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ABSTRACT

The accumulation of undesirable deposits on the heat exchange surface represents a critical issue in industrial heat
exchangers. Taking experimental measurements of the fouling is relatively difficult and, often, this method does
not lead to precise results. To overcome these problems, in the present study, a new approach based on an Arti-
ficial Neural Network (ANN) is used to predict the fouling resistance as a function of specific measurable variables
in the phosphoric acid concentration process. These include: the phosphoric acid inlet and outlet temperatures,
the steam temperature, the phosphoric acid density, the phosphoric acid volume flow rate circulating in the loop.
Some statistical accuracy indices are employed simultaneously to justify the interrelation between these indepen-
dent variables and the fouling resistance and to select the best training algorithm allowing the determination of
the optimal number of hidden neurons. In particular, the BFGS quasi-Newton back-propagation approach is
found to be the most performing of the considered training algorithms. Furthermore, the best topology ANN
for the shell and tube heat exchanger is obtained with a network consisting of one hidden layer with 13 neurons
using a tangent sigmoid transfer function for the hidden and output layers. This model predicts the experimental
values of the fouling resistance with AARD% = 0.065, MSE = 2.168 × 10−11, RMSE = 4.656 × 10−6 and r2 = 0.994.
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Nomenclature
A Heat transfer area
C Corrective factor
Cp Specific heat
F Fouling resistance
g Gravity acceleration
HMT Total head of the pump
_m Mass flow rate
P Pressure
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Q Heat transfer rate
T Temperature
t Time
U Overall heat transfer coefficient
_v Volume flow rate

Greek Letter
ρ Density

Indices and Exhibitors
ac Acid
c Clean state
cir Circulation
d Discharge
exp Experimental
f Under fouling condition
in Inlet
ml Logarithmic mean
out Outlet
pred Predicted
s Sunction
st Steam

Symbols
Δ Difference
|| || Average

1 Introduction

In the last few years, manufactures are concentrated in seek high energy performance in front of the
increment in the energy prices and rarefaction of primary energy sources. In this context, manufacturers
developed optimized processes and optimal technical equipment. The heat exchanger is considered as an
omnipresent and essential part of the energy performance strategy. Its principle of operation is to transfer
thermal energy from one fluid to another without mixing them [1]. To improve the efficiency of heat
transfer and optimize the energy recovery to ensure the best profitability of this equipment can be done
by various techniques, such as: optimal design, appropriate control of functioning conditions, regular
cleaning and predictive maintenance of heat exchangers. One of the preponderant problems in the
reduction of the performances of these installations is the fouling which created by the accumulation of
solid materials on the side surfaces of heat exchangers [2]. Among several industries that are the most
concerned by the fouling problem is the chemistry industries [1]. The geometry of the heat transfer
surface, the operation conditions of the fluid and the heat exchanger are some variables that can have a
huge effect on the fouling [3,4]. To establish an empirical or semi-empirical correlation to accurately
predict exactly the fouling resistance is hard by considering all measurable variables of the system.

In the recent years, the Artificial Neural Network (ANN) approach attracted the attention through their
promising results in the modeling of the complex systems, especially to estimate the fouling resistance in heat
exchangers. It has been widely used, particularly in the conception and the control [1,5,6], and in the
simulation of the performances [7]. This approach was also used as an alternative technique to assess the
fouling resistance in tube heat exchangers [8,9]. Davoudi et al. [8] used artificial neural network (ANN)
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to predict the fouling factor from certain easily measurable variables of the system. The authors developed an
ANN model by using an important experimental datasets for the fouling factor. Certain statistical accuracy
indices and the calculation effort were employed in this research to determine the best performance algorithm
and the optimal numbers of hidden neurons. They concluded that the regulation approach by back-
propagation has the best performance among the considered training algorithms. In other research [9], the
ANN was also utilized to build the fouling resistance model in shell and tube heat exchanger by [9]. The
developed model will be used as the prediction tool in order to optimize operation conditions and
predictive maintenance of shell and tube heat exchanger.

So, the purpose of this study is to develop a reliable model allowing estimating the fouling resistance
with an acceptable accuracy by using 295 experimental datasets for shell and tube heat exchanger of the
concentration phosphoric acid plant. The ANN method used in this work allows obtaining interesting
results concerning the modeling and the prediction of the heat exchanger performances losses due to the
fouling phenomena.

2 Process Description

The role of the experimental process installed at phosphoric acid production industry is to concentrate
the phosphoric acid from 28% to 54% P2O5 in a closed loop forced-circulation evaporator, operating in
vacuum tanks to a barometric condenser. The flow diagram of the experimental process is shown in
Fig. 1. The concentration system consists of a shell and tube heat exchanger, a centrifugal pump, a boiler
or expansion chamber, a barometric condenser and a basket filter [10].

In the aim of protect the pump from abrasion and limit the fouling in the heat exchanger, the dilute and
the circulating phosphoric acid mixed at the level of the basket filter. This can minimize the frequency of
washing. The blend formed is then aspirated from the circulation pump which sends it to the heat
exchanger in order to raise their temperature from 70°C to 80°C. In the other side of the heat exchanger,
the steam undergoes a condensation at a temperature of 120°C. The condensate outlet is transmitted to a
storage tank before being sent back to the utility station. In the exit level of the heat exchanger, the

Figure 1: Schematic drawing of the experimental process
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superheated mixture of phosphoric acid passes into the boiler where an amount of water evaporates and the
concentrated acid is produced by overflowing in a piping system inside the boiler. The remaining quantity of
phosphoric acid is recycled. The condenser also ensures incurring non-condensable gases coming out from
the boiler by the effect of a hydro-ejector. At the bottom of the barometric guard, the sea water is recovered in
a tank of guard before being released into the sea.

The experimental process is equipped with temperature and pressure sensors in order to measure and
monitor the operation of the process, control pump speed, and temperatures in phosphoric acid side in
heat exchanger, and therefore vary the heat transferred between the phosphoric acid and steam.

As shown in Fig. 1, the measure of temperatures and pressures were done at the input and output of the
heat exchanger and the centrifugal pump, respectively. The setup was equipped with a data acquisition
system. The frequency of data acquisition was every two hours due to the long time of formation of
fouling deposit. A Pt100 temperature sensor was used in this study to measure the temperatures in the
heat exchanger. A densimeter DMA35 and a diaphragm pressure gauge with an uncertainly of ± 0.05%
and ± 1.6%, respectively, were used to measure the density of the phosphoric acid and the pressure.
Table 1 presents the parametric ranges of operating variables of the concentration loop.

3 Calculation Procedure

The aim of this section is to calculate the experimental values of fouling resistance. It can be determined
by following these steps:

1. Determine the mass flow rate of circulating phosphoric acid ( _mac;cir) which is given by the following
equation:

_mac;cir ¼ _vac;cir � qac (1)

The volume flow rate of circulating phosphoric acid is calculated by considering simultaneously the
characteristic curve of the pump and the expression which allows calculate the total head of the pump
(HMT) [1,11].

_vac;cir ¼ f ðHMTÞ (2)

HMT ¼ Pd � Ps

qac � g
(3)

Ps and Pd are the suction and discharge pressure of the pump, respectively, ρac is the density of
phosphoric acid and g is the gravity acceleration (= 9.81 m.s−2).

Table 1: Parametric ranges of operating variables of concentration loop

Variable Unit Designation Measurement ranges

Acid inlet temperature °C Tin,ac 67.2–77

Acid outlet temperature °C Tout,ac 75.2–87

Steam temperature °C Tst 107–122

Suction pressure bar Ps 1–1.6

Discharge pressure bar Pd 2.35–3

Acid density Kg/m3 ρac 1610–1652
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2. Determine the heat transfer rate which is calculated by using the following expression [1]:

Qac ¼ _mac;cir � Cpac � ðTout;ac � Tin;acÞ (4)

Q, _m, T and Cp are the heat transfer rate, mass flow rate, temperature and the specific heat of the fluid,
respectively. Subscripts ac and st indicate phosphoric acid and steam, respectively, and subscripts in and out
indicate the inlet and outlet position of the heat exchanger, respectively.

3. Determine the overall heat transfer coefficients in the clean state (Uc) and under fouling condition (Uf )
[1,11]:

Uc ¼ Q

A� DTml � C

� �
t¼0

(5)

Uf ¼ Q

A� DTml � F

� �
t

(6)

A is the heat transfer area, C is the corrective factor for the average logarithmic temperature difference
(= 1 pure Counter Flow Arrangement) and ΔTml is the logarithmic mean temperature difference, defined as
[1,11]:

DTml ¼ Tout;ac � Tin;ac

ln
ðTst � Tin;acÞ
ðTst � Tout;acÞ

� � (7)

It is supposed that the cleaning between operational runs is perfect and that the heat exchanger is totally
free of fouling at the beginning of a new run. The overall heat transfer coefficient at the beginning of every
cycle is considered as the overall heat transfer coefficient in the clean state.

4. Determine the fouling resistance (F(t)) which is given by [1]:

FðtÞ ¼ 1

Uf
� 1

Uc
(8)

4 Prediction of Fouling Resistance Using Artificial Neural Network

ANN is a digital approach derived from the biological neuronal network of the human brain. It is used to
learn and to recognize complex nonlinear functions. The main advantage of ANN is their learning capacity
which makes a more powerful in comparison to the parametric approaches. The application of ANN in heat
transfer field is popular because of its functional approximation between desired inputs and outputs [12]. This
approach is used in this work as an efficient and powerful non-linear computational paradigm to model the
fouling resistance. The architecture of ANN is based on placing neurons in some successive and
interconnected layers. The feed-forward process is the most patterns used for connecting the layer of
neurons to each other. The output (O) is calculated according to the following mathematical relationship [1]:

O ¼ Tð
X
r

ðwrIr þ bÞÞ (9)

(wrIr) represents the weighting factor attached to the input, (b) is the bias coefficient and (T) refers to a
transfer function.
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The network was trained with back-propagation method in the aim of reducing the error between
experimental and predicted values of fouling resistance. Tangent sigmoid transfer function was selected to
be used in this study for the hidden and output layers and is expression as follows [1]:

TðyÞ ¼ ey � e�y

ey þ e�y
(10)

4.1 Databases
From the experimental data already collected and the correlations used to calculate the fouling

resistance, it can be concluded that the fouling depends on the following factors: - the inlet and outlet
temperatures of phosphoric acid, - the steam temperature, - the density of phosphoric acid, - the volume
flow rate of phosphoric acid, - and the time.

The application of ANN approach requires a big experimental data in order to link fouling resistance to
its associated independent variables. In this context, 295 experimental databases on the fouling resistance in
phosphoric acid concentration plant for shell-and-tube heat exchanger are collected. The range of these
experimental dataset is given in Table 1.

To estimate the fouling resistance (F) in heat exchanger, the developed Multilayer Perceptron (MLP)
network is composed by three layers: the input layer represents the values of the independent variables
and the output layer responsible to supply the value of dependent variable, i.e., fouling resistance. A
random subdivision was done in the input matrix: 70% is attributed to the training subset, 15% for the
validation subset and 15% for the test subset.

4.2 Selecting the Topology of the ANN Model
To find the optimal number of hidden layers and to determine the best number of neurons in every

hidden layer, it is necessary to develop a systematic procedure in order to select an appropriate design of
ANN model. A MLP network composed by a single hidden layer [1,8] is able to estimate the fouling
resistance in single-tube heat exchanger. On the other side, by maximization some statistical accuracy
indices, the optimal number of neurons in the hidden layer can be determined.

The statistical indices used in this work are: the absolute average relative deviation (AARD%), the mean
square errors (MSE), the root mean square errors (RMSE) and the correlation coefficient (r2). Their
mathematical expression is given below [1]:

AARD% ¼ 100

M

XM
i¼1

jFexp
i � Fpred

i j
Fexp
i

(11)

MSE ¼ 1

M

XM
i¼1

ðFexp
i � Fpred

i Þ2 (12)

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPM
i¼1

ðFexp
i � Fpred

i Þ2

M

vuuut
(13)
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r2 ¼
PM
i¼1

ðFexp
i � kFexp

i kÞ2 �PM
i¼1

ðFexp
i � Fpred

i Þ2

PM
i¼1

ðFexp
i � kFexp

i kÞ2
(14)

kFexp
i k is the average value of the experimental fouling resistance, Fpred is the predicted value of fouling

resistance using ANN modeling.

4.3 Number of Hidden Neurons
Table 2 gives the results of the accuracy analyses allowing finding the best number of hidden neurons for

shell-and-tube heat exchanger. Several MLP networks are built trained tested and their quantitative accuracy was
calculated as a function of the number of neurons which has been varied from one to twenty five. The selection
of the optimal number of hidden neurons is often based on the smallest MLP network offering an acceptable
accuracy. It must be emphasized that each topology is formed 20 times and only the best results are reported.

Table 2: Determination of the best topology of the MLP for shell-and-tube heat exchanger

ANN configuration AARD (%) MSE
(× 10−11)

RMSE
(× 10−6)

r2

6-1-1 0.077 3.786 6.153 0.990

6-2-1 0.073 2.522 5.022 0.993

6-3-1 0.057 2.740 5.235 0.992

6-4-1 0.063 2.398 4.897 0.993

6-5-1 0.065 2.670 5.168 0.992

6-6-1 0.067 3.001 5.477 0.992

6-7-1 0.047 2.202 4.693 0.994

6-8-1 0.062 2.863 5.351 0.992

6-9-1 0.083 3.976 6.305 0.989

6-10-1 0.066 2.952 5.433 0.992

6-11-1 0.080 4.517 6.721 0.988

6-12-1 0.083 4.467 6.684 0.988

6-13-1 0.065 2.168 4.656 0.994

6-14-1 0.081 4.423 6.651 0.988

6-15-1 0.089 5.291 7.274 0.987

6-16-1 0.080 3.861 6.214 0.989

6-17-1 0.089 4.978 7.056 0.986

6-18-1 0.089 4.401 6.634 0.988

6-19-1 0.088 5.231 7.232 0.987

6-20-1 0.095 5.215 7.222 0.986

6-21-1 0.095 5.487 7.407 0.985

6-22-1 0.098 5.006 7.075 0.986

6-23-1 0.093 5.294 7.276 0.986

6-24-1 0.099 5.275 7.263 0.985

6-25-1 0.081 5.207 7.216 0.987
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In this study, the optimal architecture for the fouling resistance prediction of heat exchanger is composed
by a single hidden layer feed-forward network containing 13 hidden neurons with a tangent transfer function.
This topology supplies the total AARD % = 0.065, MSE = 2.168 × 10−11, RMSE = 4.656 × 10−6 and r2 =
0.994 for the shell-and-tube heat exchanger.

4.4 Training Algorithm
The MLP network with an optimal configuration is trained with various learning algorithms and a

comparison between these algorithms are made based on their accuracy in order to find the algorithm
which supplies a predictive precise accuracy.

Table 3 presents the global AARD %, the MSE, the RMSE and the r2 for three different algorithms.
Based on the calculation precision, the BFGS quasi- Newton back-propagation offers the best
performance. This algorithm presents the smallest total AARD %, MSE and RMSE and the highest value
for r2. Consequently, the BFGS quasi-Newton back-propagation learning algorithm is the most
appropriate learning algorithm for the considered task.

4.5 Model Evaluation for Prediction of Fouling Resistance
The MLP developed approach was trained validated and tested using 295 experimental data. Fig. 2

presents a comparison between the experimental datasets of the fouling resistance as a function of time
and their corresponding estimated values by using ANN approach. According to this figure, it can be
concluded that the ANN model predicts the experimental values of fouling resistance with an acceptable
accuracy.

Table 3: Comparison the AARD%, MSE, RMSE and r2 of various training algorithms over whole datasets

Algorithm AARD
(%)

MSE
(× 10−11)

RMSE
(× 10−6)

r2

BFGS quasi-Newton backpropagation 0.065 2.168 4.656 0.994

Gradient descent backpropagation 0.115 5.597 7.481 0.988

Scaled Conjugate gradient backpropagation 0.082 3.718 6.097 0.990
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Figure 2: Performance of the proposed model for the prediction of fouling resistance on the datasets for
shell-and-tube heat exchanger
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5 Conclusions

In the present study, the ANN approach was used to predict the fouling resistance in shell-and-tube heat
exchanger in diverse functioning conditions. The MLP developed network was trained using
295 experimental data and their accuracy was verified. The maximization of certain error indices used in
this work has confirmed that 13 hidden neurons are sufficient for an accurate estimation of the considered
variable associated for the studied heat exchanger. Furthermore, the BFGS quasi-Newton back-
propagation approach is the best performed algorithm. The excellent prediction of the developed ANN
model for the fouling resistance justifies the fact that it is a practical tool to integrate a mathematical
model in order to estimate a cleaning schedule for the heat exchanger and control operation of the
phosphoric acid concentration plant.
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