Applied Thermal Engineering 93 (2016) 1043–1052

Contents lists available at ScienceDirect

Applied Thermal Engineering
j o u r n a l h o m e p a g e : w w w. e l s e v i e r. c o m / l o c a t e / a p t h e r m e n g

Research Paper

Estimation of air dew point temperature using computational
intelligence schemes
Alireza Baghban a, Mohammad Bahadori b, Jake Rozyn c, Moonyong Lee d, Ali Abbas e,
Alireza Bahadori c,*, Arash Rahimali a
a

Department of Gas Engineering, Ahwaz Faculty of Petroleum Engineering, Petroleum University of Technology (PUT), P.O. Box 63431, Ahwaz, Iran
University of Tehran, School of Soil Science and Engineering, Karaj, Iran
c
School of Environment, Science and Engineering, Southern Cross University, Lismore, NSW, Australia
d School of Chemical Engineering, Yeungnam University, Dae-dong 214-1, Gyeongsan 712-749, South Korea
e School of Chemical and Biomolecular Engineering, The University of Sydney, Sydney, NSW, Australia
b

H I G H L I G H T S

•
•
•
•

G R A P H I C A L

A B S T R A C T

LSSVM is used to estimate the dew
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A B S T R A C T

The condensation of water vapor is a crucial problem, which might have serious problems, i.e. corrosion of metals and the wash out of protective coating of apparatuses, devices and pneumatic systems.
Therefore, the dew point temperature of air at atmospheric pressure should be estimated with the intention of designing and applying the suitable kind of dryer. In the current contribution, two models based
on statistical learning theories, i.e. Least Square Support Vector Machine (LSSVM) and Adaptive Neuro
Fuzzy Inference System (ANFIS), were developed to predict the dew point temperature of moist air at
atmospheric pressure over extensive range of temperature and relative humidity. Moreover, to optimize the corresponding parameters of these models, a Genetic Algorithm (GA) was applied. In this regard,
a set of accessible data containing 1300 data points of moist air dew point in the temperature range of
0–50 °C, at a relative humidity up to 100%, and atmospheric pressure has been gathered from the reference.
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Estimations are found to be in excellent agreement with the reported data. The obtained values of Mean
Squared Error (MSE) and R-Square (R2) were 0.000016, 1.0000 and 0.382402, 0.9987 for the LSSVM and
ANFIS models respectively. The present tools can be of massive practical value for engineers and researchers
as a quick check of the dew points of moist air.
© 2015 Elsevier Ltd. All rights reserved.

1. Introduction
The dew point of saturated air is the amount of water vapor in
the air. Water can exist in the three different states, such as liquid,
solid and gas over a wide range of applications [1].
Air is a mixed gas composed of nitrogen, oxygen and water vapor.
Therefore, based on Dalton’s law, the total pressure of air is the summation of the partial pressures of the aforementioned gases.
The concentrations of nitrogen and oxygen are relatively constant, but the concentration of water vapor changes signiﬁcantly.
Owing to this problem, the amount of water vapor in air should be
measured.
The signiﬁcance of the dew point temperature in compressed
air relies upon the application of air in any system. Its applications in portable compressors for pneumatic apparatuses, gas station
tire ﬁlling systems and other cases are not problematic [2].
The main problematic effect of the dew point is in pipelines,
which carry the air close to freezing temperatures. This phenomenon leads to blockage of the pipes [3]. The main application of
compressed air in most present industries is to operate a variety
of apparatus. The compressed air system can malfunction if condensation forms on the internal parts [4,5]. Moreover, there are
special susceptible processes with water that need to have particular dryness speciﬁcations of a compressed air system.
The range of dew point temperatures in compressed air changes
between 25 and −80 °C and in some special conditions, the dew point
temperature decreases to lower values. Compressor systems that
work without an air dryer have a tendency to produce saturated
air at ambient temperature [6]. In addition, the compressed air is
passed through some sort of cooled heat exchanger in systems with
the capability of refrigerant drying. Therefore, in these systems, the
condensed water is formed out of the air stream and the dew point
temperatures are typically less than 5 °C. A desiccant dryer is a type
of dryer capable of absorbing water vapor from the air stream and
producing air with a dew point temperature of −40 °C [2].
Moreover, dew point temperature can be a reliable prediction
of near-surface humidity. Hence the dew point temperature can
change the stomatal closure in plants, where low humidity can diminish the productivity of the plants [7]. Most models in the ﬁelds
of agronomic, ecologic, hydrologic, and climatologic need dew point
temperature for predicting evapotranspiration [8].
The dew point temperature of a gas increases with increasing
pressure. On the other hand, expanding compressed gas to atmospheric pressure leads to a decrease in the partial pressures of all
the components of the gas mixture.
To prevent any problems in the air compressor systems, the
design of the dew point temperature must be more than 10–12 °C
under the lowest recorded outside temperatures in the line pressure for these systems [2]. Therefore, the dew point temperature
of moist air should be estimated with the aim of designing and applying the appropriate type of dryer.
Since, different correlations have been developed to determine
properties of moist air [1–5]. Bahadori developed a correlation based
on Arrhenius-type asymptotic exponential function for estimating
of saturated air dew points as a function of temperature and relative humidity at elevated pressures [9]. Another model is developed
by Wexler et al. and applied in a temperature range of 0–200 °C to
calculate properties of moist air. Also, a correlation based on Wexler
model was developed by Hermann et al. [6] for moist air that is

applied for a temperature and pressure range of 130–623.15 K and
0.01–10 MPa respectively. In this model dry air and water vapor are
considered as real gases and also they used combined cross virial
coeﬃcients to achieve the accurate values of moist air properties.
Another approaches based on computational intelligence paradigms can be applied for this prediction. There are four commonly
used embranchments of computational intelligence paradigms, i.e.
artiﬁcial neural network, fuzzy logic, adaptive neuro-fuzzy inference system and support vector machine [10–15]. Through
combining the learning capability of neural networks [16–18] with
the knowledge of fuzzy logic [19], a new structure is created namely,
ANFIS which is abbreviate of adaptive neuro-fuzzy inference systems.
Recently, support vector machines (SVMs) are a popular learning
technique for classiﬁcation, regression, and other learning task. Unlike
traditional artiﬁcial neural network technique, the quadratic programming (QP) with linear limitations is formulated in SVM
problems [14,15]. Also, simplifying the optimization processes of
SVMs can be performed through a modiﬁcation version of SVM
namely Least Square Support Vector Machine (LSSVM) [20,21].
In this study, two models based on statistical learning theories,
i.e. Least Square Support Vector Machine (LSSVM) and Adaptive
Neuro Fuzzy Inference System (ANFIS), were developed to predict
the dew point of atmospheric moist air over extensive range of the
temperatures and relative humidities according to experimental data
gathered from the reported reference [22]. The present tools can
be of massive practical value for engineers and researchers as a quick
check of the dew points of moist air to take safety measures for controlling the quality of atmospheric moist air and compressed air.
2. Theory
A search for the highest outputs for a mathematical problem requires a reliable method. Despite the high precision that neural
networks have indicated in various areas, the non-reproducibility
of the results is a critical shortcoming, which is related to the random
initialization in the system. To obtain the best data from these
models, it is necessary to use methods, such as the LSSVM and ANFIS
[19,21,23].
When designing a mathematical model, there is a very important aspect, called the outlier diagnostics. The outliers are individual
data that diverge from most of the data. The main source of the outliers is experimental error. This false data might have an undesirable
effect on the model and reduce its accuracy depending on the divergence of them from the bulk of the data.
2.1. Least Square Support Vector Machine (LSSVM)
According to theory of statistical learning, support vector machine
(SVM) is a ubiquitous learning approach and it was ﬁrst proposed
by Vapnik [24]. Furthermore, it has been mostly used to solve regression problems and the obtained result is often more accurate
and better than other machine learning approaches such as multilayer perceptron artiﬁcial neural network and fuzzy logic system
[25]. Based on the principle of structural risk minimization, SVM
takes the ﬁtting of training data and the complexity of the training sample into consideration [26–28]. SVM has been used recently
in most engineering ﬁelds and proposed models with better accuracy than other systems [29]. This novel approach is based on the

A. Baghban et al./Applied Thermal Engineering 93 (2016) 1043–1052

statistical learning theory (SLT) and the structural risk minimization (SRM) concepts [29].
The LSSVM method can solve a system of linear equations and its
solution provides support values and a solution [30–33]. The support
values do not depend on the support vector in classical SVM and is
related to errors [30]. The regression equation in LSSVM is as follows:
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The ﬁnal form of the LSSVM method function is as follows:
N

f (x ) = ∑αik (x , x i ) + b

(5)

i =1

2.2. Adaptive Neuro Fuzzy Inference System (ANFIS)
N
⎛
⎞
Min ⎜ ‰ω 2 + γ ‰∑ ξi2 ⎟
⎝
⎠

(1)

i =1

where ξi are the slack variables and γ is a regularization parameter. The collaboration of the model depends on γ and a high γ does
not allow any slack variables and a low γ means a high training
errors model. Finding γ for the LSSVM adapting parameter for a set
of data is important.
The equality and Lagrangian form of Eq. (1) respectively are

y i = ωφ ( x i ) + b + ξi

i = 1… N
N

N

i =1

i =1

L LSSVM = ‰ω 2 + γ ‰∑ ξi2 − ∑ α i (ωφ ( x i ) + b + ξi − y i )

(2)

(3)

α i shows the Lagrange coeﬃcients. Following equations are
from Eq. (3):
N
∂L LSSVM
= 0 → ω = ∑ α i (φ ( x i ) y i ) = 0
∂ω
i =1

(3a)

N
∂L LSSVM
= 0 → ∑αi ( y i ) = 0
∂b
i =1

(3b)

∂L LSSVM
= 0 → α i = γξi → i = 1, … , N = 0
∂ξi

(3c)

∂L LSSVM
= 0 → ωφ ( x i ) + b + ξi − y i = 0
∂α i

(3d)

Optimization of the problem by reforming Equations (3d) and
(1) as:

1

1
⎡0
⎤
⎢
⎥⎡b ⎤ ⎡ 0 ⎤
1
⎢ 1 k ( x 1, x 1 ) +

k ( x 1, x 1 ) ⎥ ⎢ ⎥ ⎢ ⎥
c
⎢
⎥ ⎢α1 ⎥ = ⎢ y 1 ⎥
⎢
⎥⎢  ⎥ ⎢  ⎥


⎢
⎥⎢ ⎥ ⎢ ⎥
1 ⎥ ⎣α1 ⎦ ⎣ y N ⎦
⎢
1
k
x
,
x

k
x
,
x
+
(
(
)
)
1
1
1
1
⎢⎣
c ⎥⎦

This part reports the basic theory of the ANFIS. The ANFIS is based
on the ﬁve layers adaptive network-based fuzzy inference system
and it was the ﬁrst proposed by Jang [34]. A typical fuzzy inference system based on subtractive clustering has been trained by both
back propagation and the hybrid learning methods frequently.
In artiﬁcial neural networks (ANN), the most commonly used algorithms is back propagation (BP). On the other hand, the other
computational algorithm, such as the Genetic algorithm, Particle
Swarm Optimization etc., can be applied to optimize the structure
of ANN. The goal of these optimization algorithms is to determine
the difference between the corresponding target value and the output
value in the training set of data, which was introduced to the
network, is calculated [19,35].
A combination of the back propagation method and the least
squares method is applied in a typical ANFIS to train the ANFIS to
follow a training data set. The training process occurs when the difference between the testing and training errors are in a deﬁnite range.
Fig. 1 shows a typical ANFIS structure. The parameters adapted
by ANFIS are located in the premise and consequent parameters,
whereas the other parameters are constant in the other layers.
The ANFIS obligation is that it can only simulate single output
systems. Consider a system with two input parameters and one
output. The Takagi–Sugeno simulation of such a system is structured by ﬁve layers.
The details of the hybrid learning process presented here along
with all equations in this ANFIS modeling were proposed by Jang
[34].
The ﬁrst layer equations for each node i are as follows:

o i1 = μ Ai ( x ) , for i = 1, 2 or o i1 = μBi −2 ( y ) , for i = 3, 4

(6)

In this equation, x and y are the input parameters for the nodes,
and each node can be parameterized with a function membership
with a range of 0–1. For example, the Gaussian membership function [34] can be expressed as
(4)
A

(X ) = e

−

( x −c i )2
2σ i 2

,

(7)

where c and σ are the input membership function parameters.

Fig. 1. Construction of a typical ANFIS.
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Table 1
Details of the reported data [22].
Relative
humidity (%)

Temperature
ranges (°C)

Dewpoint
ranges (°C)

Relative
humidity (%)

Temperature
ranges (°C)

Dewpoint
ranges (°C)

Relative
humidity (%)

Temperature
ranges (°C)

Dewpoint
ranges (°C)

1
3
5
7
9
11
13
15
17
19
21
23
25
27
29
31
33
35

0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50

−50 to −20
−40 to −7
−35 to 0
−32 to 5
−29 to 9
−27 to 12
−25 to 14
−23 to 16
−22 to 18
−21 to 20
−20 to 22
−19 to 23
−18 to 25
−17 to 26
−16 to 27
−15 to 28
−14 to 29
−14 to 30

37
39
41
43
45
47
49
51
53
55
57
59
61
63
65
67
69
71

0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50

−13 to 31
−12 to 32
−12 to 33
−11 to 34
−11 to 35
−10 to 36
−9 to 36
−9 to 37
−8 to 38
−8 to 39
−7 to 39
−7 to 40
−7 to 41
−6 to 41
−6 to 42
−5 to 42
−5 to 43
−5 to 43

73
75
77
79
81
83
85
87
89
91
93
95
97
99

0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50
0–50

−4 to 44
−4 to 44
−4 to 45
−3 to 45
−3 to 46
−3 to 46
−2 to 47
−2 to 47
−2 to 48
−1 to 48
−1 to 49
−1 to 49
0 to 50
0 to 50

In the second layer, all the nodes are ﬁxed nodes labeled the π
output shown in the weight of a rule [36].

σ i2 = ω i = μ Ai ( x ) μBi ( y ) , for i = 1, 2

(8)

The third layer nodes labeled N are ﬁxed and the equation of this
layer is

Fig. 2. Schematic diagram of the proposed GA–LSSVM framework.

σ i3 = ω i =

ωi
, For i = 1, 2
ω1 + ω 2

(9)

The fourth layer membership function equation is

σ i4 = ω i f i = ω i ( p i x + q i y + ri ) , For i = 1, 2,

Fig. 3. Schematic diagram of the proposed GA–ANFIS framework.

(10)
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where p i , q i and ri are the output membership function parameters. The output f function is a constant or linear.
The single node in the ﬁnal layer is a ﬁxed node that calculates
all the nodes and is a summation of

σ i5 = ∑ ω i f i =
i

∑ω f
∑ω

i i

i

(11)
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with the highest objective function value, (3) creating children by
mating, and (4) replacing the existing population. To simulate the
approximate uniform distribution, a random number generator is
used where evolution is directed by random numbers.
3. Development of models

i

i

2.3. Genetic Algorithm (GA)
A Genetic Algorithm (GA) is a direct exploration technique that
applies ideas according to natural selection for exploring the search
space to ﬁnd a global optimum. In most Genetic Algorithms, there
are widely used elements, such as population initialization, parent
selection, crossover, mutation, and selection of the ﬁttest
[20,21,37,38].
To design a GA, the following four steps commonly are required: (1) generating an initial population of individuals, (2)
developing a design to select members for mating in the presenting population with a greater link to the most appropriate individuals

Accurate experimental databases are needed to develop models
based on a combination of a Genetic Algorithm with Least Square
Support Vector Machine (GA–LSSVM) and coupling of the Genetic
Algorithm with Adaptive Neuro Fuzzy Inference System (GA–
ANFIS). This study used 1300 data points of dew point of moist air
over the wide ranges of condition such as temperature range of
0–50 °C, at a relative humidity up to 100%, and atmospheric pressure from the reported data [22]. Details of experimental reported
data are presented in Table 1.
The input variables of the models are the temperature and relative humidity and the target variable of aforementioned frameworks
is considered the dew point of moist air. After data preparation, the
data set has been divided into the training data set (75% of total data
points) and testing data set (25% of total data points) randomly. The

Fig. 4. Predicted dew point of atmospheric moist air as a function of the % relative humidity and temperature using GA–LSSVM compared to the reported data.
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test data set has been used to test the eﬃciency of the models. In
addition, as an initial beneﬁt processing, the input and target data
bases are normalized within the range of 0–1. The implementation
of these networks was carried out in MATLAB software. Also, to remove
outliers from the data set, we considered simply removing any data
that fall outside more than 3 standard deviations from the mean.
However, due to have low dependent parameters (here in, temperature and relative humidity), overﬁtting generally may not occur.
To obtain the best performance with LSSVM, some parameters,
such as regularization parameters (γ) and the kernel parameter corresponding to the kernel type (σ), should be tuned. In this study,
after introducing the training data points to LSSVM, a Genetic Algorithm was used to determine these hyper parameters. Fig. 2 shows
the conﬁguration of proposed GA–LSSVM model. Moreover, the
genetic algorithm was used to optimize the membership function
parameters corresponding to membership function type in ANFIS.

The commonly and mostly applicable membership functions are the
Gaussian, Triangular mf, Trapezoidal mf, Generalized bell mf, zmf,
pimf and smf. Fig. 3 shows the conﬁguration of the proposed GA–
ANFIS model.
After implementing these models, their performance was evaluated using the Mean Squared Errors (MSEs), Mean Relative Errors
(MREs), Mean Absolute Error (MAE), Standard Deviations (STD), Root
Mean Square Error (RMSE), and the correlation coeﬃcient (R)
between the experimental and predicted values. The formulation
of these statistical analyses is expressed as Eqs. (12)–(17).

MSE =

1 N
2
∑ (α exp − αcal )
N i =1

(12)

MRE =

1 N α exp − α cal
∑ α exp
N i =1

(13)

Fig. 5. Experimental versus predicted dew point of moist air using: (a) GA–LSSVM and (b) GA–ANFIS.
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MAE =

1 N
∑ α exp − αcal
N i =1

(14)

2⎞
⎛ 1 N
STDerror = ⎜
error − error ⎟
⎝ N − 1∑
⎠
i =1

(

)

⎛1 N
2⎞
RMSE = ⎜ ∑ (α exp − α cal ) ⎟
⎝ N i =1
⎠

(15)

0.5

(16)

∑ {[α − α ][α − α ]}
∑ [α − α ] ∑ [α − α ]
exp

i =1

exp

i =1

cal

cal

n

n

exp

exp

i =1

cal

where αexp is the experimental data point and αcal is the calculated
data point by models. Also, N denotes the number of data points.

4. Results and discussions

0.5

n

R=
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cal

(17)

The optimal conﬁguration of models should be reached. Therefore, to create an ANFIS network structure, it was employed as a
membership function due to the high performance of the Gaussian function. Based on the 10 clusters considered for this system,
according to inputs and output variables, the total number of membership function parameters obtained was 60. In more detail, each
membership function has two parameters and the numbers of input
and output variables were 2 (temperature and relative humidity)
and 1 (dew point), respectively. Therefore, based on ten clusters and

Fig. 6. Regression plots for the dew point of a moist air prediction using: (a) GA–LSSVM and (b) GA–ANFIS.
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three variables, the total number of membership function parameters can be obtained from equation (18).

GA–LSSVM

Total Number of MF parameters
= (Number of clusters ) × (Number of variables)
× (number of MF parameter )

Table 2
Details of the proposed models.

(18)

Optimizing these parameters was carried out using genetic algorithm in ANFIS. Moreover, as mentioned, there are two hyper
parameters that were determined using the genetic algorithm in
LSSVM. Details of two models are presented in Table 2.
Fig. 4 shows the estimated results from the GA–LSSVM for the
dew point of temperature of moist air at atmospheric pressure as
a function of the relative humidity and temperature compared to
the experimental reported data. Reasonable agreement was obtained between the estimated values (for relative humidities up to
100% and temperatures up to 50 °C) and the experimental data [17].
As shown, the temperature has a noteworthy effect on the dew point

GA–ANFIS

Type

Value/Comment

Type

Value/Comment

No. of training data
No. of testing data
Kernel function

975
325
RBF

975
325
Gaussian

Γ

338,321.7177

Σ
Optimization
method
Population size
Maximum
iterations

0.18936835
GA

No. of training data
No. of training data
Membership
function
No. of MF
parameters
No. of clusters
Optimization
method
Population size
Maximum
iterations

50
5500

Fig. 7. Histogram of errors for: (a) GA–LSSVM and (b) GA–ANFIS models.

60
10
GA
50
5500
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of air at atmospheric pressure. The dew point of moist air at constant
relative humidity percentage increases with increasing temperature.
To demonstrate a superior comparison, the experimental and estimated dew point temperatures of moist air by the GA–LSSVM and
GA–ANFIS models were plotted as a function of the number of data
points simultaneously in Fig. 5. In addition, Fig. 6 shows the regression plots between the results obtained from the models and
experimental values.
A close-ﬁt of the data points about the 45° line for these models
indicates their reasonability. Based on this ﬁgure, the values predicted by GA–LSSVM are in good agreement with the experimental
values compared to GA–ANFIS. The regression coeﬃcient of GA–
LSSVM and GA–ANFIS obtained 1.00 and 0.9987, respectively.
According to the statistical viewpoint, Eqs. (19) and (20) are
generated as the linear regressions for GA–LSSVM and GA–ANFIS
models, respectively.

y = 1.0002x − 0.0017, R 2 = 1.00

(19)

y = 1.0087x − 0.1704, R 2 = 0.9987

(20)

Fig. 7 presents histograms of the errors for these models. Accordingly, the ranges of errors for GA–LSSVM were between −0.2
and 0.2, whereas these values ranged from −2 to 6 for GA–ANFIS.
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Table 3
Comparison between the performance of the GA–ANFIS and GA–LSSVM models.
Network

GA–LSSVM

Analysis

Training

Testing

Training

GA–ANFIS
Testing

MSE
R2
MRE%
RMSE
STD

0.000016
1.0000
0.001419
0.004000
0.000000

0.000016
1.0000
0.001416
0.004000
0.000000

0.528392
0.9989
0.132518
0.726906
0.632914

0.382402
0.9987
0.117129
0.618387
0.528925

Therefore, the distributions of errors for GA–LSSVM are lower than
those of the GA–ANFIS model.
Fig. 8 presents another illustration to evaluate the performance of these techniques. The percentage relative deviation
between the experimental data and output of models is shown in
this ﬁgure. The percentage of the Average Relative Deviations (ARDs)
of the GA–LSSVM and GA–ANFIS models are 0.001418% and
0.129331%, respectively. Table 3 lists the Mean Square Errors (MSEs),
Average Relative Deviations (ARDs), Standard Deviations (STD), Root
Mean Square Errors (RMSEs), and correlation coeﬃcient of the testing
and training data set for the GA–LSSVM model.

Fig. 8. Relative deviation (%) of estimated dew point of moist air using: (a) GA–ANFIS and (b) GA–LSSVM.
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5. Conclusion
Two novel simple tools namely, GA–LSSVM and GA–ANFIS, were
developed to predict the dew point temperature of moist air at atmospheric pressure over broad range of temperature and relative
humidity. The ranges of temperature, pressure and relative humidity used in this study are up to 50 °C, 1500 kPa (abs) and 100%
respectively. Based on the results obtained from statistical analysis, the predictions were found to be in excellent agreement with
the data reported in the literature. Unlike complex mathematical
approaches for estimating the dew point of moist air, the proposed models are simple-to-use and would be of immense help to
engineers, especially those dealing with the design and application of the appropriate type of drying. In addition, in this study, the
better performance of the GA–LSSVM model was shown against the
GA–ANFIS model, according to results obtained from statistical analyses. The efforts in this research will certainly cover the way for
accurate predictions of the dew points of atmospheric moist air,
which can help researchers and engineers to control the operational conditions.
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