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Abstract—The controlling of heat exchanger using conventional PID controller always face the problem of having limiting performance due to 

unpredictable unsteady state thermal behavior of heat exchangers. In recent decades, the applications of neural network for thermal analysis of 

heat exchangers have been extensively studies by great amount of researchers and institutions. The non-linear characteristic of neural network 

is deemed to possess great potential to accurately predict heat exchangers performance. A multilayer feedforward network has been chosen as 

the base network architecture to construct a neural network model for heat exchanger. The network has been trained by using backpropagation 

algorithm to obtain simulated result. The result was compared with the raw data. The network architecture without partitioning of data was 

fully developed using MATLAB simulation which number of neurons and transfer functions at each layer were determined before a neural 

network model can be constructed in Simulink Model. The neural network developed in Simulink will be integrated with PID controller based on 

Internal Model Control model-based design strategy. The tuning relations used for the PID controller settings are now set to be Cohen Coon, 

ITAE and IAE tunings. The result of this research will help to improve the prediction of heat exchanger performance.  
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I. INTRODUCTION  

In past few decades, energy minimization has gained 

increasing attention around the globe as a result of rising oil 

prices and depletion of natural resources as energy sources 

[1,2]. In the effort of reducing energy consumption, dozens of 

approaches have been applied and the use of advanced 

modelling and control methods seems to have such potential 

[1].  In industries such as chemical or oil and gas plant, heat 

exchanger undoubtedly is one of the most significant utility 

equipment as it helps plant to save energy and thus reduces the 

operating cost. Heat exchangers are often studied through the 

typical old-school way, which is by using first and second 

laws of thermodynamics analytically or experimentally [3]. 

Nonetheless, these methods have their own complications for 

the dynamic behavior of heat exchanger can be extremely 

unpredictable thus various assumptions and equations need to 

be considered. With the advancement of technology 

nowadays, artificial neural network (ANN) models have been 

developed and used to analyze the thermal behavior of heat 

exchangers [4].  

Neural network, also known as artificial neural network, is 

a computational model developed which possesses the 

information processing capabilities of nervous system. A 

neural network model is made up of multiple highly-

interconnected processing units named neurons. Being 

inspired by the natural neuron, an artificial neuron receives 

inputs which will then be multiplied by the weights (strength 

of the input signals), followed by computation through 

mathematical function that determines the output of artificial 

neuron [6]. The strengths of a neural network are that it 

possesses the ability to learn through the means of a set of 

training data, capability of generalization and association of 

data as well the fault tolerance in the sense of handling noise  

and incomplete information [7]. Also, neural network 

consists the feature of parallelism which enables computations 

of multiple neurons simultaneously [8]. 

Neural network is often designed using multilayer 

feedforward back propagation algorithm. Multilayer 

feedforward network (MLFFN), or commonly known as 

multilayer perceptron (MLP), is one of the most popular 

neural networks used in the present. In general, MLFFN 

contains an input layer, single or multiple hidden layer(s) and 

an output layer. But most of the time, only one hidden layer 

will be chosen as target of study. To define a feedforward 

network, it is a network whereby the neuron in one layer is 

connected to the neuron of the subsequent layer, towards the 

direction of output layer [7]. Typically, the layers are entirely 

connected in the sense of all neurons at one layer are 

connected with all neurons at the next layer.  

In order to model the shell-and-tube heat exchanger chosen 

from Crude Preheat Train in a refinery plant, six sets of 

historical data are extracted from oil refinery industry for a 

period of 15 days. The data collected consists of inlet flowrate 

of shell side, inlet flowrate of tube side, inlet temperature of 

shell side, inlet temperature of tube side, outlet temperature of 

shell side and lastly outlet temperature of tube side. In the heat 

exchanger chosen, the fluid at the shell side is crude oil while 

Low Sulphur Waxy Residue (LSWR) is the fluid at tube side. 

II. METHODOLOGY  

A. Variable Identification 

The input variable consists of four components while the 

output contains two components. The input variables are inlet 

tube temperature, inlet shell temperature, inlet tube flowrate 

and inlet shell flowrate. On the other hand, outlet tube 

temperature and outlet shell temperature are the components 

that will be determined via neural network model. 
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B. Data Collection from Heat Exchanger 

Historical data of heat exchanger in Crude Preheat Train 

are collected for a period of 15 days. The data collected 

includes the shell inlet flow rate (Wc), tube inlet flow rate 

(Wh), shell inlet temperature (Tci), tube inlet temperature (Thi), 

shell outlet temperature (Tco) and tube outlet temperature 

(Tho). These six sets of data will determine the number of input 

variables. 

C. Construction of Network Architecture and Training of 

Data 

The data is first trained by using backpropagation 

algorithm which the outputs are already known. The 

prediction of outputs through transfer function in each layer of 

neural network is compared with desired output in order to 

modify the weights of each layer. To design the network 

architecture, one of the MATLAB features, Neural Network 

Toolbox is used. For construction of network architecture, the 

transfer functions of all layers and number of hidden layer 

neurons are tuned accordingly in MATLAB coding in order to 

obtain the closest predicted output with the original data. The 

training set of data will be imported from Excel file named 

“Data” to MATLAB’s Neural Network Data Manager to start 

training the model. 

D. Validation and Testing of Data 

After the neural network has been successfully developed 

by training data set, validation of the neural network is carried 

out by using validation data set. Once the result obtained from 

validation is satisfying, the last set of data, testing data set will 

be used for testing of neural network developed. Evaluation 

will be done on the errors obtained during validation and 

testing stages. 

E. Construction of Neural Network in Simulink  

Once the neural network has been developed through the 

aforementioned three sets of data in the Neural Network Data 

Manager, Simulink Model of Neural Network will be 

constructed in the workspace of MATLAB. In prior to the 

construction of Internal Model Control system in Simulink, it 

is mandatory that fundamental heat exchanger model to be 

developed. In this research, two fundamental models are 

developed by using the overall energy balance of heat 

exchanger. For the first model, it functions to predict the outlet 

temperatures (shell and tube sides) of heat exchanger based on 

four input variables which are inlet temperatures of shell and 

tubes sides as well as inlet flow rates at shell and tube sides. 

For the second model, it is developed to predict the tube flow 

rate based on the outlet properties estimated by the neural 

network. It is known that the properties of the heat exchanger 

and process fluids to be:  

 

 

 

 

 

 

where ch is heat capacity of the fluid in the shell (J/kg), cj is 

heat capacity of the fluid in the shell (J/kg), U is the overall 

heat transfer coefficient (J/m2K.s), A is the area involved in 

the heat transfer (m2), mc is the weight of fluid inside the 

shell, mh is the weight of fluid inside the tube 

F. Process Modelling 

Three process models are developed and they are linear 

process model, polynomial model and nonlinear model. In 

order to model the non-linear dynamics behavior of heat 

exchanger, neural networks with Nonlinear Auto Regressive 

with eXogenous (NARX) structure is used. MATLAB’s 

System Identification Toolbox is used for generation of non-

linear model. The function of this toolbox is to develop 

mathematical models of a nonlinear system in accordance with 

measured data. Moreover, a Graphical User Interface (GUI) 

that contains various kind of transfer functions and enables 

easy access of all variables is the other features of System 

Identification Toolbox, as shown in Figure 1 below. 

 
Fig. 1. Graphical User Interface (GUI) of System Identification Toolbox 

G. Implementation of Neural Network as Control Strategy 

The last stage of neural network modelling is to implement 

the neural network developed as control strategy. To realize 

this, a scheme called Internal Model Control (IMC) is used for 

the integration of neural network with Proportional, Derivative 

and Integral (PID) controller. For the PID controller, the 

tuning parameters (gains) are based on ITAE, IAE and Cohen 

Coon tuning methods in order to determine the optimum 

control setting for the controller  

III. RESULTS AND DISCUSSION  

A. Construction of Neural Network Architectures 

The first part on the research will be focusing on 

construction of neural network architecture. For this, the 

transfer functions and neurons number in each of the three 

layers of Multilayer feedforward network have been 

determined. The neural network without partitioning of data in 

MATLAB is configured by changing the transfer function and 

number of neuron in hidden layer until the root mean square 

error has been minimized to an acceptable range or has 

become as close as value 1. The architectures for both 

partitioning and non-partitioning of data are determined.  
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TABLE I. Configuration of neural network in MATLAB (without partitioning 

of data) 

Parameters Variable 

Network 
Feedforward 

backpropagation 

Training function 
Levenberg-Marquardt 

(TRAINLM) 

Adaptation learning function LEARNGDM 

Performance function Mean Squared Error (MSE) 

Epochs 3 

Layer 1 

(Input) 

No. of neurons  10 

Transfer function PURELIN 

Layer 2 

(Hidden) 

No. of neurons  32 

Transfer function PURELIN 

Layer 3 

(Output) 

No. of neurons  2 

Transfer function PURELIN 

 

Based on the configuration shown in Table 1 above, the 

performance of network architecture designed was tested with 

the data obtained from heat exchanger. The best training 

performance obtained is 0.0079602 at epoch (iteration), as 

shown in Figure 2. Regression plot in Figure 3 shows the 

performance of the training which has R-value of 0.97444. 
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Fig. 2. Performance plot (without partitioning of data) 
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Fig. 3. Regression plot of training data (without partitioning of data) 

B. Process Modelling 

Before the neural network model can be developed in the 

Simulink, it is necessary to determine the transfer function of 

dynamic heat exchanger model. To improve the reliability of 

the simulation result, transfer function of three different 

models are generated, namely linear Process model, 

Polynomial model and nonlinear model for both shell and tube 

sides, respectively.  This part is only done for non-partitioning 

data 

Shell side of heat exchanger: 
i. Process model (linear)  

 

 
Fig. 4. Linear process model at shell side 

 

Process model with transfer function: 

 
Best fits with original data: 53.51% 

ii. Polynomial model  
 

 
Fig. 5. Polynomial model at shell side 

 

Best fits with original data: 96.27%. 

 

iii. Nonlinear ARX model  



 International Journal of Scientific Engineering and Science 
Volume 3, Issue 2, pp. 10-15, 2019. ISSN (Online): 2456-7361 

 

 

13 

http://ijses.com/ 

All rights reserved 

 
Fig. 6. Nonlinear ARX model at shell side 

 

Nonlinear ARX model with 1 output and 1 input  

Inputs: u1   Outputs: y1 

Standard regressors corresponding to the orders: 

 
Best fits with original data: 74.38% 

Tube Side of Heat Exchanger 

i. Process model (linear) 

 

 
Fig. 7. Process model at tube side 

 

Process model with transfer function:  

 
Best fits with original data: 40.47% 

ii. Polynomial model  

 
Fig. 8. Polynomial model at tube side 

 

Best fits with original data: 90.1% 

iii. Nonlinear ARX model  
 

 
Fig. 9. Nonlinear ARX model at tube side 

 

Nonlinear ARX model with 1 output and 1 input  

Inputs: u1   Outputs: y1 

Standard regressors corresponding to the orders: 

 
Best fits with original data: 52.67% 

C. Contsruction of Neural Network in Simulink 

 
Fig. 10.  Neural network model in Simulink for linear process model and 

polynomial model 
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Fig. 11. Neural network model in Simulink for nonlinear ARX model 

D. Implementation of Neural Network in Internal Model 

Control (IMC) 

The tuning parameters of PID controllers are first 

determined for ITAE, IAE and Cohen Coon methods 

respectively. Shell and tube sides are tested separately. Since 

the process models of polynomial and nonlinear ARX models 

are too complex, linearization of them is not possible. Hence, 

PID tuning parameters for these two models are taken from 

that of linear process model. Figure 12 below shows response 

of shell and tube outlet temperature simulated via IMC.  

 

 
Fig. 12. Graph of temperature vs time based on IMC control system 

 

Shell side 

From the transfer function of linear process model, 

 
 

 

 

TABLE II. Control tunings at shell side 

 
ITAE IAE Cohen Coon 

Proportional (Kc) -23.883 -25.849 -89.167 

Integral ( ) -1.1573 -1.343 27.1627 

Derivative ( ) 7.57949 8.213 2.75715 

By applying these parameters in PID controller in IMC 

system, the PID responses are shown in Fig. 13 and 14.  

 

 
Fig. 13. PID response for Linear Process Model (shell side) 

 

 
Fig. 14. PID response for NARX model (shell side) 

 

Tube side 

From the transfer function of linear process model,  

 
 

 

 
 

TABLE III. Control tunings (ITAE, IAE and Cohen Coon) at tube side 

 
ITAE IAE Cohen Coon 

Proportional (Kc) -72.1653 -76.9223 -571.704 

Integral ( ) -0.09842 -0.11201 24.17043 

Derivative ( ) 7.016103 7.479317 1.114729 

 

By applying these parameters in PID controller in IMC 

system, the PID response are shown in Fig. 15 and 16 below.  
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Fig. 15. PID response for Linear Process Model (tube side) 

 

 
Fig. 16. PID response for NARX model (tube side) 

 

Comparing between the PID response for shell and tube 

side, it is seen that the response at shell side tends to be more 

stable or with less oscillation. Hence, the process model 

developed at the shell side is better than that at tube side in 

general. There is less difference to be observed between the 

response using ITAE and IAE tuning parameters. Among all 

these three tuning parameters, Cohen Coon method shows the 

poorest results with the largest oscillation and overshoot. 

IV. CONCLUSION  

Neural network modelling has been constructed by building 

a proper network architecture. The finding shows that 

partitioning of data into training, validation and testing sets 

would be helpful in yielding better accuracy result.  

Apart from that, transfer functions of heat exchanger 

model have been developed by using System Identification 

Toolbox. For each shell and tube sides, 3 different models 

were chosen, namely process model (linear), polynomial 

model and nonlinear ARX model. Of these three models, 

polynomial model generally yield the best performance (96% 

similarity for shell side and 90% similarity for tube side).  

After implementing neural network constructed in IMC 

control system, three PID tuning parameters are applied, 

namely ITAE, IAE and Cohen Coon. Overall results of PID 

response in Simulink shows that ITAE and IAE lead the 

similar result while Cohen Coon tunings shows the poorest 

results with large overshoot and unstable response. On the 

other hand, comparing the performance of neural network at 

shell and tube side, the response obtained at the shell side 

show better results with smaller oscillation, indicating more 

stable response. This can be concluded that the process models 

developed for shell side is generally better than process 

models developed at tube side. 
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