hydrology

Article

Establishing Coupled Models for Estimating Daily Dew Point
Temperature Using Nature-Inspired Optimization Algorithms

Saeid Mehdizadeh 1©©, Babak Mohammadi %*

check for
updates

Citation: Mehdizadeh, S.;
Mohammadi, B.; Ahmadi, F.
Establishing Coupled Models for
Estimating Daily Dew Point
Temperature Using Nature-Inspired
Optimization Algorithms. Hydrology
2022,9,9. https://doi.org/10.3390/
hydrology9010009

Academic Editor: Roohollah Noori

Received: 2 December 2021
Accepted: 30 December 2021
Published: 1 January 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Farshad Ahmadi 3

Water Engineering Department, Urmia University, Urmia 5756151818, Iran; s.mehdizadeh@urmia.ac.ir
Department of Physical Geography and Ecosystem Science, Lund University, S6lvegatan 12,

SE-223 62 Lund, Sweden

Department of Hydrology & Water Resources Engineering, Shahid Chamran University of Ahvaz,
Ahvaz 6135783151, Iran; f.ahmadi@scu.ac.ir

Correspondence: babak.mohammadi@nateko.lu.se

Abstract: Potential of a classic adaptive neuro-fuzzy inference system (ANFIS) was evaluated in the
current study for estimating the daily dew point temperature (Tdew). The study area consists of
two stations located in Iran, namely the Rasht and Urmia. The daily Tdew time series of the studied
stations were modeled through the other effective variables comprising minimum air temperature
(Tmin), extraterrestrial radiation (Ra), vapor pressure deficit (VPD), sunshine duration (n), and
relative humidity (RH). The correlation coefficients between the input and output parameters were
utilized to determine the most effective inputs. Furthermore, novel hybrid models were proposed in
this study in order to increase the estimation accuracy of Tdew. For this purpose, two optimization
algorithms named bee colony optimization (BCO) and dragonfly algorithm (DFA) were coupled
on the classic ANFIS. It was concluded that the hybrid models (i.e., ANFIS-BCO and ANFIS-DFA)
demonstrated better performances compared to the classic ANFIS. The full-input pattern of the
coupled models, specifically the ANFIS-DFA, was found to present the most accurate results for both
the selected stations. Therefore, the developed hybrid models can be proposed as alternatives to the
classic ANFIS to accurately estimate the daily Tdew.

Keywords: artificial intelligence; bee colony optimization; dew point temperature; dragonfly algo-
rithm; hydrological modeling; soft computing

1. Introduction

Dew point temperature (Tdew) as a weather parameter can be described as a tem-
perature in which the air is saturated with water. In other words, the air is cooled under
constant pressure to become saturated [1]. Tdew, along with relative humidity, can be
considered as an index to recognize the content of air moisture [2]. The knowledge and
availability of Tdew with reliable precision plays remarkable roles in various research areas
such as agriculture, climatology, hydrology, and agronomy [3-6].

Tdew is an essential parameter for the estimation of evaporation and evapotranspi-
ration [7]. Dew is an important factor for plant survival, specifically in arid regions with
infrequent amounts of precipitation [8]. Tdew and wet-bulb temperature could be applied
to compute the ambient temperature, which makes it possible to protect crops against
frosts in which plants may acquire damage [9-12]. Climate change in each area can also be
recognized by assessing Tdew trends over time [11].

Unlike weather parameters such as air temperature, relative humidity, precipitation,
etc. that are usually recorded at many meteorological stations, Tdew information may
not be measured and is therefore unavailable. Hence, alternative approaches should be
taken into consideration to estimate reliable Tdew data. The use of artificial intelligence
(AI)-based models has recently attracted attention in estimating Tdew, of which some are
briefly reviewed below.
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The hourly Tdew data of 20 stations located in Georgia, United States of America, were
estimated by Shank et al. [10] through artificial neural networks (ANN). Other weather
variables were used as inputs to feed into the ANN. It was concluded that it could be con-
sidered as a dependable technique if Tdew data are not available. Zounemat-Kermani [13]
tested the potential of a multiple linear regression (MLR) and feed-forward type of ANN
in hourly Tdew estimation of a station located in Ontario, Canada. It was reported that
the feed-forward ANN showed superiority over the conventional MLR. Nadig et al. [14]
evaluated the performance of ANN in the estimation of hourly air and dew temperatures
in Georgia, USA. Mohammadi et al. [11] compared the accuracy of three Al-based models
in the estimation of daily Tdew of two stations in Iran. An extreme learning machine (ELM)
was the best-performing model at both stations when comparing its performance with
a support vector machine (SVM) and ANN. Kim et al. [15] estimated the time series of
daily Tdew of two stations located in California, USA, utilizing the generalized regression
neural networks (GRNN) and multi-layer perceptron (MLP). They found that these models
could be considered as promising techniques to accurately estimate daily Tdew. Baghban
et al. [16] used a genetic algorithm (GA) for optimizing the ANFIS and least square support
vector machine (LSSVM) parameters in estimating Tdew and concluded that the GA could
increase the performance of classic models. The classic ANFIS was applied by Mohammadi
et al. [1] to estimate the daily Tdew of two locations in Iran, using other available weather
variables, and they reported the reliable capability of ANFIS. Amirmojahedi et al. [17] rec-
ommended a coupled method by hybridizing the wavelet transform (WT) and an ELM for
estimating the daily Tdew of a station in Iran. Its performance was also compared with the
classic SVM and ANN. The best estimates of the daily Tdew were observed via the hybrid
WT-ELM. Mehdizadeh et al. [6] assessed the performance of gene expression programming
(GEP) when estimating daily Tdew of two sites in Iran and reported its dependable poten-
tial for estimating Tdew by applying other available weather parameters. The Al-based
models, including the GEP, SVM, and M5 model tree, were used by Qasem et al. [18] in
the estimation of the daily Tdew of Tabriz site, Iran. The M5 model tree outperformed
the other models used. Dong et al. [12] applied seven classic Al-based models and three
hybrid models, including an ELM optimized by three optimization algorithms, namely
Bat, particle swarm optimization (PSO), and GA. The Yangling station was considered as a
case study. They verified the abilities of mentioned optimizers to increase the potential of
ELM when estimating the daily Tdew. Besides, the overall results of other studies such as
Bickici Arikan et al. [19], Golizadeh Akhlaghi et al. [20], and Alizamir et al. [21] verified the
capabilities of Al-based approaches for estimating Tdew.

In recent years, many efforts have been made to propose and implement the hybrid
models as alternatives to the classic AI models when modeling meteorological, hydro-
logical, and environmental variables [22-25]. It has also been well documented that the
hybrid models can outperform the classic Al ones in estimating the times series of the
investigated target variables [26]. In recent years, bio-inspired optimizers have received
remarkable attention to developing the coupled methods created via coupling the Al and
bio-inspired optimization techniques. Optimization is a vital engineering issue, and hence,
various algorithms have been introduced with metaheuristics that have recently had many
applications in engineering sciences [27]. Lately, the application of nature-inspired opti-
mization algorithms has proven to be a significant solution for reducing the complexity of
hydrological modeling [28]. These hybrid metaheuristic models can automatically provide
powerful parameter estimation of the artificial intelligence models and enhance hydro-
logical modeling performance; various nature-inspired algorithms have been employed
for overcoming the limitation of the machine learning models for hydrological forecasting
tasks [29-31].

The current study applied two nature-inspired optimization algorithms (BCO and
DFA) for changing the attributes of the ANFIS model, such as learning rate and weights, in
order to have a capable training and to reduce the modeling error. In addition, the ability of
coupled ANFIS-BCO and ANFIS-DFA approaches were compared with the classical ANFIS
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for simulating dew point temperature to reach an efficient simulated result. The proposed
models reach the optimal conditions when a suitability occurs between weights of ANFIS
and the BCO and DFA, or the maximum number of iterations satisfies. This study seeks to
estimate daily Tdew of two sites in Iran, through the classic adaptive neuro-fuzzy inference
system (ANFIS) and novel hybrid models via coupling the ANFIS with the bio-inspired
optimization algorithms consisting of the bee colony optimization (BCO), and dragonfly
algorithm (DFA). The chief purpose of the present study is to enhance the estimation
performance of Tdew via hybrid models. The effective variables of Tdew were recognized
utilizing the correlation analysis. There are several hybrid models in the literature on the
hybridization of Al and bio-inspired optimizers to estimate Tdew. Additionally, no studies
have been reported in previous studies on proposing and testing the efficiency of coupled
ANFIS-BCO and ANFIS-DFA techniques when estimating Tdew. Hence, this study is the
first attempt to develop the aforementioned hybrid models.

2. Materials and Methods
2.1. Study Region and Data Used

Two stations were selected in Iran, Rasht and Urmia, as the study regions to achieve
the objectives of this study (i.e., estimating the daily Tdew via other available weather data).
The Rasht station in northern Iran includes a humid climate classification, having a latitude
of 37°19’ N, longitude of 49°37' E, and an elevation of —8.6 m. Furthermore, the Urmia
station, with a semi-arid climate, is located in northwestern Iran. Its latitude, longitude,
and elevation are 37°40’ N, 45°03" E, and 1328.0 m, respectively. Figure 1 illustrates the
geographical locations of the study locations on the map of Iran.
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Figure 1. Geographical locations of the studied stations.

The required data for this study consist of dew point temperature (Tdew), minimum air
temperature (Tmin), maximum air temperature (Tmax), mean air temperature (Tmean), soil
temperature at 5 cm depth (Ts), sunshine duration (n), relative humidity (RH), wind speed
(Ws) and precipitation (P), which were collected from the Iran Meteorological Organization
(IMO) during 2006-2017. Table 1 summarizes some of the statistical properties of the
data used for both stations. Ra and VPD indicate the extraterrestrial radiation and vapor
pressure deficit, respectively, which were calculated using the theoretical relationships
proposed by Allen et al. [31]. The daily time series of Tdew for both the training and testing
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periods at the studied stations are demonstrated in Figure 2. As can be seen, there are
approximately similar trends for the daily Tdew time series of both the training and testing
periods for the study locations.

Table 1. Daily statistical parameters of the weather variables for the studied stations during 2006-2017.

Station Variables Minimum Maximum Mean Standard Deviation

Rasht Tdew (°C) —8.2 255 13.1 6.9

Tmin (°C) —12.8 27.6 12.8 7.5

Tmax (°C) —14 38.6 21.2 8.4

Tmean (°C) —5.2 32.1 17.0 7.7

Ts (°C) 0.0 40.2 18.9 8.9

n (hrs) 0.0 134 4.8 42

RH (%) 16.0 100.0 81.4 9.8

Ws (ms™ 1) 0.0 9.0 1.6 1.0

P (mm) 0.0 136.0 34 10.4

Ra (MJ m~2 day 1) 15.2 41.8 29.2 9.5

VPD (KPa) 0.0 25 0.5 0.4

Urmia Tdew (°C) —19.0 17.1 2.6 6.8

Tmin (°C) —18.2 23.7 5.1 8.4

Tmax (°C) —-7.2 39.9 18.8 10.7

Tmean (°C) —124 29.3 12.0 94

Ts (°C) 7.7 39.0 15.2 11.7

n (hrs) 0.0 14.5 8.1 3.9

RH (%) 22.0 99.5 58.6 155

Ws (ms~1) 0.1 8.4 2.7 0.9

P (mm) 0.0 55.0 0.8 34

Ra (MJ m~2 day 1) 15.0 41.8 29.1 9.6

VPD (KPa) 0.0 3.1 0.9 0.7
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Figure 2. Time series graphs of the measured daily Tdew data for the studied locations during the

training and testing periods.

The data were split into training and testing datasets. The first nine-year data from 2006
to 2014 (i.e., 75% of the entire data) were applied when training models were developed.
Moreover, the last three-year data between 2015 and 2017 (i.e., 25% of the entire data) were

used for testing the models.

2.2. Models Used

2.2.1. Adaptive Neuro-Fuzzy Inference System (ANFIS)

ANFIS as a machine learning approach is used as the base model in the current study.
ANFIS used is according to the Takagi-Sugeno fuzzy system method, and this technique was
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proposed in 1993 by Jang et al. [32]. Considering ANFIS as an integrated neural network and
fuzzy logic concept, it can take advantage of both of them in a single frame. The appropriate
structure of the ANFIS technique is selected according to the input data, membership
degree, input and output membership functions. During the training stage, input values can
be closer to measured values by adjusting membership degree parameters according to the
acceptable error rate. The ANFIS approach utilizes neural network learning algorithms and
fuzzy logic for handling the nonlinear relationship between input and output values, and
it has excellent potential in time series simulation and classification issues [33]. Numerical
information can be extracted from a formally formulated rule according to the advantages
of fuzzy rules, and the ANFIS can simply analyze the complex transformation of human
intelligence into fuzzy systems. Its inference system is in accordance with the set of fuzzy
if-then laws that can be learned to approximate nonlinear functions. Therefore, ANFIS is
considered as a popular estimator tool in engineering fields. In this study, Fuzzy Cluster
Means (FCM) method was used for fuzzy clustering based on the k-means clustering
algorithm and the Backpropagation method was used for finding the best optimization
method in classic ANFIS [34]. The fuzzy c-means (FCM) clustering by extracting a set of
rules used for generating the fuzzy inference system (FIS) was applied in the current study
for implementing the ANFIS model, and the optimal parameters of the ANFIS model are
provided in Table 2.

Table 2. Parameter settings for ANFIS model.

Parameter Values
Epoch 1000
Initial step size 0.01
Step size decrease 0.9
Step size increase 1.1
Error goal 0

2.2.2. Bee Colony Optimization (BCO)

The BCO was recently introduced as an optimization technique that simulates the
behavior of a bee colony [35]. A bee colony, a swarm of birds, or bees are simple examples
of a demographic system. Another example is the collective intelligence of the bee colony
around the hive. The BCO is an optimization algorithm based on the intelligent behavior
of the bee population. In this mathematical model, artificial bee colonies have three kinds
of bees. By the effort of worker bees, food-collecting occurs, and they bring it to the apiary
from another food source. Determining the value of a resource of food is part of the duty
of observer bees, and they patrol between worker bees to understand the worth of each
food source. The food source can be considered as a state in the search space for a solution
to the optimization problem in the BCO algorithm, and at the beginning, the number of
food sources are considered as the number of bees in the apiary. The value of the objective
function can determine the quality of food resources at each level of the algorithm running
according to the amount of fitness [36].

2.2.3. Dragonfly Algorithm (DFA)

A new bio-inspired optimization technique is proposed, called the Dragonfly algo-
rithm, as introduced by Mirjalili [37]. The basic idea of the DFA is inspired by the behavior
of dragonflies in the nature. There are two basic stages in optimization: exploration, and
exploitation. They are modeled on (teamwork) leading, searching for food, and avoiding
enemies in the static and dynamic modes. The basic concepts of the Dragonfly algorithm in-
clude: (i) Separation: refers to avoiding one person dealing with other neighbors. (ii) Align-
ment: indicates the speed adjustment of people concerning other neighbors. (iii) Cohesion:
refers to the tendency of individuals toward the center of neighborly imitation. The main
goal of every mass and group is to maintain survival; thus, everyone must be attracted to
food sources and distracted from enemies [37].
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2.3. Models” Development

In the current study, BCO and DFA approaches were employed for enhancing the
precision of the ordinary ANFIS model by optimizing its parameters. In the ordinary
ANFIS model, parameters are nominated by a trial-and-error method, and sometimes this
mentioned traditional method cannot select real optimal parameters of ANFIS. This is a
reason for having more errors in the modeling process by ordinary ANFIS (because the
ordinary ANFIS in some complex conditions cannot find optimal values by a traditional
trial-and-error method). By hybridizing the nature-inspired optimization algorithms with
an ordinary ANFIS model, the new proposed boosted hybrid models (namely ANFIS-BCO
and ANFIS-DFA) can find the optimal values better than standalone ANFIS. The BCO and
DFA algorithms were applied for this goal, and they try to find optimal parameters and
then establish their updated membership functions based on the minimum error in Tdew
estimation. Substantially, the suggested method can upgrade the abilities of the ordinary
ANFIS model for time series prediction as well daily Tdew simulations. Then, the weight of
the ANFIS model can be updated according to the gained values from the nature-inspired
algorithms. The maximum number of iterations for running both optimization algorithms
were considered as 500, and the number of search agents was considered as 40 in DFA. In
addition, for running BCO, population size (colony size), number of decision variables,
and acceleration coefficient upper bound were all considered as 100, 5, and 1, respectively.
Figure 3 shows the schematic diagram of the modeling process by the classic ANFIS and
hybrid models in this research.

Validation

----------------------------------- 3o LY
Adaptive Neuro Fuzzy Inference System é—m ;ﬁ“

0 500 1000 1500 2000 2500 3000 3500

Developed Models

Time Series Analysis

i ¢ ]

Figure 3. Schematic diagram of modeling process.

3. Error Metrics Used to Evaluate the Models’ Performance

Four statistical measures, namely root mean square error (RMSE), relative RMSE
(RRMSE), mean absolute error (MAE), and coefficient of determination (R?), were utilized
in the current work to evaluate the models” performances in estimating the daily Tdew of
the studied sites. They can be formulated as the following equations [38,39]:

N 2
Z (Tm,i - Te,i)

RMSE = Al 1
MS N €))
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where T, ; and T, ; indicate the ith daily measured and estimated Tdew, respectively, T
and T, denote the mean of measured and estimated values of daily Tdew, respectively, and
N is the total number of measured data used to train and test the models separately.

It is obvious that lower values achieved for the RMSE, RRMSE, and MAE, and higher
values for the R?, illustrate a better potential of each model in estimating daily Tdew.

4. Results and Discussions

The values of daily Tdew for two locations selected in Iran were first estimated through
the classic ANFIS. To determine the significance level of the weather variables on Tdew
estimation, correlation coefficients existing among the input predictors and output variables
were taken into consideration. The hybrid models were then proposed to improve the daily
Tdew estimation using the hybridization of classic ANFIS with two types of bio-inspired
optimization algorithms consisting of BCO and DFA.

4.1. Performance Investigation of the Classic and Hybrid Models Proposed

To better feed the models developed in this study, correlation coefficients of the inputs
and target variables were calculated as graphically illustrated in Figure 4. According to
this radar graph, temperature components (i.e., Tmin, Tmax, Tmean, and Ts) illustrate the
highest correlations with Tdew. Among them, Tmin followed by Tmean relatively show
higher correlations than those of the Ts and Tmax. After the temperature parameters, the
highest correlations are related to Ra and VPD for both the Rasht and Urmia stations. After
the variables mentioned above, n is a high-correlated variable with Tdew. In addition, there
exist weakest correlations for Tdew with the Ws and P variables. High-correlated variables
with the Tdew were applied to define the input combinations when estimating the daily
Tdew. In this context, Tmin from the temperature-based components, and Ra, VPD, n, and
RH were utilized as effective variables. The input combinations considered to implement
the classic and hybrid models are tabulated in Table 3. As is apparent, the first five models
represent the sole-input combinations.



Hydrology 2022, 9,9 8 of 15
Rasht Ts Tmean
Urmia \ '
n. ' . Tmax
RH - F Tmin
1.0
Ws ’ “VPD

’ \

P Ra

Figure 4. The radar graph of correlation coefficients of the Tdew and weather variables at the
studied stations.

Table 3. Input combinations defined to develop the classical and hybrid models.

Models Inputs Output
ANFIS1, ANFIS1-BCO, ANFIS1-DFA Tmin Tdew
ANFIS2, ANFIS2-BCO, ANFIS2-DFA Ra Tdew
ANFIS3, ANFIS3-BCO, ANFIS3-DFA VPD Tdew
ANFIS4, ANFIS4-BCO, ANFIS4-DFA n Tdew
ANFIS5, ANFIS5-BCO, ANFIS5-DFA RH Tdew
ANFIS6, ANFIS6-BCO, ANFIS6-DFA Tmin, Ra Tdew
ANFIS7, ANFIS7-BCO, ANFIS7-DFA Tmin, Ra, VPD Tdew
ANFIS8, ANFIS8-BCO, ANFIS8-DFA Tmin, Ra, VPD, n Tdew
ANFIS9, ANFIS9-BCO, ANFIS9-DFA Tmin, Ra, VPD, n, RH Tdew

The statistical results of the classic ANFIS, including the RMSE, RRMSE, MAE, and R2
metrics at the Rasht and Urmia stations are provided in the first parts of Tables 4 and 5,
respectively. As expected, Tmin had the best accuracy of Tdew estimation at both stations.
Ra followed by VPD demonstrated higher performances than the n and RH variables. It
can be therefore said that the input variables with the higher correlation coefficients with
the target variable (i.e., Tdew in this study) could provide reasonable estimation accuracy.
The high-performance variable, i.e., Tmin was assumed as a fixed variable, and other
variables were added into Tmin for defining the input combinations with more inputs.
For example, the second-best performing variable (Ra) was added to Tmin to develop
the input combination with two inputs. Besides, the last models in Table 3 illustrate the
full-input combination. The accuracy of ANFIS6 models at both stations is somewhat
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similar to that of the ANFIS1 models, which means that adding Ra to the Tmin in ANFIS6
could not improve the performance of ANFIS1. However, considering the Tmin, Ra, and
VPD in the ANFIS7 model of Urmia station considerably increased the accuracy of Tdew
estimation, while no significant difference was observed in the performance of ANFIS6
and ANFIS7 models developed at the Rasht station. Finally, the ANFISS8 (four-input) and
ANFIS9 (full-input) models performed better than the models with fewer inputs at both the
studied locations; however, the ANFIS9 was the best-performing classic ANFIS with the
highest degree of accuracy (Rasht station; RMSE = 1.221 °C, RRMSE = 0.094, MAE = 0.927,
R? = 0.969 during the training period, and RMSE = 1.465 °C, RRMSE = 0.110, MAE = 1.073,
R? = 0.954 during the testing period. Urmia station; RMSE = 1.419 °C, RRMSE = 0.502,
MAE = 1.099, RZ = 0.957 during the training period, and RMSE = 1.763 °C, RRMSE = 0.977,
MAE = 1.358, R? = 0.933 during the testing period).

Table 4. Statistical metrics of the RMSE, RRMSE, MAE, and R? for the classical and hybrid models
developed at the Rasht station.

Training Testing
Models
RMSE (°C) RRMSE  MAE (°Q) R? RMSE (°C) RRMSE  MAE (°Q) R?
ANFIS1 1.888 0.145 1.347 0.926 1.912 0.144 1.406 0.922
ANFIS2 4.787 0.367 4.014 0.522 4571 0.343 3.814 0.553
ANFIS3 5.307 0.407 3.988 0.413 5.066 0.380 3.858 0.449
ANFIS4 6.385 0.489 5.335 0.150 6.185 0.464 5.154 0.179
ANFIS5 6.784 0.520 5.735 0.045 6.618 0.497 5.680 0.060
ANFIS6 1.888 0.145 1.346 0.926 1.911 0.143 1.405 0.923
ANFIS7 1.816 0.139 1.355 0.931 1.920 0.144 1.486 0.922
ANFISS 1.606 0.123 1.183 0.946 1.698 0.127 1.296 0.939
ANFIS9 1.221 0.094 0.927 0.969 1.465 0.110 1.073 0.954
ANFIS1-BCO 1.856 0.142 1.309 0.928 1.890 0.142 1.368 0.924
ANFIS2-BCO 4781 0.366 4.010 0.524 4568 0.343 3.815 0.553
ANFIS3-BCO 5.275 0.404 3.966 0.420 5.037 0.378 3.825 0.455
ANFIS4-BCO 6.369 0.488 5.311 0.155 6.169 0.463 5.141 0.183
ANFIS5-BCO 6.617 0.507 5.608 0.088 6.468 0.486 5.528 0.102
ANFIS6-BCO 1.822 0.140 1.290 0.931 1.849 0.139 1.354 0.927
ANFIS7-BCO 1.689 0.129 1.221 0.941 1.786 0.134 1.336 0.932
ANFIS8-BCO 1.562 0.120 1.142 0.949 1.658 0.124 1.252 0.942
ANFIS9-BCO 1.158 0.089 0.869 0.972 1.387 0.104 1.003 0.959
ANFIS1-DFA 1.848 0.142 1.298 0.929 1.877 0.141 1.352 0.925
ANFIS2-DFA 4.773 0.366 4.005 0.525 4.564 0.343 3.816 0.554
ANFIS3-DFA 5.212 0.400 3.928 0.434 5.002 0.376 3.794 0.463
ANFIS4-DFA 6.352 0.487 5.284 0.159 6.165 0.463 5.132 0.184
ANFIS5-DFA 6.452 0.495 5.464 0.132 6.358 0.477 5.404 0.132
ANFIS6-DFA 1.690 0.130 1.231 0.940 1.688 0.127 1.285 0.939
ANFIS7-DFA 1.603 0.123 1.188 0.946 1.752 0.132 1.329 0.935
ANFIS8-DFA 1.410 0.108 1.060 0.959 1.590 0.119 1.183 0.947

ANFIS9-DFA 0.877 0.067 0.645 0.984 1.146 0.086 0.747 0.972
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Table 5. Statistical metrics of the RMSE, RRMSE, MAE, R? for the classical and hybrid models
developed at the Urmia station.

Training Testing
Models
RMSE (°C) RRMSE MAE (°Q) R? RMSE (°C) RRMSE MAE (°Q) R?
ANFIS1 2.424 0.857 1.905 0.874 2.853 1.580 2.223 0.840
ANFIS2 4.563 1.613 3.703 0.553 4.569 2.530 3.640 0.538
ANFIS3 4.605 1.628 3.698 0.544 4.590 2.542 3.618 0.555
ANFIS4 5.860 2.072 4.677 0.262 5.766 3.193 4.556 0.256
ANFIS5 6.434 2.275 5.328 0.112 6.331 3.506 5.066 0.128
ANFIS6 2413 0.853 1.895 0.875 2.846 1.576 2.214 0.840
ANFIS7 2.060 0.728 1.575 0.909 2.322 1.286 1.750 0.883
ANFIS8 2.035 0.719 1.557 0.911 2.290 1.268 1.747 0.886
ANFIS9 1.419 0.502 1.099 0.957 1.763 0.977 1.358 0.933
ANFIS1-BCO 2.419 0.855 1.896 0.874 2.847 1.576 2.216 0.841
ANFIS2-BCO 4.544 1.607 3.694 0.556 4.565 2.528 3.639 0.538
ANFIS3-BCO 4.591 1.623 3.704 0.547 4.568 2.530 3.608 0.559
ANFIS4-BCO 5.807 2.053 4.604 0.275 5.735 3.176 4.512 0.267
ANFIS5-BCO 6.302 2.228 5173 0.147 6.230 3.450 4.952 0.135
ANFIS6-BCO 2.377 0.840 1.853 0.879 2.834 1.569 2.183 0.841
ANFIS7-BCO 2.044 0.723 1.558 0.910 2.307 1.278 1.742 0.885
ANFIS8-BCO 1.996 0.706 1.519 0.914 2.278 1.261 1.722 0.888
ANFIS9-BCO 1.360 0.481 1.033 0.960 1.681 0.931 1.289 0.938
ANFIS1-DFA 2413 0.853 1.891 0.875 2.846 1.576 2.215 0.840
ANFIS2-DFA 4.523 1.599 3.686 0.560 4.544 2.516 3.638 0.543
ANFIS3-DFA 4.558 1.612 3.669 0.554 4.546 2.517 3.582 0.558
ANFIS4-DFA 5.766 2.039 4.569 0.286 5.735 3.176 4.512 0.269
ANFIS5-DFA 6.260 2.214 5.130 0.158 6.201 3.434 4917 0.136
ANFIS6-DFA 2.354 0.832 1.844 0.881 2.840 1.573 2.197 0.841
ANFIS7-DFA 1.907 0.674 1.448 0.922 2.215 1.227 1.672 0.892
ANFIS8-DFA 1.827 0.646 1.386 0.928 2.152 1.192 1.623 0.899
ANFIS9-DFA 0.778 0.275 0.604 0.987 1.329 0.736 1.002 0.966

As already mentioned, the main purpose of this study is to increase the estimation
accuracy of daily Tdew via the novel hybrid models. In doing so, two different types of
optimization techniques, including BCO and DFA, were applied to develop and propose
the hybrid ANFIS-BCO and ANFIS-DFA models. Error statistics of hybrid models are
given in the second and third sections of Tables 4 and 5. The same outcomes achieved for
the classic ANFIS were also obtained for the coupled techniques implemented, i.e., the
better estimation accuracy of the Tdew at both the stations through the Tmin followed
by Ra and VPD compared to the n and RH variables, improving the performance of all
the hybrid ANFIS1-BCO and ANFIS1-DFA models with the inclusion of other effective
variables (i.e., Ra, VPD, n, RH) when estimating the Tdew and the most accurate Tdew
estimates considering the full-input combination.

The full-input combination considers the other weather variables such as Tmin, Ra,
VPD, n, and RH to estimate the target variable (Tdew). Among these variables, Tmin,
n, and RH are usually recorded at most weather stations. Furthermore, Ra and VPD are
calculated by the other available parameters. Ra is computed by the Julian day and latitude
of the station, while the Tmin, Tmax, Tmean, and RH are needed to calculate the VPD. It
can therefore be concluded that all the hybrid models proposed in this study, especially
the ANFIS-DFA, can be used for estimating the daily Tdew by utilizing the predictors as
mentioned above with a dependable degree of precision.

4.2. Performance Comparison of Classic and Coupled Models Proposed

A performance evaluation of the classic ANFIS and hybrid models developed in the
current study focusing on error metrics of RMSE, RRMSE, MAE, and R?, tabulated in
Tables 4 and 5, clearly illustrates that the novel coupled methods outperformed the classic
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ANFIS to estimate the daily Tdew time series of the study sites due to the lower values
for the RMSE, RRMSE, and MAE, and higher values for the R? criterion. This can be
verified, taking into consideration the ability of the new hybrid models in Tdew estimation.
This study shows that the optimization method can help to solve engineering problems,
especially BCO and DFA, which can improve the ability of ANFIS as an estimator tool for
estimating Tdew at different climates by different input variables.

Regarding the capabilities of all the models developed for estimating daily Tdew at
both locations with different climates, it can be apparently observed that all the classic
and coupled approaches present better accuracies in the Urmia station than those of the
Rasht station under sole-input combinations. Conversely, input combinations with more
inputs, from two to five, in all the classic and coupled models show superior outcomes at
the Rasht station compared to the Urmia station. Different climates can therefore produce
different results for the models. Climate difference at the two stations studied has affected
the results of the models. The Rasht station has a humid climate due to its proximity to the
world’s largest lake (Caspian Sea), and this climatic complexity has made the estimation
models at this station require more input variables.

Generally, among the hybrid models, the hybrid ANFIS-BCO under all the defined
input combinations presented lower estimation accuracy. Meanwhile, the hybrid ANFIS-
DFA performed better than the ANFIS and ANFIS-BCO and is therefore the best-performing
hybrid model to accurately estimate the daily Tdew at both the Rasht and Urmia stations.
It can be justified considering the point of the reliable capability of the DFA algorithm
to find the optimal parameters of the ANFIS model. Also, the ability of DFA for finding
any possible optimal solution helped to have a better performance in Tdew estimation.
The results demonstrate DFA’s applicability and robustness to solving real problems with
unknown search spaces, and these results are consistent with the results of Mirjalili [37].
The most accurate Tdew estimates were obtained through the ANFIS9-DFA at both stations
(Rasht station; RMSE = 0.877 °C, RRMSE = 0.067, MAE = 0.645, R? = 0.984 during the
training period, and RMSE = 1.146 °C, RRMSE = 0.086, MAE = 0.747, R2=0.972 during the
testing period. Urmia station; RMSE = 0.778 °C, RRMSE = 0.275, MAE = 0.604, R? = 0.987
during the training period, and RMSE = 1.329 °C, RRMSE = 0.736, MAE = 1.002, R? = 0.966
during the testing period).

To schematically investigate the estimation potential of classic ANFIS and proposed
hybrid techniques, scatter graphs for the measured and estimated Tdew data via any of
the models were prepared and are shown in Figure 5 for the studied stations. To this, the
best-performing classic ANFIS (i.e., ANFIS9) and hybrid models (i.e., ANFIS9-BCO and
ANFIS9-DFA) were employed during the testing period. The dashed lines in the scatter
plots indicate the 1:1 exact line. In general, the values of R? are closer to 1 in the hybrid
models, specifically the hybrid ANFIS-DFA, than those of the classic ANFIS, which denotes
the dependable performance of the hybrid approaches when estimating daily Tdew.

Besides the scatter plots, Taylor diagrams were also depicted for the superior classic
and hybrid models (i.e., ANFIS9, ANFIS9-DFA, and ANFIS9-BCO) at both the studied
locations, as shown in Figure 6. This diagram is made up of two semicircles, one for
negative correlations and the other for positive correlations. Three statistics comprising the
standard deviation, correlation coefficient, and centered RMSE can easily be observed in
these diagrams. The measured point (i.e., black point) is defined, taking into account the
standard deviation, which is depicted on the horizontal axis. The shorter distance related
to each model with the measured point indicates the better performance of that model. In
this context, ANFIS9-DFA (i.e., green points in Figure 6) is the best-performing model.
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Figure 5. Scatter graphs of the measured and estimated Tdew through the best-performing classical
and hybrid models at the studied stations during the testing period.



Hydrology 2022, 9,9

13 of 15

10

Rasht (testing)

Rasht (training) 01 oo
0.1 i
02 S - 03
o [T 03
Q
e8]
©
©
-
¥ S %
0.95 0.95
o~ Lt
N ) % i }
N\ i 40.99 | 140.99
o IS
0 2 4 6 8 10
Standard deviation Standard deviation
Urmia (training) S 01 oo Urmia (testing)
01 g S 03
03
s
©
-~
3095
0.95
N
& 0.99
\ :40.99
o
0 2 4 6 8 10
0 2 4 6 8 10 Standard deviation

Standard deviation

Figure 6. Taylor diagram of the measured and estimated Tdew through the best-performing classical
and hybrid models at the Rasht and Urmia station during the training and testing periods (black
point: measured values; green points: ANFIS9-DFA; red points: ANFIS9-BCO; blue points: ANFIS9).

5. Conclusions

This study estimated the daily Tdew time series of Rasht and Urmia stations located
in Iran by the classic ANFIS and its hybridized form with two bio-inspired optimization
techniques, namely BCO and DFA. Other available weather variables were used as the
predictors to feed the models developed. The impact of considered variables on Tdew was
investigated via correlation analysis. The weather variables, including Tmin, Ra, VPD,
n, and RH were used as inputs, and therefore nine different input combinations were
defined. Based on the outcomes achieved, Tmin followed by Ra were the most effective
variables to accurately estimate daily Tdew. Moreover, the n and RH variables showed
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the least impact on Tdew. Accordingly, all the classic and hybrid models under sole-input
combinations presented the highest and lowest accuracy regarding the application of Tmin
and RH, respectively. The performance of the methods developed in the present study
was improved with the inclusion of more inputs such that the ANFIS9, ANFIS9-BCO, and
ANFIS9-DFA with full inputs illustrated the best performance in each class of classic and
hybrid models. For both the studied stations, the hybrid models led to better estimates of
the daily Tdew in comparison to the classic ANFIS; however, the ANFIS-DFA was the best
hybrid paradigm. It was concluded that the coupled methods surpassed the classic model
used in this study (i.e., ANFIS) for the estimation of daily Tdew. There are some advantages
in the optimization of the proposed methods, such as searching in response to global and
local spaces and checking all possible responses around a potential, optimal candidate. In
addition, such metaheuristic algorithms are capable, and small numbers of iterations are
needed for solving the problem. Then, finding an optimal response using a strong search
can make sure the ANFIS is trained by a capable method and that a minimum error occurs
during the Tdew simulation process. It is therefore suggested that more hybrid models
could be proposed through the hybridization of other classic models, such as SVR, MLP,
etc., with different types of bio-inspired optimization techniques, including evolution-based
algorithms, ecology-based algorithms, and swarm-intelligence-based algorithms for the
precise estimation of a Tdew time series. Besides, the estimation accuracy of hybrid models
implemented could be tested by estimating other temperature variables consisting of air
temperature and soil temperature, as well as other hydrological and agro-meteorological
variables such as evaporation, evapotranspiration, precipitation, and so on.
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