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 14 

Abstract: Evapotranspiration, one of the major elements of the water cycle, is sensitive to climate 15 

change. The main objective of this study was to examine the response of reference 16 

evapotranspiration (ET0) under various climate change scenarios using artificial neural networks 17 

and a general circulation model (GCM) - the Canadian Earth System Model Second Generation 18 

(CanESM2). The Hargreaves method was used to calculate ET0 for western, central, and eastern 19 

parts of Prince Edward Island. The two input parameters of the Hargreaves method; daily 20 

maximum temperature (Tmax), and daily minimum temperature (Tmin) were projected using 21 

CanESM2. The Tmax and Tmin were downscaled with the help of statistical downscaling and 22 

simulation model (SDSM) for three future periods 2020s (2011-2040), 2050s (2041-2070), and 23 
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2080s (2071-2100) under three representative concentration pathways (RCP’s) including RCP 2.6, 24 

RCP P4.5, and RCP 8.5, and the. Temporally, there were major changes in Tmax, Tmin, and ET0 25 

for the 2080s under RCP8.5. The temporal variations in ET0 for all RCPs matched the reports in 26 

the literature for other similar locations and for RCP8.5 it ranged from 1.63 (2020s) to 2.29 27 

mm/day (2080s). As a next step, a one-dimensional convolutional neural network (1D-CNN), 28 

long-short term memory (LSTM), and multilayer perceptron (MLP) were used for estimating ET0 29 

due to the non-linear behavior of ET0 and the limited meteorological input data. High coefficient 30 

of correlation (r > 0.95) values for both calibration and validation periods showed the potential of 31 

the artificial neural networks in ET0 estimation. The results of this study will help decision makers 32 

and water resource managers to quantify the availability of water in future for the island and to 33 

optimize the use of island water resources on a sustainable basis. 34 

Keywords: Artificial neural networks; General circulation model; Hargreaves method; Reference 35 

evapotranspiration; Statistical downscaling 36 

1 Introduction 37 

Atmospheric increase of greenhouse gases from excessive use of the fossil fuels and human 38 

interventions have caused global warming (Huang et al. 2011). Atmospheric temperature is rising 39 

in numerous parts of the world (Abbas et al. 2018; Shi et al. 2020; Shafiq et al. 2019) included 40 

Canada (Zhai et al. 2019). All sectors of life like, agriculture, water resources, ecosystem, and 41 

human health have been badly affected due to climate variability globally (Abbas et al. 2018; 42 

Maqsood et al. 2020). Therefore, investigating and understanding future climate variability at a 43 

site-specific/regional scale is necessary to adapt, mitigate these changes. 44 

It is imperative to analyze the effect of climate variability on the water cycle. 45 

Evapotranspiration (ET) is an essential element of the water cycle and consists of two processes: 46 
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evaporation (from the soil), and transpiration (from the plant leaves). Evapotranspiration from the 47 

reference crop surface is known as Reference evapotranspiration (ET0). A comprehensive 48 

definition of ET and its components can be found in Allen et al. (1998). Accurate measurement of 49 

ET0 is required for irrigation scheduling, water resources management, designing agricultural 50 

practices, and hydrological studies. Many empirical methods are used to measure ET that is used 51 

to estimate ET0 (Almorox et al. 2015).  52 

The Penman-Monteith method can accurately measure ET0 in various climate conditions. 53 

It requires various climatic parameters like temperature, sunshine hours, wind speed, and vapor 54 

pressure for calculating ET0 (Allen et al. 1998). However, this method challenging in many parts 55 

of the world due to the non-availability of the meteorological and climatic parameters data. 56 

Especially for future projection of ET0 the downscaling of the input climatic parameters is not 57 

reliable (Randall et al. 2007), which also limits, its use. Therefore, temperature based empirical 58 

methods may be preferred for ET0 estimation to overcome these limitations. Temperature data are 59 

easily accessible for almost all the world’s meteorological stations and its projection by the 60 

available GCMs is more reliable than any other climatic parameters (Randall et al. 2007). Vicente-61 

Serrano et al. (2014) stated that the Hargreaves method can be used as a quality method for 62 

estimating the ET0 if input data for the Penman-Monteith method is not available. Numerous 63 

studies have compared the results of the Hargreaves method and standard Penman-Monteith 64 

method and reported that the first method performed well in both cold and arid climates (Almorox 65 

et al. 2015; Ren et al. 2016).  66 

The outputs of the GCMs under different RCPs prescribed by the intergovernmental panel 67 

on climate change may only be used on a global or continental level (Wilby et al. 2000). Therefore, 68 

the outputs of the GCMs cannot present a credible view on the local/site-specific scale due to 69 
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parameterization limitations. Hence, useful dynamic and statistical downscaling techniques have 70 

been used to make the GCMs outputs useful at a local/site-specific scale.  71 

Statistical downscaling technique offers immediate outputs of climate variables 72 

(precipitation and temperature) and is much simpler, cheaper and flexible than the dynamic 73 

technique (Zhang et al. 2020; Wilby et al. 2000). Empirical/statistical relationships between large-74 

scale atmospheric predictors (e.g., surface mean temperature, surface precipitation, etc.) and local 75 

scale parameters (e.g., observed precipitation and temperature) have been established in this 76 

technique by using multiple linear regression (MLR). There exist various statistical downscaling 77 

models, but the SDSM has been selected for this study as it is most accurate and widely used to 78 

downscale and project the climate variables (Arshad et al. 2019; Birara et al. 2020). Wilby et al. 79 

(2002) presented a comprehensive review of SDSM to assess the regional climate change impacts. 80 

The non-linear nature of ET0 because of its contributing meteorological parameters 81 

(Landeras et al. 2008) requires non-linear problem-solving techniques for its accurate estimation. 82 

Artificial neural network techniques (ANNs) have a non-linear mathematical structure which is 83 

very useful in modeling complex non-linear problems (Sudheer et al. 2003). Hashemi and 84 

Sepaskhah (2020) estimated ET0 with the Penman-Monteith method and ANNs namely MLP and 85 

the radial basis function (RBF) and reported that both the ANNs performed well as compared to 86 

the Penman-Monteith method. Zanetti et al. (2007) used MLP and RBF for estimating ET0 from 87 

Tmax, Tmin, and/or different neural network architecture and found that MLP gave better results, 88 

with a single hidden layer, 10 neurons, and activation function type of hyperbolic tangent sigmoid, 89 

than RBF.  90 

Long short-term memory has a chain-like structure that is capable of storing previous 91 

information and can also handle time series problems (Zhang et al. 2018). Afzaal et al. (2020a) 92 
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estimated ET0 by using the recurrent neural networks (RNNs) namely LSTM and bidirectional 93 

LSTM and a limited number of meteorological parameters. They reported the high accuracy of 94 

these networks in estimating ET0. Majhi et al. (2020) used different combinations of 95 

meteorological parameters for computing the ET0 and compared the results of LSTM with MLP 96 

and empirical methods (Hargreaves and Blaney-Criddle). They found that LSTM can estimate ET0 97 

with higher accuracy as compared to the other models. One-dimensional convolutional neural 98 

networks (1D-CNNs) are deep learning algorithms mostly used to analyzing visual imagery. These 99 

networks are the most advanced forms of the ANNs as they have more hidden layers as compared 100 

to the MLP and LSTM. These networks can also be used in time series problems if they are 101 

modeled properly (Ferreira and da Cunha 2020).  102 

  Evapotranspiration is not only the major climatic component that controls the water 103 

balance, but it is a major component that controlled the production of a crop. The variation in ET0 104 

may create problems especially in those areas, where most of the agricultural lands are rainfed 105 

such as Atlantic Canada. Future projections of ET0 can help to make irrigation strategies for rainfed 106 

areas where the temperature is expected to increase, and rainfall may vary due to climate change. 107 

Future projections of ET0 for Prince Edward Island, an important agricultural province of Atlantic 108 

Canada, have not yet been conducted and/or reported in the literature. The main reason might be 109 

the non-availability of the required climatic parameters for the calculation of ET0.  Therefore, the 110 

main objective of this study was to predict ET0 with the use of ANNs and a Canada-specific GCM 111 

(CanESM2).    112 

2 Materials and methods 113 

2.1 Description of the study area 114 
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Prince Edward Island (PEI) is one of the highly populated provinces of Atlantic Canada 115 

(Statistics Canada 2020). It covers approximately 5660 km2 geographical area and is 225 km long 116 

and 3-65 km wide at its various transects. It is located between 62 to 64 °W longitude and 46 to 117 

47 °N latitude. The climate of the province is humid continental and affected by the surrounding 118 

Northumberland Strait seas and the Gulf of Saint Lawrence. The summer season is moderately 119 

warm, and occasionally its Tmax reaches as high as 34 °C (Government of PEI 2015). The densely 120 

planted crops on the island are potatoes, grains, and oilseeds (barley, oats, wheat, canola, corn, and 121 

soybean), fruits (blueberries, cranberries, strawberries, grapes, and apple), vegetables (carrot, 122 

cabbage, cucumber, tomatoes, onion, and cauliflower) (Government of PEI 2020).  123 

 124 
Fig.1 location map meteorological stations situated in Prince Edward Island used for this study. 125 

 126 

2.2 Data sources and analysis activities 127 

Meteorological data (Tmax and Tmin) on daily basis, GCM data (CanESM2), and National 128 

Center of Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) 129 

data were used in this study. The study objective was achieved by using the above data and through 130 

i. investigating the ability of the SDSM to downscale and assess the variation in Tmax and Tmin 131 
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for three future periods the 2020s, 2050s, and 2080s, ii. calculating ET0 in baseline (1989-2005) 132 

and future three-time periods using limited meteorological data (Tmax and Tmin) in Hargreaves 133 

method, and iii. estimating the non-linear ET0 with the help of artificial neural networks (MLP, 134 

LSTM, and CNN) for baseline and future periods. 135 

2.2.1 Meteorological data  136 

Three meteorological stations, namely North Cape, Charlottetown, and East Point were 137 

selected to assess the temperature and ET0 changes in the study area (Figure 1, Table 1). The 138 

selection of these stations was based on the data quality, different locations on the island, and the 139 

length of the available daily data (1989-2005). The daily Tmax and Tmin for the baseline period 140 

were collected from Environmental Canada (Government of Canada 2017). These datasets were 141 

used as a predictand in calibration and validation of the SDSM. 142 

Table 1 The attributes of the selected meteorological stations in Prince Edward Island, Canada. 143 

Stations 
Latitude 

(°) 

Longitude 

(°) 

Elevation 

(m) 

Up.Thr. 

Tmax (°C) 

Lo.Thr. 

Tmin (°C) 
 Data missing (%) 

North Cape 47.06 -64.00 7.60 33.2 -33.0 1.68 

Charlottetown 46.23 -63.17 13.7 33.0 -29.8 0.64 

East Point 46.46 -61.99 7.70 33.5 -31.0 0.77 

Up.Thr.Tmax: Upper threshold value of daily maximum temperature; Lo.Thr.Tmin.: Lower threshold value of daily minimum temperature. 144 

The missing values of data were estimated using relevant neighboring station (R2 > 0.90) 145 

data and adopting a linear regression model. The linear regression model was used to create a 146 

relation between target and neighboring stations which helped in estimating the missing values 147 

between the observed data.  148 

2.2.2 The general circulation model data 149 

The GCM model used in this study was CanESM2 developed by the Canadian Centre for 150 

Climate Modeling and Analysis (CCCma) of Environment Canada. The CanESM2 model outputs 151 
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between 2006 to 2100 were retrieved for three different climate scenarios RCPs of 2.6 (low forcing 152 

scenario),4.5 (medium stabilization scenario), and 8.5 (very high emission scenarios). These 153 

scenarios are defined under the future projection of greenhouse gas emissions, and possible ranges 154 

of radiative forcing values of 2.6, 4.5, and 8.5 W/m2 as well as CO2 concentrations of 420, 540, 155 

and 940 mg/L in the 2100 year, respectively (van Vuuren et al. 2011). Moreover, CanESM2 has 156 

been reported to perform well with the SDSM in downscaling Tmax and Tmin as compared to 157 

other GCMs (Birara et al. 2020; Hassan and Hashim 2020). It also covers the study area with a 158 

relatively higher spatial grid resolution of 2.8125° × 2.8125°. It has been widely and most used 159 

GCM in climate change impact studies (lotfi et al. 2020; Shafiq et al. 2019)  160 

Besides CanESM2 model outputs for three different climate scenarios, large-scale 161 

atmospheric variables from NCEP/NCAR were utilized for creating a statistical relationship with 162 

the historical Tmax and Tmin. CCCma also provides the NCEP/NCAR predictors for the (1961-163 

2005) period. Both CanESM2 and NCEP/NCAR data have the same set of 26 predictors’ variables 164 

(Table 2). Two tiles (Box_106X_49Y and Box_107X_49Y) of CanESM2 cover the study area. 165 

The data of these two tiles were retrieved from the Canadian climate data and scenarios website 166 

(Government of Canada 2019) and then processed by the SDSM to predict Tmax and Tmin for the 167 

future periods. The SDSM performed well in the projections of local climate variability (Al-168 

Mukhtar and Qasim 2019; Birara et al. 2020).  169 

Table 2 The List of 26 predictors of NCEP 170 

No. Predictors No. Predictors 

1  Surface precipitation (ncepprcpgl) 14 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) 
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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) 

 171 

2.3 Description of Statistical downscaling and simulation model 172 

The SDSM was developed by Wilby et al. (2002). It is a hybrid model of MLR and 173 

stochastic weather generator (SWG). The MLR creates an empirical/statistical relationship 174 

between the predictand (Tmax and Tmin) and NCEP predictors (large scale parameters) which 175 

produce regression parameters from the input data. These calibrated parameters of MLR are used 176 

in SWG to generate time series data up to 100 years. The detail of getting outputs is described in 177 

(Wilby et al. 2002). The steps for downscaling GCM data included 1. quality control analysis, 2. 178 

screening of the predictors, 3. model calibration, 4. generation of weather, 5. model validation, 6. 179 

scenario generation using GCM data. 180 

Quality control deals with filling in missing values present in a dataset and replace the 181 

missing values with code -999 as per model provisions. 182 

Screening of the NCEP predictors is a crucial and most important step for all the statistical 183 

downscaling methods as these predictors highly influence the output of the SDSM (Huang et al. 184 

2011). Partial correlation, p-value, and correlation matrix are mostly used in combination for the 185 
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screening of the predictors (Huang et al. 2011; Wilby et al. 2002). The steps described by 186 

Mahmood and Babel (2013) were used for the screening of NCEP predictors: 187 

First, NCEP predictors were extracted for the baseline period (1989-2005) for better 188 

correlation results. The procedure adopted for the screening of NCEP predictors for Tmax at the 189 

central part of the island is shown in Table 3. A correlation matrix was computed between 190 

predictand (Tmax and Tmin) and the 26 NCEP predictors. Predictors that have the highest 191 

correlation (R_1) in this matrix with the predictand (12 in this case) were separated and arranged 192 

in descending order. The first NCEP predictor that has (R_1) value was selected and called a super 193 

predictor (SP). The predictor nceptemp was the SP for Tmax at the central part of the island as it 194 

had the highest correlation (0.93) with the predictand.  195 

Table 3 Procedure adopted in the screening of NCEP predictors for Tmax at the central part of the island. 196 

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 197 
correlation between predictand and predictors and in the presence of SP; PRP:  Percentage reduction in partial correlation to the correlation 198 
coefficient. Bold values were the screened predictor for Tmax at Charlottetown station.  199 

After finding the SP, the correlation coefficient between the remaining selected NCEP 200 

predictors (11 in this case) and predictand (R_1), correlation coefficient among NCEP predictors 201 

(R_2), partial correlation (ρ.r), and p-value were calculated in the presence of SP. The predictors 202 

having a high correlation (R_2) coefficient with the SP (0.5 in this study) were eliminated to 203 
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minimize the multicollinearity between predictors. The R_2 between two predictors up to 0.7 is 204 

acceptable (Pallant, 2007). In this study, the predictors (ncepp500gl, ncepshumgl, nceps850gl, 205 

ncepp850gl, and nceps500gl) had the highest correlation (R_2 >0.5) with the SP and were 206 

eliminated from the list to minimize multi co-linearity. Then, the predictors having a high p-value 207 

> 0.05 were also eliminated to keep the results statistically significant. So, ncepp5_fgl and 208 

nceps850gl were also eliminated from the list as they had a p-value higher than 0.05. 209 

The percentage of reduction in partial correlation to the correlation coefficient (PRP) was used to 210 

find the second most appropriate NCEP predictor and was calculated by the following equation. 211 

PRP = ρ.r−R_1R_1       (1) 212 

where, R_1 is correlation coefficient, and ρ.r is the partial correlation between predictand and 213 

predictors. 214 

A predictor with the lowest PRP value was selected as the second most suitable predictor 215 

and it had very low multi co-linearity with the SP. The predictor ncepp1_vgl was selected as the 216 

second-most appropriate predictor for Tmax at the central part of the island as it had the lowest 217 

PRP value (0.13) and it did not have a strong correlation with the SP. The next predictors were 218 

selected by repeating these steps.  219 

2.3.1 Model calibration, validation, and future scenarios generation 220 

The complete dataset of the baseline period (1989-2005) with screened NCEP predictors 221 

was split into 70% for calibration (1989 to 2000) and 30% for validation (2001-2005). The options 222 

of ordinary least square (OLS), unconditional and monthly sub-models were chosen in the model 223 

interface for calibration purposes. Validation was carried out with the output of the calibration run. 224 

Then, 20 ensembles of synthetic daily future weather series had been generated by SWG. The 225 
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average of these 20 daily ensembles had been compared with the historical data for the validation 226 

period. The calibrated model was used to project Tmax and Tmin for the future period 2006-2100 227 

under different RCPs (2.6, 4.5, 8.5). The pattern of climatic variables was modeled for three future 228 

periods namely the 2020s, 2050s, and 2080s. 229 

2.4 Hargreaves method 230 

Various methods are used for predicting the ET0 but the Penman-Monteith method is the 231 

standard and most precise method to estimate the ET0. It required various weather parameters such 232 

as temperature, moisture content, wind velocity, and solar radiation. Many meteorological stations 233 

do not have a complete dataset of the meteorological parameters and the required data set mostly 234 

unavailable. So, alternate ET0 methods like Hargreaves, Blaney-Criddle, FAO-56 reduced set, and 235 

Turc methods are used which required only a few meteorological parameters. It was found from 236 

previous studies that the Hargreaves method was performed well in predicting the ET0 as compared 237 

to other ET0 methods like BC, FA0-56 reduced method (Fisher and Pringle 2013; Hafeez et al. 238 

2020). That’s why, Hargreaves method was used in this study due to its accuracy over other 239 

methods and non-availability of the required dataset, and non-reliability of downscaling and 240 

projecting the meteorological parameters required for the Penman-Monteith method. 241 

The Hargreaves method was used to estimate the ET0 from Tmax and Tmin data 242 

(Hargreaves and Samani 1985). The equation used in this method is: 243 

ET0 = 0.408(0.0023)(17.8 + Tmean)(Tmax − Tmin)0.5 Ra    (2) 244 

where Ra is extraterrestrial radiation (MJm−2) and 0.408 is an empirical factor to convert MJm-2 to 245 

mm. 246 
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The solar radiation at the top of the earth's atmosphere is used as Ra. Its values range from ~12 to 247 

~31 MJm−2 in PEI with winter months reflecting the lower values and vice versa. It is calculated, 248 

based on the latitude of the location and the calendar day of the year, by the given equation: 249 

  Ra =  24(60)π × Gsc(dr)[(sin(φ) × ωs × sin(δ)) + (cos(φ) × cos(ωs) × cos(δ))]       (3) 250 

where, Gsc is the solar constant (0.0820 MJm−2). The value of Gsc showed the amount of solar 251 

energy per unit time, at the mean distance of the earth from the sun, received on a unit area of a 252 

surface normal to the sun outside the atmosphere. In equation 3, φ is the latitude of the location 253 

(radians). Latitudes for North Centre, Charlottetown, and East Point locations were used as 0.8214, 254 

0.8079, 0.8109 radians. Similarly, dr is the inverse relative distance from the earth to the sun and 255 

calculated based on the calendar day of the year as: 256 

dr = 1 + [0.33 × cos ( 2π365 J)]                       (4) 257 

where J is the calendar day of the year.  258 

In equation 3, ωs represents the sunset hour angle (radians). Its values range from ~1 to ~2 radians 259 

in Prince Edward Island with winter months reflecting the lower values and vice versa. It is 260 

calculated as: 261 

ωs = arccos(− tan(φ) × tan( δ))                                                              (5) 262 

where, δ = solar declination (radians), and is calculated as: 263 

δ = 0.409 × sin (( 2π365 × J) − 1.39))                                                                     (6) 264 

Its values range from ~ -0.4 to ~ 0.4 radians in Prince Edward Island with winter months reflecting 265 

negative values and vice versa. 266 
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 267 

2.5 Deep learning algorithms 268 

Three artificial neural networks (1D-CNN, LSTM, and MLP) were used to estimate the 269 

daily ET0 for baseline (1989-2005) and future periods (the 2020s, 2050s, and 2080s) under three 270 

RCPs for western, central, and eastern parts of the island. The ANNs were trained by using 70% 271 

of data in each period under every RCP and validated by the remaining 30% of data at all the parts 272 

of the island. The hyperparameters (learning rate, optimizer, and batch size) were found by the 273 

trial-and-error method. Learning rate (l.r) is a configurable hyperparameter that controls how 274 

quickly the model is adapted to the problem and it has small positive values (0 to 1.0). Batch size 275 

is the hyperparameter that refers to the number of samples used in one iteration. The most used 276 

batch sizes are 32,64, and 128. Optimizers are the methods that reduced the losses by changing the 277 

attributes (learning rates or weights) of the neural network. The highest performing combination 278 

of the learning rate, optimizer, and batch size was used for calibration and validation of the 279 

networks (Afzaal et al. 2020b). It was found that in this study CNN and MLP performed well at 280 

learning rate = 0.01, batch size = 64, and optimizer = Adam, while LSTM performed well at batch 281 

size = 128 and with the same learning rate and optimizer as CNN and MLP. The network’s 282 

estimated ET0 values were compared with the Hargreaves method output (ET0) by naming it as 283 

the actual ET0. The main reason for adopting these networks was the non-linear behavior of the 284 

ET0 and limited meteorological data availability.  285 

 286 
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(a) 

 
(b) 

 
(c) 

 

Fig.2 (a) Block diagram of the one-dimensional convolutional neural network; (b) memory block of the long-short 287 

term memory network, and (c) Structure of multilayer perceptron neural network. 288 
 289 
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Convolutional Neural Networks are mostly used for two-dimensional (2D) images in 290 

machine vision applications while 1D-CNN has many applications in natural language processing 291 

and time series classification problems. Five layers were used in this study followed by appropriate 292 

hyperparameter selection by the hit-and-miss method (Figure 2a). The first layer was the 293 

convolutional layer which takes input (Tmax, Tmin, and Tmean). This layer connects with a max-294 

pooling layer to extract the features. The third (flatten) layer was used to join the max-pooling and 295 

last two fully connected layers.  296 

The LSTM is a form of recurrent neural network (RNN) that predicts time series problems. 297 

It’s a sequence-based model that can store the previous information and relate it to a sequence for 298 

predicting the time series. Longer sequences cannot be saved in RNNs due to the problem of 299 

gradient vanishing in the early layers. The gradient vanishing problem is due to short-term 300 

memory. RNNs have chain like composition which helps the data to flow from them. RNNs store 301 

the information, based on the time or sequence steps, as a hidden state (ht) at every stage. i.e., ht 302 

for every input (Xt). Hyperbolic tangent function (tanh) also presents in the structure of the RNN 303 

that scales the input date from -1 to 1. The problems of short-term memory of the RNN are solved 304 

by adding more states into its memory. 305 

The temporal and sequel dependence of the previous blocks retained by adding the forget 306 

state (ft) and cell state (Ct) in LSTM. The ft of LSTM keeps or discards the information, and it 307 

depends on the output values of the sigmoid function. Those values which are closer to 1 are kept 308 

while the closer values to 0 are discarded.  The previous hidden state (ht-1) and Xt processed and 309 

giving out a new input (it) using the sigmoid activation function. The it is also given in the range 310 

of 1 to 0 without ignoring any information like ft. Ct is calculated by adding the ft and the dot 311 



17 

 

product of the sigmoid and tanh functions. The detailed review of information flow in the LSTM 312 

memory block is shown in Figure 2b. 313 

An MLP is a common type of feedforward artificial neural network, which is mostly used 314 

in hydrology and water resources problems for modeling non-linear processes (Afzaal et al. 315 

2020b). In this study, it was used for estimating the ET0.  It contains multiple layers including 316 

input, hidden, and output layers (Figure 2c). Neurons are the fundamental processing unit of the 317 

ANNS that connect all these layers. The input layer takes all the variables like Tmax, Tmean, and 318 

Tmin for the prediction of output i.e., ET0. The hidden layers added the inputs and used an 319 

activation function for creating the output. The most common activation functions are sigmoid, 320 

tanh, and rectified linear unit. A rectified linear unit was used in this study due to its better 321 

performance relative to others.  322 

In this study, 100 neurons and two hidden layers were selected by the trial-and-error 323 

method. A comparison of different learning algorithm was used in many studies and Levenberg-324 

Marquardt was reported to be faster and had higher accuracy relative to the other algorithm (Kisi 325 

and Demir 2016; Tabari and Hosseinzadeh Talaee 2013). Therefore, the Levenberg-Marquardt 326 

learning algorithm was chosen for this study to find out the loss function due to its best 327 

performance. 328 

2.6 Statistical evaluator 329 

Two statistical evaluators, coefficient of correlation (r) and root mean square error 330 

(RMSE), were used for assessing the performance of the SDSM and the machine learning 331 

algorithms as suggested and used by Afzaal et al. (2020a) and Al-Mukhtar and Qasim (2019). 332 

Closure the value of r to ‘1’ showed the better performance of the model. 333 
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r =  ∑ (уi−ӯ)Ni=1 2−∑ (уi−ŷi)Ni=1 2
√∑ (уi−ӯ)N1=1 2        (7) 334 

The RMSE, an error index, is used to calculate the differences between the observed and predicted 335 

data. Closure the value of RMSE to ‘0’ showed the better performance of the model. 336 

RMSE = √∑ (уi−ŷi)Ni=1 2N        (8) 337 

where ŷi is the estimated value at the ith time; уi is the actual value at the ith time; ӯ  = mean value 338 

of the уi; N = number of values and i ranges from 1 to N.  339 

3 Results and discussion 340 

3.1 Predictors selection 341 

The screened NCEP predictors for Tmax were nceptemp and ncepp1_v, while nceptemp and 342 

ncepp5_z were the screened predictors for Tmin at all the parts of the island. It was observed that 343 

the nceptemp was the SP for both Tmax and Tmin variables at all the parts of the island. The 344 

nceptemp was also found as SP in different studies (Arshad et al. 2019; Mahmood and Babel 345 

2013). These screened predictors of Tmax and Tmin were used for calibrating the SDSM. 346 

3.2 Evaluation, calibration, and validation of SDSM 347 

The selected predictors of NCEP were used for the calibration and validation period of the 348 

SDSM. The results of Tmax and Tmin simulated by SDSM were compared with the observed 349 

values for calibration (1989-2000) and validation (2001-2005) period. The simulated results of 350 

both Tmax and Tmin variables at all the parts of the island had a high correlation with their 351 

respective observed Tmax and Tmin during the calibration and validation periods. The values of r 352 

for Tmax and Tmin at all the parts of the island were greater than 0.95. The simulated results of 353 
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the Tmax and Tmin were in a better agreement with the observed mean monthly values and can 354 

be observed in visual presentation (Figure 3) where simulated results during the validation period 355 

were very near to the observed values at all the parts of the island. It indicated the better efficiency 356 

of the SDSM in simulating the Tmax and Tmin, its reliability, and applicability of the model in 357 

Prince Edward Island, Canada for climate change prediction. 358 

 359 
Fig. 3 Comparison between observed and simulated mean monthly Tmax (daily maximum temperature) and Tmin 360 
(daily minimum temperature) during the validation period (2001-2005). 361 

3.3 Change of climate factors under different future climate scenarios 362 

The developed SDSM of climate factors at each part was utilized to project the future daily 363 

Tmax and Tmin for the 2006-2100 period. The projected Tmax and Tmin were used in the 364 
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Hargreaves method for calculating the ET0. These variations in average annual Tmax, Tmin, and 365 

ET0 were illustrated in Figure 4 for the baseline and future periods (2020s, 2050s, and 2080s) 366 

based on the RCPs (2.6, 4.5, and 8.5) for western, central, eastern parts of the island. The middle 367 

line of the boxes in Figure 4 shows the median value, while the lower and upper boundaries of the 368 

boxes indicate 25% and 75% of the data sets, respectively. The lower and upper whiskers show 369 

the 10th and 90th percentiles, respectively. Results presented in these figures showed an increment 370 

in the future average annual Tmax, Tmin, and ET0 irrespective of the RCPs and parts of the island. 371 

 RCP2.6 showed less change in the average annual values of Tmax, Tmin, and ET0 as 372 

compared to RCP4.5 and RCP 8.5 at all the parts of the island. The increment in the average annual 373 

values of Tmax, Tmin, and ET0 became larger as the time increased into the future periods. RCP8.5 374 

showed maximum variations of Tmax, Tmin, and ET0 in future periods. 375 
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 376 

 377 
Fig. 4 Projected changes in the average annual Tmax (°C), Tmin (°C), and ET0 (mm/day) for baseline (1989-2005) 378 
and future periods the 2020s (2011-2040), 2050s (2041-2070), and 2080s (2071-2100) at western, central, eastern 379 
parts of the island under different RCPs (2.6, 4.5, and 8.5). The (*) asterisk symbol represents the presence of outliers 380 
in the data. 381 

A larger average annual increment in Tmax, Tmin, ET0 was found under RCP 8.5 in all the 382 

parts as compared to the RCP 4.5 and RCP 2.6 in future periods. The projected change in the 383 

average annual Tmax was approximately varied from 11.74 (2020s) to 16.55 (2080s) at the western 384 

part, 12.86 (2020s) to 19.52 (2080s) at the central part, and 11.93 (2020s) to 18.02°C (2080s) at 385 

the eastern part of the island under RCP8.5. The variation in the average annual Tmin was observed 386 

from 3.53 (2020s) to 8.90 (2080s) at the western part, 4.50 (2020s) to 11.33 (2080s) at the central 387 

 

 

 

 

(b) 

(c) 
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part, 5.21 (2020s) to 11.36°C (2080s) at the eastern part of the island under RCP8.5. The calculated 388 

average annual ET0 changed in the range of 1.64 (2020s) to 1.92 (2080s), 1.64 (2020s) to 2.03 389 

(2080s), and 1.63 (2020s) to 2.29 mm/day (2080s) at all the parts of the island under RCP2.6, 390 

RCP4.5, and RCP8.5 respectively. 391 

These results are in concurrence with the findings of the literature. For example, Richards 392 

and Daigle (2011) predicted that the Tmax and Tmin values are likely to increase in the future 393 

periods for Prince Edward Island. Shi et al. (2020) projected the ET0, Tmax, and Tmin in 394 

southeastern Australia, and reported that the changes in these parameters were increased over time 395 

and maximum changes were observed under RCP8.5. Lotfi et al. (2020) used outputs of the 396 

CanESM2 model under RCP2.6, 4.5, and 8.5 to find the effect of climate variability on the ET0 in 397 

the West of Iran by calculating the ET0 by Hargreaves and Priestley-Taylor methods and observed 398 

the highest rate of change of ET0 was under RCP8.5 scenarios. 399 

3.4 Deep learning algorithms based evaluations 400 

All the models were run at the selected combination for all the baseline and future periods and 401 

found out the validation r, and RMSE (Table 4). The changes in r values were observed at western 402 

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 403 

part r values were changed from 0.96-0.97, 0.96, and 0.96 to 0.97 for CNN, LSTM, and MLP, 404 

respectively. The values of r in the eastern part were also changed, irrespective of the RCPs and 405 

periods, from 0.95 to 0.98, 0.95 to 0.97, and 0.95 to 0.98%. The CNN, LSTM, and MLP validation 406 

RMSE were recorded in the range of 0.28-0.30, 0.29-0.31, and 0.28-0.29 mm/day respectively in 407 

the western part. The validation RMSE values for the central part were recorded in the range of 408 

0.30-0.36, 0.30-0.38, and 0.30-0.34 mm/day, while for the eastern part it was recorded in the range 409 

of 0.26-0.27, 0.28-0.31, and 0.26-0.27 mm/day for CNN, LSTM, and MLP, respectively. The 410 
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results of r and RMSE showed that all these neural networks performed well in calculating the ET0 411 

but CNN and MLP both showed slightly higher accuracy at all the parts of the as compared to the 412 

LSTM. The validation r and RMSE at all the parts of the island showed slightly higher accuracy 413 

(r) in the 2080s scenario under RCP8.5 (Figure 5). 414 

Table 4 The RMSE and r for the validation periods of artificial neural networks (CNN, LSTM, and MLP) for western, 415 
central, and eastern parts of the island. 416 

Parts of 

the 

island 

RCPs 
Future  

Scenarios 

CNN LSTM MLP 

Valid_ Valid_ Valid_ Valid_ Valid_ Valid_ 

r RMSE r RMSE r RMSE 

W
es

te
rn

 

 Baseline 
 1989-

2005 
0.96 0.29 0.96 0.30 0.96 0.29 

RCP2.6 

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 

RCP4.5 

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 

RCP8.5 

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 

C
en

tr
al

 

 Baseline 
 1989-

2005 
0.96 0.30 0.96 0.30 0.96 0.30 

RCP2.6 

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 

RCP4.5 

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 

RCP8.5 

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 

E
as

te
rn

 

 Baseline 
 1989-

2005 
0.95  0.27 0.95  0.28 0.95 0.27  

RCP2.6 

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 

RCP4.5 
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 
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2080s 0.97 0.26 0.96 0.29 0.97 0.27 

RCP8.5 

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 417 
square error 418 

The lower peaks in figures 5a, b, c indicate the ET0 in the winter season of the year while 419 

higher peaks reflect the values of ET0 for the summer season. The results of this study corroborate 420 

with other studies in which MLP, and CNN performed well as compared to other deep learning 421 

models. Ferreira and da Cunha (2020) used deep learning algorithms (combination of CNN and 422 

LSTM, and LSTM, 1D CNN), and outdated machine learning models (artificial neural network 423 

and random forest) for forecasting (seven days) of the daily ET0. They found that the deep learning 424 

algorithms showed slightly better performance as compared to the traditional machine learning 425 

models and can be used for forecasting the ET0. Tabari and Hosseinzadeh Talaee (2013) used four 426 

MLP models for estimating the ET0 in the semi-arid region of Iran. They used a different 427 

combination of meteorological variables in these models and concluded that the MLP model can 428 

be used for calculating the ET0. The results also showed that all these neural networks that have a 429 

non-linear structure can be used for predicting the ET0 by using minimal meteorological data.  430 
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 431 
Fig. 5 Validation phase of 2080s time span under RCP8.5 for CNN, LSTM, and MLP at (a) western part, (b) central 432 
part, (c) eastern part of Prince Edward Island. 433 

4 Conclusion 434 

This study deals with the change in the patterns of climatic parameters (Tmax, Tmin, and 435 

ET0) in the baseline (1989-2005) and future (2006-2100) periods. These projected results were 436 

compared with the baseline period. The comparison results showed that the projection of Tmax, 437 

 

 

 

Years 

 



26 

 

Tmin, and ET0 for all the parts of the island were different in magnitude but similar in the pattern 438 

under all the three RCPs. The temporal variation showed that changes in Tmax, Tmin, and ET0 439 

were exceeded over time under all the RCPs. Overall, it was noticed that, in all the cases of this 440 

study, the highest and the worst changes in the considered climate variables were found in the 441 

2080s under RCP8.5, as also reported in various studies. 442 

All the models showed higher accuracy (>95%) in estimating the ET0 for the three future 443 

periods under all the RCPs in all the parts of the island. No major difference was observed in the 444 

performance of the neural networks. The use of the new architecture of neural networks (LSTM 445 

and CNN) did not show any better performance as compared to the older one (MLP). It was 446 

observed that CNN and MLP performed quite similarly and have almost the same accuracy, while 447 

LSTM showed slightly lower accuracy as compared to them for estimating ET0 for all the 448 

scenarios. This study showed that all the models, SDSM (for downscaling of Tmax and Tmin), 449 

Hargreaves method (for calculating the ET0 with limited input parameters), and ANNs (CNN, 450 

LSTM, and MLP) for highly accurate estimation of the ET0 were applicable in this study area 451 

(Prince Edward Island) of Canada. This study will also help in future management relating to water 452 

resources, irrigation scheduling, supplement irrigation, and eco-environment management 453 

practices. 454 

The literature reviewed indicated that no work has been done so far for the generation of 455 

future ET0 from statistically downscaled meteorological data (Tmax, Tmin, and Tmean) by using 456 

the Hargreaves method and ANNs (1D-CNN, LSTM, and MLP) in Prince Edward Island, Canada. 457 

This might be due to the inaccessibility to the meteorological stations, nonavailability of 458 

meteorological data, and inadequate resources. This study may be a valuable benchmark for others 459 



27 

 

who wants to apply these models and methods for accessing the variations in future Tmax, Tmin, 460 

and ET0. 461 
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