., 2015). These models provide the plausible simulation of weather variables at a global scale
due to their coarse resolution. Still, they cannot generate the climate details on a regional scale
needed to study regional impacts of climate change. Therefore, it is necessary to convert the GCMs
outputs into regional-scale variables. Downscaling techniques have been developed in the past
decades to overcome these differences and have provided a linkage between large-scale outcomes
produced by GCMs and regional studies (Hay et al., 2000). Downscaling can broadly be classified
into dynamic and statistical downscaling (Kannan and Ghosh, 2013). The former requires highresolution regional climate models with boundary conditions from the host GCM (Wang et al.,
2020). The availability of the regional climate model’s simulation constrains the use of the
dynamic approach. In contrast, a statistical relationship has been established between regionalscale climatic parameters (e.g., observed maximum, minimum temperature, and precipitation) and
large-scale atmospheric predictors (e.g., surface precipitation, surface mean temperature, etc.) in
the statistical downscaling (Mahmood and Babel, 2013; Wilby et al., 2000). Statistical
downscaling is a much simpler, cheaper, and flexible technique compared to dynamic downscaling
to generate immediate outputs of climate variables at a regional scale (Zhang et al., 2020).
Numerous models have been used for statistical downscaling, but the most cited and widely
used model is the SDSM (Wilby et al., 2002). This model uses linear regression to estimate the
amount and the occurrence of local meteorological predictands. The linear nature of climatic
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variables enables SDSM to simulate the daily maximum and minimum temperature with high
accuracy. On the other hand, the daily precipitation is non-linear and cannot be simulated with
high accuracy using SDSM (Fan et al., 2021; Hamidon et al., 2019). The relationship between
local precipitation and large-scale predictors is very complex. Machine learning techniques are
widely used in statistical downscaling as they can address non-linear and complex problems and
create accurate multivariate models with limited data. Researchers have applied ANN (Chim et
al., 2021), SVR (Jimenez et al., 2019), and RF (Pang et al., 2017) for downscaling the temperature
and precipitation. Chim et al. (2021) compared SDSM and ANN models for downscaling
temperature and precipitation daily and monthly. They found that ANN performed better in the
simulation of the temperature and precipitation than the SDSM. (Chen et al., 2010) used SDSM
and SVR models for downscaling and future projecting the daily precipitation and reported that
SDSM overestimated the daily precipitation while SVR accurately generated daily precipitation.
Furthermore, downscaling results are tuned by using the bias correction method to generate the
outputs accurately. Different bias correction methods have been applied in the statistical
downscaling process, and linear scaling has been reported to outperform other methods (Chim et
al., 2021).
Climate change has considerable effects on the PEI’s evaporation, runoff, soil erosion, and
hydro-climatic process (Richards and Daigle, 2011). It is imperative to understand the future
projection of climatic processes to formulate adaption strategies for this region. Most recent and
previous works have focused on using observational data to analyze climate change and its impact
(Bhatti et al., 2021; Maqsood et al., 2020). There are very limited studies on the downscaling and
future projection of climatic parameters in the PEI. Furthermore, the machine learning approaches
have seldom been used for downscaling and projecting the daily maximum and minimum
temperature and precipitation. Therefore, the objective of this study was to identify a machine
learning model that is best suited for performing statistical downscaling of daily maximum and
minimum temperature and precipitation for PEI at the station scale.
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4.2

Materials and Methods

4.2.1 Study Area
This study was conducted in PEI, an Atlantic Canadian province (Figure 4.1). It is the
smallest province in the Gulf of Saint Lawrence between 62 to 64 °W longitude and 46 to 47 °N
latitude. The total covered area of PEI is 566,560 ha, and a 240,514-ha area consists of agricultural
lands. The majority of planted crops in the PEI are potatoes, fruits (cranberries, blueberries,
strawberries, apple, and grapes), oilseeds (wheat, oats, barley, canola, soybean, and corn), and
vegetables (tomatoes, cabbage, carrot, cauliflower, cucumber, and onions) (Government of PEI,
2020b). A large proportion of agricultural land (34,803 ha) is used for potato crops and has the
largest share in Canada’s potato acreage (Government of PEI, 2020b). It is also called Spud Island
due to its significance in potato production. The climate of the PEI is mild and strongly influenced
by the surrounding warm water of the Gulf of Saint Lawrence. The average temperature is -7 °C
in January and 19 °C in July. The PEI gets about 290 cm of snow and 890 mm of rain (Government
of PEI, 2018a). Climate change plays a vital role in the agriculture sector as most agricultural land
in PEI is under rainfed conditions.
4.2.2

Data Collection and Analysis
The daily observed data (Tmax, Tmin, and precipitation) for the period 1976-2003 of the

eight meteorological stations across the PEI (Table 4.1) were obtained from the Environment
Canada website (Government of Canada, 2017b). These meteorological stations were selected
based on the data quality, length of the data availability, and their random distribution across the
island. The missing values were estimated using neighboring meteorological stations’ data and
adopting a linear regression model (R2 > 90).
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Figure 4.1 The geographical locations of the eight selected meteorological stations, shown by colored triangles, across
Prince Edward Island, Canada.
Table 4.1 The geographic coordinates and selected mean climatic variables of the eight meteorological stations across
Prince Edward Island, Canada.
Lower
Average Annual
Upper Threshold
Stations
Threshold of
Precipitation
Latitude (°)
Longitude (°)
of Tmax (°C)
(mm)
Tmin (°C)
Alberton
46.85
-64.02
33.0
-22.0
1071
O’Leary

46.70

-64.26

33.5

-31.0

1151

Summerside

46.44

-63.83

32.8

-33.3

1043

Long River

46.50

-63.55

33.0

-33.5

1058

Charlottetown

46.29

-63.13

33.0

-22.4

1161

Bangor

46.35

-62.68

35.0

-37.0

1270

Monticello

46.47

-62.47

34.0

-34.5

1174

East Baltic

46.43

-62.68

33.5

-31.0

1214

Tmax: Average daily maximum temperature; Tmin: Average daily minimum temperature
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The CanESM2 model was used to investigate the future changes in temperature and
precipitation in PEI under different RCP. It was developed by the Canadian Center for Climate
Modeling and Analysis of Environment and Climate Change Canada, and its dataset is freely
available. This model is widely used in hydrological and climate change impact studies (Hoan et
al., 2018; Lotfi et al., 2020; Yu et al., 2020). The dataset of CanESM2 consists of historical
simulation (1961-2005), NCEP data (1961-2005), and three RCP scenarios (RCP2.6, 4.5, and 8.5)
predictors for the period of 2006-2100. These RCPs correspond to low, medium stabilization, and
high greenhouse gas and radiative forcing pathway, respectively. The RCP’s names are based on
the possible ranges of radiative forcing values (2.5, 4.5, and 8.5 W/m 2, respectively) in the year
2100 (van Vuuren et al., 2011). The NCEP predictors were used to calibrate and validate the
models rather than the GCM’s predictors due to their correctness and accuracy (Sachindra et al.,
2014). The CanESM2 and NCEP/NCAR have the same set of 26 predictors (Table 4.2). Two tiles
(Box_106X_49Y and Box_107X_49Y) of the CanESM2 model cover the whole study area (PEI)
and have spatial grid resolution of 2.8125° × 2.8125°. The data of these tiles were retrieved from
the Canadian climate data and scenarios website (Government of Canada, 2019).
Table 4.2 The 26 predictors of NCEP and CanESM2 used in the study.
No.
Predictor
Description
No. Predictor
1
Mslp
Mean sea level pressure
14
p8_f

Description
850 hPa air flow strength

2

p1_f

Surface air flow strength

15

p8_u

850 hPa zonal velocity

3

p1_u

Surface zonal velocity

16

p8_v

850 hPa meridional velocity

4

p1_v

Surface meridional velocity

17

p8_z

850 hPa vorticity

5

p1_z

Surface vorticity

18

p8_th

850 hPa wind direction

6

p1_th

Surface wind direction

19

p8_zh

850 hPa divergence

7

p1_zh

Surface divergence

20

p500

500 hPa geopotential height

8

p5_f

500 hPa air flow strength

21

p850

850 hPa geopotential height

9

p5_u

500 hPa zonal velocity

22

prcp

Surface precipitation

10

p5_v

500 hPa meridional velocity

23

s500

11

p5_z

500 hPa vorticity

24

s850

12

p5_th

500 hPa wind direction

25

shum

Surface specific humidity

13

p5_zh

500 hPa divergence

26

temp

Surface mean temperature
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Specific humidity at 500 hPa
height
Specific humidity at 850 hPa
height

Three machine learning techniques, namely the MLP, RF, and SVR model and SDSM,
were employed to downscale the climatic parameters at eight meteorological stations of the PEI.
The future changes in the climatic parameters were also investigated using the best model, which
was determined by comparing the performance of the models. It consists of the following steps i)
screening of the predictors, ii) Model’s evaluation, iii) projection of climatic parameters by
applying best-performing model, iv) bias correction, and v) evaluation of the results.
4.2.3 Screening of Predictors
Screening of predictors is a crucial and challenging step in statistical downscaling as these
screened predictors highly influence the output of the downscaling models. The combination of
the correlation matrix, partial correlation, and p-value was used in various studies to screen the
predictors (Huang et al., 2010; Wilby et al., 2002). The steps used by (Mahmood and Babel, 2013)
were followed for screening the NCEP predictors.
The length of the observed/predictand (Tmax, Tmin, and precipitation) and NCEP
predictors was kept the same for better correlation. The NCEP predictors data were extracted from
1976 to 2003 based on the station's observed data. The procedure adopted for screening the NCEP
predictors at the Alberton station for Tmax is shown in Table 4.3. In the first step, a correlation
matrix was computed between predictand (Tmax, Tmin, and precipitation) and 26 NCEP
predictors. The predictors that had the highest correlation (R_1) with the predictand (12 in this
case) were separated and arranged in descending order. The first predictor with the highest
correlation with the predictand was selected and termed a super predictor. The predictor surface
means temperature (temp) was the super predictor at Alberton as it has the highest R_1 value (0.92)
with the predictand (Tmax).
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Table 4.3 Most effective NCEP predictors for Tmax at Alberton station after screening.
Sr
1

Predictors
temp

R_1 (%)
0.92

R_2 (%)

p.r (%)

p-value

PRP

2

shum

0.85

0.92

0.07

0.00

0.92

3

p500

0.81

0.87

0.06

0.00

0.93

4

p850

0.59

0.59

0.00

0.56

1.00

5

s500

0.46

0.55

0.09

0.00

0.81

6

P1_v

0.38

0.39

0.11

0.00

0.72

7

P5_f

0.31

0.30

0.03

0.00

0.91

8

P5_z

0.27

0.31

0.16

0.00

0.40

9

P1_f

0.24

0.27

0.06

0.00

0.77

10

P8_z

0.23

0.18

0.16

0.00

0.32

11

P8_f

0.22

0.22

0.03

0.01

0.87

12

P5_u

0.21

0.22

0.02

0.10

0.92

R_1: correlation coefficient between NCEP predictors and predictand; R_2: correlation coefficient among the NCEP predictors; p.r.: partial
correlation between predictand and predictors and in the presence of SP; PRP: Percentage reduction in partial correlation to the correlation
coefficient. Bold values were the screened predictor for Tmax at Charlottetown station.

After finding the super predictor, R_2 between remaining NCEP predictors (11 in this
case), p.r, and p-Value were calculated in the presence of SP. In the second step, the R_2 value
was set to not more than 0.5 to eliminate the multicollinearity between the NCEP predictors
(Mahmood and Babel, 2013). In this study, shum, p500, p850, and s500 were excluded as they had
R_2 values greater than 0.5. In the third step, the predictors having a p-value greater than 0.005
were eliminated to make the results more statistically significant. Therefore, p850 and P5_u were
excluded from the selected predictor's list as they have p_value greater than 0.005 (0.56 and 0.10,
respectively). The second most influential NECP predictor was selected based on the percentage
difference between partial correlation to the correlation coefficient (PRP). The following equation
calculated it.
PRP =

.

_
_

(4.1)

Where PRP is the percentage difference between partial correlation with respect to the correlation
coefficient, p.r is a partial correlation, and R_1 is a correlation between predictand and NCEP
predictors.
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The predictor having the lowest PRP value was selected as the second most influential
NCEP predictor. In this study, 850 hPa vorticity (P8_z) was selected as it had the lowest PRP
value (0.32) and had an R_2 value less than 0.5, which showed that it did not have a strong
relationship with the super predictor. The next NCEP predictors were selected by repeating all
these steps. The selected predictors were used in all the models.
4.2.4 Downscaling Models
Multilinear perceptron is a common type of feedforward neural network used to model the
non-linear processes in the field of water resources, hydrology, and climate change (Afzaal et al.,
2020c; Campozano et al., 2016). It was used for estimating Tmax, Tmin, and precipitation. It
consists of multiple interconnected layers (input, hidden, and output) of adaptive weights with full
connectivity between inputs, hidden units, and outputs. Neurons are the fundamental processing
units of ANNs that connect all their layers. The input layer takes the NCEP predictors, multiplies
them by their weights before inserting them into the hidden layer. The activation function
transforms the input values and keeps them within a manageable range. The most used activation
functions are sigmoid, tanh, and rectified linear units. A rectified linear unit (ReLU) was used for
this study as it is a modern and widely used activation function due to its simplicity and efficiency
(Wang et al., 2021). The ReLU activation function also introduced the non-linearity to the network,
which helps the network to handle non-linear input data (precipitation). A hidden layer that implies
ReLU to the inputs is called the ReLU layer (Sit et al., 2020). Two hidden layers and 100 neurons
were selected with a trial-and-error method. The Levenberg-Marquardt learning algorithm was
selected to find the loss function due to its best performance and high accuracy (Kisi and Demir,
2016; Tabari and Talaee, 2013). It was found that MLP performed well at learning rate = 0.0001,
batch size = 32, and optimizer = Adam (temperature) and Sgd (precipitation).
Random forest is an ensemble learning and nonparametric statistical method for regression
and classification (Breiman, 2001). It is a combination of multiple trees (ntree) predictors. Each
tree depends on the value of the randomly chosen input variable vector and has the same
distribution for all the trees in the forest (Breiman, 2001). The tree predictor depends on the
classification and regression tree algorithm. The classification and regression tree consist of leaves,
roots, and internal nodes. The basic concept of the classification and regression tree is to build a
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tree-like graph (model of decisions) and their possible results by generating relatively
homogeneous subgroups. These subgroups are made by portioning the training dataset to
maximum variance between groups of dependent and independent variables in every tree’s
terminal node. RF algorithm solves the problem of overfitting by introducing randomness into the
individual trees and averaging a large collection of these de-correlated individual trees. The RF
algorithm’s two main parameters make it user-friendly, i). the number of trees (ntree), ii) the
number of variables in the random subset at each node (mtry) (Liaw and Wiener, 2002).
There are three main steps for implementing the RF model. First, a bootstrap sample
containing two-thirds of the training data is used to select the ntree sample. The remaining onethird of training data left out of the bootstrap sample is the out-of-bag data (OOB) sample. An
unpruned regression tree is grown for each bootstrap sample in the second step. The mtry is
selected randomly at each node, and the best variables are chosen to split the data. Thirdly, the
prediction of the new samples can be made by averaging the predictions of the ntree. The OOB
samples are used in the training process to estimate the prediction error (E OOB) as:
E

=

∑

(𝑓𝑖 − 𝑦𝑖)

(4.2)

Where N is the total number of OOB samples, fi is the predicted value, and 𝑦𝑖 is the observed
value. It is noticed that the RF model can estimate the importance of the variables by comparing
the changes of OOB error when a specific variable is randomly permuted, and other variables
remain unchanged.
Support vector machine (SVM) is an outstanding machine learning algorithm mainly used
for regression and classification purposes and is widely used in environmental sciences (Jing et
al., 2016; Lima et al., 2013). Initially, it was used for classification purposes, and later on, it was
modified and used for the regression problems too (Müller et al., 1997; Vapnik, 1995). The kernel
function is applied to avoid the disaster of the dimensions without increasing the complexity of
the calculation. The well-known kernels are linear, radial basis function, sigmoidal, polynomial.
The performance of the SVR highly depends on the selection of the kernel. Linear kernel restricts
the SVR to a linear regression model while using a suitable nonlinear kernel makes it nonlinear
(Lima et al., 2013). The linear kernel was used for Tmax and Tmin, while a radial basis function
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kernel was used for precipitation due to its linear and non-linear characteristics of the climatic
parameters, respectively. The SVR model consists of three parameters cost, gamma, and epsilon.
The cost is a capacity control positive constant, gamma parameter controls the complexity of the
solution and reduces the model space, and the epsilon is a loss function that describes the
regression vector without all the input data (Kisi and Cimen, 2011). The selection of these three
parameters was done by the trial-and-error method. The combination of parameters that produced
a high r-value and lowest RMSE- value and mean absolute error (MAE) were selected for the
calibration and validation. It was found that RF gave the highest results at cost = 15, gamma = 2,
and epsilon = 2.
The SDSM was developed by (Wilby et al., 2002) and used for assessing local climate
change impacts. It is an open-source code with a simple interface. It is a hybrid model of Multi
Linear Regression (MLR) and Stochastic Weather Generator. The statistical relationship between
predictand (Tmax, Tmin, and precipitation) and the NCEP predictors were developed by the MLR.
The stochastic weather generator used these calibrated parameters of MLR to generate time series
data for the next years. It consists of six steps, including i) quality control analysis, ii) screening
of predictors, iii) model calibration, iv) weather generation, v). model validation and vi) scenarios
generation.
The quality control step deals with the missing values and replaces them with -999 as per
model provisions. The ordinary least square performs better and faster than the Dual Simplex in
optimization algorithms (Huang et al., 2010). The conditional and unconditional sub-model was
selected based on the dependency; unconditional sub-model was selected for the independent
variables like temperature, while conditional sub-model was selected for a dependent variable like
precipitation (Zhang et al., 2020). Therefore, the ordinary least square, Unconditional, and monthly
sub-models were set for Tmax and Tmin, while the fourth root, ordinary least square, conditional,
and monthly sub-models were selected for precipitation from the model interface for calibration
and validation purposes. A stochastic weather generator had generated twenty ensembles of
synthetic daily future weather series. The average of these 20 daily ensembles was compared with
the observed data (Tmax, Tmin, and precipitation) for calibration and validation.
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4.2.5 Model Calibration, Validation
The complete baseline dataset (1976-2003) of predictand and NCEP predictors for all the
stations was divided into 70% for calibration and 30% for validation. Having said that, the dataset
1976-1995 was used for calibration, while 1996-2003 was used for validation purposes.
4.2.6 Bias Correction
Uncertainties arise in the climate model outputs because of inadequate calibration due to
lack of observed data and the mathematical and computational bases of the models resulting from
the complexity of the climatic system (Nuri Balov and Altunkaynak, 2019). The bias correction
method corrects and minimizes the biases between the observed and the simulated data and
improves the validation results (Maraun, 2016). The bias correction methods were assumed to be
corrected algorithms, and bias factors of the baseline period were also used to remove the biases
in the future periods’ projected data. The Equations (4.3 & 4.4) were used for temperature and
precipitation bias correction, respectively.

where, 𝑇

and 𝑃

𝑇

=𝑇

+ (𝑇

𝑃

=𝑃

×

−𝑇

)

(4.3)
(4.4)

are respectively the corrected (de-biased) daily time series of temperature

and precipitation for future periods. 𝑇

and 𝑃

represent the scenario temperature and

precipitation data, respectively, downscaled by the MLP model for future periods (2011-2100).
𝑇

and 𝑃

represent the long-term mean monthly values of temperature and precipitation,

respectively for the historical period (1976-2003), simulated by the MLP model. 𝑇

and 𝑃

are

the long-term mean monthly observed values of temperature and precipitation, respectively. The
bar on the T and P represents the long-term average of these variables.
4.2.7 Statistical Evaluators
Three statistical evaluators, r, mean absolute error (MAE), and RMSE were used, for
assessing the SDSM, MLP, SVR, and RF algorithm’s performance. These statistical evaluators
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were used in many studies to evaluate the performance of the models (Afzaal et al., 2020c; Jing et
al., 2016). The closure of the value of r to “1” represents the better performance of the model.

𝑟 =

∑

(у

ӯ)
∑

∑
(у

(у

ŷ)

ӯ)

(4.5)

The MAE is the average amount of errors present in the measurements. It tells us how big
an error we can expect from the measurement on average.
MAE = ∑

(уi − ŷi)

(4.6)

The RMSE is an error-index used to find the difference between observed and predicted
data. A lower value of RMSE represents the better performance of the model.

RMSE =

∑

(у

ŷ)

(4.7)

Where уi is the actual value at the ith time; ŷi is the estimated value at the ith time; ӯ is the mean
value of the уi; N is the number of values and i ranges from 1 to N.
4.3

Results and Discussion

4.3.1 Predictors Screening
The surface mean temperature (temp) and 800 hPa vorticity (p8_z) for Tmax, surface
means temperature (temp), and 500 hPa vorticity (p5_z) for Tmin and surface precipitation (prcp),
Specific humidity at 500 hPa height (s500), and surface meridional velocity (p1_v) were the
screened predictors for precipitation at all the selected stations across the PEI. It was found that
temp was the SP for Tmax and Tmin, while prcp was the SP for the precipitation at all the stations.
These NCEP predictors were also SP in many other studies (Fan et al., 2021; Mahmood and Babel,
2013). These screened predictors were used in all the models for calibration and validation.
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4.3.2 Models’ Evaluation
After screening the predictors, the models (SDSM, MLP, RF, and SVR) were calibrated
and validated for the periods described in section 2.3.6. The results for the validation period are
shown in table 4.4. The SDSM performed well in downscaling the daily Tmax (r>0.92,
RMSE<3.79, MAE<2.44), and Tmin (r>0.92, RMSE <3.70, MAE<2.90) but not give good results
for downscaling the daily precipitation (r>0.42, RMSE<6.41, MAE<4.44). These results were due
to the precipitation’s nonlinear nature and the temperature’s linear nature as multilinear regression
(mostly used to handle the linear data) was used in SDSM. The MLP showed the highest model
efficiency among all the validated models during calibration and validation of downscaling the
daily Tmax, Tmin, and precipitation. The r, RMSE, and MAE values for Tmax and Tmin were
≥0.94, ≤ 3.78, and ≤ 3.00, respectively, during the MLP model’s validation period. For
precipitation, The r ≥ 0.47, RMSE ≤ 6.28. and MAE ≤ 3.96 were observed during the validation
period of the MLP model. All the models performed well in downscaling the Tmax and Tmin (r >
0.92), while low accuracy was observed for downscaling the precipitation (r>0.33) as compared
to Tmax and Tmin (Table 4). Chim et al. (2021) used ANN and SDSM to downscale the Tmax,
Tmin, and precipitation to determine the drought indices. They also observed the high accuracy of
the models for downscaling the daily temperature (R 2>0.59) and low accuracy for daily
precipitation (R2>0.11). The results indicated that the accuracy of the MLP model to downscale
the Tmax (r>0.92), Tmin (r>0.93), and precipitation (r>0.48) is high at more of the stations as
compared to the other models (Table 4). Therefore, the MLP model was selected to project the
climatic parameters across the PEI as it provides satisfactory results at all the stations.
These results are in general agreement with the findings of the literature. For example,
Hashmi (2018) downscaled the daily precipitation at the Clutha watershed in New Zealand with
the help of SDSM and MLP and found that MLP performs better in downscaling the daily
precipitation. Ahmed et al. (2015) also used the MLP for downscaling the rainfall and found that
MLP performed well in downscaling the rainfall of Baluchistan, Pakistan. Ren et al. (2019) also
applied four machine learning models (ANN, SVM, RF, and MLR) to downscale the daily extreme
temperatures (Tmax and Tmin) and found that MLP performed well in downscaling both Tmax
and Tmin as compared to the MLR and SVM.
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Table 4.4 Values of the assessment criteria for the Tmax, Tmin, and precipitation in the validation period.
Stations
Alberton

O’Leary

Summerside

Long River

Charlottetown

Bangor

Monticello

East Baltic

Models
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR
SDSM
MLP
RF
SVR

r
0.94
0.95
0.95
0.95
0.95
0.95
0.95
0.95
0.97
0.96
0.96
0.96
0.96
0.96
0.96
0.96
0.92
0.93
0.93
0.93
0.93
0.94
0.95
0.94
0.94
0.95
0.95
0.94
0.94
0.95
0.94
0.94

Tmax
RMSE
3.23
3.21
3.35
3.21
2.85
3.24
3.26
3.26
2.68
2.94
3.02
2.99
2.79
3.06
3.11
3.09
3.86
3.78
3.83
3.95
3.96
3.65
3.36
3.76
3.48
3.53
3.24
3.60
3.12
3.04
3.17
3.11

MAE
2.43
2.47
2.58
2.43
2.23
2.53
2.53
2.53
2.06
2.29
2.32
2.29
2.17
2.37
2.41
2.37
2.15
3.00
3.05
3.07
2.71
2.88
2.64
2.93
2.37
2.74
2.51
2.77
2.08
2.34
2.47
2.36

r
0.94
0.94
0.94
0.95
0.95
0.96
0.96
0.96
0.96
0.97
0.96
0.96
0.95
0.94
0.94
0.94
0.93
0.94
0.94
0.94
0.93
0.94
0.95
0.93
0.95
0.95
0.95
0.94
0.95
0.95
0.95
0.95

Tmin
RMSE
3.07
3.34
3.51
3.18
2.57
2.65
2.75
2.72
2.72
2.57
2.63
2.70
3.29
3.40
3.43
3.38
3.69
3.30
3.35
3.36
3.61
3.62
3.33
3.79
3.09
3.30
3.05
3.43
2.96
2.95
2.97
2.86

MAE
2.46
2.76
2.87
2.60
2.00
2.09
2.19
2.19
2.20
2.03
2.10
2.15
2.62
2.73
2.76
2.70
2.13
2.48
2.72
2.73
2.89
2.86
2.60
2.96
2.45
2.53
2.34
2.64
2.41
2.39
2.39
2.34

r
0.42
0.49
0.46
0.33
0.50
0.55
0.53
0.52
0.48
0.49
0.48
0.48
0.49
0.52
0.52
0.45
0.46
0.61
0.57
0.57
0.47
0.49
0.48
0.40
0.45
0.47
0.44
0.37
0.39
0.48
0.45
0.45

Precipitation
RMSE MAE
6.11
4.18
5.90
2.99
6.02
3.38
6.36
3.42
5.98
4.16
5.77
2.93
5.83
3.27
5.90
3.27
6.19
3.81
5.98
2.86
6.02
2.93
5.99
3.24
5.77
3.88
5.52
2.96
5.52
3.00
5.75
3.27
6.21
3.45
5.25
2.52
5.42
2.92
5.44
3.12
6.40
4.43
6.28
3.96
6.21
3.62
6.51
3.66
6.25
4.26
6.06
3.40
6.07
3.46
6.33
3.57
5.90
4.22
5.36
3.31
5.33
3.21
5.34
3.08

Tmax: daily maximum temperature, Tmin: daily minimum temperature

4.3.3 Bias Correction
The results mentioned in table 4 were not satisfactory, especially for precipitation, as they
had a low r-value. Therefore, the downscaled and projected data from the MLP model were biascorrected using linear scaling (Table 4.5). The linear scaling improved all the statistical indicator
values for simulated climatic parameters such as r close to 1, and smaller MAE (0.51-1.66) and
RMSE (0.63-2.34) at all the stations. The average increase of r for Tmax, Tmin, and precipitation
was 4.25, 2.12, and 98.0%. Generally, the linear scaling method resulted in satisfactory results,
minimizing the differences between observed and simulated Tmax, Tmin, and precipitation. Chim
et al. (2021) used linear scaling, local intensity scaling, power transformation, and distribution
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mapping to remove the biases from the simulated data. They observed that linear scaling
outperformed all previously mentioned bias-corrected methods, and the accuracy of the simulated
data increased as R2 =0.95 for the baseline period.
Table 4.5 Performance statistics of linear scaling for multilayer perceptron simulated data.

Alberton

r
0.98

Tmax
RMSE
1.38

MAE
0.55

r
0.98

Tmin
RMSE
1.38

MAE
0.51

r
0.98

O’Leary

0.99

1.30

1.07

0.99

0.57

0.51

0.99

2.34

0.95

Summerside

0.99

0.63

0.55

0.99

1.11

1.00

0.97

1.24

0.39

Long River

0.99

0.99

0.82

0.99

0.66

0.59

0.97

1.25

0.37

Charlottetown

0.97

1.75

1.05

0.96

1.76

1.59

0.99

1.56

0.55

Bangor

0.98

1.40

1.55

0.97

1.76

1.53

0.98

1.33

0.50

Monticello

0.97

1.90

1.66

0.98

1.25

1.17

0.99

1.07

0.35

East Baltic

0.97

1.63

1.42

0.99

1.22

1.05

0.98

1.28

0.42

Stations

Precipitation
RMSE
MAE
1.38
0.51

Tmax: daily maximum temperature, Tmin: daily minimum temperature

4.3.4 Temporal Variation of Climatic Parameters under Future Climate Scenarios
The unbiased data of climatic parameters were used to understand their temporal variation
over the year and during the growing season of baseline and future periods (2006-2100). The
variations in the average daily Tmax, Tmin and average annual precipitation based on RCP2.6,
4.5, and 8.5 have been illustrated in Figures 4.2 for the baseline and future periods. The upper and
lower boundaries of the boxplot boxes represent 25 and 75% of the data sets, respectively, while
the middle line represents the median value. The upper and lower whiskers of the boxes indicate
the 90th and 10th percentiles, respectively. There was an increment in the average annual values of
climatic parameters irrespective of the RCPs and geographical location of the stations. The less
change was observed in the average annual values of climatic parameters under RCP2.6, while
higher variations were examined for the RCP8.5. The variation was increased with the increment
in the future period and RCP.
The increment range of projected average daily Tmax and Tmin was observed 2.04-5.73
°C and 1.83-5.55 °C, respectively, across the island irrespective of the RCPs. The increase in the
projected Tmax (2006-2100) was 4.45 °C at Alberton, 3.97 °C at O’Leary, 5.19 °C at Summerside,
4.10 °C at Long River, 5.38 °C at Charlottetown and Bangor, 5.10 °C at Monticello, and 5.73 °C
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at East Baltic as compared to the baseline period under RCP8.5. At the same time, the increase in
the average annual projected Tmin was 3.71, 4.26, 4.36, 3.89, 4.93, 4.58, 5.55, and 4.57 °C at
Alberton, O’Leary, Summerside, Long River, Charlottetown, Bangor, Monticello, and East Baltic,
respectively under RCP8.5. It was also observed from Figures 4.2a and 4.2b that a little higher
increment in average daily Tmax and Tmin was observed for stations in the eastern part as
compared to those in the western part of the island. Fan et al. (2021) also reported similar results
as the projected Tmax and Tmin and found that these parameters increased by 2.52 °C/ year
(RCP4.5) and 6.25 °C/year (RCP8.5).
The changes in the average annual precipitation were different from temperature trends in
the future period. The average annual projected precipitation increment was observed for the
stations located in the eastern part (Bangor, Monticello, and East Baltic). In contrast, decrement
was observed for all the stations located in the central (Long River and Charlottetown) and western
part (Alberton, O’Leary) of the island, except for the Summerside station that experienced an
increment in the average annual projected precipitation for the future period under all the RCPs
(Figure 4.2c). The maximum increment was observed at Bangor 26% (RCP2.6), 31% (RCP4.5),
and 36% (RCP8.5), while the highest decrement was observed at O’Leary, which was 37%
(RCP2.6), 34% (RCP4.5, and 29% (RCP8.5). The majority of the stations experienced a decrement
in the precipitation during the future period. The PEI government also stated that PEI precipitation
in the future is expected to be decreased (Government of PEI, 2018c).
Similar to annual variations were observed for Tmax and Tmin in the island’s growing
season (Figure 4.3a, 4.3b). The average daily Tmax varied from 17.18 (Baseline) to 20.81, 21.43,
and 23.23 °C (future period) across all the stations in the growing season under RCP2.6, 4.5, and
8.5, respectively. The maximum increment of Tmax in the future period was observed at the
Summerside stations. The change in average daily Tmin was observed from 8.72 (Baseline) to
11.37, 13.01, and 15.04 °C (Future period) across all the stations in the growing season under
RCP2.6, 4.5, and 8.5, respectively. The Monticello station experienced a maximum increment in
the average annual Tmin. The average annual precipitation also showed similar variations to the
annual ones (figure 4.3c). The maximum increments were observed at Bangor 46, 54, and 56%,
while maximum decrements were observed at O’Leary 22, 19, and 14% under RCP2.6, 4.5, and
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8.5 for average annual precipitation. Maximum variations were observed in all the climatic
parameters under RCP8.5.

Figure 4.2 Projected variations in the average daily (a) Tmax (°C), (b) Tmin (°C), and (c) average annual precipitation
(mm) for baseline (1976-2003) and future period (2006-2100) at all the stations under RCPs (2.6, 4.5, and 8.5). The
(*) asterisk symbol indicates the presence of outliers in the data.

Similar results were also observed in different studies around the world. Shi et al. (2020)
projected the Tmax and Tmin to calculate the evapotranspiration for the future periods and noted
the maximum increment in Tmax and Tmin under RCP8.5 compared to the RCP4.5. Shahriar et
al. (2021) projected Tmax, Tmin, and precipitation for the future periods under RCP2.6, 4.5, and
8.5. They observed lower increments for RCP2.6, higher for RCP8.5 for these climate parameters.
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Figure 4.3 Projected variations in the average daily (a) Tmax (°C), (b) Tmin (°C), and (c) average annual precipitation
(mm) in the growing season for baseline (1976-2003) and future period (2006-2100) at all the stations under RCPs
(2.6, 4.5, and 8.5). The (*) asterisk symbol indicates the presence of outliers in the data.

4.3.5 Spatial Variation in Average Annual Precipitation of the Growing Season
The spatial patterns of total annual precipitation in the growing season for baseline (19762003) and future period (2006-2100) under RCP2.6, 4.5, and 8.5 are shown in Figure 4.4. There is
a consistent spatial pattern for the average annual precipitation in the island during the baseline
and future periods. The eastern part of the island gets more precipitation than the western part,
while the central part receives moderate precipitation. The eastern part receives 575-609, the
central part receives 558-575, and the western receives 517-558 mm of precipitation in the baseline
period. In the future, the eastern part receives 699-888, 758-934, 738-936, the central part gets
575-699, 581-758, 618-738, and the western part receives 451-575, 463-581, and 496-618 mm of
precipitation under RCP2.6, 4.5 and 8.5, respectively. Therefore, the trends showed that
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precipitation distribution in the island followed the order of greater precipitation in the eastern part
followed by central and western parts in a row.
High precipitation getting areas (eastern part) in the harvesting month might create an
issue in harvesting the crop. There would be a flooding issue in high precipitation getting areas
with poor drainage or low areas. Wang (2021) also found a similar pattern for precipitation during
the historical (1970-2000) period across the island.

Figure 4.4 Spatial pattern of average annual precipitation in PEI during (a) baseline period (1976-2003); (b) future
period (2006-2100) under RCP2.6; (c) future period (2006-2100) under RCP4.6; (d) future period (2006-2100) under
RCP8.5

4.4

Conclusion
In this study, three machine learning methods and an SDSM model were applied to

downscale the climatic parameters (Tmax, Tmin, and precipitation) at the eight meteorological
stations in PEI to project the future changes of the climatic parameters over the island. Three
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evaluations parameters were used to select the best-performing model out of these. The MLP
performed well compared to SDSM, RF, and SVR in downscaling the climatic parameters during
the calibration and validation. Therefore, MLP was used to project the climatic parameters for the
future period by using the CanESM2 outputs for three RCPs, including RCP2.6, 4.5, and 8.5. The
linear scaling method was used to remove the biases from the projected data, especially from
precipitation data.
The results showed that Tmax and Tmin would generally continue to increase in the future
over the PEI. The increment in the average annual Tmax and Tmin was observed at 2.04-5.73 and
1.83-5.55 °C annually, while 0.72-5.37 and 0.87-5.91 °C respectively across the island during the
growing season for the future period. The RCP8.5 showed a higher increment in the Tmax and
Tmin than the RCP2.6 and 4.5. The precipitation pattern showed that the eastern part was wet
while the western part was dry due to less precipitation. The projected results showed that dry
areas of the island would get low, and the wet areas will get high precipitation in the future. This
study will help in future management regarding irrigation scheduling and water resources due to
different precipitation patterns in different months of the year, especially during the growing
season. This study may also be a valuable benchmark for others who want to use these models and
access the variations of the climatic parameters.
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CHAPTER 5
Conclusion and Recommendations
Potato production is very susceptible to variated temperatures and requires a limited range
of temperatures for optimum growth. A warmer climate is expected for different parts of the world,
and temperature can reduce crop yield if not irrigated as needed. Therefore, it is important to
consider climate change impacts while strategizing agricultural activities on the island. This study
showed that the means of TMm, TNm, and CDD, significantly increased and the means of DTR,
FD, TX10p, TN10p, and TXx decreased during the study period (1989-2018). The R 2 value (0.39)
of the MLR model indicates that climate extreme indices account for only 39% of the tuber yield
change. In comparison, 61% of the variation in tuber yield was explained by the other factors, such
as better management practices, better seed, fertilization, precision agriculture technology, field
topography, soil properties physical, chemical, and hydrologic properties, supplement irrigation,
and others. Future field strategies for any crop, especially for potatoes, may be initiated from the
outcome of a modeling approach adopted in this study to manage crop cultivation on the island.
The change in the patterns of Tmax, Tmin, and ET 0 for the baseline (1989-2005) and future
periods (2020s, 2050s, and 2080s) showed that these changes were different in magnitude but
similar (exceed over time) in the pattern under three RCPs. Overall, the highest changes in the
considered climate variables were observed in the 2080s under RCP8.5. The MLP and CNN
performed quite similarly while LSTM showed slightly lower accuracy in estimation of the ET 0.
Overall, all the models showed greater than 95% accuracy. This study showed that all the models,
SDSM (for downscaling of Tmax and Tmin), Hargreaves method (for estimating the ET 0 with
limited input parameters), and ANNs (CNN, LSTM, and MLP) for highly accurate estimation of
the ET0 were applicable in this study area. This study will also help in future management relating
to water resources, irrigation scheduling, supplement irrigation, and eco-environment management
practices supported by future data of ET0 and precipitation.
Therefore, In the 3rd objective, three machine learning and an SDSM model were also
applied to downscale the climatic parameters (Tmax, Tmin, and precipitation) at the eight
meteorological stations (Figure 4.1) to project the future changes of the climatic parameters over
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the island. The comparison results showed that all the models performed well in downscaling the
Tmax and Tmin. The major difference in the models’ performances was in downscaling the
precipitation as it has a non-linear nature. Based on all the downscaling results, it was determined
that MLP performed well among all of them. Therefore, MLP was used to project the climatic
parameters for the future period using the CanESM2 outputs for RCP2.6, 4.5, and 8.5. The linear
scaling helped to reduce the biases in the data and make it closure to the actual data. The projected
results showed that Tmax and Tmin would generally continue to increase in the future over the
PEI. The increment in the average annual Tmax and Tmin was observed 2.04-5.73 and 1.83-5.55
°C annually, while 0.72-5.37 and 0.87-5.91 °C respectively across the island during the growing
season for the future period.
The RCP8.5 showed a higher increment in the Tmax and Tmin than the RCP2.6 and 4.5.
The precipitation pattern showed that the eastern part was wet while the western part was dry due
to less precipitation. The projected results showed that dry areas of the island would get low, and
the wet areas would get high precipitation in the future. This study generates a knowledge base
for future strategies about the contribution of climate extremes to variations in potato tuber yield
in PEI. The results of this study may also be helpful in the future management relating to irrigation
scheduling and water resources due to rising in future temperature and different precipitation
patterns all over the year. This study may also be a valuable benchmark for others who want to use
these models and access the variations of the climatic parameters.
This study gave a broader idea about calculating variations in Tmax, Tmin, precipitation,
and ET0 for a region and a specific period. However, more detailed work is required to strategize
the irrigation scheduling. One can check the impact of climate change on any crop of PEI by
following the methodology presented in 2nd chapter of this thesis. Actual evapotranspiration should
be calculated and analyzed by multiplying the crop coefficient of any specific crop with the
reference evapotranspiration. Actual evapotranspiration will help estimate the accurate estimation
of required water for any crop. This study presented the average annual changes in selected
parameters, but these changes should be checked for monthly and the whole growing season (MayOctober). Month-wise changes in the selected parameters will help to better understand the pattern
in the desired period of the year. This may then give an idea about the month of the year that had
climate extremes requiring scheduling irrigation for a crop.
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A mobile App can also be made based on this study, which will be helpful for farmers.
They will get the notification for the drought period through this App and quantify the actual water
requirement of their crops. This water requirement can be fulfilled with the help of supplement
irrigation in a sustainable way. Further modeling work, supported by neural networks, may
highlight hotspots worth consideration for achieving optimal potato yield based on guidelines from
more specific aspects of factors affecting potato cultivation on the island.
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