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In this article, we develop a generalized and scalable statistical model for accurate prediction of fouling
resistance using commonly measured parameters of industrial heat exchangers. This prediction model is
based on deep learning where a scalable algorithmic architecture learns non-linear functional relation-
ships between a set of target and predictor variables from large number of training samples. The efficacy
of this modeling approach is demonstrated for predicting fouling in an analytically modeled cross-flow
heat exchanger, designed for waste heat recovery from flue-gas using room temperature water. The per-
formance results of the trained models demonstrate that the mean absolute prediction errors are under
10-4KW~! for flue-gas side, water side and overall fouling resistances. The coefficients of determination
(R2), which characterize the goodness of fit between the predictions and observed data, are over 99%.
Even under varying levels of measurement noise in the inputs, we demonstrate that predictions over an
ensemble of multiple neural networks achieves better accuracy and robustness to noise. We find that
the proposed deep-learning fouling prediction framework learns to follow heat exchanger flow and heat
transfer physics, which we confirm using locally interpretable model agnostic explanations around ran-
domly selected operating points. Overall, we provide a robust algorithmic framework for fouling predic-

tion that can be generalized and scaled to various types of industrial heat exchangers.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Fouling is the process of continuous deposition and accumu-
lation of unwanted materials and sediments such as scale, algae,
suspended solid and insoluble salts on the interior or exterior sur-
face of the heat exchanger [1]. Fouling on process equipment and
heat exchanger surfaces often have a significant, detrimental im-
pact on the working efficiency and operation of the heat exchang-
ers. Specifically, fouling reduces heat transfer rate, impedes fluid
flow, corrodes material surface and contaminates the working fluid.
These effects result in financial strain on all major heat and pro-
cess industries today, typically in terms of installation of additional
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extended surfaces, increased fuel consumption, production losses
from unplanned fouling related shutdowns, and maintenance costs
for removal of fouling deposits with chemicals and mechanical
anti-fouling devices [2]. Various studies estimate the total fouling
related costs for major industrialized nations to be over $4.4 billion
with the corresponding fouling related economic losses amount-
ing to about 0.25% to 0.30% of their overall GDP [3,4]. The fouling
related cleaning costs range between $40,000-50,000 per heat ex-
changer per cleaning [5]. Further, fouling can reduce the overall
effective wall thermal conductivity of hybrid metal-polymer pipes
to below 1 Wm~1K-1, which is required for profitable waste heat
recovery [6].

The existing research on fouling mitigation that spans several
centuries can be primarily categorized as - (1) fouling prevention,
or mitigation techniques: These include adding anti-foulant or hy-
drophobic chemicals [7,8] to the operating fluid for interrupting
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Nomenclature

Do Pipe outer diameter, m

D; Pipe inner diameter, m

t Pipe wall thickness, m

L Pipe length, m

S Spacing between pipes(constant spacing along row

and column), m
kwpe ~ Thermal conductivity of pipe material, Wm~1K-1

nr Number of tubes along flue gas flow direction
ne Number of tubes in each row

H Height of flue gas flow duct, m

w Width of flue gas flow duct, m

Ts Flue gas inlet temperature, °C

Ty, Flue gas outlet temperature, °C

Twi Water inlet temperature, °C

Two Water outlet temperature, °C

M fie ~ Mass flow rate of flue gas, kgs1

My, Mass flow rate of water, kg.s~!

fi Flue gas side fouling factor, m2KW -1
f Water side fouling factor, m2KW !

R4 Flue gas side fouling resistance, KW !
R, Water Side fouling resistance, KW~1
Ry +R, Overall fouling resistance, KW !

v Water flow velocity in pipes, m.s~!
Vimax Maximum flue gas flow velocity, m.s~!
Rey Reynolds number for water flow

Reg,e  Reynolds number for flue flow

Nuy, Water-side Nusselt number

Nug,e  Flue-side Nusselt number

hw Water-side heat transfer co-efficient, Wm—2K-!
hpye Flue-side heat transfer co-efficient, Wm—2K~1
U Overall heat transfer co-efficient, Wm—2K~1

f Fanning friction factor for pipe flow

Eu Euler number for flue flow

Crnin Minimum fluid heat capacity rate, WK~!
Cmax Maximum fluid heat capacity rate, WK~1
Cr Fluid heat capacity ratio

IQR Inter-Quartile Range

Subscript
f physical  variable
circumstances

evaluated under fouled-

fouling-inducing mechanisms, real-time control of heat-exchanger
environment and fluid composition for minimizing empirical foul-
ing risks [9], engineering the surfaces on heat transfer equipment
[10,11], and regular cleaning and optimal maintenance scheduling
of heat exchangers during the operation cycle [12,13]. While these
research techniques [14] can control the rate of fouling to a consid-
erable extent, they can significantly be improved upon with bet-
ter fouling modeling and prediction algorithms that lead to bet-
ter planning and maintenance control strategies. Fouling predic-
tion can potentially save billions of dollars lost annually on foul-
ing related losses through significant reductions in heat exchanger
downtime. (2) Fouling modeling and prediction algorithms: These al-
gorithms have predominantly been based on empirical approaches
or specific heat-exchanger dynamical models. Previous analytical
models of fouling processes are based on rate equations [15] where
the rate of fouling deposition growth is estimated to be a de-
terministic function (linear [16,17], asymptotic [18,19], non-linear
[20]) or a stochastic approximation [21]. A non-linear model is
presented in Ref. [20] that predicts the threshold fouling condi-
tions as a function of Reynolds and Prandtl numbers. The func-

tional parameters are then estimated from experimental coking
data of preheat train and process heaters used in crude-distillation
units. In Ref. [21], a heat-exchanger maintenance strategy is devel-
oped based on the scatter parameter of time to fouling distribu-
tion. Model based heat-exchanger fouling estimation methods have
centered around the use of Kalman filters [22]| and development of
fuzzy polynomial observers for state-estimation [23] based on non-
linear heat exchanger fouling dynamical models [24]. The limita-
tions of empirical and model-based fouling estimation techniques
have led to the development of data-driven prediction approaches
in the recent literature.

The process of fouling formation and material deposition hap-
pens through crystallization of salts, particulate deposit from fluid
stream, deposition and growth of biological matter, chemical re-
action by-products from various reactants in the working fluids
and corrosion. Each of these individual phenomena occurs at dif-
ferent rates (time scales) which makes the creation of an all-
encompassing dynamic model for fouling monitoring and predic-
tion infeasible. These challenges make it difficult to develop accu-
rate models for predicting fouling from first principles. This has
resulted in a surge of data-driven approaches for fouling pre-
diction from easily measurable heat-exchanger parameters. Foul-
ing prediction and detection algorithms based on support vec-
tor machines (SVM) [25], autoassociative kernel regression (AAKR)
[26] and artificial neural networks [22,27-30] have been success-
fully developed and deployed in various process applications. The
extensive use of artificial neural networks for fouling prediction
and detection is inspired by their utility in solving inverse prob-
lems pertaining to modeling and evaluation of heat transfer co-
efficients for fin-tube heat exchangers [31] and fluid-particle sys-
tems [32]. These data-driven algorithms for fouling prediction, de-
spite achieving good fouling predictive accuracies for their re-
spective applications, face issues of scalability and generalization.
These approaches that fall under the category of classical machine
learning techniques are often limited by the size of data and re-
quire extensive feature reduction either by visual identification or
by mathematical methods (such as principal component analysis
(PCA) [28]) to reduce model complexity. These challenges often be-
come significant impediments to their deployment in large-scale
industrial applications, where copious amounts of process data is
generated.

In this article, we present a generalized approach for model-
ing and predicting fouling in heat-exchangers using deep-learning
based feed-forward ensemble neural network architectures. Deep
learning, the primary driver of our model, utilizes neural network
often consisting of a few thousand parameters to learn the non-
linear functional relationship existing between fouling resistances
(target variable) and heat-exchanger operational data (causal vari-
ables) [33]. Our framework ensures that the fouling model can be
powered by large datasets with very little pre-processing [33]. We
tested our fouling prediction algorithm on an analytical model of
cross-flow heat exchanger designed for waste-heat recovery. The
choice of application and selection of heat-exchanger type for the
simulated system is motivated by United States’s annual indus-
trial energy consumption, which is approximately 32 quadrillion
Btu (10" Btu), of which a further 1478 trillion Btu of energy from
exhaust gas thermal emissions remain unrecovered [34,35]. Acidic
condensation, increased chemical activity and fouling are often
cited as significant barriers affecting the economy and effective-
ness of waste-heat recovery units (WHRU) which results in their
long-payback periods [34-36]. Further, industrial cross-flow heat
exchangers are widely used for transferring heat between two gas
streams or between a liquid and gas such as in stack gas heat re-
covery, convective recuperators or air preheaters in WHR [37]. The
high fouling rates typically experienced by these waste heat re-
covery units underline the need for an accurate fouling prediction
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algorithm, where its real-time deployment can create maximum
working impact and cost reduction.

The article is organized as follows. In Section 2, we develop a
robust data-generation scheme for analytically modelling the cho-
sen heat-exchanger system under fouled circumstances by incor-
porating state of the art models for both hydrodynamic and ther-
mal fouling effects. Details of the neural network architecture used
in our fouling prediction algorithm are laid out in Section 3. We
address historically faced training challenges in fouling prediction
networks such as lower precision, slower network convergence
and unstable model performance [25] through our choice of net-
work activation functions and output data transformation tech-
niques. Further, we demonstrate the versatility of the proposed
deep-learning framework by adapting the network architecture to
predict individual flue-gas side and water-side fouling resistances
in addition to the overall fouling resistance, using same operating
input samples. We also outline the deep neural network training
and hyper-parameter tuning strategies for the optimization algo-
rithm used for updating network weights. In Section 4, we present
the training of our deep neural network using the data samples
derived from the data-generation scheme described in Section 2.
The accuracy of fouling predictions is quantified using three test
datasets, each with its unique sample distribution. We obtained
over 99% model fit accuracy (R?) between predicted and actual
fouling resistance in each of these data-sets. In Section 5, we high-
light the important features of our deep-learning model. First, we
quantify the predictions from our module under varying levels of
practically relevant input noise. Finally, we analyze our fouling pre-
diction module using local interpretable model-agnostic explana-
tions (LIME) [38]. We show that the predictions agree with results
from high fidelity heat exchanger flow and heat-transfer fouling
physics models around randomly chosen operating points. With
the rapid advances in high-speed computing, the proposed foul-
ing module is a generalized yet scalable framework that can be
adapted to any heat-exchanger environment to make fouling pre-
dictions in real-time.

2. Problem set-up

For a clear exposition, we demonstrate our fouling prediction
framework on a cross-flow heat exchanger model. In this section,
we discuss the analytical heat exchanger model that is used for
data generation. We use a modified effectiveness-NTU (€ — NTU)

n,. Rows

Table 1
Range of input flow-rate and temperature parameter values in simulation motivated
by [34,39].

Heat Exchanger Variable Operating Range

4kgs™ < My, < 8.5kg.s™!

0.75 kg.s~! <M, < 10.65 kg.s~!
170°C < Ty < 250°C

20°C < Ty < 30°C

0m2KW-1 < f; <0.00175 m2KW~1
0m2kW-1 < f, < 0.00053 m2KW~-!

Unfouled flue gas flow rate (Mﬂue)
Unfouled water flow rate (M)
Flue inlet temperature (Tg)

Water inlet temperature (Ty;)
Flue-gas side fouling factor (f;)
Water side fouling factor (f;)

scheme that also accounts for hydrodynamical and thermal effects
of fouling.

2.1. Heat exchanger model description

The cross-flow heat exchanger that we model consists of banks
of water carrying tubes placed in cross-flow to a flue gas stream
flowing in a stack. A series of water tubes, each with outer di-
ameter D,, thickness t, length L, wall thermal conductivity Kkpe,
is placed in an inline square arrangement with a equal spacing
s, along lateral and flow directions. Corbels are attached to the
stack walls to regulate the flow of flue-gas towards the tubes bank
(Fig. 1). The hot flue-gas enters the duct with temperature Tg, flow
rate M flue and reaches a peak velocity of Vmax as it flows over the
tubes bank. The hot flue-gas loses heat to cold water flowing in
the tubes to ultimately exit the duct at a lower temperature Tg,.
Heat that is lost from the flue-gas is gained by water flowing in
the tubes at a flow-rate M. This increases its temperature from
T,; at the pipe inlet to Ty, at its exit.

Range of Input Operating Conditions: The inlet temperatures and
flow-rates for the heat exchanger are chosen for a typical waste
heat recovery application. A range of input parameter values for
the cross-flow heat exchanger is chosen for a maximal rating of
about 0.5 MW (Table 1). The mass flow rates and temperatures
in Table 1 correspond to clean (unfouled) conditions. Further, the
maximum fouling factor values were fixed assuming the operating
fluid to be coal flue gas (mixed stream) and river water (unmixed
stream) [1]. The choice of parameter values based on Table 1 en-
sures that the training data-set for the proposed fouling model
covers a wide-range of operating points and the corresponding
predictions from the fouling model can be generalized across the
entire operating region of the heat exchanger.

»

l
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Width(W)
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Fig. 1. Geometry of cross-flow tube arrays: The numerical values of heat-exchanger parameters used in simulations are: Number of tubes, N = 150, tube outer diameter
D, = 3 cm, thickness t =5 mm, length L = 1.5 m, wall thermal conductivity k. = 10 Wm~1K~", spacing s = 4.5 c¢m, flue duct width and height W, H = 0.5 m, duct length
L = 1.5 m, number of tubes in flow direction n, = 15, number of tubes normal to flow direction n; = 10.
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Tube Wall

Water

Flue Gas
Inside Fouling
Deposit

Outside Fouling
Deposit

Fig. 2. Schematic of fouling layer deposits on heat exchanger pipe walls [40]. We
show a cross section with fouling assumed on either sides of the pipe wall.

2.2. Fouling models for flue-gas and water side heat transfer
coefficient

Water-side fouling and heat transfer model: The fouling deposit
on interior of the pipes (Fig. 2) can occur due to crystallization of
unwanted salts present in treated river-water that flows through
these pipes. The frictional pressure drop in the tube for a single-
phase flow is given by [41]:

L\ pV2
Ap_4f<ﬁi)7’ (1)
where f, L, D;, p and Vy, in Eqn. 1 respectively represent the fan-
ning friction factor, length, pipe inner diameter, density and mean
flow velocity of water. The fouling layer causes the inner diameter
of the pipe to reduce (Fig. 2) while increasing the roughness of the
pipe surface. This causes an increase in the pressure drop accord-
ing to Eqn. 1. The ratio of frictional pressure drops under fouled
and clean pipe conditions is expressed as:

Apf _ ff Di Vf 2
- 1(on)(v): @

where subscripts f and c¢ represent properties under fouled and
clean (unfouled) flow conditions. Further, it is reasonable to as-
sume that the Fanning friction factor under fouled and clean con-
ditions do not differ greatly [40]. If the pressure drop under fouled
and clean conditions is held constant by maintaining the same
pump head under both operating circumstances, the ratio of fouled
inner pipe diameter (Dy;) to the clean inner pipe diameter (D;) is
related to the ratio of the fouled water flow velocity (Vf) to the
water flow velocity under clean conditions (V) as [40]:

2
D; v
By~ (vf) / )

where D; and Dy; are also related through the fouling layer thermal
conductivity(ks) and the water-side fouling factor(f;) as:

D; 2k fr _eha
In( =) =24 = Df;=Dje” b . 4
(Df.i> Di fii i ( )

Eqn. 4 brings out how the pipe diameter decreases exponentially
with an increase in fouling conductivity (k) and water-side fouling
factor (f). The fouling thermal conductivity (kf) depends on the
nature of material deposit on the pipe walls. In our simulations, we
chose k; =23 Wm=1K-1, to reflect deposits due to calcium and
magnesium salts that are widely present in river water [40]. For
fouled conditions, the Reynolds number and mass flow rate, based
on the fouled inner pipe diameter (Dy;) and the fouled mass flow

rate (M, ¢), are given by:

VD, . D2,
Re, ;= fvf*’; and vaf=p<4f*')vf. (5)

The friction factor [42,43], Nusselt number [44| and water-side
heat transfer coefficient (hy,) [41,45] are estimated from the fol-
lowing empirical correlations:

1.58.In(Re,, ; —3.28) " if Re, ;> 2300

f(Rews) =1 16 . (6)
otherwise,

Rey, s
and
Nuy (Dy;, L, Rey, g, Pr)
(f(R;W‘f) ) 14127 ?E(])%)Si:’r% -1) 1 Rew, > 2300
= ) (7)
1.86. (M) " otherwise.

L

Flue gas-side fouling and heat transfer model: A fouling layer can
develop on the outside of pipes due to contaminants in flue-gas
exhaust streams. The rate of fouling depends on the composition
and the phase of waste heat streams [35]. The extent and rate
of fouling tends to be more severe on the flue-gas side as seen
in Table 1. The mean pressure drop across a single row of pipes
(ADrow) in a tube bank is often expressed in terms of an Euler
number(Eu) [46] as:

pvr%lax, _ Mﬂue
2 and - Vinax = 0.ne.(s — D)L,

where Vnax is the maximum flue gas flow-velocity calculated for
the minimum flow area between tubes normal to the local flow
direction [47]. An analytical expression for Eu is obtained empiri-
cally from approximation of several Euler number (Eu) vs Reynolds
number (Re) experimental curves [48,49] for heat-exchangers with
different parameters and flow configurations. This facilitates to cal-
culate pressure drop under clean and fouled tube conditions as
given by:

(8)

A Prow = EuL.

2
ADflye, f _ Ei Vinax (9)
Apflue.c Euf Vmax,f '

where Eu=Y=5 Ref" and the coefficients ¢; are obtained from

flue

Ref [49]. for the chosen cross-flow configuration. Therefore
Eqn. 9 is rewritten as:

2
C2Viye 1 C C3 Cs P
+ —|co+ + + + X
[ D2 * " Reue ' Re%,, ' Reh,  Reh,

f.0 flue flue
(3 l);lue C4 1);‘llue
+ 3 X+ ——=0 (10)
va0 Df,o
where,
2k f;

Repye = VmaxDo; and Dy, = Doe . (11)

vﬂue

Further, an analytical expression (Eqn. 11) similar to Eqn. 4 relating
external pipe diameter (D,) to fouled external pipe diameter (D, )
in terms of fouling layer thermal conductivity (k;), is obtained to
create a bi-quadratic equation (Eq. 10). One of the positive roots of
the bi-quadratic equation, whose magnitude is greater than max-
imum flow velocity (Vmax) is the fouled maximum flow velocity
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Table 2
Algorithmic overview for data-generation scheme.

(1) Randomly select inlet flow-rates (clean conditions), inlet temperatures and fouling factors for flue-gas and water from multi-variate random distribution

within working range (Table 1)

2

3) Repeat (a)-(g) till |Tfo guess — Tpo| < 1078 is satisfied
a) Evaluate the flue gas fluid properties at the flue bulk mean-temperature
b

(
(
(
(
(
(
(

efficiency (e = f(U,NTU,G))

) Guess a feasible solution for flue-gas exit temperature (Tp,guess < Ty) and initialize another variable Tj, to be equal to T

) Compute flue-side fouling variables Dy, o, Vinay f. Mf,ue_f and hg,e using equations (10), (11), (12), (13)
c) Evaluate Tyo, guess from energy balance and evaluate water properties at water bulk-mean temperature
d) Determine water-side fouling variables Dy, Vs, M,, ; and hy, using equations (4), (5), (6), (7)
e) Calculate overall heat transfer co-efficient(U = f(hyyue. hw. R1.Rz)), dimensionless number of transfer units (NTU = f(U, (MCp)min)) and heat exchanger

(f) Obtain Ty, and Ty, from € computations in previous step (g) Update Tf, gess as M and Two, guess as T‘“Zﬂ
(4) Record the generated heat-exchanger operating data sample along with their corresponding fouling resistances (R;, Ry)

(Vinaxs)- The flue gas-side Reynolds number (Rep,) and mass flow

rate (M flue,f) under fouled conditions, are evaluated based on Vg
as:
Vmax,fo.o .

Regye f = ————; and

iy Mﬂue.f = p~nt-(5 - Df.o)-L-Vmax.f- (12)
flue

These expressions (Eqn. 12) are then used in suitable empiri-
cal correlations for determining the heat transfer coefficient on the
flue gas side (hg,) [1,50-52] given by:

Nllﬂue (Df,Oﬂ Reﬂue.fv L, Prﬂue)

) , A
_ % = 0211 (Regues) " (Prue) - (13)
flue

2.3. Outlet temperature computation using e-NTU

We use the e-NTU method for computing the outlet fluid tem-
peratures on the flue-gas and water side. The iterative scheme
used for generating the heat exchanger operation data at different
fouling levels is summarized in Table 2.

The analytical expression for overall heat transfer co-efficient
(U) of the cross-flow heat exchanger used in our scheme, is ob-
tained as:

11 log(*) 1
UA - hWAf,i Zﬂthube

This expression (Eqn. 14) incorporates the thermal effects of foul-
ing through the addition of both the thermal resistance terms (Rj,
R,) while the hydrodynamic fouling effects is accounted for in the
heat transfer coefficient designs on the flue gas and water sides
(Mfye, hw). The overall heat transfer coefficient is then used to cal-
culate the number of transfer units (NTU) and the effectiveness (¢)
of the heat exchanger as:

+Ri+R (14)

hflueAf,o

Cmin _ min(Mflue.pr4fllle-Mw.fCﬂW)

where G = = .
"= Gmax ~— max(M fue, fCp, fiue-Mw, Cp.w)

2.4. Model convergence and fouling effects

The convergence of iterations in the effectiveness-NTU method
was verified through 15,000 test runs with different combinations
of input fluid flow rates, temperatures and fouling resistances. We
ensured that the guess temperature, Tf, ge55, CONVerged to the exit
temperature, Ty. The method was further verified by checking the
energy balance - that is, ensuring that the energy lost by the flue
gas is equal to the energy gained by the water. This 2-step ap-
proach ensured the accuracy and consistency of the fouling data
generation scheme. The data-sample quality evaluation results are
briefly summarized in the Table 3 for randomly selected 5 data
samples.

Table 3 demonstrates that our data generation approach is
accurate and robust. Therefore, our € — NTU model incorporated
with fouling is fairly representative of a cross-flow heat ex-
changer used in waste heat recovery systems. The graphs in Fig. 3
show the variation in flue gas outlet temperature and the quan-
tity of heat exchanged for Ty = 170°C, Mﬂue =62kgs™ !, T,i=
25°C, My = 3.54 kg.s~1. While the exit temperature of the flue gas
decreases from about 135°C to 111.5°C (Fig. 3(b)), the flue gas flow
rate was greatly reduced from 6.2 kg.s~! to 2.5kg.s™! (Fig. 3(c))
due to high fouling effects. Consequently, there is a reduction in
the quantity of heat exchanged which drops by about 0.07 MW
(Fig. 3(a)). These inefficiencies in heat exchanger’s operations and
its reduced energy performance induced by high fouling rates,
present a strong case for monitoring fouling in real-time. This ob-
jective can be achieved through an algorithm that makes real-time
fouling resistance predictions based on operating conditions of the
heat exchanger. Such an algorithm can be used to substantially re-

UA _ (aemar) duce operating costs through timely scheduling of heat-exchanger
NTU = . and  e=1-e S (15) cleaning and maintenance operations.
min
Table 3
Input-output data from fouling data generation algorithm.
M e ¢ Tg M, Twi f,*10° f,*10° Tro Two Q er*1015 eg * 10"
kg.s™! °C kg.s™! °C m2Kw-1 m2Kw-1 °C °C MW °C MW
423 198.08 4.69 25.13 8.69 1.32 136.20 39.66 0.285 0 5.82
4.87 242.22 5.53 29.45 68.2 2.47 165.23 47.25 0.412 7.11 11.6
3.70 189.34 1.65 24.04 61.8 5.48 142.03 51.69 0.19 0 0
3.99 235.7 1.09 20.15 51.9 12.8 182.35 71.46 0.23 14.2 0
2.63 229.58 6.66 21.89 135 21.7 126.59 32.54 0.29 14.2 5.82

The error in convergence of the temperature variables (er) is defined as: er = max(|Tf,,,guess - Tf0|, | Two.guess — Twol ). The variable e, measures the difference in energies of the
flue gas side and water side which can be defined as: ey = |[M ftue, fCp. fiue (Tro — Tri) ] — [Mw, Cow (Two — Twi)]|. The data-generation scheme satisfies both energy balance and
temperature convergence criteria as illustrated by their negligible error magnitudes. The errors are even lower than the system’s minimum floating point standard which
results in their magnitudes to be zero in certain cases. Once we ascertain the temperature convergence and energy balance, the heat exchanger rating (Q) is computed as:

Q = Myuue,Cp e (Tpo — Tpi)-
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Fig. 3. Effect of increasing overall fouling resistance (Ry + R) on: (a) heat exchanged (Q), (b) flue gas outlet temperature (Tg,), and (c) flue gas flow rate (Mgye f).

3. Solution approach

Core Algorithmic Idea. The key component of our algorithm
is a neural network architecture that takes in operating conditions
data of cross-flow heat exchanger as its input and predicts foul-
ing resistances. This general approach can be applied to any heat-
exchanger module. The inputs to the network are inlet fluid tem-
peratures (Tg, T,,;), ratio of fouled fluid flow-rates to flow-rates

. M, M .
under clean circumstances (MLf %) and outlet fluid tempera-
w flue

tures (T, Two)- All of these predictors are easy to measure in an in-
dustrial setting through fluid flow-rate and temperature sensors at
the inlet and exit of the duct and pipes, respectively. Alternatively,
pressure drop data can be used instead of fluid fouling flow ratio
if the heat exchanger is operated under constant flow-rate condi-
tions.

We use techniques from deep-learning [33,53] for training the
neural network architecture of the fouling resistance module. In
essence, a deep neural net is a specifically structured and param-
eterized function, often with millions of parameters, which can
approximate complex nonlinear maps by determining appropriate
parameters. These parameters are determined or learned by using
training data; that is, the function parameters or weights are iden-
tified by fitting the observed values of function arguments - the
predictor variables (e.g. operating conditions data such as measured

temperatures, flow rates) and the corresponding function values -
the target variables (e.g. fouling resistance). Such a fitting to learn
fouling requires a large training set - a large dataset comprising
the operating conditions variables with known values of fouling re-
sistances on flue-gas and water sides. This data-set was generated
using the scheme discussed in Table 2.

More specifically, a neural network is structured as a weighted
directed graph where nodes are arranged in layers as shown in
Fig 4. Each node, a neuron, is a computing unit that outputs z =
FCC wix; + b;), where Xw;x; is a weighted sum of its inputs, b;
is the bias and f is a specific activation function. That is, all the
edges going out from a neuron have this output, each of which is
an input to a neuron of the next layer. The first layer termed as in
the input layer (Fig. 4) takes in the inputs to the network and the
number of neurons in this layer corresponds to size of functional
inputs, e.g., the number of operating conditions in our case. The
main task of learning or training a neural network is to determine
the weights w; for each neuron in the network. During the training
process, the weight parameters of the neural network (mathemati-
cal function) are initially randomly initialized. For every data sam-
ple in the dataset, the predicted value of target variable (fouling
resistance) is compared with the observed value and the weights
are updated to minimize the prediction error as (y — )% where j
is the network prediction and y is the observed value. This process
is repeated for every data sample in the training dataset several
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Fig. 4. Neural network architecture for predicting: (a) overall fouling resistance (R; + Rz) and (b) flue gas-side fouling resistance (Ry) and water side fouling resistance (Rz).

times until the network learns to accurately predict the fouling re-
sistance for all data samples in the training dataset. With the right
training data-set that encompasses the entire range of operation of
the heat-exchanger, the neural network can now be used to pre-
dict fouling resistance for new data samples. In our work, we seg-
mented the dataset into training and validation datasets, where we
trained the neural network on the training dataset and verified the
performance of the trained network on the validation dataset.

Problem Formulation. The proposed fouling prediction mod-
ule has been set-up to solve two prediction problems - the first is
to predict the overall-fouling resistance (R; +R;) as a function of
heat-exchanger operating conditions (Fig. 4(a)), while the second
is to similarly predict each of the individual fouling resistances (R;
and R,) (Fig. 4(b)). The Ry + R, prediction quantifies the cumulative
fouling effects, while predicting individually the resistances R; and
R, gives a finer scale information of relative fouling levels on the
inside and outside sides of the tubes. This approach can be used to
get more specific (finer) information by increasing the number of
neurons in the output layer. For instance, if data is available from
different sections of a heat-exchanger, fouling resistances at each
of those sections can be predicted. The accuracy of prediction in
all these cases will depend on the data size and quality.

Fouling Prediction Network Architecture. The fouling resis-
tance architecture used in this study (Fig. 4) is a feed-forward neu-
ral network with six neurons in the input layer (corresponding to
input data-size), two hidden layers with twelve neurons and eight
neurons respectively and an output layer with one neuron and
two neurons pertaining to prediction of overall fouling resistance
(R1 +Ry) and each of the individual fouling resistance (R; and R;)
respectively (Fig. 4(a), 4(b)). We used an activation function, the
Rectified Linear Unit (ReLU) function given by

RELU: f(x) = max(0, x). (16)

RELU is easily implementable by thresholding a matrix of acti-
vations at zero which results in creation of a sparse matrix. RELU
greatly accelerates the convergence of optimization algorithm used
for network parameter update by a factor of six or more in cer-
tain cases, when compared to other activation functions such as
sigmoid or hyperbolic tangent functions [54]. A linear activation
function was used at the output layer of the network.

Data pre-processing. The inputs to the network are subjected
to unity normalization (range: [0,1]) for achieving faster training
rates [55]. The target variables (outputs from the network) is trans-
formed to the logarithmic domain. The advantages of training the
network to predict logarithmic fouling resistances in neural archi-
tectures shown in Fig. 4(a) and 4(b) are multifold and they fol-

low. The kernel density estimation plots [56] (Fig. 5(a)) show that
the sample probability distribution of overall fouling, flue-gas side
and water-side fouling resistances (Ry + Ry, Ry, Ry) in the train-
ing dataset are left-skewed with a long right tail. Further, the or-
ders of magnitude of fouling resistances that have to be estimated
are small, which slows down the neural training process conse-
quently, and the process is besought with floating point underflow
issues. We instead use logarithmic transformation of fouling resis-
tance variables, which increases the prediction module’s sensitiv-
ity, avoids floating point precision error and speeds up the training
process|[57,58].

Module Training and Evaluation. The objective of training the
fouling prediction module is to learn the optimal network weights
based on minimization of the prediction error. Accordingly, we
pose and solve the following optimization problem:

1=n

W* = argminy ey Y L(¥i. J):

i=1
L9 = i =90% (17)
where W represents the weights, W is the weight-parameter space,
L represents the loss function between the true value y and the es-
timated value y, and n is the number of training samples. Here
the estimate y; = f(x;, W) as given by the neural network with in-
put data x; and network weights W. This minimization problem
(Eqn. 17) is non-convex and difficult to solve. Deterministic ap-
proaches such as the gradient descent algorithm (refer Supplemen-
tary Information) are sensitive to initialization, computationally in-
tensive and offer no theoretical performance guarantees for conver-
gence to global minima [59]. We overcome this challenge by using
distributed stochastic mini-batch gradient descent algorithm [60-
62] with Nesterov momentum [63] (refer Supplementary Informa-
tion). The mini-batch gradient is an unbiased stochastic estimator
of the full gradient and is given by:

with

Mini-batch Stochastic Gradient:

1=n
Vi L(W; x @0, iy — % > Vwlyi f(x W), (18a)
i=1
(Full) Gradient Descent:
1 =N
VwlW:X:Y)) = & > Vwli, f(xi: W), (18b)

i=1
where n samples are chosen randomly without replacement from
a dataset of size N (n < N). The gradient of the loss function
in Eqn. 18a, with respect to the parameters of the prediction
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network is efficiently computed using back-propogation algorithm
[64]. Back-propagation calculates the gradient of the network pa-
rameters using chain rule, starting from the final layer of neurons
and iteratively progressing backwards to the intermediate layers of
the network to avoid redundant computations (refer Supplemen-
tary Information). The expression obtained for the loss function
gradient with respect to the parameters of each layer is a function
of prediction network’s output (§) (refer Supplementary Informa-
tion). This creates the need for a forward pass (computation) to
determine the network output y prior to the backward computa-
tion of loss function gradient for every sample (x;, ;).

The iterative training procedure is summarized as follows. The
fouling dataset generated through the algorithm in Table 2 is split
into two parts before the commencement of training. (1) Train-
ing data-set: about 80% of the data-set is randomly selected to
train the network parameters (2) validation data-set: about 20%
of data is used to assess model performance, generalization apart
from aiding the selection of network hyper-parameters such as
optimization algorithm’s step-size, batch-size and stopping crite-
rion. The network parameters of the fouling prediction module are
randomly initialized at the start of the first training epoch. An
epoch is completed when the forward and backward pass compu-
tations through the prediction happen once for every sample in
the training dataset. An epoch is structured into several iterations
where the parameters of the network are adaptively tuned based
on an optimization update rule (refer Supplementary Information).
This rule involves three variables: the magnitude of local stochas-
tic gradient estimated from a batch of n randomly chosen training
samples using back-propagation, size of the update step controlled
through a learning rate parameter («) and rate of gradient descent
regulated by momentum factor (y). These hyper-parameters are
model characteristics that cannot be estimated directly from train-
ing data-set but play a prominent role in training rate and model
accuracy. With an optimal selection of these hyper-parameters and
network structure, the fouling resistance prediction loss’s magni-
tude decreases as training progresses through several epochs, as
illustrated in Fig. 5(b). As the parameters of the network are up-
dated through several iterations, the size of the gradient update
needs to be reduced periodically to achieve convergence to the
loss function’s local minima. Accordingly, we incorporate a time-
based step-size («) decay scheduler: oy, = %tﬂt where t is the
iteration number and f is the decay rate parameter. The train-
ing process of the fouling resistance prediction network is stopped
around 100 epochs when it is observed that the validation loss fails
to improve on prolonged training. Training the prediction module

400 ——Overall Resistance (R1+Rz)
——Flue-Side Resistance (R:)
2300 —— Water-Side Resistance(R:z)
g
& 2001
100
0 j

0.000 0.005 0.010 0.015 0.020
Fouling Resistance (KW)

(a)

beyond this limit leads to model over-fitting when the network
learns to conform to the noise in the training dataset at the ex-
pense of marginally higher validation loss. An overfit network fails
to accurately learn the critical functional maps between the heat-
exchanger operating variables and fouling resistance. Consequently,
their performance on unseen data samples is sub-optimal.

The two major hyper-parameters of the optimization update
rule (refer Supplementary Information), the learning rate (o) and
the batch-size (n), are tuned using grid-search algorithm [65]. The
network is then trained for every tuple in this set with every train-
ing run lasting 50 epochs. Model loss is computed after each run
and the tuple combination of learning rate and batch-size that re-
sulted in low training and validation loss are taken to be the op-
timal hyper-parameter choice for subsequent algorithmic studies
(Fig. 6(a), 6(b)). Finally, an ensemble of 5 neural networks [66],
each trained on randomly selected samples amounting to about
80% of the training data (bagging process) was used for both types
of prediction networks and the final predictions are computed by
averaging over the predictions of each network in the ensem-
ble. The predictive performance of the ensemble network trained
through bagging process (bagged network) is compared against the
performance of an individual network in the subsequent section.

The fouling prediction module for each of the two problem
settings (Fig. 4(a), 4(b)) returns an output corresponding to the
logarithm of fouling resistance. The performance of our trained
fouling resistance prediction module is evaluated using absolute
prediction errors and the co-efficient of determination(R2) [67].
Let y1,¥2.¥3....yn be the n values of target variable with mean
y:=1>=1y; and J1.95.95....9, be the corresponding model
predictions, we define the coefficient of determination RZ =1 —
Z;‘L](yi*yi)z
S 07
pendent variable (fouling resistance) that is explained by its pre-
dictor variables (heat-exchanger operation data) or the reduction
in error achieved over a mean-only model. A higher model R? is
indicative of better model prediction power as the model is able to
explain a significant fraction of variation observed in fouling resis-
tance values. R? values typically range between [0,1] though it may
be negative in certain cases when the learning model performs
worse than mean-only model. We quantified the performance of
the prediction networks by computing the coefficient of determi-
nation (R2) of our log-transformed model and the actual predic-
tions, obtained by taking the exponential of the outputs returned
by the log-transformed model. It is essential that the coefficient
of determination (R?) is evaluated for both these predictions as a
higher coefficient of determination (R?) of log-transformed model

which represents the proportion of variance in the de-
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Fig. 5. (a) Fouling resistance sample distribution plot: The density of fouling resistance values present in the training dataset and (b) Training-validation model loss curve:
The loss curve shows the decline in fouling resistance prediction error as the weights of the network are tuned based on the training samples.
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Fig. 7. Sample distribution of overall fouling resistance (R; + R;) in three test data-
sets.

does not necessarily imply a high coefficient for actual predictions
[68,69]. Further, we proceed to evaluate the performance of both
single and ensemble prediction networks on three test data-sets
comprising of 2500 data samples each. A test data-set is one that is
generated by our scheme (Table 2), on which the prediction model
has not been trained on. The performance of the fouling prediction
module on these 3 test data-sets, each with its signature sample
distribution (Fig. 7) is indicative of prediction algorithm’s general-
ization and utility. In the subsequent section, we report additional
studies to quantify the effects of data-set size and measurement
noise on fouling prediction model’s performance.

4. Results

Effect of training data-set size on model performance. The
neural network based model is trained on 5 different training data-
sets with their sample sizes varying between 1000 and 30000. The
model accuracy is then evaluated on three independent test data-
sets with different sample distributions (Fig. 7). The model predic-
tive accuracy curve for overall fouling resistance (R; + R;) plotted
against the number of training dataset samples, increases with an
increase in sample size and achieves saturation after a sample-size
of 10,000 (Fig. 8(a)). Similarly, the accuracy metric plots for flue-

gas side and water-side fouling resistances (Fig. 8(b), 8(c)) saturate
at a training data-set size of about 15,000 samples.

From Figs. 8(a), 8(b), 8(c), and Supplementary Information Table
1, we infer that the test data-set accuracies are over 97% for train-
ing data-set size of over 5000 points for both the prediction mod-
els. The relatively lower coefficient of determination observed for
models trained on datasets with samples fewer than 5000, is due
to lack of adequate information available to the models. Thus, they
fail to learn the best generalized functional representation between
the heat-exchanger variables and the fouling resistance. The higher
accuracies observed on models trained on large datasets come at
an increased computational cost. We chose a training dataset with
15,625 samples for both our prediction models to balance this
trade-off.

It is also observed that the fouling resistance predictions on the
flue-gas side is nominally better than the water-side on each of
the test data-sets for the same training data-set sample size. This
can perhaps be attributed to the fact that the water-side fouling
resistances are smaller than flue-gas side fouling resistances which
makes their accurate predictions more challenging. It should also
be noted that the model predictive accuracies are significantly high
partly due to the absence of measurement noise in test data-sets.
Overall, the predicted fouling resistance values are in good agree-
ment with the actual fouling resistance.

Optimizing prediction network configuration. The choice of
optimal number of hidden layers and number of corresponding
neurons in each hidden layer is dependent on the complexity of
the non-linear functional relationship that exists between the heat
exchanger’s input variables and the fouling resistance. While a net-
work with a single, huge hidden layer is a universal approxima-
tor of Borel measurable functions [70,71], single hidden layer so-
lution is inefficient and sub-optimal compared to solutions with
more hidden layers for approximating some functions [72]. There
is a body of work which highlights the superior performance of
deep network models over their shallow counterparts on a variety
of tasks and datasets [73,74]. The higher representational power of
deep networks with RELU activation units over their shallow coun-
terparts stems from their ability to separate their input space into
exponentially higher linear response units than shallow networks
[75].

In Fig. 9, we perform a parametric study to capture the effect
of number of hidden layers and number of neurons in each hidden
layer on the performance of the fouling resistance prediction net-
work. We compare the performance of models with different net-
work architectures on the basis of their 5-fold cross validation loss
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Fig. 8. Data-set size influence on R? for: (a) overall fouling resistance (R; + R;) model, (b) flue-gas side fouling resistance (R;), (c) water side fouling resistance model (R;).

scores. For every configuration, we compute the cross-validation
loss scores as follows: the training dataset of 15,600 samples is
split into 5 equal parts. The network is trained for 100 epochs on
4 of these parts at a time and its predictive loss (Eqn. 17) is eval-
uated on the 5th partition during each run, for a total of 5 runs
per configuration. The averaged root mean squared error between
the network’s predictions and actual values over the 5 partitions is
the network configuration’s 5-fold cross validation score, which is
indicative of a trained model’s ability to generalize to an indepen-
dent dataset.

The cross-validation loss curves for both overall fouling resis-
tance (Fig. 9(a)) and individual fouling resistances prediction net-
works (Fig. 9(c)) with one hidden layer has an observable elbow
at around 12 neurons beyond which there isn’t a signification re-
duction in the computed loss. Thus, subsequent network configu-
rations with 2 and 3 hidden layers are built with 12 neurons in
the first hidden layer (reduction in parametric search space). The
prediction loss curve for network models with 2 hidden layers sat-
urate at around 8 neurons. Further, the plots indicate that there
is no significant improvement in the network predictions with the
addition of a third hidden layer of neurons; however, we see an
increase in training times (Fig. 9(b), 9(d)). Therefore, the choice of

an optimal network configuration stems from a trade-off between
the model’s predictive power and training times. We achieve this
balance with the selection of a network architecture with 2 hid-
den layers comprising of 12 neurons in the first hidden layer and
8 neurons in the second layer for our configuration shown in Fig
4(a),4(b).

Single and Ensemble Model Prediction Comparison. We com-
pare the model prediction accuracy metrics for a trained single
network and an ensemble (bagged model) of 5 neural networks on
each of the three test data-sets. These studies were performed for
both the prediction problems- overall fouling resistance (R; + R3),
flue gas and water-side fouling resistances (R, Ry) (network ar-
chitecture in Fig. 4(a), 4(b)). We use Gaussian kernel density esti-
mation plots for obtaining the spread of absolute prediction errors
and assessing the fit between the predicted and actual sample dis-
tributions on each of the three test datasets. Gaussian kernel den-
sity is a non-parametric technique to estimate the probability den-
sity distribution of the chosen parameter based on the observed
data samples.

The kernel-density estimation plot for absolute prediction er-
rors of overall fouling resistance (R; + Ry) (Fig. 10(a)) shows that
a significant proportion of errors is less than 10~#KW~1 for both
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single network and ensemble network based prediction models
(Fig. 10(a)). However, the presence of higher sample densities at
lower error magnitudes for the ensemble network curve along
with the presence of a long right distribution tail for the single-
network curve (Fig. 10(a)) make a solid case for the fouling resis-
tance predictions of the ensemble model of five networks to be

more robust and accurate compared to the single-network model.
This finding is further reinforced through the kernel density plots
shown in Fig. 10(b). The sample density distribution based on en-
semble model predictions conforms to the actual sample distri-
bution of overall fouling resistance values on test dataset-1. The
predictions from a single network model, however, appears to be
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Table 4
Ensemble network’s model predictive accuracies (R?).
Flue-Gas Side Water Side
Dataset Overall Fouling Fouling Fouling
(R +Ry) (Ry) (Rz)

Test Dataset 1 99.86% 99.21% 99.20%
Test Dataset 2 99.80% 98.86% 99.05%
Test Dataset 3 99.92% 99.34% 99.47%

slightly discordant with the actual fouling resistance distribution
in the range of [0.005,0.015] KW~1, accounting for its higher ab-
solute prediction error rates. The scatter plot for ensemble model
predictions with actual fouling resistance values in test dataset-1
(Fig. 11) illustrates that while both these values largely overlap,
there is a slight mismatch seen in the range of [0.01,0.02] KW -1,
These observations agree with the inferences from the distribution
plots in Fig. 10.

The kernel density estimation plots for test data-sets-2 and 3
also point to the superior performance of an ensemble network
over single network in predicting the overall fouling resistance
(R1 + Ry) (Fig. 12). These observations are consistent with our ear-
lier observations pertaining to the single and ensemble network’s
predictive performance on test dataset-1. The trained ensemble
network model seems to slightly under-predict the overall foul-
ing resistance in the distribution’s central zone (roughly between
0.01 KW-! and 0.015 KW~1) and over-predicts the fouling resis-
tance towards the distribution’s tail. The model predictive perfor-
mance of the ensemble network has been tabulated in Table 4.
The ensemble model’s predictive performance is the highest in test
data-series 3 that has a high proportion of low overall fouling re-
sistance values and least in test data-series 2 that has a high den-
sity in the distribution’s central zone. The coefficient of determi-
nation (R?) for the trained ensemble network model is very close
to 1 for both overall fouling resistance and individual flue-gas and
water side predictions. These are indicative of the algorithm’s abil-
ity to accurately learn the generalized functional representation
between the operating conditions and fouling resistances from a
training dataset.

Fig. 13 depicts the spread of absolute prediction errors for
flue-side and water-side fouling resistances (R; and R,) prediction
model. We infer that the ensemble network model for flue-side
and water side fouling resistances has lesser mean absolute pre-
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diction errors and lesser distribution outliers compared to a single
network model (Fig. 13(a),13(b)). Consequently, the ensemble net-
work model exhibits higher flue gas and water-side fouling resis-
tance prediction accuracies (R?) in all the test datasets compared to
the single network model (Table 4). Further, the ensemble model
delivers similar prediction accuracies for both flue-gas side and
water side fouling resistances, unlike a single network model that
has a marginally lower model fit on the water-side fouling resis-
tance series.

The analysis of single and ensemble network model for overall
and individual resistance predictions indicate that while a single
network’s predictions may have some disagreements in conforming
to actual test-dataset’s distribution in certain zones, the ensemble
model comprising of 5 networks flattens out these individual mis-
predictions to predict a distribution that fits the actual distribution
better. A combination of outputs from several networks is favor-
able only if they disagree on some inputs to give varied predictions
and this scenario occurs in this present problem setting. It can
be shown mathematically that learning of continuous valued func-
tion using ensemble network gives improved accuracy and lesser
prediction inconsistencies (variance) under the discussed scenario
[76] and our observations are in line with the theoretically proven
results.

5. Discussion

In this section, we explore the suitability of the model and as-
sess its predictive performance on test datasets whose samples
are augmented with simulated measurement noise. Further, we
explain the working of the fouling resistance prediction network
around select operating points through the technique of local in-
terpretable model-agnostic explanations (LIME). This approach ex-
plains the working of the prediction network by locally approxi-
mating it with a linear model that is easy to comprehend. Con-
sequently, this section brings out the practical applicability of our
prediction model for fouling resistance in heat-exchangers.

Quantifying Prediction Model’s performance under input
measurement noise Sensor noise, measurement errors and other
physical uncertainties introduce noise into the inputs of the foul-
ing prediction network. These noisy real-time inputs to the predic-
tion algorithm has a parameter distribution which deviates from
the corresponding input distribution on which the algorithm is
trained on. The developed algorithm is robust and practical if the
loss in predictive accuracy is minimal under small levels of input
noise.

We simulate the noisy datasets by adding varying degrees
of simulated noise to a base test dataset, which is sampled
from the same multi-variate distribution as the training dataset
(Table 1). The developed module’s performance is quantified on
these datasets where the input temperature and flow-rate variables
are augmented with a noise. This noise in measurement variables
is modeled as:

I(t) = I(t) + Al (19)

where Al is a zero mean Gaussian noise with variance o (t)2. The
degree of noise in a test data-set is controlled by adjusting the 3o
measurement noise levels. Noise is added to each nominal value
(I(t) in Eqn. 19) in these test datasets by augmenting it with a ran-
dom value (AI) which is sampled from a normal distribution with
a mean 0 and 3 x standard deviation (o) level corresponding to
a certain percentage of the nominal measurement. For instance,
every flow-rate and temperature measurement in a test dataset
with 5% 30 noise will be augmented with a random value sam-
pled from a normal distribution whose 3 x standard-deviation (o)
corresponds to 5% of the measured value.
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Fig. 12. Gaussian kernel density estimation plots: (a), (c) error plots comparing the sample distributions of absolute predictions errors of single and ensemble network
prediction models on test datasets 2 and 3. (c), (d) The distributions of "ground truth” values and network predictions based on observed samples of test datasets 2 and 3.
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Fig. 13. Ensemble and single network prediction error box plots. These plots graphically represent model absolute prediction errors on each of the three datasets through
their quartiles. The box in these error plots correspond to the 2nd and 3rd quartiles (middle 50% of the sample population) with vertical line extensions within 1.5*IQR on
either side of the box. The black rings are the outliers that lie outside this statistical configuration.

The box plot in Fig. 14 shows the absolute prediction error
spread for overall fouling resistance (R; + R,) network under vary-
ing levels of input measurement noise.

The error bars of both single network and ensemble prediction
models (Fig. 14) progressively shift upwards with an increase in 30
measurement noise levels. They are indicative of rising mean abso-
lute prediction errors with an increase in 30 measurement noise

levels. The mean absolute prediction errors are significantly lower
than 0.01 KW-! even at 15% 30 measurement noise levels. This
demonstrates the high noise resilience of both the single and en-
semble network prediction modules for overall fouling resistance.
The plot (Fig. 14) also confirms that the absolute prediction er-
ror bands for ensemble network is lower than the single network
model with fewer distribution outliers. Thus, we infer that the



—_
=

-
o
b

o

-
o
&

1
EY

hh i

Il Single Network
. - Il Ensemble Network

-
o

-—
°I
[3,]

-
o
&

1
~
|
f

Absolute Prediction Error (KW-)
S

0% 05% 1% 2% 4% 10%
Max. Measurement Error in Data

15%

S. Sundar, M.C. Rajagopal and H. Zhao et al./International Journal of Heat and Mass Transfer 159 (2020) 120112

Table 6
Ensemble model’s log-transformed and actual predictive performance in the pres-
ence of input measurement noise.

30 Noise Flue-gas side Fouling (R;) Water Side Fouling (R;y)
Log-Output Log-Output
levels (log(R1)) Predicted (R;) (log(Ry)) Predicted (R;)
0% 97.25% 99.20% 98.32% 99.19%
0.5% 94.1% 99.12% 91.93% 99.21%
1% 90.62% 99.15% 88.25% 99.12%
2% 70.39% 98.36% 69% 97.63%
4% 65.93% 97.86% 47.75% 93.28%
10% 39.75% 91.63% 15.08% 73.95%
15% 17.77% 80.86% -16.93% -
Table 7

Input variable values and neural network LIME model weights for test sample-1.

Test Sample-1 LIME Weights

. . L Variable Single Ensemble
Flg. 141 Box plot of ensemble and single ngtwork modell predictions of overall foul— Input Variable Value Network Network
ing resistance (Ry + Ry) (KW-1) under varying levels of input measurement noise. -
Fouled Flue Flow-rate ratio (%) 0.34 0.47 1.77
flue
Table 5 Flue Inlet Temperature (Tp) 200.69°C 0.1 0.13
Ensemble model’s log-transformed and actual predictive performance in the pres- Flue Outlet Temperature (Tp,) 129.20°C -0.06 -0.04
ence of measurement noise. Fouled Water Flow-rate ratio (%) 0.93 -0.14 -0.29
overall Water Inlet Temperature (T,;) 25.81°C -0.07 0.26
Network Output Fouling Water Outlet Temperature (Ty,) 35.99°C 0.09 -0.004
Test Dataset 30 Noise levels (log(Ry + Ry)) (R +Ry) Coefficient of Determination (R?) 82.87% 97.16%
0% 99.31% 99.85%
0.5% 97.63% 99.82%
1% 95% 99.73%
2% 79.2% 98.62% 86.03% at 10% measurement noise levels and 61.47% at 15% noise
4% 71.26% 97.26% levels which brings out the practicality of the proposed ensemble
10% 43.13% 86.03%
model.
15% 12.88% 61.47%

ensemble network predictions are more accurate than that of a
single network, for overall fouling resistance.

The ensemble model’s predictive performance on noisy test
datasets is summarized in Table 5. The key observations from the
model predictive statistics is that the coefficient of determination
(R2) of log-transformed ensemble model deteriorates rapidly with
an increase in 30 measurement noise levels. The accuracy of en-
semble predictions for overall fouling resistance (R; + R;) also de-
creases with an increase in measurement noise levels but the rate
of decline is not as steep as that of the log-transformed model. The
R? of ensemble model’s overall fouling resistance is still as high as
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The error bars for flue-gas side (R;) and water-side (R,) foul-
ing prediction model (Fig. 15) also display similar trends to that
of overall fouling resistance prediction model (R; + R;), where the
mean absolute errors in the predictions of individual fouling resis-
tances increase steadily with an increase in the test dataset’s 3o
input noise levels. Table 6 quantifies the ensemble model’s flue
gas-side and water-side fouling resistance predictive performance
on noisy input data. The rate of drop in model accuracies with
an increase in input measurement noise is much faster in predic-
tions of water-side fouling resistance compared to flue-side. Inter-
estingly, it is seen that the co-efficient of determination (R?) of
log-transformed model becomes negative at 15% 30 measurement
noise levels. Thus, the model starts behaving worse than a mean-
only prediction model at around 15% input noise levels.
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Fig. 15. Box plot of ensemble and single network model predictions for: (a) flue-side and (b) water-side fouling resistance in the presence of varying levels of input

measurement noise.
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Table 8
Input variable values and neural network LIME model weights for test sample-2 .

Test Sample-2 LIME Weights

Variable Single Ensemble
Input Variable Value Network Network
Fouled Flue Flow-rate ratio (%) 0.92 -1.32 -0.89
flue
Flue Inlet Temperature (T;) 216.13°C 0.12 -0.17
Flue Outlet Temperature (T,) 134.82°C -0.2 0.41
Fouled Water Flow-rate ratio (%) 0.65 0.31 0.39
Water Inlet Temperature (T,,;) 21.01°C 0.08 0.11
Water Outlet Temperature (Ty,) 30.16°C 0.34 0.05
Coefficient of Determination (R?) 94.11% 97%

This study has helped us identify the noise threshold for pre-
dictions from the proposed fouling prediction network (Fig. 4(b))
for water-side and flue-side fouling resistances. We cap the max-
imum 30 measurement noise levels for ensemble model predic-
tors at 10% beyond which the flue-gas side and water-side fouling
resistance network loses its predictive capabilities and utility. The
water-side fouling resistance (R,) samples have lower magnitudes
and spread compared to their flue gas side (R;) and overall foul-
ing resistance (R; + Ry ) counterparts, due to the smaller water-side
fouling factors (f). This makes the water-side fouling resistance
(Ry) predictions highly sensitive to their input predictors leading
to their lower noise resiliency as observed (Table 6). Overall, the
choice of using an ensemble (bagged) network over a single net-
work in our prediction model greatly increases the prediction ac-
curacy and makes it resilient to input measurement noise. The pro-

0.30 < Fouled Flue flow-rate ratio <= 0.44

0.90 < Fouled Water flow-rate ratio <= 0.95

posed fouling prediction model can operate effectively even at 10%
input measurement noise levels which reinforces its suitability for
practical applications.

Interpreting Fouling Prediction Model Results. Lack of math-
ematical models that account for generalized and holistic working
of neural networks makes interpretation of the relationship be-
tween input features and output target a tedious exercise. Here, we
attempt to explain the working of our fouling resistance prediction
network not by model specific approaches but by using local inter-
pretable model-agnostic explanations (LIME) [38].

LIME is based on the theory of linearization of non-linear
functions. The proposed neural network module for fouling re-
sistance prediction can be thought of a non-linear curve fitting
technique based on input-output predictions. Thus, the predictions
of our fouling resistance module, locally around an input sample,
can be understood heuristically by fitting weighted linear regres-
sion model (refer Supplementary Information). The inputs to this
weighted interpretable surrogate model for our fouling resistance
network is obtained by perturbing the network around a point of
interest and the corresponding outputs are the fouling resistance
module predictions around the perturbed input. The weights for
the generated new samples, close to the point of interest, were
generated using proximity-measure (distance) evaluated between
the sample and the point of interest. The weighted interpretable
linear model is trained based on the generated input-output in-
stances. This model acts as a local approximation of our network
model around the point of interest. The feature coefficients of this
local surrogate model is a measure of that particular input vari-
able’s importance in our fouling resistance module’s local predic-
tions.

25.0°C < Water Inlet Temperature <= 26.0°C -
194.15°C< Flue Inlet Temperature <= 202.13°C l
125.24°C< Flue Outlet Temperature <= 134.04°C I

33.98°C < Water Outlet Temperature <= 36.16°C

0.0 0.5 1.0 1.5

(a) Ensemble Network

0.30 < Fouled Flue flow-rate ratio <= 0.44

0.90 < Fouled Water flow-rate ratio <= 0.95
194.15°C < Flue Inlet Temperature <= 202.13°C
33.98°C< Water Outlet Temperature <= 36.16°C
25.0°C< Water Inlet Temperature <= 26.0°C

125.24°C < Flue Outlet Temperature <= 134.04°C

-0.1 0.0 0.1 0.2 0.3 0.4

(b) Single Network

Fig. 16. LIME model weights for single and ensemble networks for test sample-1: the inputs of the training dataset are partitioned into groups of 10 (decile) based on their
sample distribution. The local representative models for the networks were trained on 5000 samples in the neighborhood of the chosen operating point. The flow-rates and
temperature variables were sampled from their respective deciles. The relevance of the generated sample to the chosen operating point was quantified using distance based
similarity measure. This similarity measure was incorporated through the Gaussian kernel (refer Supplementary Information) with a kernel width of 0.3 in the error function
of local surrogate models.
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0.91 < Fouled Flue flow-rate ratio <= 0.96
Water Outlet Temperature <= 33.98°C

0.63 < Fouled Water flow-rate ratio <= 0.72
134.04°C< Flue Outlet Temperature <= 140.33°C
210.1°C < Flue Inlet Temperature <= 217.28°C

Water Inlet Temperature <= 21.02°C

(a) Ensemble Network

0.91 < Fouled Flue flow-rate ratio <= 0.96
134.04°C< Flue Outlet Temperature <= 140.33°C
0.63 < Fouled Water flow-rate ratio <= 0.72
210.1°C< Flue Inlet Temperature <= 217.28°C
Water Inlet Temperature <= 21.02°C

Water Outlet Temperature <= 33.98°C

(b) Single Network

-0.75 -0.50 -0.25 0.00 0.25

Fig. 17. Model weights for LIME models for single and ensemble networks for test sample-2.

We explain the local working of the proposed overall foul-
ing resistance (R + Ry) prediction module by considering two test
instances (model inputs, actual and predicted model outputs in
Tables 7 and 8). The order of importance of heat exchanger oper-
ating variables are similar in the developed local linear models for
ensemble (Fig. 16(a)) and single (Fig. 16(b)) prediction networks.
However, the two local linear models differ in how they weigh the
individual predictor variables. Both the LIME models accord high

positive weights to fouled flue flow ratio (%) that takes a value
1

of 0.34 for the chosen data sample. The high fouled water flow ra-

.M . . .
tio (Mi'f) of 0.93 has a negative effect on overall fouling resistance

predictvgons in the local models as expected. The flue-gas and water
temperature variables have lower weights than their corresponding
flow rate variables in the local representative model. The contri-
butions of the temperature variables in the local models need to
be understood in the larger context of their range in training data
(Table 1). The flue gas inlet temperature for the chosen sample is
200.69°C, which is between 30%-40% of the considered range in
our data-generation scheme. This is seen as favorable conditions
for fouling by the local surrogate models, however this influence
is partly countered by the observed low flue outlet temperature of
129°C in this sample. The water inlet and outlet temperature vari-
able weights of local surrogate models are seen to be negligible.

The validity of linear models as an approximation to the pro-
posed single and ensemble fouling resistance prediction networks
is assessed by evaluating their coefficient of determination in the
vicinity of the chosen sample. Both of these LIME models to our
prediction networks display high accuracies in the considered lo-
cal region (Table 7). Thus, these linear models encapsulate the local
working of our fouling resistance prediction networks and simplify
their analysis.

The magnitude of weights of predictors in local surrogate mod-
els for single and ensemble networks are different (Fig. 17). The lo-
cal models for both these networks accord large negative weights
to fouled flue flow-rate ratio (%) which lies between (0.91,0.96]

flue

for the chosen sample. The temperature variables, water outlet
temperature (Two) and flue outlet temperature (T, ), follow the flue
flow-rate ratio variable in the precedence order with high posi-
tive weights in the linear surrogates of ensemble and single pre-
diction networks respectively. These weight distributions for local
representative models are different from that seen in the case of
sample-1 (Fig. 16) where the fluid fouled flow-rate variables had a
higher influence than the temperature variables. The local models
around test sample-2 also differed in how they assessed the ef-
fect of flue temperature variables. The representative linear model
for ensemble prediction network gave positive weights to flue-
inlet temperature and negative weights to flue-outlet temperature
with the opposite seen in the case of single network’s local model.
These local effects account for the differences in predictions of sin-
gle and ensemble network models. These local-linear models have
high co-efficient of determination in the vicinity of test-sample-2
(Table 8) with the prediction errors due to local non-linear effects
between the input variables and overall fouling resistance.

The local exposition for proposed fouling network obtained
through LIME model assigns higher weighgs to the hydrodynamic

indicators like fouled flue-flow rate ratio (%) and fouled water
flue

flow (%) rate ratio variables over thermal indicators like fluid

inlet an(‘in outlet temperatures. This can be explained by the fact
that outlet fluid temperatures (Tj,, Two) are inherently dependent
on fouled fluid flow-rates (M, 1. M,, ;) and fluid inlet temper-
atures (Tg, Ty;)- Hence, the hydrodynamic indicators like fouled
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flue-flow rate ratio and fouled water flow already account for some
variations observed in thermal indicators like the fluid outlet tem-
peratures and the additional information gained from the thermal
variables with respect to fouling resistance predictions are only
marginal.

The hydrodynamic and thermal effects dominated the heat ex-
changer’s fouling physics, as evident from the data generation
scheme used for generating the training dataset for the pre-
diction models. Fig. 3 shows the extent of decrease in heat-
exchanged from 0.24 MW under un-fouled heat exchanger con-
ditions to 0.16 MW under maximal heat-exchanger fouling for an
input variable combination of Ty; = 170°C, M flue = 6.2 kgs1, T, =
25°C, My = 3.54 kg.s~1. We assessed the contribution of hydrody-
namic effects of fouling in quantity of heat-exchanged without the
thermal fouling effects (Table 2) for theoretical purposes. Inter-
estingly, the quantity of energy exchanged by the heat-exchanger
dropped from about 0.24 MW under un-fouled conditions to about
0.18 MW under fully fouled conditions which is nearly 71% of the
energy drop witnessed with both hydrodynamic and thermal ef-
fects incorporated.

This presents a strong evidence that the hydrodynamic fouling
effects dominate the local heat transfer and fluid flow physics of
the considered cross-flow waste heat recovery heat-exchanger. The
proposed fouling resistance prediction network also seems to op-
erate in line with local heat transfer and flow physics by giving
higher weights to hydrodynamic fouling variables such as fouled

flue-flow rate ratio ( N:‘“”) and fouled water flow ( ""f) over ther-

mal variables in the local explanatory models for overall fouling
resistance predictions. Thus, the local-linear surrogate model ap-
proach proposed for explaining the working of fouling prediction
algorithm has successfully brought out the practical utility and
physics behind the operation of the model.

6. Conclusion

We developed an accurate and generalized ensemble deep neu-
ral network framework capable of predicting overall fouling re-
sistance and individual flue-gas side and water-side fouling resis-
tances of a cross-flow heat exchanger used in waste heat recovery.
The model predictions has an average co-efficient of determination
(R2) of 99.86%, 99.14% and 99.24% for overall fouling resistance,
flue-gas side fouling resistance and water-side fouling resistance
respectively on the 3 randomly generated test datasets. The en-
semble based fouling prediction module was robust to input mea-
surement noise with the model predictive accuracy (R?) of 86.03%,
91.63% and 73.95% for overall fouling resistance, flue-gas side foul-
ing resistance and water-side fouling resistance respectively at a
10% 30 sensor noise cap. The developed fouling resistance pre-
diction model’s generalization and ability to learn heat-exchanger’s
fouling flow and heat transfer physics was demonstrated through
an analysis of a local surrogate model of the network on a cou-
ple of test samples. Hence, an adequately trained model of the
proposed fouling resistance prediction module can be deployed to
make real-time predictions in an industrial setting with the in-
puts to the module obtained from various flow-rate and temper-
ature sensors installed at the fluid inlets and outlets of the heat-
exchanger. The proposed ensemble network framework for fouling
resistance prediction can also be appropriately adapted to any heat
exchanger problem-setting by suitably modifying the number of
neurons in the input, inter-mediate and output layers of the net-
work while also adjusting the number of networks in the predic-
tion ensemble. The modularity of the proposed solution also pro-
vides opportunities for feeding in region specific temperature and
flow-rate data of any chosen heat exchanger module to the net-
work to identify and ascertain regions of the heat-exchanger most

affected by fouling at that instant of time. This information will
be particularly useful for undertaking region-specific corrective ac-
tions in large-scale heat exchangers. Moreover, this ensemble net-
work fouling resistance prediction module can also be recast into
a recurrent neural network with long-short term memory (LSTM)
framework for learning heat-exchanger fouling dynamics and op-
timizing fouling cleaning and maintenance schedules. These dis-
cussed approaches will broadly be the subject of our future work.
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