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Abstract

Evapotranspiration (ETo) is considered a main component of the hydrological cycle. This study was carried out on a medium-size 

park within a highly urbanized area, close to the center of Melbourne city. The purpose of the study is to calculate the reference 

evapotranspiration (ETo), particularly at a specified spot in a corner of the park. The hand-held device used to collect data gave 

consistent results and reduced the need for assumptions. The Penman-Montieth equation was used to calculate the reserved ETo. 

To build an ETo model, Artificial Neural Network (ANN) was adopted to predict ETo. Three models were built to select the best model, 

based on the least Root Mean Square Error (RMSE) and the highest coefficient of determination (R2). Results showed a contrast 

between the observed and predicted magnitudes of ETo. Both of the observed and predicted magnitudes for ETo are higher than most 

recent studies. Data from the specified location shows a difference in ETo magnitudes relative to the fixed meteorological stations. 

This study supports that climate change causes increasing magnitudes of reference evapotranspiration ETo.
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1 Introduction
The hydrological cycle consists of many consequences 
phases. One of the main phases which has effects on 
hydrological cycle is evapotranspiration (ET). ET moves 
water from wet surfaces and plants to the atmosphere [1]. 
Determining the magnitude of ET losses is very important 
for different sectors, such as in agricultural purposes [2], 
and managing water resources in each region, which effects 
operational and planned irrigation projects [3]. Many stud-
ies have focused on the estimation of evapotranspiration 
at different places around the world using different esti-
mation methods, such as the Penman–Monteith equation, 
which is used to estimate reference evapotranspiration 
(ETo) [4, 5]. Consequently, calculation of the Penman-
Monteith equation has been carried out by adopting the rec-
ommended steps of the Food and Agriculture Organization 
of the United Nations (FAO) [6]. Therefore, this method 
has been used widely in various places because the accu-
racy is relatively higher than other estimated methods, and 
many researchers have adopted it to compare with other 
investigation results [7, 8]. Consequently, many studies 

used and recommended Penman-Montieth equation for 
accurately estimate ET [9], however, this method uses var-
ious weather information records. In this study, and for the 
reasons above mentioned, Penman-Montieth equation was 
selected as a unique equation to calculate reference evapo-
transpiration (ETo).

Climate change topic arises as a big issue during these 
years and may be in the coming years. Thus, one of the 
important drivers to occur the change is temperature [10]. 
Therefore, temperature has effected directly on Reference 
ETo, which correlate to one of the important weather fea-
tures. Consequently, reference ETo has been effected by 
climate weather, however, reference ET does not affected 
by crop characteristics, such as the type and development 
of a crop [6, 11]. There are many studies referred that 
climate change issue correlates with hydrological cycle 
parameters, particularly reference evapotranspiration 
ETo [5]. This study was selected to verify that is results 
will agree or disagree the concept that climate change 
effects on reference ETo.
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Estimation ETo can be executed by using meteorolog-
ical station data [6, 11]. Also, Various methods were used 
to model reference ETo have been adopted by recent stud-
ies [8]. Reference ETo can effect on many aspects, such 
as water storage, which caused issues on crop yield [12], 
transfer of mass by seeking the effect of ET on a large 
lake [13]. Another studies focused on the effect of both 
water and mass [14] but some researchers depended on 
radiation [15] and temperature method [16] to show the 
role of them on reference ETo. All mentioned studies 
adopted Penman-Monteith equation whether as a unique 
equation or within another equations to calculate evapo-
transpiration. Therefore, this study depended on Penman-
Monteith equation to calculate reference evapotranspira-
tion ETo by selecting a specified spot within urban park.

Studying the effect of urban parks on environment 
has been investigated for many aspects, such as cooling 
effect [17, 18] and land surface temperature [19]. However, 
urban park has another interaction with hydrological 
cycle, particularly evapotranspiration due to parks should 
be watering and parks have different types of vegetation, 
which caused evaporation and transpiration respectively. 
Therefore, this study selected a medium urban park to cal-
culate reference evapotranspiration.

Estimation reference evapotranspiration ETo in different 
regions around the world were observed in many countries, 
such as the USA [20], Japan [21], British Columbia [22], 
China [23] and other countries, the calculation of ET was 
carried out on different categories, such as water body [24] 
and different types of vegetation [25]. The majority to 
obtain weather data is meteorological stations for the men-
tioned studies. However, there is a very few studies focused 
on the finding of magnitude ET within a hand-held device. 
Many studies selected large scale to calculate ET, such as 
three cities [26] but [27] chose one city, however, deter-
mining ET by choose small scale is rare. Also, collecting 
weather information by the researcher himself when using 
a hand-held device is still rare, and that the reason to choose 
small scale and using hand-held device to collect weather 
data for calculating reference evapotranspiration ETo.

The majority of obtaining data to calculate reference 
ETo is meteorological stations whether using Penman-
Monteith equation as a standard equation or empiri-
cal methods based on mass-transfer, radiation, and tem-
perature [8]. Similarly, [28] adopted weather data from 
eight meteorological stations to predict reference ETo. 
Consequently, a study used weather records from eight 
climatological stations to assess the accuracy of Penman-
Monteith equation [29]. In the same approach, [5] referred 

to use Penman–Monteith equation to calculate the reserved 
ET and compare with a climate model, this study concluded 
that forecasting daily ET can be achieved by Penman–
Monteith model. Therefore, this study is adopted Penman-
Monteith equation to obtain correct and precise results.

The aim of this study is covering the gap search, which 
mentioned above. This study chose a medium urban park 
as a case study for calculation reference evapotranspira-
tion ETo during a whole year by using hand-held device to 
record all the necessary weather data.

2 Study area
A medium urban park (Dunstan Reserve), area (4.5 ha) 
was used in this study as a case study to calculate refer-
ence evapotranspiration ETo. Dunstan reserve is one of 
many urban parks in Melbourne, this park locates north 
Melbourne city within Brunswick west (37°75′60″S 
144°94′06″E). Brunswick city soccer club building includ-
ing within park area, and the main activity is soccer train-
ing on this reserve (Figs. 1 and 2).

Fig. 2 Edge of the Dunstan reserve (park)

Fig. 1 A medium urban park (Dunstan reserve)
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3 Methodology
To calculate reference evapotranspiration ET, a Kestrel 
4000 series hand-held and environmental meter device 
(Fig. 3) was used to collect all weather data including: 
maximum and minimum air temperature (with a tempera-
ture accuracy of +/- 0.5 °C), wind speed at 1.5 m (changed 
to 2 m) [6], density, radiation, pressure, and dew point. 
In this study, edge of the park was selected to stand close 
it then recording all weather information from the device 
after waiting for 2 to 5 minutes till the reading become 
constant. This point was sampled twelve times per day 
(every 2 hours) once per season (four months per year) 
and four times per day (every 6 hours) once per month for 
the remaining eight months. These measurements equated 
eighty records. From field data, reference evapotranspira-
tion (ETo) was calculated by two methods, both of them 
were depended on Penman-Monteith equation.

3.1 Calculating reference evapotranspiration ETo by 
Penman-Monteith equation 
Study period extended one year to collect weather data 
along 12 months, strategy of methodology was visiting the 
park at any time during the day. The process was repeating 
the visiting 22 times for both winter and summer, and 18 
times for both autumn and spring. Hence, the total data are 
80 records. The reason of selecting data during winter and 
summer more than other seasons was the period of these 
seasons are higher than the others in Melbourne. 

After collecting these data, The FAO Penman-Monteith 
method was used for calculating reference evapotranspira-
tion ETo, this equation can be written as [6]:
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where:
ETo = reference evapotranspiration (mm/day).
Δ = the slope of vapor pressure curve (kPa/°C).
Rn = the net radiation at the crop surface (MJ/m2 d).
G = the soil heat flux density (MJ/m2 d)
T = average air temperature at 2 m height (°C) com-

puted from maximum and minimum air tempera-
ture (Tmax and Tmin, °C).

es–ea = the saturation vapor pressure deficit (kPa).
U2 = is wind speed at 2 m height.
γ = psychrometric constant [kPa/°C].
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To apply Penman-Monteith equation, edge of the park 
was selected to a place of calculating ETo. This place was 
turf has average height can be estimated as 12 cm. To cal-
culate soil heat flux at day times, Eq. (2) is adopted [6].

G Rnhr = 0 1. . (10)

Fig. 3 A Kestrel 4000 series hand-held and environmental meter device
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3.2 Artificial Neural Network (ANN) model
Artificial Neural Network (ANN) were adopted in many 
engineering aspects, particularly in modeling and analyz-
ing data whether linear or non-linear type [30], and fore-
casting water level in reservoir dams [31], predicting fail-
ure issues related to water pipes networks [32]. Therefore, 
in this study, ANN model is adopted because this software 
program has used widely by researchers with high accu-
racies of results.  

Artificial Neural Network (ANN) system consists of as 
minimum three main parts, the first part is defined as input 
layer, the second part is defined as hidden layer at least one 
layer and this layer processing of input layer and the third 
layer is defined as the output layer. The reason why Sigmoid 
function was used rather than other functions such as 
Tannh and Gaussian because Sigmoid function is comfort-
able, differentiable, monotonic, and limited. The weights 
were determined during this study, the number of hidden 
layer depending on training. The difference in ANN archi-
tecture was developed by changing the number of nodes 
in the hidden layer. Fig. 4 shows the structure of neural 
network. The methodology was chosen depended on the 
processing countinuted to training until the error becomes 
less than the selected. Therefore, the error between output 
results of the network and target outputs are computed at 
the end of each process.

The development of the Artificial Neural Network 
model (ANN) is dependent on input and output layers, 
input layers include climate change parameters (radiation, 
minimum and maximum temperature, pressure, wind 
speed at 2 m level (U2)), the output layer includes ETo. 

The prediction of ETo was done by ANN including the 
following steps: 

1. An ANN model was built for a data set that was col-
lected for a year and over a period of months, includ-
ing 80 readings, and this data was collected at the 
edge of a medium greening park in Melbourne.

2. By using specialized statistical program SPSS pro-
gram, which we used it to execute a simulation for 
finding the input layer (climate change). 

3. Input data found from step 2 into the best model to 
find ETo.

4. The models were calibrated with the data obtained to 
verify the accuracy of the model.

Three models were built, which depended on the num-
ber of hidden layers.1 The number of nodes in each layer 

following this is chosen as the best depending on several 
statistical indexes including root mean square error RMSE 
and correlation coefficient Square R². Therefore, the best 
model chosen has the least RMSE (nearest to zero) and the 
greatest R² (nearest to 1). The set of Eqs. (3) and (4) relative 
to RMSE and R², respectively.

1
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where:
N is the number of verification data.
O is the observed data.
M is the modeled data.
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where:
n is a numbers of verification data.
S is a predicted value by ANN.
O is an observation data.
S' is a mean value of S value.

3.2.1 Model 1
The first model was built consists of many parts. The first 
part is input layer includes climate change parameters 
(radiation, minimum and maximum temperature, pres-
sure, wind speed at 2 m height), the second layer is hidden 
layer includes one layer (the number of nodes in this layer 
are 6) that prossing climate change parameter, and third 
layer is output layer includes ETo.

Fig. 5 shows structural of neural network for Model 1, 
and Fig. 6 shows weight distribuation for Model 1.

Fig. 4 Structure of neural network system
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3.2.2 Model 2
The second model was built consists of three layers, 
first layer represents input layer includes climate change 
parameter (radiation, minimum and maximum tempera-
ture, pressure, wind speed at 2 m level (U2)), second layer 
is hidden layer includes two layers (the number of nodes in 
this layer are 6, 7) that prossing climate change parameter, 
and third layer is output layer includes ETo.

Fig. 7 shows structural of neural network for Model 2 
and Fig. 8 shows weight distribuation for Model 2.

3.2.3 Model 3
Third  model was built which consists of  three layers, first 
layer is input layer includes climate change parameters 
(radiation, minimum and maximum temperature, pres-
sure, wind speed at 2 m level (U2)), second layer is hidden 
layer includes three layers (the number of  nodes in  this 
layer are 6, 7, 8) that prossing climate change parameters, 
and third layer is output layer includes ETo.

Fig. 9 show structural of neural network for Model 3 
and Fig. 10 shows weight distribuation for Model 3.

4 Results
Evapotranspiration is a complex and non-linear phenome-
non because it depends on several interacting climatolog-
ical factors such as (radiation, minimum and maximum 
temperatures, pressure, wind speed at 2 m level (U2)). The 
data used in ANN model was selected by the SPSS pro-
gram randomly 95% for training and 5% for verification. 

Fig. 5 Structural of neural network for Model 1

Fig. 6 Weight distribution for Model 1

Fig. 7 Structural of neural network for Model 2

Fig. 8 Weight distribution for Model 2

Fig. 9 Structural of neural network for Model 3
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This ratio was selected after checking and verification 
another two ratios: (1) randomly 75% for training and 25% 
for verification. (2) randomly 90% for training and 10% for 
verification, however, the results of 95% and 5% was the 
best relative to the values of R2 (determination of coefficient) 
were closer to 1.0. This process was adopted by another 
study [33] that tried three different ratio groups and selected 
the best. Table 1 shows the results of three models com-
prises of number of models, number of hidden layers, deter-
minant coefficient R², Root Mean Square Error (RMSE) for 
ANN models which were used to prediction ETo.

From Table 1, Model 2 has the best results. Therefore, 
this model is the best among the three models, which has 
two hidden layers, the highest (R²) and the least (RMSE). 
Fig. 11 shows the relationship between ETo calculated, 
which were used Penman-Monteith equation, and ETo 
predicted that found from ANN model during the num-
ber of records through one year. This figure clarified that 
the relation between them is non-linear and it can be make 
a week relation with small magnitude of coefficient of 
determinant R2 equal to 0.0172, which obtained from third 
degree equation, as shown in Eq. (13).

ETo predicted ETo calculated

ETo calculated
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2
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5 Discussion 
5.1 Calculating reference ETo by Penman-Monteith 
equation
Results of reference ETo by using Penman-Monteith varied 
between 2–11 mm/hr along the whole study period, which 
was close to other study results [20, 5] in some periods, 
however, the other points were realized between 6–11 mm/
day is higher than [20] were observed measured reference 
ETo between 0–5 mm/day and between 0–8 mm/day [27]. 
Therefore, this study contradicts other studies because the 
different methodologies between them. However, study 
results are similar to [28], which both were mentioned 
to the same reference Evapotranspiration ETo were var-
ied between 2–11 mm/day. The reason behind that is both 
studies were executed in arid and semiarid areas, which 
are the same weather conditions, however, they used dif-
ferent sources of data. On the other hand, study results 
showed a high difference from [34], which recorded ref-
erence Evapotranspiration ETo between 20–225 mm/day, 
however, they used meteorological data for 50 years ago, 
which could explain the high difference in the recordings.  

5.2 Predicting ETo by using ANN
This study adopted Artificial Neural Network (ANN) 
program to predict reference Evapotranspiration (ETo) 
by using Penman–Monteith equation is varied between 
0–11 mm/day. Consequently, an another study referred to 
use the same equation for prediction daily ETo by using 
weather information, which are the same to our study such 
as, maximum and minimum temperature, wind speed. 
They used prediction analytical method (AM) by collect-
ing data from eight meteorological station to build a pre-
diction model [27]. Although both studies used the same 
equation and similar method, there is a difference in mag-
nitudes of estimated ETo where estimated ETo varied from 
0–6 mm/day [28] is lower than 0–10 mm/day at this study 
but [35] estimated ETo is equal to 2–16 mm/day by using 

Fig. 10 Weight distribution for Model 3

Table 1 Magnitudes of determinant coefficient (R²) and Root Mean 
Square Error (RMSE) for the three models

Number of 
model

Number of 
hidden layers

determinant 
coefficient (R²) RMSE

Model 1 1 0.651 1.01

Model 2 2 0.877 0.74

Model 3 3 0.808 1.2

Fig. 11 Relationship between ETo calculated and predicted during 
a whole year
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different model, which higher than our study, however, 
they used the same equation (Penman–Monteith equa-
tion) to calculate evapotranspiration. The explanation of 
this variance is could due to the different in collecting data 
way (meteorological stations), study period and different 
model inputs. Similarly, another study estimated ETo was 
varied between 2-8 mm/day by using ANN program [36]. 
Although this study used the same program, there is a 
small difference between them because both studies used 
different study periods and data sources. A study predicted 
reference evapotranspiration ETo using ANN model with-
out using multi linear regression and Penman-Monteith 
equation [37], they mentioned to low magnitudes of ETo 
between 0–1 mm/day, which lower than most study results 
above mentioned. Their results revealed that Penman-
Monteith equation results has higher accuracy than other 
methods. Study results referred to the relationship between 
calculated ETo and predicted ETo is non-linear but [38] 
mentioned to this relationship is linear with high magni-
tude of coefficient of determinant, however, this study was 
focused on the prediction of ETo by estimating the missing 
parameters values, particularly temperature and dew point. 
Therefore, this could be the reason of contrasting between 
them, in addition to the high difference between case stud-
ies and methodologies.

6 Conclusions
This study was carried out on a medium park within high 
urbanized area, which close to the center of Melbourne city 
to calculate the reference evapotranspiration (ETo), particu-
larly at a specified spot in the corners of the park. Penman-
Montieth equation was used to calculate the reserved ETo. 
Thus, to build reference evapotranspiration ETo model, the 
Artificial Neural Network (ANN) was used to predict ETo, 
which both observed and estimated ETo magnitudes were 
contrasted during the whole year. After compare and con-
trast of the results with the contemporary studies, it can be 
conclude that both magnitudes of ETo (observed and pre-
dicted) are higher than most studies, which means this study 
supported the concept that climate change effects on refer-
ence ETo. Consequently, Artificial Neural Network (ANN) 
can be adopted to estimate and predict ETo for similar stud-
ies. Also, this study referred that Penman-Montieth equa-
tion has high accurate. In addition, using hand-held device 
to collect data gave perfect results and reduce the unneces-
sary assumptions. Also, selection specified spot shows the 
difference in ETo magnitude relative to using meteorologi-
cal stations. Last point relative to climate change phenom-
enon, which still has a large effect on many aspects, par-
ticularly reference evapotranspiration, which increasing the 
magnitudes of ETo during the whole study period.
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