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Abstract 

A multiple-layer artificial neural network (ANN) model has been applied to study the performance of a solar liquid-

desiccant dehumidification/regeneration system. The experimental results of a previous study are used to construct and 

test the ANN model. Then the model has been utilized to describe the effect of the inlet conditions of the air and calcium 

chloride (CaCl2) solution on the regeneration process. Good agreement between the outputs from the ANN model and 

the corresponding results from the experimental data has been found. The proposed model can work well as a predictive 

tool to complement the experiments.  
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1. Introduction 

Interest in utilizing solar-cooling systems for air-conditioning 

and refrigeration purposes has been growing continuously. 

Being considered as one path towards more sustainable energy 

systems, solar-cooling is comprised of many attractive features. 

This technology can efficiently serve large latent loads and 

greatly improve indoor air quality by allowing more ventilation 

while tightly controlling humidity [1]. On the other hand, solar-

powered air conditioning has seen renewed interest in recent 

years due to the growing awareness of environmental problems 

such as global warming [2,3]. Solar collector/regenerator 

systems can achieve liquid regeneration at lower temperatures 

which is suitable for buildings with high outdoor air 

requirements in high humidity areas [4,5].  

Several solar-driven refrigeration systems have been proposed 

and most of them are economically justified. These systems 

include sorption systems containing liquid/vapor or solid/vapor 

absorption/adsorption, vapor compression systems, and hybrid 

desiccant vapor compression systems [6]. The regenerator is 

one of the key components in liquid desiccant air-conditioning 

systems, in which desiccant is concentrated and can be reused 

in the system. The heat required for regenerating the weak 

desiccant solution is supplied into the regenerator by either hot 

air or hot desiccant solution. This heat can be provided by any 

form of low-grade thermal energy which is suitable for solar 

thermal applications. Different regenerator designs have been 

examined and a variety of theoretical models have been 

employed to analyze the regeneration process [7-12].  

Theoretical models for solar desiccant cooling systems are 

constructed by solving the laws governing the conservation of 

mass, momentum, and energy for each phase individually with 

the interfacial conditions. These analyses require reliable data 

on heat and mass transfer coefficients during the regeneration 

processes. This has been proved to be difficult and most 

researchers have used simplified analytical models with sound 

simplifying assumptions to reduce the computational effort 

[13-16].  

Artificial neural network (ANN) models have become very 

popular recently to overcome some of the limitations of 

physical modeling. ANN models are capable of relating output 

to input variables for cases where no theoretical model works 

satisfactorily in a realistic time frame. An artificial neural 

network is an information-processing paradigm inspired by the 

manner in which the heavily interconnected parallel structure 

of the human brain processes information [17-19]. They are 

collections of mathematical processing units that emulate some 

of the observed properties of biological nervous systems and 

draw on the analogies of adaptive biological learning. ANN 

models are trainable systems whose learning abilities, 

generalization capabilities, and tolerance to uncertainty and 

noise are derived from their distributed network structure and 

knowledge representation [19].  

 The present work proposes the use of an ANN based model in 

order to capture the correlations between inlet parameters and 
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the performance of the solar-powered packed-bed desiccant 

regenerator. These correlations would satisfy the basic laws of 

conservation of mass, momentum, and energy. Outlet values 

for different inlet states available from experimental data are 

used to construct and validate the ANN model. It is also 

objected to evaluate the regenerator effectiveness as well as the 

overall value of the system coefficient of performance (COP) 

in a typical solar-powered condition.  

 

 

2. Packed-Bed Model 

2.1. Basic definitions 

To model the dehumidification/regeneration column, consider 

the counter current air-desiccant liquid-column (assumed to be 

calcium chloride (CaCl2) solution) shown in Fig. 1. The cross 

section of the tower is S, and the height of the contact section is 

dz . Air at humidity ratio, 
ia, , and temperature, 

iaT ,
, enters 

the bottom of the column and leaves at the top with humidity 

ratio oa,  and temperature oaT , . Liquid enters the top at 

temperature iLT ,  and leaves from the bottom at temperature 

oLT , . The mass velocity of air is aG ,  the mass of vapor free 

gas per unit area of tower cross section per second. The mass 

velocities of the liquid at the inlet and outlet are iLG ,  and 

oLG , , respectively. Let dz be the height of a small element of 

the tower at distance z from the bottom of the column. The 

mass velocity of the liquid at the height z is LG , the 

temperature of gas and liquid are aT  and LT , respectively, 

and the humidity ratio is  . At the interface between the gas 

and liquid phases, let the temperature be iT  and the humidity 

ratio be i .  

 

 
 

Fig. 1.  Schematic of packed-bed solar-powered regenerator 

 
2.2. Heat and mass balance for the air and liquid sides 

Considering the small volume Sdz , the mass and heat balances 

for the air and liquid desiccant sides can be written as follows 

[20]:      

 

The enthalpy balance is: 

LLaa dHGdHG                                                             (1) 

where aH and LH  are the specific enthalpies of the air and 

liquid desiccant solution, respectively. The rate of heat transfer 

from the air to the interface is: 

  dzaTThdTCG Hiaaaaa                                        (2) 

where aC  is the air specific heat, ah  is the heat transfer 

coefficient from the air to the interface and Ha  is the heat 

transfer area per unit contact volume. The rate of the mass 

transfer of the vapor from the interface to the gas is: 

  dzaKdG Miaa                                            (3) 

where aK  is the mass transfer coefficient, ,i    are the 

vapor density in the interface and in the flowing air at the small 

volume Sdz . Ma  is the mass transfer area per unit contact 

volume.  

The rate of heat transfer from the interface to the liquid is: 

  dzaTThdHG HLiLLL                                         (4) 

If the liquid flow rate is assumed to be constant with height, 

then: 

LLLLL dTCGdHG                                                       (5) 

Substituting from Eq. (5) into Eq. (4) gives: 

  dzaTThdTCG HLiLLLL                                        (6) 

where LC  is the specific heat of the liquid desiccant solution.  

 

2.3. Rate of water evaporation 

The rate of water evaporation from the desiccant solution is the 

main parameter which determines the cooling effect of the 

desiccant cooling system. Integrating Eq. (3), we can get the 

rate of water evaporation as: 

  dzaKdGm Miaa                          (7) 

In the above equation, the potential for mass transfer from the 

interface to the air side is the difference in vapor density, which 

can be evaluated in terms of vapor pressure. However, the 

vapor pressure on the desiccant solution surface can be 

evaluated by knowledge of the solution temperature and 

concentration [21-23]. 

 

2.4. Regeneration column performance 

The performance of a regeneration column can be evaluated by 

a specific column effectiveness which is defined as the ratio 

between the absolute value of the actual humidity change on 

the air side and the absolute value of the maximum humidity 

change possible under given conditions. In case of 

regeneration, the regenerator effectiveness,  , is the ratio of 

the actual change in humidity ratio of the air passing through 

the regenerator to its variation under ideal conditions, as 

iae

iaoa

,max,

,,









                                                            (8) 

where max,e is the specific humidity of air at equilibrium 

with solution having maximum value of vapor pressure. The 

maximum value of vapor pressure on the solution surface 

depends on its temperature and concentration.  
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2.5. System coefficient of performance 

The overall coefficient of performance of the system can be 

evaluated from the following expression: 

cIA

Q
COP                                                                       (9) 

where I  is the solar radiation intensity in the collector 

surface, cA is the collector area and Q  is the cooling rate of 

the desiccant cooling system, which can be evaluated by 

multiplying the rate of water evaporation m  by the latent heat 

of water L  at the evaporator pressure i.e., 

evLHmQ )(                                                                   (10) 

The regeneration heat, gQ ,  in case of solar air heater can be 

evaluated from the following  

ccg IAQ                                                                       (11) 

where c is the collector efficiency. For solar air heaters, the 

collector efficiency is dependent on the collector design 

parameters and the ambient conditions [24]. A common 

expression used for evaluating the air heater efficiency is given 

as: 

I

TT
BA

ambic

c




,                                                   (12) 

where A , B are constants, dependent on the design conditions 

[25]. 

 

The above mentioned analysis shows the dependence of the 

regeneration process on operational parameters such as air and 

liquid mass flow rates as well as temperature of the hot air. In 

this study, a trained neural network model based on the back-

propagation algorithm is used for the system performance 

analysis.  

 

3. Neural network (ANN) model 

3.1. ANN model structure 

Fig. 2 shows the architecture of the neural network model used 

in this work. The basic structure is a multilayer ANN model 

where the chosen six inputs are fed into the first layer of hidden 

units. There, the circles represent the neurons (weights, bias, 

and activation functions) and the lines represent the 

connections between the inputs and neurons, and between the 

neurons in one layer and those in the next layer. Several studies 

have found that a three-layered neural network, where there are 

three stages of neural processing between the inputs and 

outputs, can approximate any nonlinear function to any desired 

accuracy [19].   

 

Each layer consists of units which receive their input from 

units from a layer directly below and send their output to units 

in a layer directly above the unit.  Each connection to a neuron 

has an adjustable weighting factor associated with it. The 

output of the hidden units is distributed over the next layer of 

hidden units, until the last layer of hidden units, of which the 

outputs are fed into a layer of no output units. Training of the 

ANN model typically implies adjustments of connection 

weights and biases so that the differences between ANN 

outputs and desired outputs are minimized.  

 

3.2. Back-propagation training algorithm 

Back-propagation training, used in this investigation, is one of 

the most popular ANN training methods. The basic back-

propagation algorithm adjusts the weights in the steepest 

descent direction (negative of the gradient). This is the 

direction in which the error decreases most rapidly. To explain 

the back-propagation rule in detail, the three-layer network 

shown in Fig. 2 will be used.  The training phase is divided into 

two phases as follows:  

 

1. Forward-propagation phase:  In the first phase, input 

data are sent from the input layer to the output layer, 

i.e., X=[X1:X6] is propagating from the input layer to the 

output layer Y=[Y1:Y4]. 

                                                                      














 

j

jqjq XVfZ                                                   (13)  

                                                                       














 

q

qiqi ZWfY                                                 (14)  

where iqW  and qjV  represent weights in the hidden-to-

output and input-to-hidden connections, respectively. 

2. Back-propagation phase:  In the second phase, the 

errors between target outputs, y, and predicted outputs, 

d, are calculated and propagated backwardly to the input 

layer in order to change the weights of hidden layers by 

using the gradient descent method.  

 

The algorithm tries to minimize the objective function, i.e. the 

least square error between the predicted and the target outputs, 

which is given by: 

                                           

2)(
2

1 p

o

p

p

o ydE                                     (15) 

where p  represents the number of training datasets and o  

represents the number of output nodes. Then the algorithm uses 

the steepest-descent direction to adjust the weights in the 

hidden-to-output and input-to-hidden connections and as 

follows: 

                                                 
             

qj

qji

iq

iq
V

E
V

W

E
W









  ,                     (16) 

where   is (3). 

 

Since this algorithm requires a learning rate parameter to 

determine the extent to which the weights change during 

iteration, i.e., the step sizes, its performance depends on the 

choice of the value of the learning rate.  The two phases are 

iterated until the performance error decreased to certain small 

range [19].  
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(a) 

 
 

(b) 

 
 

Fig. 2.  (a) A schematic of neural network model. (b) The sigmoid activation function with different values of C 

 

 

 

3.3. Activation  functions 

Activation functions are used in ANNs to produce continuous 

values rather than discrete ones. The activation functions used 

in hidden layer neurons are tan sigmoid functions and the 

piecewise linear activation function is used for the last layer 

neurons. The logistic activation function or more popularly 

referred to as the sigmoid function is semi-linear in character, 

differentiable and produces a value between 0 and 1.  The 

mathematical expression of this sigmoid function is: 

)(
1

1
)(

jnetcj
e

netf



                                          (17) 

where c controls the firing angle of the sigmoid. When c is 

large, the sigmoid becomes like a threshold function and when 

is c small, the sigmoid becomes more like a straight line 

(linear).  When c is large learning is much faster but a lot of 

information is lost, however when c is small, learning is very 

slow but information is retained.  Because this function is 

differentiable, it enables the back-propagation algorithm to 

adapt the lower layers of weights in a multilayer neural 

network. All the six input variables and their range of values 

used to develop the neural network model are listed in Table 1. 

The output variables and the tolerances for training, validation, 

and testing data sets are listed in Table 2. 

4. Results and discussion 

The air and solution outlet parameters have been estimated 

using the neural network model and compared with 

experimental measurements of Sultan et al. [8]. The developed 

model was validated by comparing the model output and the 

actual data obtained from the experiments. Table 2 shows the 

relative percentage error in training and validation of the output 

variables. The results show that the errors are below 1% for 

most of the variables. The maximum error is about 3.5% in the 

values of the mass of evaporated water. This can be explained 

by the fact that the experimental value of the mass of 

evaporated water is actually evaluated from the measured 

values of the solution concentration (vapor pressure and 

temperature). Therefore, the error in the evaluated value of 

water evaporation rate is expected to be higher than that for the 

temperature and vapor pressure. It can be concluded that the 

neural network model provides correct values for all the output 

variables which is evidenced by good agreement between the 

outputs from the model and the corresponding experimental 

measurements. 
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Fig. 3 shows a comparison between the trained data of the 

ANN model and the experimental data for all the output 

variables with respect to the air inlet temperature. Good 

agreement is found between the trained data of the model and 

the experimental measurements for the whole range of the air 

inlet temperature. Similarly, good agreement can be shown in 

Fig. 4 in the comparison between the trained data of the ANN 

model and the experimental data for all the output variables 

with respect to the air mass flow rate.  

Then the model is applied to test the performance 

characteristics of the system under the specified conditions.  

One of the important performance parameters is the regenerator 

effectiveness which is defined by actual change in air humidity 

ratio to the maximum possible change (Eq. (8)) is plotted 

versus air mass flow rate as shown in Fig. 5. It can be observed 

that, for the specified operating conditions of the packed bed, 

the effectiveness gradually increases with the solution flow 

rate. This can be explained by the fact that: as air is the heating 

medium, successive increase in air flow rate results in higher 

values of the vapor pressure on the solution surface and 

consequently higher potential for mass transfer from desiccant 

to air. The same result is expected also when the temperature of 

the heating medium (air in the preset study) increases. Fig. 6 

demonstrates the effect of air inlet temperature on the 

regenerator effectiveness. The effectiveness increases gradually 

with the increase of the air inlet temperature due to the fact (5)  

When solar air heater is applied to power the desiccant 

regenerator, a moderate operating condition is assumed to 

assess the system performance. The solar air heater is selected 

as given in [8]  and the collector efficiency is evaluated from 

Eq. (12) and the constants A and B are considered as follows: 

A=0.7273 and B=14.9. Figure 7 shows the effect of air 

temperature on the COP of the desiccant cycle as well as the 

system. It is clear that the value of COP decreases with 

increase in air temperature. However, the range of air 

temperature in this analysis is selected taking into account the 

limitations of the solar collector performance when air is 

heated rather than liquid. It can be also noted that as the air 

temperature increases from 52 to 60 oC, the decrease in cycle 

performance is not sound as that for the system. This can be 

explained by the effect of air temperature on the collector 

efficiency, which is linearly decreasing with increase in air 

temperature.    

 

5. Conclusion 

The performance of a solar-powered desiccnt regenerator has 

been investigated using an artificial neural network (ANN) 

approach. The neural network model is implemented and its 

feasibility is established. In addition to its simplicity, the 

proposed methodology results in some desirable characteristics 

including its wide range of application. Good agreement 

between the outputs from the ANN model and the 

corresponding results from the experimental measurements are 

found.  It is also concluded that the proposed model can be 

successfully used for predicting the overall performance of the 

system on the basis of experimental data collected  for different 

system parts from the litrature. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 3. Comparison between the trained data of the ANN model and experimental measurements (effect of air inlet 

temperature). a) Solution and air temperatures. b) Vapor pressure on the solution surface and mass of evaporated water
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Fig. 4. Comparison between the trained data of the ANN model and experimental measurements  

(effect of air mass flow rate) 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 5. Effect of air mass flow rate on the regenerator effectiveness 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 6. Effect of regeneration temperature on the   regenerator effectiveness 
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Fig. 7. Effect of air temperature at regenerator exit on the coefficient of performance 

 

 

Nomenclature 
 

A  

cA  

constant in Eq. (12) 

collector surface area, m
2
 

a  transfer area, m
2
/m

3
 

B  constant in Eq. (12) 

C  specific heat, J/kg K 

 d target output for ANN model 

E  sum square error 

H  specific enthalpy, J/kg 

h  heat transfer coefficient, W/m
2  

°C 

I  solar radiation intensity, W/m
2
 

G  fluid mass velocity, kg/m
2
 s 

aK  mass transfer coefficient, m/
 
s 

evLH  latent heat of evaporation, J/kg 

m  rate of water evaporation, kg/s 

Q  cooling heat rate, W 

gQ  regeneration heat rate, W 

S  cross section area, m
2
 

T  temperature, °C 

V  weight factors in the input-to-hidden connections 

W  weight factors in the hidden-to-output connections 

X  input set for ANN model 

Y  output set for ANN model 

Z  data set for hidden layers 

 z bed height, m 

Greek Symbols 

  effectiveness 

  collector efficiency 

  rate of learning 

  density, kg/m
3
 

  air specific humidity, aw kgkg /  

Subscripts 

 a 

 amb   

air 

ambient 

 c collector 

 e equilibrium 

i  inlet 

qji ,,  indices 

 L liquid 

 o outlet 

 max maximum 

 

 

  

C
O

P
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