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Abstract:-A device in which heat is transferred from one medium to another across a solid surface is called as heat exchanger. This process is 
complex due to its nonlinear dynamics. It is limitedto model the process with mathematical approach and it is addressed by intelligent approach. 
In this paper, predictive model for shell and tube heat exchanger is developed using artificial neural networks (ANN). The experiments are 
conducted based on full factorial design of experiments to develop a model using the input parameters such as inlet temperature of hot fluid and 
flow ratescold and hot fluid. The output parameter is overall heat transfer coefficient of a heat exchanger which is used for performance 
assessment.ANN model is developed using a feed forward back propagation neural network and trained. The developed model is validated and 
tested by comparing the ANN results with the experimental results. It shows that the model is good agreement with results.The experimental 
design, development of model, testing of model, and comparison of performance are presented. 
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1.INTRODUCTION 

 
Heat exchangers are devices whose primary function is to transfer the heatfrom one fluid to another across solid surface. This 

process is complex due to its nonlinear dynamics, and particularly the variable steady-state gain and time constant with the 
process fluid [1]The most commonly used type of heat exchanger is the shell-and tube heat exchanger that finds widespread use 
in refrigeration, power generation, heating, air conditioning chemical processes, manufacturing and medical applications [2]. 
Itconsists of a bundle of tubes and enclosed within a cylindrical shell and one fluid flows through the tube and another one flows 
between tubes and shell..Performance of heat exchanger is assessed by the following methods: i) Outlet temperature of the hot 
stream (Tho) profile, ii) Approach temperature (Tho - Tci) profile, iii) Log Mean Temperature Difference (LMTD) with time, iv) 
Heat load profile, and v) Time series of overall heat transfer coefficient. The first four methods are widely used and are 
ineffective interms of isolating the net impact of fouling from process upsets. But the overall heat transfer coefficient method 
requires exhaustive calculations and knowledge of the geometry of the exchangers [3]. The routine of heat exchanger declines 
with time due to development of fouling.It tends to increase over time, the trajectory being very site specific. So it is needed to 
develop a predictive model to assess the performance of heat exchanger. Modeling is a representation of process by set of 
mathematical relationships that effectivelydesignate the important process behavior. Improving or understanding process 
operation is a major objective for developing a process model. These models are often used for process design, safety system 
analysis and process control [4]. In experimental studies and engineering applications of thermal science, researchers and 
engineers expect to reduce experimental data into one or more simple and compact dimensionless heat transfer correlations [5]. 
The limitations of the correlation methods are that heat transfer coefficients sturdily depend on their definitions and temperature 
variances, and certainly need iterative method to obtain correlations when fluid properties are dependent on fluid temperatures [6, 
7]. The limitations of correlation methods are addressed by computational intelligent (CI) techniques, such as artificial neural 
networks (ANNs), genetic algorithms (GAs), fuzzy logic (FL) and etc. ANNs are effective in modeling of non-linear multi 
variable relationships and also referred to as the block box model. It does not need definition of correlations and iterative method, 
only needs input/output samples for training the network. It can be used to learn complex nonlinear relationship from a set of 
associated input/output vectors [8]. 

In recent years, ANNs have been used in thermal systems for heat transfer analysis, performance prediction and dynamic 
control [5, 6, 8]. CRC hand book [9] discusses in general the applications of ANN and genetic algorithms in thermal engineering. 
ANN used for heat transfer data analysis [10], identify and control heat exchangers [11], simulation of heat exchanger 
performance using limited experimental data [12], dynamic characteristics modeling of heat exchanger [13], dynamic modeling 
and controlling of heat exchangers with GA [14], dynamic prediction and neuro-controller for heat exchangers [15,16], neuro-
predictive control of heat exchangers [17,24], the performance of fin-and-tube heat exchangers with limited experimental data 
using soft computing and global regression[18, 19], predicted heat transfer rate for a wire-on-tube heat exchanger [20], made heat 
transfer analysis for air flowing in corrugated channels [21] and modeling the thermal performance of compact heat exchanger 
[22]. From the above mentioned successful applications, it shows that ANNs are well suitable to thermal analysis in engineering 
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systems, especially in heat exchangers. Most of the works were done in thermal analysis for fin-tube heat exchangers, while for 
shell-and-tube heat exchangers only few works were done in open literature [8]. Hence, suitable predictive model for shell and 
tube heat exchanger is needed to study and predict the performance of the system.  

In this study, setting up an experimental system in a shell-and-tube heat exchanger, and applying ANN to model the heat 
exchanger performance with experimental data. The parameters used to develop a model are inlet temperature of hot fluid and 
flow rates of cold and hot fluid. The output of ANN model isoverall heat transfer coefficient (U). An optimal network was 
configured through studying different network configurations. The predictive ANN model is validated and tested using validation 
and testing data set.  
 

2.EXPERIMENTAL STUDIES 

 
The designed experiments are conducted on a 1-1 shell and tube heat exchanger. The Fig. 1 shows the schematic diagram of 

the experimental set up developed in shell and tube heat exchanger and its photographic view is shown in Fig. 2. The components 
needed for fabricating the heat exchanger are shown in the Table 1. 

The two fluids streams are passed in a co-current fashion. The experiment is conducted in single phase, both the fluid in water 
state. In the overhead tank water is heated to a particular operating temperature. The hot fluid (water) then flows from the 
overhead tank and passes through the tube-side of the heat exchanger. Cold fluid (water) passes from the reservoir tank into the 
shell-side of the heat exchanger. The cold and hot water inlet flow to the shell and tubes respectively can be changed using 
pneumatic control valves. The inlet and outlet temperatures of the shell and tube side fluid are measured using RTDs. The hot 
water inlet temperature is maintained constant with a ±0.5°C variation using an inbuilt digital PID controller. The room 
temperature is taken as temperature of cold water. The flowrate of the cold water can be modified in the range of 0–350 liter per 
hour (LPH) and that of hot water between 0 and 250 LPH. The flow rate of cold and hot water are measured using flow 
transmitter. All the sensors and actuators are interfaced with a 16 bit data acquisition system (Advantech ADAM5000 series 
hardware). The ADAM module contains of 8 analog inputs and 4 analog output channels. A PC is used to log the data by running 
the program in MATLAB environment and RS232is used for communication. 

To perform the experimental design, three levels of process parameters hot water inlet temperature, cold water flow rate and 
hot water flow rate are selected and are shown in Table 2. In this study, full factorial design of experiments is used and their 
experimental combinations of process parameters are presented in Table 3. The overhead tank is filled with water. The heater is 
switched on and temperature was set to initially 40°C. It is waited until the settemperature is reached. The cold water inlet valve is 
opened and the flow rate is set as 100 Lph initially. Similarly, the hot water inlet valve is opened andtheflowrate of hot water from 
hot water tank (process tank)is initially set as 65 Lph. It is waited until the steady state has been reached. At steady state, all the 
four temperatures and flow rates of cold and hot water are 

 

Fig. 1 Schematic diagram of experimental set-up in shell and tube heat exchanger 
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Fig. 2Photographic view of experimental set-up in shell and tube heat exchanger 
 

measured. The flow rate of cold water is changed to 200 Lph and 300 Lph and is waited until the steady state to be reached. 
The same procedure is repeated by varying the hot water flow rate to 75 Lph and 85 Lph. Similarly for the hot water inlet 
temperature 50°C and 60°Cthe above procedure is repeated and the readings are observed.  

Table 1Parameters and instruments used in heat exchanger 

 

Table 2 Selected parameters and their levels 
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Based on the experimental design combination experiments are conducted for water – hot water system and their results are 
given in the Table 3.The performance of the heat exchanger was assessed by computing overall heat transfer coefficient. The 
overall heat transfer coefficient is calculated using LMTD approach because the inlet temperature, outlet temperature and flow 
rate of the cold and hot water is known. The overall heat transfer coefficient of shell and tube heat exchanger is calculated using 
the following equations. 
Qh = mhCph (Thi – Tho)    (1) 
Qh - heat transfer rate of hot water side  
Qc = mcCpc (Tco – Tci)     (2)  
Qc - heat transfer rate of cold water side 
mh - mass flow rate of hot water 
mc - mass flow rate of cold water 
Thi – hot water inlet temperature 
Tho - hot water outlet temperature 
Tco - cold water inlet temperature 
Tci - cold water outlet temperature 
A - Heat transfer Area in m2 
Capacity ratio R= (Thi-Tho) / (Tco-Tci)   (3) 
Effectiveness S= (Tco-Tci) / (Thi-Tci)    (4) 
F - Correction factor for LMTD to account cross flow 

 [(R+1)1/2 x ln ((1-SR)/(1-S))] 
= ------------------------------------------------------------- (5) 
(1-R) x ln {[2-S(R+1-(R-1)1/2]/[2-S(R+1+(R+1)1/2]}   
 
LMTD – Log mean temperature difference 
LMTD for Counter current flow  
= ((Thi-Tco)-(Tho-Tci)) / ln ((Thi-Tco) / (Tho-Tci))  (6) 
LMTD for Co current flow  
= ((Thi-Tci)-(Tho-Tco)) / ln ((Thi-Tci) / (Tho-Tco))  (7) 
U= [Qh or Qc] / [A*F*LMTD]    (8) 

Initially the heat transfer rate Q of the hot or cold water is calculated based on secondary measurements such as temperatures 
and flow rates using Eq. 1 or Eq. 2. Then the heat transfer area of the heat exchanger (A) is calculated based on the geometrical 
parameters. Next the capacity ratio R and effectiveness S are calculated with inlet and outlet temperatures of cold and hot water 
by using Eq. 3 and Eq. 4 respectively. The correction factor (F) for LMTD to account cross flow is computed using Eq. 5. LMTD 
for co current flow of cold and hot water is computed with inlet and outlet temperatures of cold and hot water using Eq. 7. Based 
on the calculated values of Q, A, F and LMTD the overall heat transfer coefficient is calculated using the Eq. 8. The overall heat 
transfer coefficients of heat exchanger are computed and are presented in Table 3. 

 

3.      NEURAL NETWORK CONFIGURATION 

 
Feed forward back propagation neural networks model is the best general purpose model and probably the best at 

generalization. In this study feed forward back propagation neural network is selected to model the heat exchanger. The 
input/output dataset of the model is illustrated schematically in Fig. 3. The input parameters of the neural network are hot water 
inlet temperature, cold water flow rate and hot water flow rate (Thi, Fci and Fhi). The output parameter isoverall heat transfer 
coefficient (U).The input and output data summarized in Table 3 are used to develop the ANN model. 

After normalizing the input/output datasets within the range of -1 to 1 the network is trained. The normalized value for each 
raw input/output dataset was calculated by using a formula  

 pn = 2*(p-minp) / (maxp-minp) – 1  (9) 
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where, p - input/output data, pn - normalized value of p,   minp - minimum value of p, maxp - maximum value of p. 
 

The network architecture consists of number of neurons and layers;and are very important factors that determine the 
functionality and generalization capability of the network. For this model, a standard multilayer feed forward back propagation 
hierarchical neural network is designed with MATLAB 2007b Neural Network Toolbox [23].The networks contain of three 
layers: the input layer, hidden layer, and output layer. In order to determine the number of hidden layers and neurons are by trial 
and error method. The networks have three neurons in the input, corresponding to each of the three process input parameters and 
one neuron in the output layer, corresponding to the process response. In this one hidden layer with eight neurons is found to be 
most suitable for model development is shown in Fig. 4. For networks linear transfer function ‘purelin’ and tan sigmoid transfer 
function ‘tansig’ is used in the output and hidden layer respectively.  
 

Table 3 Experimental design using full factorial design of experiments and their outputs (cold water inlet temp = 27°C) 

 
 

Experimental data set (27) are used for training, validation and testing of network. In this twenty one data set are used to train 
the neural network, three data set are used for validation and remaining three are used for testing the network. The training is done 
with 21 input-output patterns using ‘trainlm’ algorithm of ANN. The input values are fed forward through the network and during 
the transmission are modified by weighting and transfer function (i.e. tansig) associated with each link. Each neuron in hidden 
layer receives multiple inputs from other neurons (i.e. inputs) and generates a single output, which is then fed onto the neurons in 
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the next layer (i.e. output layer). The predicted values, which are fed into output nodes, are compared with the corresponding 
measured values and any differences. This process is known as single training cycle or iteration. The cycle is repeated 
sequentially using back propagation algorithm so that training proceeds iteratively until the mean square error (MSE) between the 
predicted output and corresponding measured values is reduced to an acceptable level. The learning factors are set as goal (MSE) 
of 10-10 and epochs (iteration) of 1000.The variation of MSE during the training is shown in Fig.5. In this desired MSE is achieved 
after 6 epochs. 
 

 

Fig. 3 ANN Modelfor shell and tube heat exchanger 

 
Fig. 4 Developed Neural Network (3-8-1) model for shell and tube heat exchanger 

4.RESULTS AND DISCUSSIONS 

 
Initially,the trained ANN was tested by presenting 21 input patterns, which were employed for the training purpose. For each 

input pattern, the predicted values of overall heat transfer coefficientis compared with the respective measured values and the 
absolute percentage error is compared, which is given as 
% Absolute error=│(Yi,exp–Yi,pred)/(Yi,exp)│*100 (10) 

Where, Yi, exp - is the measured value and Yi, pred - is the ANN predicted value of the response for ith trial.  
 

 
Fig. 5 Training graph of developed ANN model for shell and tube heat exchanger 
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The performance capability of network is examined based on the absolute error percentage between the network predictions 
and the experimental values. It is identified that the predicted and experimental values are very close to each other. Through 
regression analysis between the network response and the corresponding targets the performance of a trained network is 
identified. This is carried out by using ‘postreg’ function in Matlab. The graphical output of ‘postreg’ is shown in Fig. 6 for 
overall heat transfer coefficient (U). The correlation coefficient (R) is identified between the outputs and targets to measure the 
variation. If R value is 1 then it indicates perfect correlation between the target (T) and predicted outputs (A). In this case, the R 
value of both the outputs cold water and hot water outlet temperature is 1, it indicates that the model had very good correlation. 
This confirmed that the models have more accuracy for predicting the process parameters. 

Network is validated using three validation data set from the experimental data which are not belonging to the training data 
set. The ANN model is validated by validation data setand then compared with the actual (real) values. It is observed that 
predicted values of UDesignare very closer to the actual values that are shown in Fig.7. It is also found that maximum absolute error 
of UDesign is 3.47% tabulated in Table 4. This shows that the accuracy of model for predicting the process responses is satisfactory.
  

 

Fig. 6 Training Output graph of developed ANN model for overall heat transfer coefficient 
 

Table 4 Experimental results vs ANN prediction results for validation 

Thi 
°C 

Fhi 
Lph 

Fci 
Lph 

Tco 
°C 

Tho 
°C 

U (kW/m2.°C)  
% 

Error Actual 
value 

ANN 

40 65 100 32.5 34 0.1821 0.1872 2.80 
40 85 300 32.75 34.75 0.1872 0.1937 3.47 
50 85 200 34.25 37 0.2715 0.2673 1.55 
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Fig.7Validation output graph of developed ANN model for overall heat transfer coefficient 

For testing of network, three data set are used from the experimental data which are not belonging to the training and 
validation data set. For this testing data set, the overall heat transfer coefficient is predicted using the ANN model and then 
compared with the actual (real) values. It is observed that predicted values of UDesignare very closer to the actual values that are 
shown in Fig.8. It was also found that maximum absolute error of UDesign is 2.53% tabulated in Table 5. This indicates that the 
model accuracy for predicting the process responses is well adequate for generalization. NN model for U is developed to study the 
performance of heat exchanger.  

Table 5Experimental results vs ANN prediction results for testing 

Thi 
°C 

Fhi 
Lph 

Fci 
Lph 

Tco 
°C 

Tho 
°C 

U (kW/m2.°C)  
% 

Error Actual 
value 

ANN 

40 75 200 33 34.5 0.1951 0.1961 0.51 
50 75 100 34.5 37 0.2491 0.2554 2.53 
60 75 300 36.5 39.5 0.2820 0.2848 0.99 

 

 

Fig. 8 Training output graph of developed ANN model for overall heat transfer coefficient 

6.CONCLUSION 

 
The experiments were conducted on a 1-1 shell and tube heat exchanger with different cold water flow rates, hot water flow 

rate, and hot water inlet temperature. The experimental observations were used for ANN model development. A feed forward back 
propagation neural network model was developed to predict the overall heat transfer coefficient of heat exchanger. Developed 
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ANN model was validated and tested with experimental values. Good agreement was identified between the predictive model 
results and the experimental measurements. It was found that the maximum validation and test error for prediction of overall heat 
transfer coefficient was 3.47 % and 2.53 % respectively by comparing predicted values of ANN model with experimental results. 
Developed model was used to assess the performance of heat exchanger. 
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