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Abstract: In this study, a numerical and empirical scheme for increasing cooling tower performance is
developed by combining the particle swarm optimization (PSO) algorithm with a neural network and
considering the packing’s compaction as an effective factor for higher accuracies. An experimental
setup is used to analyze the effects of packing compaction on the performance. The neural network is
optimized by the PSO algorithm in order to predict the precise temperature difference, efficiency, and
outlet temperature, which are functions of air flow rate, water flow rate, inlet water temperature, inlet
air temperature, inlet air relative humidity, and packing compaction. The effects of water flow rate,
air flow rate, inlet water temperature, and packing compaction on the performance are examined.
A new empirical model for the cooling tower performance and efficiency is also developed. Finally,
the optimized performance conditions of the cooling tower are obtained by the presented correlations.
The results reveal that cooling tower efficiency is increased by increasing the air flow rate, water flow
rate, and packing compaction.

Keywords: cooling tower; packing compaction; artificial neural network (ANN)-PSO; mathemati-
cal correlations

1. Introduction

Cooling towers have important roles in air conditioning systems and power plants.
A cooling tower is a device that facilitates evaporation by making a larger contact surface
between water and air, therefore leading to more immediate water cooling. Cooling oc-
curs by losing latent heat of vaporization while a small amount of water vaporizes and
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results in water cooling. It should be noted that the heat loss in water occurs in three
ways: Radiation, conduction, and convection. Moreover, the remaining heat is removed
by evaporation. Most cooling systems have a closed circuit. Water plays a role in the
absorption, removal, and heat transfer, meaning that water dissipates the generated heat
by the device. This causes the system to operate steadily and uniformly.

Numerous researchers have investigated the cooling tower performance theoretically
and empirically. Goshayshi and Missenden [1] experimentally studied the heat transfer
coefficient of different packings. The heat transfer coefficient was shown to be the function
of pitch and distance of packings. Hasan and Siren [2] inspected the cooling tower perfor-
mance theoretically and computationally. They optimized the tower flow and number of
pipes to obtain the best performance coefficient. Kloppers and Kroger [3] investigated the
influence of the Lewis number on wet cooling tower performance. They demonstrated
that increasing the Lewis number led to a decrease in the outlet water temperature and
evaporation rate. Lemouari et al. [4,5] experimentally studied the contact heat transfer
between water and air in the cooling towers. They analyzed the influence of water flow
rates and air on the heat transfer coefficient. Yoo et al. [6] presented high-accuracy cor-
relations for heat transfer based on experimental data. Furthermore, they analyzed the
influences of different parameters on cooling capacity and tower efficiency. Heyns and
Kroger [7] analyzed different parameters of cooling towers and developed correlations
for heat transfer and pressure drop. Their experimental outcomes revealed that the cool-
ing tower heat transfer coefficient is dependent on the air velocity, water velocity, and
splashed water temperature. Braun et al. [8] provided an effective procedure to model the
cooling tower performance. They compared their results with the numerical simulations.
They claimed that their model accuracy was higher than the standard procedures and
needed less computational time. Fisenko et al. [9] introduced a new mathematical approach
for cooling towers. They showed that the model predicted the experimental values with 3%
accuracy. Naphon [10] suggested a mathematical model to measure the performance of the
cooling tower. The model was introduced to compute the cooling tower heat transfer based
on the conservation of mass and momentum equations and solved the equations using the
iterative method. Their results were in good agreement with other models. The measured
data were in good agreement with the predicted results. Some researchers [11–14] have
modelled energy systems by neural network. Hosoz et al. [15] estimated the wet cooling
tower performance by neural network. Their results indicated the high accuracy predic-
tion for cooling tower performance. Huang et al. [16] modelled the wet cooling tower
temperature under the condition of wind using a neural network and limited inputs and
outputs. Gao et al. [17] modeled the cooling tower performance under wind conditions
using a neural network and limited inputs and outputs. They [18] obtained a compre-
hensive model by increasing the input and output parameters. Recently, Singh et al. [19]
studied the cooling tower performance using different packings. Some correlations were
suggested based on empirical data for parameters involved in cooling tower performance
by considering water and flow rate as design parameters. Packings were used to intensify
heat transfer between the water and air flow inside the cooling tower. Zheng et al. [20]
empirically investigated the thermal performance of the oval tube (CWCT). They presented
a mathematical model to estimate the thermal performance of cooling. Lavasani et al. [21]
investigated the cooling tower performance with forced flow due to rotating packings
empirically. They compared the cooling tower parameters of rotating packings to non-
rotating packings. The results indicated that the packing with high rotational velocity
has a better performance. Shahali et al. [22] empirically studied the cooling tower per-
formance affected by water flow rate, air flow rate, inlet water temperature, and type of
packing. They presented some correlations to estimate the cooling tower performance.
Lu et al. [23] empirically investigated the side wind effects on the dry cooling tower perfor-
mance. They compared their results with other researchers’ results. The obtained results
and other numerical results were in good agreement. They showed that the overall heat
transfer rate of dry cooling tower includes a combination of forced and natural convective
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heat transfer. Zhao et al. [24] created a 3D model to analyze the coolant parameters of
cooling tower. They combined their model with validated results for ordinary natural
draft wet cooling towers, and these results were compared to the usual natural draft wet
cooling towers (UNDWCT). Finally, the coolant parameters of high-level water-collecting
natural draft wet cooling towers (HNDWCT) were specified. Singla et al. [25] numerically
investigated the counter flow forced draft cooling tower with expanded wire meshed filled
as a packing material. They analyzed the parameters involved in controlling the water
and air flow rate on parameters that are of high importance in cooling tower performance.
Then, they presented a correlation for the Merkel number as a function of water and air
flow rate. Finally, they optimized the control parameters of water and air flow rate for
a specific Merkel number. Furthermore, some studies were directed toward the design
of a wind tower [26–28]. One of the advantage of wind towers is that they no energy
for operation. Also, wind towers decrease environmental pollution and save electrical
energy consumption. Mofrad et al. [29] presented an experimental study with different
nanofluids. The nanofluids included Zinc Silica/Water, Oxide/Water, Graphene/Water,
and Alumina/Water for the wet cooling tower. They used a novel procedure to compare
the performance conditions. Gilani et al. [30] studied an experimental investigation for
improving the wet cooling tower. They showed that the water temperature decreased by
increasing the cooling tower height, but increasing the height had a greater effect than
the other parameter. Chen et al. [31] introduced a new method for modifying the cooling
performance of wet cooling towers. They obtained the effective mechanism of the air ducts
on cooling towers, which was investigated under both windless and crosswind conditions.

These packings have effective roles on water cooling through increasing the contact
surface between the water and air flow and decreasing the water flow velocity. In this study,
the cooling tower performance was investigated using the combination of a particle swarm
optimization (PSO) algorithm and neural network to obtain higher accuracies. An experi-
mental setup was prepared to study the effects of compaction on the performance. A wide
range of experiments were performed, and the optimum conditions were determined using
an artificial neural network (ANN)-PSO.

2. Experimental Setup and Test Conditions

Figure 1 illustrates the schematic diagram of the cooling tower. The setup included
1—a cooling tower, 2—packing, 3—a radial fan, 4—an air chamber, 5—a water tank, 6—an
electric heater, 7—a water pump, 8—a drain valve for the supply tank, 9—a supply tank,
10—a flow meter, 11— a moisture eliminator, and 12—a spray nozzle.
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Figure 1. Schematic diagram of wet cooling tower.

Electrical heaters (6) heated the water in the tank (5). The hot water was circulated
in the closed circuit by the pump (7). The water was transferred to the top column (1) of
the cooling tower and then sprayed (12) uniformly over the packings (2). The blown air
by the compressor (3) flowed among the packings, and the interaction between air and
water led to water cooling. The air blown by the compressor was evaluated by measuring
the pressure drop in the compressor inlet and outlet. The cooling tower was made of
Plexiglas and its dimensions were 210 mm × 210 mm × 630 mm (L × W × H). The vertical
grid apparatus (VGA) packings filled the WCT. The cross-section of the test area was
150 mm × 150 mm and the applied packings included 3 types which were made of PVC.
There was an electric heater inside the water tank (5) which generated the heating load.
The capacities of this electric heater were 0.5 kW, 1 kW, and 1.5 kW. The water was supplied
by a circulation pump to flow from the top of the cooling tower to the bottom part through
the packings. Figure 2 shows the packing compaction. The packing compaction was
defined as the L and D parameters and was equal to L/D. L was the distance between the
first and last rib and D was the distance between two adjacent ribs. Moreover, L/D for the
first, second, and third packing types were 6, 8, and 17, respectively. The mass flow rate of
air was generated by the radial fan. A psychrometer, copper-constantan thermocouple, and
thermo hygrometer were used to measure the dry- and wet-bulb temperatures of air, water
temperature, and air humidity, respectively. The digital monitors were used to control the
measured data carefully. The water and air mass flow rate were controlled by 2 adjusting
valves that were mounted on the water inlet into the cooling tower and outlet air in the
compressor. The measured values could be easily controlled through digital monitoring.
The applied measurement devices data are used in Table 1.
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Table 1. The instruments for measuring the experimental data.

Measurement Device The Considered Parameter Uncertainty

Psychrometer Dry/wet bulb temperature of air ±0.1 (◦C)
Thermocouple Water temperature ±0.3 (◦C)

Thermo hygrometer Air humidity ±0.1 (%)
Rotameter Water flow rate ±1.5 (%)

Manometer Pressure ±0.1 (kP)

The present research involves three studies. In all three studies, the volume flow rate
of air had values between 0.02 kg/s and 0.055 kg/s. Concurrently, the evaluation of the
wet cooling tower (WCT) performance was done based on variations in the inlet water
temperature, packing types, and mass flow rate of air, respectively. Inlet water temperature
was considered to have three temperatures, 35 ◦C, 42.5 ◦C, and 50 ◦C. Also, 3 L/D various
packing compaction types, including 6, 8, and 17, were studied as shown in Figure 2.
The mass flow rate of water varied between 60 L/h, 80 L/h, and 100 (L/h).

In the first study, the mass flow rate of water and L/D of packing were fixed at 100 L/h
and 6 L/h, respectively. In the second study, the inlet water temperature and L/D of packing
were adjusted to be 35 ◦C and 6 L/h, respectively. Finally, the mass flow rate of water and
inlet water temperature were kept as 100 L/h and 35 ◦C in the third study.

3. ANN-PSO Modeling

The science and engineering fields take advantage of neural networks to estimate
the complex behavior of systems. A trustable model is provided by these algorithms for
nonlinear and complex systems through collecting, training, detecting, and developing
using the collection, which includes inputs and outputs. The training process is done to
obtain an accurate mesh by changing the weighting coefficients. These coefficients cause
the mesh output to reach the actual values. First, a collection of data is preprocessed. Then,
these data are split in two parts: Training and experimental data. The training data are
used to train the Mesh and also to compute the model accuracy and stability. The applied
five-layer neural network is shown in Figure 3.
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The PSO approach was presented by Kendi and Abrahat [32] as an optimization
process. This algorithm aims to optimize the nonlinear systems using a genetic algorithm.
The particles are randomly distributed with optimized values to meet the convergence
goal. The personal best and global best are defined by Kendi and Abrahat [33] as pbest
and gbest, respectively. The finest solution obtained by the particles is pbest and the best
solution for overall optimization in PSO algorithm is called gbest.

The PSO algorithm includes m particles. The m’th position particle is shown as Xm
= {Xm1, Xm2, . . . , XmN}, where Xmj is the value of the j’th coordinate in the n dimensional
coordinate system. Pm = {Pm1, Pm2, . . . , PmN} is the best observed position for m’th particle,
and G = {G1,G2, . . . , GN} is the best training among all particles in the algorithm. VP = {VP1,
VP2, . . . , VPN} is the particle velocity, which changes with the instantaneous displacement.
The particle position changes based on their velocity in each step. The velocity effects in the
previous step on the current velocity is controlled by ω, which is presented in Equation (1).

vi+1
Nm = ω vi

Nm + A1rand(0, 1)(PNm − XNm) + A2rand(0, 1)(GN − XNm) (1)

where rand(0, 1) is the function that causes the random numbers to be generated
in the range of 0 and 1. A1, A2 are two positive coefficients that cause the particles to
accelerate toward the solution field. The maximum number of iterations is set by the user
and PSO algorithm is stopped while the number of iterations reach the maximum numbers.
The inertial weighting coefficients are varied in each step using Equation (2).

ωi = ωmax −
ωmax − ωmin

imax
× i (2)

where imax is the maximum step value in each iteration, ωi is defined as inertial weighting
coefficient in each iteration, and ωmin and ωmax are minimum and maximum inertial
weighting coefficients, respectively. In this investigation, the PSO algorithm was applied
to train the 5-layer neural network weighting coefficients and attain the most precise
model. A new model for analyzing the cooling tower performance was developed using
the PSO optimization algorithm and neural network. In this model, there are 6 inputs and
3 outputs. The inputs include air flow rate, water flow rate, inlet water temperature, inlet
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air temperature, relative humidity of inlet air, and packing compaction, while the outputs
consist of outlet water temperature, temperature difference, and efficiency. The following
correlations present the temperature difference and efficiency:

∆T = Tw1 − Tw2 (3)

η =
Tw1 − Tw2

Tw1 − Twb1
(4)

Tw1 and Tw2 represent water temperature in the inlet and outlet, respectively, and Twb1
is the wet bulb temperature of inlet air. Moreover, the circulation heat loss in the WTCs was
obtained, including a component owing to evaporation Qv and also a parameter related to
convection QK.

They are as follows:
Q = Qv + QK (5)

Q =
.

mwCp,w(Tw1 − Tw2) (6)

Qv =
.

mar(ω2 − ω1) (7)

QK =
.

maCp,a(tdb1 − tdb2) (8)

In these correlations, Q is the cooling capacity used for WCT. The air and water mass
flow rates are

.
ma and

.
mw, respectively. Cp,a and Cp,w represent air and water specific heat

capacities, respectively.
Tw1 and Tw2 are inlet and outlet water temperatures. tdb1 and tdb2 refer to the dry-

bulb temperature of air in the inlet and outlet, respectively. r shows the latent heat of
evaporation. ω1 and ω2 are inlet and exit absolute humidity, respectively.

The ANN-PSO algorithm flowchart is shown in Figure 4. PSO was used to compute
the best solution in the neural network. The particle position and velocity varied in each
iteration, which led to the weighting coefficients change. These weighting coefficients were
used to modify the pbest and gbest values. This process continued in each step to reach the
final iteration. The final iteration occurred when the stop condition and the best solution
were obtained. The estimated values of network were reported as output results.
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Regression Analysis

The correlation coefficient was used to analyze the model performance and efficiency.
This coefficient shows how proportional the experimental values and estimated outputs of
the model are. It is defined as [15]:

R =
Cov(a, b)√

Cov(a, a).Cov(b, b)
(9)

where Cov(a, b) is the covariance between a and b that shows the experimental values and
estimated outputs and it is defined:

Cov(a, b) =
∑n

i=1(ai − a)
(

bi − b
)

n − 1
(10)

where a is the average experimental values and b is the average predicted values of
model. Besides, n is the number of experimental values or estimated outputs of the
model. Similarly, Cov(a, a) and Cov(b, b) are auto covariances of the experimental data
and estimated outputs of the model. They are presented in the form of:

Cov(a, a) =
∑n

i=1(ai − a)2

n − 1
(11)
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Cov(b, b) =
∑n

i=1

(
bi − b

)2

n − 1
(12)

The correlation coefficient closer to +1 and −1 shows better agreement between
experimental data and estimated outputs. The root mean square error is defined as:

RMSE =

√
1
n

n

∑
i=1

(ai − bi)
2 (13)

4. Results

The experiments were conducted by changing the air flow rate, water flow rate,
inlet water temperature, and different packings. The repeatability of the experiments was
checked. The data were curved for a wide variety of operating conditions in cooling towers.

4.1. Impacts of Cooling Tower Various Parameters on Efficiency

The dependence of cooling tower efficiency on air flow rate is depicted in Figure 5 for
three different inlet water temperatures. In this experiment, the packing compaction and
water flow rate were constant with values of 6 and 100 L

h , respectively. The efficiency in the
cooling tower increased when the inlet water temperature rose. In addition, by increasing
the air flow rate, the efficiency soared.
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The dependence of cooling tower efficiency on air flow rate in four disparate water
flow rates is demonstrated in Figure 5.

In this experiment, the packing compaction and inlet water temperature were con-
sidered constant with values of L/D = 6 and 35 ◦C, respectively. Figure 6 shows that the
efficiency in the cooling tower declined by increasing the water flow rate. By increasing the
inlet water flow rate, a greater volume of water was cooled at a certain air flow rate under
the same operating conditions, hence the system experienced an efficiency drop.
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The cooling tower efficiency dependence on air flow rate is shown in Figure 7 with
three different packing compactions. In this experiment, the water flow rate and inlet water
temperature were invariable and equal to 100 L/h and 35 ◦C, respectively. By increasing
the packing compaction, the cooling tower efficiency increased significantly. By increasing
the number of packings, the interface between water and air increased. This increased
interface between water and air led to increase in temperature discrepancy between inlet
and outlet of tower that caused the system efficiency to increase.

Energies 2021, 14, x FOR PEER REVIEW 11 of 19 
 

 

 

Figure 6. Cooling tower efficiency based on air flow rate at different water flow rates: (a) Effi-
ciency versus air mass flow rate; (b) Efficiency versus water mass flow rate. 

The cooling tower efficiency dependence on air flow rate is shown in Figure 7 with 
three different packing compactions. In this experiment, the water flow rate and inlet wa-
ter temperature were invariable and equal to 100 L/h and 35 °C, respectively. By increas-
ing the packing compaction, the cooling tower efficiency increased significantly. By in-
creasing the number of packings, the interface between water and air increased. This in-
creased interface between water and air led to increase in temperature discrepancy be-
tween inlet and outlet of tower that caused the system efficiency to increase. 

 
Figure 7. Cont.



Energies 2021, 14, 167 12 of 19
Energies 2021, 14, x FOR PEER REVIEW  12 of 19 
 

 

 

Figure 7. Cooling tower efficiency based on air flow rate at three different packing compactions: 

(a) Efficiency versus air mass flow rate; (b) Efficiency versus compaction. 

4.2. The Correlations and Optimization 

The high‐accuracy empirical correlations for investigating the cooling tower perfor‐

mance are presented in this section. The cooling tower efficiency is introduced based on 

inlet water temperature and air flow rate. The coefficient constants in this model, correla‐

tion coefficient and RMSE, are shown in Table 2. Equation (14) shows the cooling tower 

efficiency based on  the  inlet water  temperature and air  flow rate.  In Equation  (14),  the 

packing compaction and water flow rate are constant with values of 6 and 100 
୐

୦
, respec‐

tively. Equation (15) is introduced to compute the cooling tower efficiency correlated with 

the water and air flow rate. In Equation (15), the packing compaction and inlet water tem‐

perature are considered constant with values of 6 and 35 °C, respectively. 

𝜂ሺ𝑇௪ଵ, 𝑚௔ሻ  ൌ  𝐶1 ൅  𝐶2 ൈൈ 𝑇௪ଵ  ൅  𝐶3 ൈ 𝑚௔  ൅  𝐶4 ൈ 𝑇௪ଵ
ଶ  ൅  𝐶5 ൈ 𝑇௪ଵ ൈൈ 𝑚௔  

൅ 𝐶6 ൈ 𝑚௔
ଶ  

(14)

𝜂ሺ𝑚௪, 𝑚௔ሻ  ൌ  𝐶1 ൅ 𝐶2 ൈ 𝑚௪  ൅ 𝐶3 ൈ 𝑚௔  ൅  𝐶4 ൈ 𝑚௪
ଶ ൅ 𝐶5 ൈ 𝑚௪ ൈ 𝑚௔  ൅  𝐶6

ൈ 𝑚௔
ଶ  

(15)

The  constant parameters of  this  correlation,  correlation  coefficient and RMSE, are 

presented in Table 2. In addition, Equation (16) is presented to analyze the packing com‐

paction effect and air flow rate. In Equation (16), the water flow rate and inlet water tem‐

perature are constant and reach 100 and 35, respectively. 

𝜂ሺ
𝐿
D

, 𝑚௔ሻ  ൌ  𝐶1 ൅ 𝐶2 ൈ ሺ
𝐿
𝐷

ሻ ൅ 𝐶3 ൈ 𝑚௔  ൅  𝐶4 ൈ ሺ
𝐿
𝐷

ሻଶ  ൅ 𝐶5 ൈ ሺ
𝐿
𝐷

ሻ ൈ 𝑚௔  ൅  𝐶6 ൈ 𝑚௔
ଶ  (16)

Table 2. Constant parameters, correlation coefficient, and RMSE for Equations (10)–(12). 

Constants  𝑪𝟏  𝑪𝟐  𝑪𝟑  𝑪𝟒  𝑪𝟓  𝑪𝟔  R‐Square  RMSE 

𝜂ሺ𝑇௪ଵ, 𝑚௔ሻ  6.897  0.115  1025  0.007634  −3.829  −4084  0.9902  0.7353 

𝜂ሺ𝑚௪, 𝑚௔ሻ  42.39  −0.0737  484.3  −0.001314  2.846  −2141  0.9946  0.5016 

Figure 7. Cooling tower efficiency based on air flow rate at three different packing compactions:
(a) Efficiency versus air mass flow rate; (b) Efficiency versus compaction.

4.2. The Correlations and Optimization

The high-accuracy empirical correlations for investigating the cooling tower perfor-
mance are presented in this section. The cooling tower efficiency is introduced based
on inlet water temperature and air flow rate. The coefficient constants in this model,
correlation coefficient and RMSE, are shown in Table 2. Equation (14) shows the cooling
tower efficiency based on the inlet water temperature and air flow rate. In Equation (14),
the packing compaction and water flow rate are constant with values of 6 and 100 L

h ,
respectively. Equation (15) is introduced to compute the cooling tower efficiency correlated
with the water and air flow rate. In Equation (15), the packing compaction and inlet water
temperature are considered constant with values of 6 and 35 ◦C, respectively.

η(Tw1, ma) = C1 + C2 ××Tw1 + C3 × ma + C4 × T2
w1 + C5 × Tw1 ××ma + C6 × m2

a (14)

η(mw, ma) = C1 + C2 × mw + C3 × ma + C4 × m2
w + C5 × mw × ma + C6 × m2

a (15)

Table 2. Constant parameters, correlation coefficient, and RMSE for Equations (10)–(12).

Constants C1 C2 C3 C4 C5 C6 R-Square RMSE

η(Tw1, ma) 6.897 0.115 1025 0.007634 −3.829 −4084 0.9902 0.7353
η(mw, ma) 42.39 −0.0737 484.3 −0.001314 2.846 −2141 0.9946 0.5016
η
(

L
D , ma

)
24.54 −0.08526 860.6 0 1.732 −4412 0.94 1.1

The constant parameters of this correlation, correlation coefficient and RMSE, are
presented in Table 2. In addition, Equation (16) is presented to analyze the packing
compaction effect and air flow rate. In Equation (16), the water flow rate and inlet water
temperature are constant and reach 100 and 35, respectively.

η(
L
D

, ma) = C1 + C2 × (
L
D
) + C3 × ma + C4 × (

L
D
)

2
+ C5 × (

L
D
)× ma + C6 × m2

a (16)

The optimized values of each parameter were detected based on the introduced cor-
relations for calculating the efficiency using Figures 8–10. In Figure 8, the cooling tower
efficiency is studied under the influence of inlet water temperature and air flow rate using
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Equation (14). The optimized values of efficiency occurred in the inlet water temperature
between 45 ◦C and 50 ◦C and in the air flow rate between 0.04 kg/s and 0.05 kg/s. The sur-
face evaporation was increased by increasing the air flow rate. This factor was obvious in
efficiency. When the water temperature rose, surface evaporation was accelerated.
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In Figure 9, the impact of water and air flow rate on cooling tower efficiency is
investigated using Equation (15). The optimized values of efficiency occurred in the water
flow rate between 60 L/h and 70 L/h and in the air flow rate between 0.04 kg/s and
0.05 kg/s.

Figure 10 illustrates the cooling tower efficiency based on packing compaction and air
flow rate using Equation (16). The optimum values of packing compaction and air flow
rate occurred at the maximum efficiency point. These optimum values occurred in the
packing compaction between 14 and 17 and in the air flow rate between 0.04 kg/s and
0.05 kg/s. When the packing compaction was increased, the friction between air and water
was enhanced. In order words, turbulence between the two phases was increased and the
heat transfer increased.

Figures 8–10 show that the optimal performance for the cooling occurred when the
air flow rate, water flow rate, and packing compaction ranged between 0.04 kg/s and
0.05 kg/s, between 60 L/h and 70 L/h, between 14 and 17, respectively.

4.3. ANN-PSO Results

A model with a combination of the PSO optimization algorithm and neural network
was used to precisely predict the temperature difference, efficiency, and outlet water temper-
ature, which are dependent on air flow rate, water flow rate, inlet water temperature, inlet
air temperature, relative humidity of inlet air, and packing compaction. The experimental
data related to three different packing compactions were used to develop this model.

The estimated temperature difference by ANN-PSO is shown in Figures 11 and 12 as a
function of experimental data. The predicted temperature discrepancy at the test stage had
a value of 0.975 and 0.09 for the correlation coefficient and RMSE, respectively. These values
were 0.982 and 0.07 in the training stage. The correlation coefficient and RMSE demonstrate
the precise and appropriate prediction of the cooling tower temperature difference.
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ing stage).

The estimated values of efficiency by ANN-PSO are shown in Figures 13 and 14 as a
function of the experimental data. The developed neural network at the test stage caused
the correlation coefficient and RMSE to be 0.966 and 0.11, respectively. The correlation
coefficient and RMSE had values of 0.972 and 0.09, respectively, in the training stage.
These values were obtained by a precise prediction of the efficiency.
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Figure 14. Estimated efficiency by ANN-PSO based on experimental data (training stage).

The estimated outlet water temperatures by ANN-PSO are shown in Figures 15 and 16
as functions of the experimental data. The ANN-PSO results at the test stage had a value of
0.969 and 0.12 for the correlation coefficient and RMSE, respectively. These values were 0.964
and 0.13 at the training stage. The results reveal the precise and powerful prediction for three
output parameters of the ANN-PSO model in a wide variety of operating conditions.
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Figure 16. Estimated outlet water temperature by ANN-PSO based on experimental data (train-
ing stage).

5. Conclusions

The combination of the PSO optimization algorithm and neural network was used to
analyze the performance of the cooling tower using the model which included six inputs
and three outputs. The number of nodes in the inlet, hidden layers, and output layers
were six, five, and three, respectively. The packing compaction was used to estimate
the cooling tower performance as an input parameter. The correlation coefficient and
RMSE were used as parameters to investigate the ANN-PSO performance and applicability.
The measured values of correlation coefficient and RMSE in this model showed that the
ANN-PSO outputs were in appropriate agreement with the experimental data. The effects
of different parameters such as air flow rate, water flow rate, inlet water temperature,
and packing compaction on cooling tower efficiency were studied. The efficiency of the
cooling tower increased by increasing the air flow rate, inlet water temperature, and packing
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compaction. In addition, the cooling tower efficiency decreased by raising the water flow
rate. The efficiency increased by raising the inlet water temperature and decreasing inlet
air temperature. The optimal performance in this cooling tower occurred when the range
of air flow rate, water flow rate, and packing compaction was between 0.04 and 0. 05,
between 60 and 70, and between 14 and 17, respectively.
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