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a b s t r a c t

The fouling factor (Rf) is an operating index for measuring an undesirable effect of solids’ deposition on
the heat transfer ability of heat exchangers. Accurate prediction of the fouling factor helps appropriate
scheduling of the cleaning cycles. Since diverse factors affect this operating feature, it is sometimes
hard to estimate the fouling factor accurately using simple empirical or traditional intelligent meth-
ods. Therefore, this study employs four up-to-date machine-learning algorithms (Gaussian Process
Regression, Decision Trees, Bagged Trees, Support Vector Regression) and a traditional model (Linear
Regression) to estimate the fouling factor as a function of operating and constructing variables. The 5-
fold cross-validation using 9268 data samples determines the structure of the considered estimators,
and 2358 external datasets have been utilized for models’ testing. The relevancy analysis confirms
that the most accurate predictions are achieved when the square root of the fouling factor (

√
Rf)

is simulated. The Gaussian Process Regression (GPR) shows the highest level of agreement with the
experimental samples in both the model construction and testing stages. The trained GPR model scored
an R2 value of 0.98770 and 0.99857 on the internal and external datasets, respectively. The model
predicts the overall 11626 experimental samples (Davoudi and Vaferi, 2018) with the MAPE = 13.89%,
MSE = 7.02 × 10−4, and R2

= 0.98999. The proposed GPR model outperforms the previously suggested
artificial neural network for estimating the fouling factor in heat exchangers.

© 2022 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Process monitoring is a common practice to ensure product
uantity (Qiao et al., 2022) and quality (Fortuna et al., 2005),
quipment health (Musa et al., 2021; Said et al., 2022), minimize
azardous materials and potential risks (Bernechea and Viger,
013), enhance energy efficiency (Ejaz et al., 2021; Mota et al.,
018), reduce loss level (Hosseini and Vaferi, 2022), and so
n. Heat exchangers are among the most widely used thermal-
ased equipment in diverse domestic and industrial applica-
ions, including HVAC (heating, ventilation, and air conditioning)
Sukarno et al., 2021; Sun et al., 2021), bone micro-grinding (Yang

∗ Corresponding authors.
E-mail addresses: amitk@qu.edu.qa (A. Khandakar), behzad.vaferi@iau.ac.ir

B. Vaferi).
ttps://doi.org/10.1016/j.egyr.2022.06.123
352-4847/© 2022 Published by Elsevier Ltd. This is an open access article under the
et al., 2021), food processing (Dekhil et al., 2020), oil (Lai et al.,
2011), gas refinery (Fard et al., 2017), reforming process (Barnoon,
2021), petrochemical complex (Brodowicz and Markowski, 2003).
This energy-based equipment transfers heat between several
operating and utility streams with different temperatures (Hol-
man, 2010). They have an essential role in effectively utilizing
available energy sources (Ma et al., 2016) and reducing utility
costs (Ravagnani et al., 2005).

During heat exchangers’ operations, heat transfer surface areas
are possibly covered with various deposits available in either fluid
streams or formed by chemical/biological reactions and corrosion
inside a system (Cui et al., 2021; Davoudi and Vaferi, 2018;
Holman, 2010). These deposits may have different sources, such
as microbial (Xu et al., 2016), mineral (Kazi et al., 2015), corrosion
(Ren et al., 2019), particulate (Inamdar et al., 2016), and chemical
reaction (Ishiyama et al., 2017). Coating the heat transfer surface
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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rea by deposited solid particles increases thermal resistance and
ecreases the efficiency of heat exchangers (Davoudi and Vaferi,
018). Although the fouling factor or resistance (Rf) is widely
mployed as a parameter to describe how fouling affects a heat
xchanger (Genić et al., 2012; Holman, 2010), the literature has
lso highlighted several uncertainties associated with the fouling
esistance (Al-Janabi et al., 2009; Sloley, 2021). The overall heat-
ransfer coefficients of dirty (Udirty) and clean (Uclean) surfaces
etermined by experimental measurements of temperatures and
hermal flux are often used to calculate the Rf by Eq. (1) (Holman,
010).

f = U−1
dirty − U−1

clean (1)

he Rf unit is m2 K/kW. The fouling resistance behavior is a
undamental parameter for determining the cleaning schedule
Lozano Santamaria and Macchietto, 2019). The interested read-
rs are better refer to Lozano Santamaria and Macchietto study
o better familiar with the cleaning schedule of heat exchangers
Lozano Santamaria and Macchietto, 2019). This type of cleaning
tage decreases processing time, increases plant downtime, and
ts economic cost (Wallhäuzer et al., 2013).

There are different scenarios to detect/monitor the fouling
actor in heat exchangers. These methods rely on monitoring the
eight of clean and fouled surfaces (Tissier and Lalande, 1986),

low rates and temperatures (Kuwahara et al., 2015; Liporace
nd De Oliveira, 2007; Polley et al., 2007), overall heat transfer
oefficient (Shen et al., 2018), wall shear stress (Genić et al.,
012), and electrical (Chen et al., 2004), photothermal (Fujimori
t al., 1987), and acoustic and optical (Withers, 1996) signals
o measure the fouling factor in heat exchangers. Since rela-
ively all the laboratory and real-field measurements are often
ffected by different uncertainty sources, some researchers em-
loyed computational paradigms to estimate the fouling factor in
eat exchangers (Yang, 2020).
The main advantage of the computational methods is that they

nly use some previously measured variables to calculate the
ouling factor (Davoudi and Vaferi, 2018), and their online version
an be easily updated during process operation (Gudmundsson
t al., 2016). Diverse mathematical and intelligent methods such
s feedforward (Lalot and Pálsson, 2010), recurrent (Shaosheng
nd Ju, 2007), Chebyshev (Fan and Zhong, 2013), NARX (non-
inear autoregressive network with exogenous inputs) (Kumari
nd Srinivasan, 2017), and deep (Sundar et al., 2020) neural
etworks, least-squares (Ying and Nan, 2010) and conventional
upport vector machines (Sun et al., 2008), k-means (Wang and
an, 2012) and genetic (Tang et al., 2020) algorithms, extended
alman filter (Jonsson et al., 2007), computational fluid dynamics
Bayat et al., 2012), polynomial fuzzy (Delmotte et al., 2013), and
uzzy Takagi–Sugeno representation (Delrot et al., 2012), and long
hort-term memory (Madhu PK et al., 2021) have been used to
ither estimate or detect fouling phenomenon in heat exchangers.
ll these proposed techniques are either developed by small
umbers of actual information or they provide a relatively high
evel of prediction errors. Therefore, their generalization or/and
rediction accuracy are under doubt.
In the current research, 11626 actual samples previously ana-

yzed by Davoudi and Vaferi (Davoudi and Vaferi, 2018) have been
sed to develop an up-to-date and efficient smart methodology
or accurately calculating the fouling factor in the heat exchanger.
or doing so, three novel approaches (Gaussian Process Regres-
ion, Decision Trees, and Bagged Trees) along with two traditional
nes (Support Vector Regression and Linear Regression) have
een considered. Furthermore, an efficient 5-fold cross-validation
ith the relevancy analysis is also engaged in the current re-
earch. A systematic uncertainty monitoring and ranking analysis
elped choose the highest accurate model for the given objective.
 y
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Table 1
Number (percent) of samples in the internal and external datasets.
Internal dataset External dataset

Training Validation Testing

7414 (63.77%) 1854 (15.95%) 2358 (20.28%)

To the best of the authors’ knowledge, the constructed Gaussian
Process Regression (GPR) in this work is not only the most robust
model (developed by 11626 actual samples out of which 9268
data samples were used to train the model and the trained model
was tested on external 2358 data samples), but it also presents
the most accurate predictions.

2. Methodology

In this section, the experiment data is explained. The machine
learning models used will be described in detail, along with
the model development process and the measurement criteria
utilized to evaluate the performance of considered models.

2.1. Models’ development process

The complete methodology performed in the current study to
estimate the fouling factor in heat exchangers is schematically
presented in Fig. 1. A part of the 11626 collected experimental
samples (see Section 3), termed internal data, is engaged in the
5-fold cross-validation to choose the best topology of the consid-
ered machine learning models as well as find the most efficient Rf
ransformation. The performance of the constructed machines is
hen tested on a completely unseen dataset known as the external
ataset.
The 5-fold cross-validation splits the internal database into

ive equal folds first. Then one-fold is held out, and the model
s trained on the other four folds. The fold that is not used
alidates the performance of the model. This is continued until
ll folds are engaged in the validation stage. In this way, all five
olds engage in both training and validation stages. This allows
he construction of more robust and generalizable intelligent
stimators.
The number and percentage of the internal (training and val-

dation) and external (testing) databases are reported in Table 1.
t can be seen that eighty percent of the available samples are
sed during the 5-fold cross-validation to identify the topology
f the machines and determine the Rf transformation. The re-
aining twenty unseen samples have been utilized to check the
eneralization ability of the constructed estimators.

.2. Machine learning algorithm

In this study, four different machine learning models (Gaus-
ian Process Regression, Decision Trees, Bagged Trees, Support
ector Regression) and a traditional technique (i.e., Linear Regres-
ion) have been employed for this regression task. The underlying
echanisms behind these algorithms have been explained in this
ubsection.

.2.1. Gaussian process regression (GPR)
GPR is a Bayesian regression approach that works well on

mall datasets (Zazoum, 2021). Where most the supervised ma-
hine learning algorithms learn the exact values of the function
or each parameter, GPR learns a distribution of probability over
ll possible values (Williams and Rasmussen, 2006).
A linear function is assumed to explain this (Eq. (2)).
= wX + ε (2)
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Fig. 1. Flowchart of smart models’ development and validation.
h

PR will work by first taking a prior distribution, p(w), on the
arameter, w, and shifting the probabilities based on the training
ata using Bayes’ rule. The posterior distribution can be calculated
s follows:

osterior =
likelihood × prior
marginal likelihood

(3)

p (w|y, X) =
p (y|X, w) × p (w)

p (y|X)
(4)

The posterior distribution is calculated to incorporate meaningful
information from both the training data and prior distribution
into it.

2.2.2. Decision trees
Decision Trees are a non-parametric supervised learning met-

hod (Naik and Ianakiev, 2021). The goal is to create a model that
predicts the value of a target variable by learning simple decision
rules inferred from the data features (Khosravi et al., 2018). A tree
can be seen as a piecewise constant approximation.

2.2.3. Bagged trees
Bootstrap aggregation (bagging) is a type of ensemble learning

(Hussain et al., 2021). To bag a weak learner such as a decision
tree on a dataset, generate many bootstrap replicas of the dataset
and grow decision trees on the replicas. Obtain each bootstrap
replica by randomly selecting N out of N observations with re-
placement, where N is the dataset size. In addition, every tree
in the ensemble can randomly select predictors for each decision
split, and a technique called random forest (Breiman, 2001, 1996)
is known to improve the accuracy of bagged trees.

2.2.4. Support vector regression (SVR)
SVR is the support vector machine used for regression tasks

(Ighravwe and Mashao, 2020). The SVR algorithm was first pro-
posed by Vapnik in 2013 (Vapnik, 2013). SVR is non-parametric
as it uses kernel functions to build the model (Fan et al., 2005).
SVR minimizes L1 Loss or mean absolute error as shown below:

L1Loss =

(
1
n

) n∑
k=1

|yk − ŷk| (5)

where y represents the ground truth, ŷ represents the prediction,
and n shows the number of samples. The model essentially maps
the features such that each prediction deviates from its ground
truth by a value not larger than ε (default is 0.1 in Matlab) but
also ensures that the decision surface is as flat as possible.
8769
2.2.5. Linear regression
Linear regression is a basic type of predictive modeling that

explicitly explains the relationship between a dependent and in-
dependent variable (Bagherzadeh et al., 2022). The model created
has linear coefficients. Linear regression minimizes the residual
sum of squares between the ground truth and predictions. This
type of modeling, while easy to understand, is not robust.

2.3. Models’ accuracy measurement

Monitoring the prediction accuracy of a given model is an
important stage for determining its most efficient topology and
comparing its performance with another potential/available sce-
narios. Diverse statistical uncertainty criteria are available to
monitor the deviation between actual data and their related
predictions. This study considers mean squared errors (MSE),
mean absolute error (MAE), regression coefficient (R2-value), rel-
ative absolute error (RAE%), and mean absolute percentage er-
ror (MAPE%). The mathematical expressions of these criteria are
defined by Eq. (6) to Eq. (10) (Cao et al., 2022; Qiao et al., 2021).

MAPE% = (100/n) ×

n∑
k=1

⏐⏐ŷ − y
⏐⏐ /y (6)

MSE = (1/n)
n∑

k=1

(
ŷ − y

)2 (7)

MAE = (1/n) ×

n∑
k=1

⏐⏐ŷ − y
⏐⏐ (8)

RAE% = 100 ×

n∑
k=1

⏐⏐ŷ − y
⏐⏐ / n∑

k=1

|y − y| (9)

R2
= 1 −

[
n∑

k=1

(
ŷ − y

)2
/

n∑
k=1

(y − y)2
]

(10)

ere y is the mean of the ground truths, and n represents the
number of samples.

3. Laboratory-measured fouling samples

As mentioned earlier, the current work utilizes 11626 labora-
tory-measured fouling factors for developing as well as testing
the considered methods. The complete information about this
database has been presented in the supplementary materials. The
fouling factor has been reported as a function of fluid chemistry
(composition) and velocity, its oxygen content, surface and fluid
temperature, operation time, and available cross-section for fluid
flow.
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.1. Preprocessing

The present section reviews normalization (scaling) and Rf
ransformation accomplished as two main preprocessing stages.

.1.1. Scaling (normalization)
Before beginning the training stage of a machine-learning

odel, it is important to normalize all features to a similar range.
his is because features with different magnitudes distort the
raining stage and increase its computational effort (Zhao et al.,
021). In the worst case, it results in an optimization algorithm
n local minima (with poor performance). The features were
ormalized using Z-score normalization, as shown in Eq. (11).

x =
(x − µ)

σ
(11)

here x, µ, and σ are the original, average, and standard devi-
tion values of the feature, and x is the normalized feature. This
rocess ensures that the average and standard deviation of the
ormalized features are zero and one, respectively.

.1.2. Transformation
Pearson’s method is an efficient tool for monitoring the depen-

ency of a dependent variable on its independent variables (Hos-
eini and Vaferi, 2022). As Eq. (12) shows, Pearson’s method mea-
ures the interrelation between a pair of dependent–independent
τ , γ ) variables by a ητγ factor (Karimi et al., 2020). The highest
(i.e., +1) and smallest (i.e., −1) factors indicate the strongest
irect and indirect dependency of dependent to independent
ariables, respectively. Zero or close value to zero means there
s no relationship between the variables.

τγ =

n∑
k=1

(τk − τ) (γk − γ ) /

⎛⎝√ n∑
k=1

(τk − τ)2

√ n∑
k=1

(γk − γ )2

⎞⎠
(12)

ere, τ (Eq. (13)) and γ (Eq. (14)) are average values of indepen-
dent and dependent variables, respectively.

τ = (1/n) ×

n∑
k=1

τk (13)

γ = (1/n) ×

n∑
k=1

γk (14)

herefore, it can be claimed that diverse transformations of the
ouling factor in heat exchangers can provide different gener-
lization abilities during the modeling stage. This issue will be
ccomplished in Section 4.2. The prediction accuracy of the con-
idered estimators over various transformations of the fouling
actor will be monitored, and the best one will be chosen.

.2. Relevancy examination

The consequences of applying Pearson’s method to the avail-
ble experimental fouling database are displayed in Fig. 2a. This
igure implies that the fouling factor directly relates to the oper-
tion time, surface temperature, and fluid velocity. This observa-
ion states that the fouling factor grows by increasing the surface
emperature, operation time, and fluid velocity. On the other
and, the negative Pearson’s coefficients for the fluid density,
luid temperature, and equivalent diameter indicate an indirect
elationship between the fouling factor and these features. The
ighest positive and negative coefficients indicate that operation
ime and equivalent diameter are the features with the strongest
irect and indirect effects on the fouling factor.
 n
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Fig. 2a. Relevancy factors between fouling factor and the corresponding features
determined by the Pearson method.

It is better to note that the anticipation of Pearson’s method
conflicts with the literature observation for the effect of fluid
velocity and equivalent diameter on the fouling factor. The lit-
erature correctly states that increasing the fluid velocity and/or
decreasing the equivalent diameter decreases the fouling rate
(Asomaning, 1997; Sundaram, 1998; Wilson et al., 2017). Based
on Eq. (12), Pearson’s method only monitors the variation of the
dependent variable (γ ) by only one independent variable (τ ).
Indeed, this statistical-based method ignores the combined effect
of other variables on the dependent variable.

Figs. 2b and 2c exhibit the variation of fouling factor by the
fluid velocity and equivalent diameter, respectively. These fig-
ures also present the linear equations fitted to the experimental
data. It can be seen that these linear equations (analogous to
Pearson’s method) wrongly show that the fouling factor increases
by increasing the velocity and decreasing the equivalent diame-
ter. The highly scattering of the experimental data may also be
responsible for this wrong anticipation of Pearson’s method.

4. Results and discussion

This section presents the detailed findings and provides some
explanations for justifying the obtained results.

4.1. Modeling the fouling factor

As mentioned earlier, ∼80% of the fouling measurement sam-
les have been used in the 5-fold cross-validation procedure to
egulate the structural features of the considered estimators. The
2 values provided by these five machine-learning models are
eported in Table 2. It can be seen that GPR, bagged trees, and
ecision trees exhibit the best accuracy performance in terms of
2-value.
It should be noted that the previous models have been con-

tructed using the original values of the fouling factor, and no
ransformation has been considered here before. The effect of the
on-linear transformation of the fouling factor on the prediction
erformances of the considered estimators is investigated in the
ext section.
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Table 2
The observed R2 for predicting the Rf values in the internal datasets by different smart models.
Smart estimator GPR Decision trees Bagged trees SVR Linear regression

R2 0.9754 0.9686 0.9712 0.9222 0.7523
v
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Fig. 2b. Variation of the fouling factor by the fluid velocity (without considering
the effect of other parameters) and its associated linear regression.

Fig. 2c. Variation of the fouling factor by the equivalent diameter (without
considering the effect of other parameters) and its associated linear regression.

4.2. Modeling the transformed fouling factor

It was previously justified (see Section 3.1.2) that the Rf trans-
formation may positively affect the generalization ability of the
considered intelligent estimators. Transforming the ground truth
often helps capture the highest possible relationship between the
predictors and the response variable (fouling factor). This section
studies the influence of the non-linear transformation of the Rf on
the observed R2-values during a 5-fold cross-validation process
 d

8771
Fig. 3. The outcome of applying ranking analysis to the reported results in
Table 4.

(Table 3). The results reported in Table 3 approve that
√
Rf gave

the best results for all the employed models. The observed results
indicate that the

√
Rf is better estimated using the considered

tools. Indeed, the modeling phase focuses on simulating the
√
Rf

ariable. But, all analyses have been done based on the Rf values
it means that the applied transformation should be reversed to
each the Rf value).

Table 4 shows the prediction performance of the GPR, decision
rees, bagged trees, SVR, and linear regression models during the
-fold cross-validation step and a testing stage for estimating the
f. Five statistical criteria (i.e., MAPE%, MAE, RAE%, MSE, and R2-
alue) have been applied to monitor the prediction performance
f these models.
It is easy to conclude that the SVR and linear regression models

rovided worse results than the GPR, decision, and bagged trees
aradigms. On the other hand, it is hard to find the most accu-
ate method only using visual observation. Therefore, Section 4.3
mploys a systematic ranking analysis to order the constructed
odels based on their performances measured by five statistical

ndices.

.3. The most accurate model for estimating the
√
Rf

The previous section utilized five statistical indices to measure
he prediction accuracy of the fabricated GPR, decision trees,
agged trees, SVR, and linear regression for the Rf estimation.
he ranking analyses have been performed on the accuracy of
hese models over the internal, external, and complete databases
Fig. 3). The obtained results by the ranking analysis approve that
he GPR has the best performance in the 5-fold cross-validation
nd testing stages. Therefore, this intelligent model achieves the
irst overall ranking. In addition, the linear regression with the
ifth ranking places over the internal and external databases is
he worst model for estimating the Rf experimental samples.

Supplementary materials report the GPR predictions for each
ata point in the internal and external databases.
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Table 3
Cross-validation results for estimating different non-linear transformations of the fouling factor.
Smart estimator The observed R2 for the different Rf transformations

R2
f Rf

√
Rf

4
√
Rf Rf

0.1 log (Rf) exp (Rf)

GPR 0.8677 0.9754 0.9844 0.9841 0.9741 0.9621 0.9497
Decision trees 0.9230 0.9686 0.9785 0.9762 0.9647 0.9480 0.9402
Bagged trees 0.9076 0.9712 0.9802 0.9756 0.9659 0.9495 0.9401
SVR 0.5323 0.9222 0.9659 0.9531 0.9336 0.9089 0.7843
Linear regression 0.5902 0.7523 0.7731 0.7418 0.7028 0.6577 0.6872
Table 4
Monitoring the accuracy of the developed machine learning methods for Rf estimating using five statistical criteria.
Smart estimator Database MAPE% MAE RAE (%) MSE R2

GPR
Internal 13.55 5.05 × 10−3 3.97 8.53 × 10−4 0.98770
External 15.20 3.75 × 10−3 2.87 1.06 × 10−4 0.99857
All data 13.89 4.78 × 10−3 3.74 7.02 × 10−4 0.98999

Decision trees
Internal 16.14 8.84 × 10−3 6.95 9.22 × 10−4 0.98664
External 18.61 6.07 × 10−3 4.65 1.91 × 10−4 0.99736
All data 16.64 8.27 × 10−3 6.47 7.73 × 10−4 0.98890

Bagged trees
Internal 28.64 1.22 × 10−2 9.62 1.15 × 10−3 0.98484
External 29.70 1.11 × 10−2 8.53 5.59 × 10−4 0.99358
All data 28.86 1.20 × 10−2 9.39 1.03 × 10−3 0.98668

SVR
Internal 35.36 1.50 × 10−2 11.81 1.65 × 10−3 0.97702
External 35.48 1.40 × 10−2 10.71 7.86 × 10−4 0.98982
All data 35.39 1.48 × 10−2 11.59 1.48 × 10−3 0.97971

Linear regression
Internal 80.89 4.65 × 10−2 36.55 4.98 × 10−2 0.57753
External 88.45 6.27 × 10−2 48.01 9.37 × 10−1 0.19943
All data 82.42 4.98 × 10−2 38.92 2.30 × 10−1 0.32546
Table 5
Comparison of the accuracy of the GPR and literature proposed MLPNN for
calculating the Rf value.

MAPE% MAE RAE (%) MSE R2

MLPNN 33.15 2.01 × 10−2 15.70 1.88 × 10−3 0.94634
GPR 13.89 4.78 × 10−3 3.74 7.02 × 10−4 0.98999
Improvement 138.7 319.6 319.6 168.3 4.4

4.4. Comparison with literature

This section compares the prediction accuracy of the GPR
odel with the previously proposed intelligent model in the liter-
ture. Davoudi and Vaferi constructed a conventional multilayer
erceptron neural network (MLPNN) using the same database
tilized in the current study (Davoudi and Vaferi, 2018). Their
LPNN model provided the most accurate results for predicting

he fourth roots of the fouling factor ( 4
√
Rf). For comparison on

n identical basis, the GPR and MLPNN accuracy for estimating
he original Rf values has been considered. Table 5 presents the
esult of this comparison in terms of MAPE%, MAE, RAE%, MSE,
nd R2. The reported indices in Table 5 approved that the accuracy
f the newly developed GPR is far better than the conventional
LPNN. The last row of Table 5 quantizes the improvement level
chieved by the GPR against the MLPNN. This table shows that
he improvements range from 4.4% for R2 to 319.6% for MAE and
AE%. It is necessary to highlight that Eq. (15) is used to calculate
he improvement percent.

Improvement = 100 × |MLPNN − GPR| /MLPNN (15)

.5. Performance evaluation of the GPR model

Here before, it is justified that the fabricated GPR has the
ighest accuracy for predicting huge numbers of experimental
ouling samples in heat exchangers. This section investigates the
8772
Fig. 4. Regression plot of the GPR predictions for the Rf against their ground
truths for the internal and external datasets.

performance of the constructed GPR using the visual inspec-
tion (cross-plot, residual error, Kernel density estimation, and
Bland–Altman plot).

Fig. 4 shows the regression plot for the GPR models on the in-
ternal and external databases. The idea behind the regression plot
is that with a perfect model, the regression line (the line fitted
to the scatter plot) will be the same as the dotted diagonal line.
That is easy to see that every prediction will be the same as the
ground truth. Observing Fig. 4 shows that most of the predictions
are very close to that ideal line, and indeed the regression line
itself almost coincides with the y = x line. This is further evident
because the correlation coefficients between output and target
are 0.98770 and 0.99857 for 5-fold cross-validation and testing
stages, respectively. Hence it can be said that the model achieved

an almost perfect result.
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Fig. 5. The observed histogram for the residual error for estimating the Rf
Standard deviation and average values are 0.02646 and 0.00122 m2 K/kW).

Eqs. (16) to (18) have been applied to measure the residual
rror (RE) between experimental and calculated values of the Rf,
ts average (RE) and standard deviation (SD).

REk =
(
Rexp
f − Rcal

f

)
k

k = 1, 2, . . . , n (16)

RE =
1
n

×

n∑
k=1

REk (17)

D =

√ n∑
k=1

(
RE − RE

)2
k /n (18)

Fig. 5 depicts the histogram of the monitored RE between the
experimental and calculated values of the Rf. This figure indi-
cates that the RE covers an infinitesimal domain from −0.05 to
+0.05. Furthermore, the highest number of internal and external
samples have been estimated with negligible RE value (∼0).

Bland–Altman plot shows the spread of the predicted data
samples by a given model (Karvaly et al., 2017). Furthermore, the
95% limit of agreement can be seen from the plot. A smaller limit
of agreement means a better model which would be indicated by
a very tight grouping. Figs. 6a and 6b illustrate the Bland–Altman
plot for the GPR predictions on the internal as well as external
databanks, respectively. The dashed lines are associated with the
upper and lower limits of agreement (LoA). Numerical values of
the upper and lower LoA can be reached using Eqs. (19) and (20),
respectively.

Upper LoA = RE + 1.96 × SD (19)

ower LoA = RE − 1.96 × SD (20)

he data points are very tightly grouped and are very close to 0.
he 95% limit of agreement for the internal databank (Fig. 6a) is
rom −0.05583 to 0.05857, and for the external database (Fig. 6b)
is from −0.01953 to 0.02082. This shows that the ensembled GPR
model could handle all data types and was not biased to a specific
group.

The distribution of the predictions by the ensembled GPR
model and the ground truth values for the internal and external
databanks obtained by the Kernel density estimation (Lacour
et al., 2017) is depicted in Figs. 7a and 7b, respectively. It can
be observed that the prediction distribution was nearly identical
to the distribution of the ground truth. The distributions are
slightly different between 0.6 and 0.8. Hence, these plots justify
the robustness of the ensemble GPR model.
8773
Fig. 6a. Bland–Altman plot for the internal group.

Fig. 6b. Bland–Altman plot for the external group.

Fig. 7a. Kernel density estimation (KDE) plot for the internal datasets.
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Fig. 7b. Kernel density estimation plot for the external datasets.

.6. Potential application of the GPR model

The selected intelligent paradigm by the ranking analyses
i.e., Gaussian Process Regression) estimates the fouling factor
ccurately when the conditions are within the applicability realm
onsidered (the source of database) or close to that involved in
his study.

In addition, the GPR paradigm can be applied with care for
stimating the fouling factor in those cases that do not cover the
bove criterion, as its results may be less accurate in these cases.
owever, as the GPR model was constructed using a comprehen-
ive fouling database covering many operating conditions, it has
road applicability potential. Therefore, it can be considered for
ouling monitoring in many situations.

. Conclusion

A machine learning-based approach has been deployed in this
tudy to predict the fouling factor in heat exchangers under a
ide range of operating conditions. Seven non-linear transforma-
ions have been applied to the fouling factor, and tha accuracy of
ive different methods (four machine-learning models and a tra-
itional approach) have been compared over the transformations.
Rf is empirically found to give the best result. The best model

GPR) has been tested on both an internal dataset (5-fold cross-
alidation) and an external dataset. The current state-of-the-art
odel provides an R2 of 0.98999 compared to the previous best

esult of 0.94634. Hence, the model has proven to be both robust
nd accurate in estimating the fouling factor. Because classical
achine learning models inherently have fewer parameters than
ig neural networks, this model can be easily deployed to an edge
evice. The GPR model accurately estimates the fouling factor
nd helps associated industries during the maintenance of heat
xchangers.
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