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1. Introduction

Evapotranspiration (ET) is a physical process that refers both to evaporation from soil and transpiration from plants
[1]. In the hydrologic cycle, ET plays a huge role because it aids the continuity of rainfall within the cycle [2]. The ET
rate from a reference surface is called the reference ET and denoted by ET, [3, 4]. Estimation of ET, is vital for effec-
tive planning, design and management of irrigation water resources at the farm level [5].

There are many computer-based methods and techniques adopted for estimating ET,. These techniques can be cate-
gorized as combination-type, pan evaporation based, radiation based and temperature-based [6]. Specific models used
for this purpose includes artificial neural networks [7-10], genetic algorithms [8, 11], fuzzy logic [12-14] and support
vector machines methods [14, 6, 15].

Paramount among the combination-type category is the Penman - Monteith (PM) equation, also called FAO - 56
method and approved by the Food and Agriculture Organisation (FAO) [4]. This method requires some weather and
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meteorological parameters such as sunshine hours, relative humidity, wind-speed, average temperature, and solar radia-
tion as inputs in order to estimate ET, at different time steps [16]. Numerous studies worldwide have shown that the
FAO-56 PM model is the most accurate method under various climatic conditions [11, 17-21].

However, in many developing countries such as South Africa, a major limitation to the successful use of this FAO-56
PM method is non-availability or limited data sets of the required parameters. Therefore, the application of ETo equa-
tions and models that require fewer weather and meteorological parameters is recommended under certain situations
where complete datasets are lacking [22]. In order to establish the dominant climatic and meteorological parameters
involved in the estimation of ET,, adaptive neuro-fuzzy inference system (ANFIS) technique is adopted.

ANFIS is a type of artificial neural network which is dependent on fuzzy set and fuzzy relation. Ref [1] stated that it
was introduced by Takagi—Sugeno in 1985. It comprises of inputs, outputs and a set of inference rules. Each input and
output can have multiple numbers of membership functions (MFs). A curve which shows how each point in the input
space is mapped to a membership value between 0 and 1 is called a MF [23]. The general name for a system that uses
fuzzy reasoning to map an input space to an output space is called Fuzzy Inference System (FIS). It combines the prin-
ciples of both neural networks and fuzzy logic to capture the information of both input and output in a single framework
[24].The fuzzy inference process is as explained in [25, 26].

ANFIS is an effective mathematical tool used for dealing with uncertainty, handling imprecision of real-world prob-
lems and an effective technique for data modelling and analysis without using complex analytical equations [27]. In
general, FIS has a rule base, a database and also a reasoning mechanism. These three forms the basic conceptual com-
ponents of a fuzzy inference system [1].

The two main parts of FIS are the input (antecedence) and the output (consequence) part. Furthermore, the antece-
dence part is divided into rule - based or cluster - based [28]. The rule - based approach forms some subsets using the
input and output variables. These subsets may be linear or non-linear functions and they are represented by linguistic
constructs such as "many", "low", "medium", "often", and "few" [28]. In the cluster-based approach, the fuzziness of
each data point is measured by its distance from the cluster centers. The cluster center is the point located at the shortest
distance from the remaining dataset and this distance is defined as the cluster potential [23]. Clustering techniques in-
clude prior knowledge dependent and non-prior knowledge dependent approach. The dataset of the non-prior knowl-
edge dependent approach does not require prior analysis hence, it is more preferred [27].

FIS consists of four major parts: fuzzification interface, fuzzy rule base, fuzzy inference engine and defuzzification
interface. The function of fuzzification is to change classical data into fuzzy data using a set of input MFs. The
IF-(antecedent part)-THEN-(consequence part) rule statements are used to formulate the conditional statements that
comprise fuzzy logic [29]. Defuzzification transforms a fuzzy output into a crisp [30]. FIS can be achieved using the
graphical user interface tool "Fuzzy Inference System (FIS) Editor" in MATLAB fuzzy logic toolbox [31].

ANFIS method is widely used in several areas of engineering and technology. This includes water resources planning,
reservoir operations, signal processing, system identification, pattern recognition, time series prediction and data mining
[32]. It’s use in water resources and evapotranspiration modelling have recorded a huge success.

Ref [28] developed a daily streamflow model for Letaba River in South Africa using ANFIS. The model is applied in
a semi-distributed manner to three river reaches. The result of the study shows that ANFIS technique is suitable for
modellingstreamflow. In addition, [13] adopted ANFIS to estimate reference evapotranspiration based on two sets of
weather data from Spain and Iran. The obtained results showed the capabilities of generalized ANFIS model in estimat-
ing ET, in different climatic zones. Furthermore, Ref [1], conducted a study to study the most influential weather pa-
rameter on ET, in Serbia. A 30 - year data for twelve weather stations were considered in the study. The effects of
seven meteorological and weather parameters on ET, were analysed using ANFIS technique. From the study, it was
concluded that ANFIS is a good and robust modelling technique to understand the non-linear behaviour of ET variables.
Ref [33], successfully adopted ANFIS to forecast water supply system demand for Hogenakkal Water Supply in India.
The technique gave a very good forecasting result after statistical evaluations.The aim of this study is to determine how
weather parameters affect the estimation of ET, at WIS, in other to identify the most influential variables for the estima-
tion of ET, at WIS.

2. Materials and Methods

2.1. Study Area and Collected Data

The study area is Winterton irrigation scheme (WIS). The WIS is located at the Okhahlamba local municipality
which is located in uThukela district municipality on the western boundary of KwaZulu-Natal province, South Africa. It
is situated on the banks of the Tugela River in the foothills of the Drakensberg Mountains, it is on the R-74 Road net-
work between Bergville and the N3 as well as the R-600 Road network between Ladysmith and central Drakensberg.
The scheme covers the total area of 0.86 km? with the coordinates: 28°48'48"” S and 29°32'10” E; Fig. 1. The WIS was
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founded in 1905 where it was given the name Springfield during the time the Natal government built a weir across the
little Tugela River and in 1910 the town was renamed Winterton irrigation scheme [34].

The WIS has a mean annual rainfall of 790 mm, mean annual temperatures of 17°C and high irrigation demand [35].
Summer rainfall occurs during the month of August to May while in winter server frosts occur occasionally. The
scheme has about 3692 hectares of the total farmland which is under irrigation while maize, wheat and soybeans are the
major irrigated crops grown throughout the year [35]. WIS is currently supplying irrigation water to 55 commercial
farmers and other small-scale farms and the annual net irrigation requirements ranges between 500 and 1200 mm per
annum [35]. Figure 1 shows the geographical location of the study area.

Meteorological and weather data which covers a 20-year period (2001-2020) and has 240 dataset records per variable
were used for this study. Average monthly data of minimum and maximum temperature (°C), rainfall (mm), relative
humidity (%), wind speed (m/s) and ET, (mm/day) were collected from the South African Weather Service (SAWS)
and Agricultural Research Council. This data was extracted from three meteorological stations at WIS. Figure 2 shows
the mean monthly data of the six ET, variables collected (2001-2020) for this study.

Legend
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Figure 1. Map of Winterton Irrigation Scheme.
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Figure 2. Mean monthly values of the ETo variables collected at WIS (2001-2020).
2.2. ANFIS

The Fuzzy Logic Toolbox component in [31] was used for designing the system based on fuzzy logic. Initially, the
relationship between the input and output variables were modeled by clustering the data. After that, fuzzy logic was
implemented to capture the broad categories identified during clustering into a FIS. The following steps were followed
in designing the ANFIS system.

2.2.1. Clustering the Data

Clustering is normally used to identify natural groupings of data from a large data set so that the system's perfor-
mance can be concisely represented. The function subclust in [31] was chosen to implement a clustering technique,
called subtractive clustering. Subtractive clustering is a fast and one-pass algorithm used for estimating the number of
clusters and the cluster centers in a dataset. The results from clustering were further used to build a fuzzy inference sys-
tem.

2.2.2. Generating the FIS

The function genfis2 was applied for creating the FIS using subtractive clustering (subclust). The function genfis2
uses subclust in the background, to cluster the data and uses the cluster centers and their range of influences to build a
FIS. The fuzzy inference was modeled by the Sugeno integral as an aggregation operator. The AND method was prod
(product), which scales the output fuzzy set. The function genfis2 constructs the FIS in an attempt to capture the posi-
tion and influence of each cluster in the input space. The simulation procedure was established by creating m-file/
MATLAB software.

2.2.3. Defuzzification
In defuzzification, the fuzzy output set is converted to a crisp number. For Sugeno-style inference, the commonly
used techniques for defuzzification are wtaver (weighted average) or wtsum (weighted sum). In the study, the wtaver

method was chosen. Suppose, there are M rules fired and the fuzzified output is represented by wi, w2, ... wM and
crisp output is represented by z1, z2, ...,zM, then final crisp output wtaver is given by the expression in equation (1):
M
Wi Zi
Z —_— :1
- M
W,
= )

2.3. Pre-screening using ANFIS

The environmental conditions affecting ET, is a nonlinear regression problem, where several inputs are used to pre-
dict an output. The five input attributes were rainfall, minimum temperature, maximum temperature, relative humidity
and wind speed, whereas the output variable to be predicted was ET,. The function exhsrch in [31] performs an exhaus-
tive search within the available data to determine the one most influential input attribute in predicting the output. Essen-
tially, the function exhsrch builds an ANFIS model for each combination, trains it for one epoch and reports the per-
formance achieved. The exhaustive search operates by searching for the minimum training error for different permuta-
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tions of inputs to the ANFIS. ANFIS uses a hybrid-learning algorithm to identify parameters of Sugeno-type fuzzy in-
ference systems. It applies a combination of the least-squares method and the back-propagation gradient descent method
for training ANFIS membership function parameters to emulate a given training data set. For building the ANFIS model,
70% of data is used for training process and 30% for the evaluation set. The training argument stops if the designated
epoch number is reached or the error goal is achieved, whichever comes first. The checking data are used for testing the
generalization capability of the FIS and monitor how well the model predicts the corresponding data set output values.

2.4. Post-screening using surface FIS

In this post-screening step, the effect of minimum temperature, maximum temperature and wind speed on EJlwere
investigated using FIS. The number of observations (samples) was 228. The model first clustered the data and the clus-
ter centers were then used to define the FIS.

3. Results and Discussion
3.1. Pre-screening results

The current ANFIS model selected one input from five candidates, so that the total number of ANFIS models is C (5,
1) = 5. As displayed in Figure 3, the left-most input variable had the least training and checking errors, i.e., the most
relevant with respect to the output (ET,). The inputs maximum temperature, wind speed, minimum temperature, relative
humidity and rainfall had training errors of 26.9, 36.6, 43.8, 59.0 and 67.3, as well as checking errors of 24.6, 36.7, 47.4,
62.8 and 77.5, respectively. These results indicate that the three most significant environmental inputs affecting the ET,
are in the order of maximum temperature > wind speed > minimum temperature. Thus, rainfall and humidity were re-
moved from the post-screening step.

3.1.1. Results from clustering the data

The variable C (Table 1) held all the centers of the clusters that had been identified by subclust. Each row of C con-
tained the position of a cluster. In this case, C had five rows accounting for five clusters. Additionally, the subclust had
identified four columns that represented the positions of the clusters in each dimension.

Training (Circles) and Checking (Asterisks) Emors

70t -/_)

RMS Errors
Y
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i
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: g ; £
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Figure 3. Influence of individual variables on ET,.
Table 1. C (clustering matrix results)

Maximum Temperature Windspeed Minimum Temperature ET,
3.8 21.0 0.6 109.7
15.8 311 2.0 238.2
13.3 26.8 1.2 156.8
7.5 25.5 2.2 213.8
149 32.3 34 298.0
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The variable S (Table 2) containing the sigma values, had four columns representing the influence of the cluster cen-
ters on each of the four dimensions. All cluster centers shared the same set of sigma values.

3.1.2. Clusters-FIS Relationship

The function genfis2 constructs the FIS in an attempt to capture the position and influence of each cluster in the input
space. Since the dataset had three input variables and one output variable, genfis2 constructed a FIS with three inputs
and one output. The function subclust identified five clusters in the current dataset. Therefore, each input and output
were characterized by five MFs. Also, the number of rules is equivalent to the number of clusters and hence five rules
were created.

As listed in Table 3, the first MF of the first input (inlclusterl) is "gaussmf" (Gaussian type membership function). It
has Gaussian curve spread coefficient of 3.465 and the center of the Gaussian curve is 3.8, inlclusterl captures the po-
sition and influence of the first cluster for the input variable population, C (1,1) =3.8 and S (1) = 3.465.

Similarly, the position and influence of the other four clusters for the input variable "minimum temperature™ are cap-
tured by the other four MFs inlcluster2, inlcluster3, inlcluster4 and inlcluster5. The other two input variables (maxi-
mum temperature and wind speed) follow the exact pattern mimicking the position and influence of the five clusters
along their respective dimensions in the dataset.

The output of the FIS has five linear MFs representing the five clusters. The coefficients of the linear MFs are esti-
mated from the dataset using least squares estimation technique. Those coefficients are listed in Table 3. All the five
MFs are in the form a x Temp. (min) + b x Temp. (max) + ¢ x wind speed + d

Table 2. S (Sigma values)

Maximum Temperature Windspeed

3.5 3.6 0.7 64.0

Minimum Temperature ET,

Table 3. Fuzzy linguistic set of input variables

Fuzzy linguistic sets of input variable "Minimum temperature" with universes of discourse [-0.2 19.4]

MF name inlclusterl inlcluster2 inlcluster3 inlcluster4 inlcluster5
MF type gaussmf gaussmf gaussmf gaussmf gaussmf
MF parameters [3.465 3.8] [3.465 15.8] [3.465 13.3] [3.465 7.5] [3.465 14.9]

Fuzzy linguistic sets of input variable "Maximum temperature™ with universes of discourse [15.5 35.7]

MF name in2clusterl in2cluster2 in2cluster3 in2cluster4 in2cluster5
MF type gaussmf gaussmf gaussmf gaussmf gaussmf
MF parameters [3.571 21] [3.57131.1] [3.571 26.8] [3.571 25.5] [3.57132.3]
Fuzzy linguistic sets of input variable "Wind speed" with universes of discourse [0.2 3.9]
MF name in3clusterl in3cluster2 in3cluster3 in3cluster4 in3cluster5
MF type gaussmf gaussmf gaussmf gaussmf Gaussmf
MPF parameters [0.6541 0.6] [0.6541 2] [0.6541 1.2] [0.6541 2.2] [0.6541 3.4]

MF name

MF type

MF parameters

Fuzzy linguistic sets of input variable "ETo" with universes of discourse [0 361.9]

outlclusterl

Linear

[-1.076 10.46 23.57

-112.8]

outlcluster2

Linear

[-17.28 29.8 9.014

-429.7]

outlcluster3

Linear

[1.36313.7240.71 [-5.127 21.82-0.381 [-3.218 13.2311.21

-291.5]

outlcluster4

Linear

-318.2]

outlcluster5

Linear

-131.4]
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There exist five rules and each rule attempts to map a cluster in the input space to a cluster in the output space. The
firing strengths of the rules were then used to generate the output of the FIS, through the output MFs. The (1) at the end
of the rule is to indicate that the rule has a weight or an importance of "1". The rules were:

1) If (Temp. (min) is inlclusterl) and (Temp. (max) is in2clusterl) and (Wind speed is in3clusterl) then (ETo is
outlclusterl) (1)

2) If (Temp. (min) is inlcluster2) and (Temp. (max) is in2cluster2) and (Wind speed is in3cluster2) then (ETo is
outlcluster2) (1)

3) If (Temp. (min) is inlcluster3) and (Temp. (max) is in2cluster3) and (Wind speed is in3cluster3) then (ETo is
outlcluster3) (1)

4) If (Temp. (min) is inlcluster4) and (Temp. (max) is in2cluster4) and (Wind speed is in3cluster4) then (ETo is
outlcluster4) (1)

5) If (Temp. (min) is inlcluster5) and (Temp. (max) is in2cluster5) and (Wind speed is in3cluster5) then (ETo is
outlcluster5) (1)

The response of the FIS is plotted against the inputs as a surface (Figure 4). This visualization is very helpful to un-
derstand how the system behaves for the entire range of values in the input space.

Figure 5 shows a snapshot of the entire fuzzy inference process, right from how the MFs are being arranged in every
rule to how the final output is being generated through defuzzification.
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Figure 4. Input — Output Surface viewer of the dataset.
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Figure 5. Rule viewer that simulates the entire fuzzy inference process.
4. Conclusions

The aim of this study was to determine the multivariate analysis of correlated variables involved in the estimation of
ET, at Winterton irrigation scheme (WIS) in South Africa using adaptive neuro-fuzzy inference systems (ANFIS). The
objective was to determine the most influential set of variables in the estimation of ET,. This is a novel study of this
kind conducted in the study area. The average monthly dataset of six meteorological and weather variables between
2001 and 2020, which are paramount to the estimation of ET, were analyzed. From the ANFIS analysis, it was discov-
ered that temperature (min and max) and wind speed are the most important variables in the estimation of ET, at WIS.
Other variables, such as rainfall and relative humidity had less significance on the value of ET..

Therefore, it can be concluded that ANFIS is a robust tool for reducing input variable dimensionality into the most
significant ones before adequate and further simulation modeling operations takes place in order to predict,EThe
limitation of the study is that the dataset only included data from 2001 until 2020, collected for the WIS. Future re-
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search will develop novel methods and techniques that can estimate reference evapotranspiration using the most impor-
tant variables (minimum temperature, maximum temperature, and wind speed) discovered from this study.
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