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Abstract. A distinct advantage of adsorption chillers is their ability to be driven by heat of near ambient 

temperature. However the performance of the thermally driven adsorption systems is lower than that of 

other heat driven heating/cooling systems. It is the result of a poor heat transfer coefficient between the bed 

and the immersed heating surfaces of a built-in heat exchanger system. The aim of this work is to study the 

effect of thermal conductance values as well as other design parameters on the performance of a re-heat 

two-stage adsorption chiller. One of the main energy efficiency factors in cooling production, i.e. cooling 

capacity (CC) for wide-range of both design and operating parameters is analyzed in the paper. Moreover, 

the work introduces artificial intelligence (AI) approach for the optimization study of the adsorption cooler. 

The Adaptive Neuro – Fuzzy Inference System (ANFIS) was employed in the work. The developed ANFIS 

model can be applied for optimizations purposes and may constitute a submodel or a separate module in 

engineering calculations, capable to predict the CC of the re-heat two-stage adsorption chiller. 

1 Introduction  

The silica gel-water adsorption chillers constitute the 
economically viable and environmentally friendly 
technology, capable to convert waste thermal energy into 
useful cooling [1]. Their main disadvantages, are: the 
intermittence, bulkiness, and poor thermal conductivity 
of the used adsorbents leading to the low specific 
cooling power (SCP) and coefficient of performance 
(COP) [2]. 

Since the complexity of multi-bed adsorption chillers 
operation is still not sufficiently recognized the 
improvement of total efficiency of adsorption processes 
is still a challenging task [3 – 5].  

Mathematical modelling is considered as an efficient 
research approach [6]. 
However sometimes additional assumptions should be 
made when modeling to get a trackable solution, the 
algorithms are often complicated and based on the 
solution of complex and time consuming sets of 
differential equations [7-9]. 

Artificial intelligence (AI) approach can be an 
alternative method for the above technics of data 
handling. The most convenient approach is to apply a 
non-iterative procedure, where one only needs to enter 
input parameters and call the performed the AI model. 

The paper introduces the Adaptive Neuro – Fuzzy 
Inference System (ANFIS) for modelling of a re-heat 
two-stage adsorption chiller using low-temperature heat 
from cogeneration. The developed non-iterative model, 

using procedure similar to the one given in [10 - 14] 
allows to describe the behavior of the adsorption cooler 
and predict one of the main energy efficiency factors in 
cooling production, i.e. cooling capacity for wide-range 
of both design and operating parameters. 

To our best knowledge we are the first to employ the 
Adaptive Neuro–Fuzzy Inference System to describe the 
behavior of the innovative adsorption chiller and predict 
one of the main energy efficiency factors in cooling 
production, i.e. cooling capacity (CC) for wide-range of 
both design and operating parameters. 

2 Analysis and modeling 

2.1 An object of investigations 

The analyzed re-heat two-stage chiller consists of four 
adsorbent beds, one evaporator and one condenser as well 
as metallic tubes for heat transfer fluid and refrigerant 
flows [15, 16]. Silica gel is used as sorbent. The schematic 
diagram of a re-heat two-stage chiller is given in Fig. 1. 
 Long cycle (3400s) and short cycle (1300 s) are 
considered during the study. A  long cycle time with heat 
source temperature at 60 oC is selected in this study. A 
detailed description of the chiller, including considered 
operating strategy, can be found elsewhere [15].  
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Fig. 1. The scheme of the adsorption chiller; 1-4 – adsorption 
beds, 5 – condenser, 6 – evaporator. 

2.2 The Adaptive Neuro-Fuzzy Inference System 

For the purpose of this paper the experimental results given 
in [15, 16] were used to derive and validate model 
parameters. 

The Matlab® R2018a, with the Neuro-Fuzzy Toolbox 
is used to develop the model and predict the CC of the 
considered re-heat two stage adsorption chiller [17]. The 
following values: adsorbent mass (Msorb), cycle time (t), 
hot water temperature (T), adsorbent-to-metal thermal 
capacitance ratio (Csorb/Cmet), overall evaporator and 

sorption element thermal conductance (hAevap, hAsorb,) 
respectively are assumed as input parameters.  
The total number of learning data used to develop model 
includes 80 samples of which 25 are independent 
checking data set, similar to the procedure given in [10, 
11, 13]. 
 The training the ANFIS model was performed for the 
following stopping criteria for training: number of 
training epochs equal to 3000 and the Error Tolerance = 
0.1.  

3 Results and discussion 

The comparison between desired and calculated by the 
model results revealed that the calculated results are 
located within the range of ± 10 % of relative error, 
compared to the desired data. 

In order to study the influence of a specific operating 
variable on the cooling capacity, other input parameters 
have to be fixed and keep unchanged during the analysis. 

3.1 The effect of adsorbent mass on cooling 
capacity 

The influence of adsorbent mass on cooling capacity can 
be found in Figure 2. As adsorbent mass increases from 
4.7 kg to 32 kg. the cooling capacity increases due to the 
increase of bed sorption properties. 

 

Fig. 2. The influence of adsorbent mass on cooling capacity.  

3.2 The effect of adsorbent mass on cooling 
capacity 

The influence of thermal conductance of sorption and 
element and evaporator on CC is depicted in Fig. 3. 
Three data series correspond to different values of 
thermal conductance of evaporator, namely: 1000, 2500 
and 4000 W K-1. 
 

 

Fig. 3. The effect of sorption element and evaporator thermal 
conductance on cooling capacity. 
 

The higher sorption element thermal conductance 
means better heat transfer conditions inside the sorption 
element and the increase in hAsorb allows for better 
preparation of the bed for the adsorption process.  
This also means higher amount of refrigerant inside the 
bed and better performance, leading to the increase in 
cooling capacity [15].  

Similar explanation applies to the increase in the 
evaporator thermal conductance.  
The performed calculations allows to determine optimal 
experimental and design parameters.  

4 Conclusions  

The paper deals with an innovative design in cooling 
production, a re-heat two-stage adsorption chiller.  
 The maximum relative error of the developed model 
is lower than 10 %.  
 The developed model constitutes an easy-to-use and 
powerful optimization tool which allows estimating the 
cooling capacity of the re-heat two-stage adsorption 
chiller. 
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Nomenclature  

A area                m2 
C specific heat capacity        J/(kg K) 
h heat transfer coefficient                               W/(m2 K) 
M mass                                              kg 
t cycle time                                               s 
T hot water temperature                                   oC 

Subscripts 

calc   calculated 
evap   evaporator 
met   metal 
sorb   sorbent 

Acronyms 

AI         Artificial Intelligence 
ANFIS        Adaptive Neuro-Fuzzy Inference System 
CC               Cooling Capacity 
COP         Coefficient of performance 
SCP             Specific cooling power 
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