Artificial Intelligence for Engineering Design, Analysis and Manufacturing (2016), 30, 263-276.
© Cambridge University Press 2016 0890-0604/16
doi:10.1017/S089006041600024X

A maintenance-focused approach to complex system design

BO YANG YU,' TOMONORI HONDA,' SYED M. ZUBAIR,> MOSTAFA H. SHARQAWY,?> anp
MARIA C. YANG'

!'Department of Mechanical Engineering, Massachusetts Institute of Technology, Cambridge, Massachusetts, USA
2Department of Mechanical Engineering, King Fahd University of Petroleum and Minerals, Dhahran, Saudi Arabia
3School of Engineering, University of Guelph, Guelph, Ontario, Canada

(Recervep May 11, 2015; Acceptep March 8, 2016)

Abstract

Maintenance plays a critical role in reducing operating cost and maximizing reliability of a complex engineering system.
This paper proposes a novel maintenance-focused, system-level design framework that attempts to capture the interactions
between maintenance strategies and system-level design parameters overlooked in current modeling approaches. The goal
of this maintenance-focused approach is to help designers better understand the interconnectedness of system architecture,
choice of maintenance strategy, and uncertainties in a design. Application of the proposed design framework is demon-
strated through a case example of a power plant condenser system. Results show that using an integrated approach can reveal
the many nonobvious interactions between subsystems, and produce system designs that have lower life-cycle cost com-

pared to traditional sequential design approaches.
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1. INTRODUCTION

In recent decades, large-scale engineering systems, such as
aerospace vehicles, power plants, and manufacturing systems,
have continuously grown in size and complexity. With in-
creasing global competition and limited resources, designers
and engineers are trying to improve the optimality of complex
systems by maximizing performance and minimizing project
cost. Improving system optimality faces two critical chal-
lenges in system complexity and life cycle uncertainty (Giffin
et al., 2009; Moullec et al., 2013). To address complexity,
system-level modeling and optimization approaches are often
used to capture subsystem interactions (Liu et al., 2006; Agte
et al., 2010; Lu et al., 2010; Xiong et al., 2010; Eppinger
et al., 2014). Due to the long life cycle of engineering sys-
tems, the evaluation of cost and performance must go beyond
the initial design and construction stage, to include the long-
term variations in system condition (Behdad et al., 2010;
Sakhrani, 2012). Developing complex engineering systems
that are more resilient to uncertainties is an important chal-
lenge faced by designers and engineers (Hu & Cardin, 2015).

Degradation of system components is one major factor that
can contribute to system performance variations. Component
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fatigue, corrosion, and fractures can all lead to performance
losses or failure of required system functions. Maintenance
is a critical aspect of system operation: degrading components
need to be cleaned or repaired, and failed components need to
be replaced to restore performance. However, the uncertain
nature of degradation and failures can make maintenance
scheduling a challenge (Grall et al., 2002). Recent advances
in maintenance strategy focus on prognostics and health man-
agement (PHM) methods (Engel et al., 2000; Ledo et al.,
2010; Xi et al., 2013) to detect, diagnose, and predict system
degradation and failures, and condition-based maintenance
(CBM; Maillart & Pollock, 2002; Jardine et al., 2006;
Wang et al., 2010) that utilizes PHM information to maximize
system availability and minimize operational costs (Youn
etal., 2011).

Traditionally, maintenance optimization is not considered
during the design stage of complex engineering systems,
and the consideration of component degradation is usually
limited to safety factors and redundancies. However, mainte-
nance strategies developed independently from the design
stage may result in unexpected life cycle outcomes. In
many industrial components, physical design parameters and
the mode of degradation are highly coupled. Design choices
made for the system can influence degradation, which can
affect the maintenance pattern, and cause the system perfor-
mance to deviate from designed specifications. Considering
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maintenance strategies in the design stage could lead to com-
pletely different system architecture design decisions. These
could include technological choices and maintenance strate-
gies, and can influence the relationship between system func-
tion requirements and design parameters. For example, if a
predictive maintenance strategy is applied to battery pack sys-
tems, the optimal placement of batteries could change com-
pared to if traditional maintenance strategies were used. Cur-
rent research in relevant areas has focused on integrating
reliability analysis and probability of system failure in the de-
sign stage (Kurtoglu & Tumer, 2008; Youn & Wang, 2009),
but only a few studies have attempted to fully address the in-
teractions between physical degradation process, design deci-
sions, maintenance strategy, and system performance (Bod-
den et al., 2005; Youn et al., 2011). With an increasing
number of engineering projects being planned under the
build-one-operate-transfer contract structure, designers have
a much higher incentive to optimize for life-cycle cost in en-
gineering systems (Lokiec & Kronenberg, 2001), in order to
obtain a more accurate estimate of the cost of ownership over
the entire life cycle of a system. Modeling these dependent re-
lationships between the components in a system, their degra-
dation and maintenance patterns could advise designers about
the effect of different maintenance strategies, and allow de-
signers to identify the key system-level trade-offs in the initial
design stage.

This work is motivated by the need to capture the effect of
maintenance in system-level design, and assist designers in
making informed decisions about system architecture de-
sign. A framework is presented that focuses on modeling
the interface between the design space and maintenance de-
cision space that allows designers to explore the trade-offs
between them. The proposed approach is applied to an ex-
ample of a condenser in a steam power plant and shows
that the approach can provide significant insights to design-
ers, allowing them to examine system architectures with dif-
ferent types of maintenance strategies and evaluate the trade-
offs between system capital cost and availability that may be
difficult to obtain from traditional design and modeling ap-
proaches.

2. BACKGROUND

The scope of this work includes topics in component degra-
dation, system maintenance, PHM, and design optimization.
This section first provides a brief overview of the relevant
fields, and then a survey to illustrate the existing gap in the
literature.

2.1. Maintenance

Maintenance usually involves cleaning, repair, or replace-
ment of degraded and aging components. The oldest and
most common maintenance strategy is corrective mainte-
nance (CM), or “fix it when it breaks” (Kothamasu et al.,
2006). CM does not require any system analysis or planning
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effort, but at the same time, the operator has no control over
the occurrence of downtime.

Preventive maintenance is also a commonly used strategy
in industry (Camci, 2009), where maintenance and repairs
are performed at preestablished intervals. This strategy can ef-
fectively prevent unexpected downtimes, but because the
fixed maintenance interval ignores the stochastic nature of
degradation, very often maintenance is performed unneces-
sarily, leading to high operational cost.

CBM is an advanced maintenance strategy aimed at bal-
ancing maintenance cost, which is high in preventive mainte-
nance, with downtime cost, which is high in CM (Dekker,
1996; Camci, 2009). In CBM, system components are con-
tinuously monitored by various sensors to measure the state
of the component, and computer algorithms estimate the
“health” of the component, and predict the remaining useful
life (RUL) using either physics-based models or data-driven
methods (Wang & Vachtsevanos, 2001; Wang & Wang,
2015). PHM is the research area that focuses on modeling
RUL distribution and reliability in a number of different
areas, including thermal and electronic components (Xing
et al.,, 2011; Yu et al., 2012), civil infrastructure systems
(Peng et al., 2012; Loyola et al., 2013), airplane maintenance
(Bodden et al., 2005), and battery technologies (He et al.,
2011). Information provided by PHM technologies is used
in CBM to schedule maintenance accordingly.

2.2. Design—maintenance integration

There has been some research that focuses on considering re-
liability and fault identification during the design stage. Bod-
den et al. (2005) conducted a study that considers prognostics
and health management as a design variable in air vehicle
conceptual design. This work showed redundancies in the ac-
tuation components of air vehicles could be reduced with
some knowledge of RUL. Wang et al. (2010) presented an
optimal design approach accounting for reliability, mainte-
nance, and also warranty. Youn et al. (2011) proposed a
framework for resilience-driven design of complex systems
that integrates PHM into the design process using a reliabil-
ity-based design optimization strategy. A fault identification
and propagation framework has been developed for evaluat-
ing failure in the system in the early design stage (Kurtoglu
& Tumer, 2008), as well as for integrated hardware—software
systems (Mutha et al., 2013). Previous studies have also con-
sidered methods to evaluate resilience in a system architecture
(Mehrpouyan et al., 2015) and the effect of design impulses
on a system (Ghosh et al., 2014). Related research can also
be found in disciplines outside mechanical engineering:
Camci (2009) explored maintenance scheduling that consid-
ered the probabilistic nature of prognostics information and
its effect on maintenance scheduling. Santander and San-
chez-Silva (2008) studied design and maintenance optimiza-
tion for large infrastructure systems. By applying reliability-
based optimization using a deterministic system model,
they found that inefficient maintenance policy leads the opti-
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mization algorithm to converge to a design with higher de-
grees of redundancy. Monga and Zuo (1998) considered
both maintenance and warranty in optimal system design in
their work. They compared selected system configurations
with different failure rate functions, though no predictive
maintenance was considered in this study.

The above-mentioned work mostly focused on the integra-
tion of design and system reliability, but it did not explicitly
consider the physical degradation process nor the causal rela-
tionship between design decisions and degradation. Work
done by Caputo et al. (2011) on joint economic optimization
of heat exchanger design and maintenance policy considered
the interaction between design decisions of a heat exchanger
and its degradation (fouling), but only examined traditional
maintenance strategy and not the uncertainty associated
with degradation. Honda and Antonsson (2007) proposed
the notion of grey-scale reliability to capture system perfor-
mance degradation and the time dependency of reliability.
They also studied design choices and their effects on system
degradation. However, their study did not consider the effects
of maintenance on system degradation.

There are limited studies in previous literature that link deg-
radation to design variables, such as how the physical di-
mensions of a component may affect the uncertainties in its
degradation. There is also a gap in studies linking system-
level design decisions and advanced maintenance strategies.
This paper seeks to fill these gaps through an approach that
models the interaction between design and degradation. The
proposed approach is demonstrated through an example of
condenser (heat exchanger) design. It differs from existing re-
liability and maintenance based design optimization ap-
proaches (Wang et al., 2010; Youn et al., 2011) in that the em-
phasis is on capturing the interdependencies between design
decisions and degradation in system-level components.

3. FRAMEWORK

3.1. Problem formulation

This work proposes a generalized modeling framework to
capture the interactions between system-level design deci-
sions and degradation, using a multiple-objective optimiza-
tion approach (Wang & Shan, 2007; Martins & Lambe,
2013). The problem formulation is

{CL — A} = F(tm, E;, Xcs),

Tm = fo(D(), Xm),

Es = fos (D), X Xm),

D(t) = fp(Xes),

8es(Xes, Xm) < 0. &)

minimize

subject to

where C is the life-cycle cost of the system and A is the avail-
ability or other metrics related to availability (such as mean
time between maintenance). These are the objectives that
need to be minimized and maximized in the design optimiza-
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tion. Life-cycle cost is a common objective for system-level
design, and availability is an objective traditionally associ-
ated with degradation and maintenance. The objectives are in-
fluenced by the variables of T,,, Es, and X.. The vector x con-
sists of all decision variables and, in this problem
formulation, is subdivided into the system-level design vari-
ables x.s and maintenance variables x,,. Examples of system-
level design variables can be the types and configuration of
components in the system, and examples of maintenance
variables include types of maintenance strategies and thresh-
olds for triggering a maintenance event. The T, variable is a
sequence of times indicating maintenance occurrences during
system life cycle and is computed by the operational subsys-
tem model f,, based on component degradation profiles D(z)
and maintenance variables x,,. The E; variable is the system-
level performance, typically an efficiency or output measure,
that is calculated by the physical system models f.s based on
degradation profiles, system design variables X.s, and mainte-
nance variables. The component degradation profiles D(z) are
generated by degradation subsystem models f based on sys-
tem design variables. It is assumed that the degradation pro-
file only describes how the component will degrade over time
from its original “clean-state” and thus will only be a function
of the system-level design variables. Finally, g.s are the sys-
tem-level constraints that must be satisfied.

Figure 1 shows the system architecture model associated
with this problem formulation. There are two major divisions
illustrated in the figure. The first is the system design division
that contains the forms and functions of the physical system
and its subcomponents and disciplines. The system design
model can be highly complicated with many interactions,
though in this framework it is generalized into f.s. The second
division contains the degradation models fp and the opera-
tional model f,, and any other subsystems related to operation.
It is assumed that the physical system can be modeled deter-
ministically, while the degradation models are uncertain, and
require uncertainty evaluation methods such as Monte Carlo
simulation.

The interface between the system design division and the
maintenance division can be generalized as follows. The de-
gradation models generate profiles that indicate how each
component degrades over time. Multiple components in the
system may have degradation profiles that are correlated or in-
dependent, and need to be modeled accordingly. These degra-
dation versus time curves are used by the system model fs to
simulate how the system-level performance (Es) will vary
over this time period. The performance profiles Es are then
fed into the operational model that computes the maintenance
pattern T,,. The operational model is simulated for Ny, years,
the total duration of the system life cycle, with different deg-
radation profiles generated over the life cycle to simulate
the uncertainty in degradation.

It is critical to model the interdependencies between the
subsystem components, and identify the key components
and their degradation modes that contribute to system perfor-
mance losses. System-level modeling techniques such as de-
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t
Cei = [ Ln(7), mg)dr, ®)

Eppinger & Browning, 2012) and the engineering system ma-
trix (Hu & Cardin, 2015) can be used for this purpose. Once
the key degradation modes are identified, the relationship be-
tween degradation and the physical parameters associated
with the component needs to be determined. This can be chal-
lenging and usually requires expert knowledge specific to the
domain of the component. A survey of literature in the field
may be an adequate approach to constructing a detailed model
of component degradation.

3.2. Objective function definitions

This framework focuses on two design objectives: the life-cy-
cle cost and system availability (time between maintenance).
Other objectives may be considered, but cost and availability
are representative for comparing optimality of system designs
and maintenance strategies. The life-cycle cost Cy is defined
as the total present cost of the system and contains

CL=Cc+ Cy+Cg, 2

where Cc is the capital cost associated with system develop-
ment. If any portion of the capital cost occurs later in the sys-
tem life cycle, then the cost needs to be discounted to the pre-
sent value with the discount rate r; Cy; is the maintenance
cost, which is the sum of all maintenance costs:

s Ci 3
(L +ry

and Cg is the efficiency cost, which is the cost due to degra-
dation, such as the extra fuel needed:

Nic Ci
Cg=) —2

S+

“
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where 7 is the actual system efficiency (between time #;—; and
1;), mq is the designed system efficiency without degradation,
and L is a function that computes the monetary loss due to de-
gradation, dependent on the physical system.

The second objective is availability, which is generally de-
fined in the literature as (Stapelberg, 2009):

_ E(up time)
" E(up time) + E(down time)’

©)

where E() is the expected value operator, up time is the time
that the system is operational, and down time is the time the
system spent idling, including due to failure and during main-
tenance. In certain cases, the time taken to perform mainte-
nance may be negligible, then an alternative measurement,
mean time between maintenance (MTBM), can be used in-
stead.

In general, the life-cycle cost of the system should be mini-
mized, while the system availability should be maximized.
Multiple-objective optimization methods can be used to
find the Pareto-optimal designs. Alternatively, one of the
two objectives can be treated as an intermediate variable,
and single-objective optimization methods can be used.

3.3. Computational complexity

Because there are significant uncertainties associated with the
life cycle analysis, uncertainty quantification methods such
as Monte Carlo simulation are required to produce many dif-
ferent life cycle simulations to fully characterize the effects of
uncertainty. The need for Monte Carlo simulation signifi-
cantly increases the computational complexity of the frame-
work.
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The degradation and maintenance subdivisions of the
framework contain all the stochastic models, such as the com-
ponent degradation models. The physical system model can
be assumed to be completely deterministic, and can be treated
as a blackbox in the Monte Carlo simulation. The model only
needs to be evaluated a few times to generate a surrogate
model, such as a look-up table, and the Monte Carlo life cycle
simulations can use the surrogate model instead of calling the
full system model to reduce computing complexity.

Despite the reduction of computing complexities, the com-
puting requirement is still significant, and thus balancing be-
tween model fidelity and complexity is a major challenge. For
a multidisciplinary system, domain-specific models are
usually high fidelity with very low discrepancies with reality
but require significant computational time (on the order of
hours or days). Furthermore, high-fidelity discipline-based
models are usually represented using different software tools,
making the data transfer between models complicated. Thus,
high-fidelity models are not the best option for use in this
framework. A common approach for model complexity re-
duction is to generate low-fidelity models from high-fidelity
models using metamodeling methods such as Kriging or a re-
sponse surface method (Wang & Shan, 2007). Low-fidelity
models can then be evaluated very quickly, but can have sub-
stantial discrepancy.

A midfidelity model is a simplified representation of a sys-
tem that captures the essence of different domains by using
first-order approximations of physics-based models (Lin
et al., 2009). Because they are physics based, no special soft-
ware is needed, and this allows simple integration of different
domains and subsystems. A midfidelity model has the advan-
tages of short simulation time on the order of several seconds.
Midfidelity models are commonly used in the early design
phases to identify promising design strategies. Therefore, it
is recommended that midfidelity models be used whenever
possible.

3.4. Framework summary

Below are the proposed steps for setting up the integrated de-
sign and maintenance optimization problem:

1. Identify key components and their degradation modes
that contribute to system performance loss and require
regular maintenance services.

2. Determine the relationship between physical parame-
ters and degradation.

3. Propose feasible maintenance strategies. Determine
variables associated with maintenance.

4. Construct the system model. Set up domain models for
the system, incorporate the degradation relationship,
simulate over the lifetime operation of the system, and
compute objective functions.

In sum, the proposed modeling framework is an architec-
tural-level modeling approach aimed at capturing the interac-
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tions between the design space and the maintenance decision
space in a complex engineering system. By identifying and
modeling these interactions, designers can explore the
trade-offs between different technology, different mainte-
nance strategies, as well as different sets of design parameters.
Generally, systems that can benefit from this framework
should have the following characteristics: the degradation
of key components is stochastic in nature, and the system ar-
chitecture design choices can significantly affect the develop-
ment of degradation. Examples include battery systems,
membrane-based water production systems, and solar-pow-
ered systems.

4. POWER PLANT CONDENSER CASE STUDY

This section illustrates the proposed approach through a case
example of designing a condenser heat exchanger in a power
system. This system is selected because heat exchangers are
widely used in a variety of thermal systems and are subject
to constant degradation. The case example will compare dif-
ferent maintenance strategies in the design optimization of the
condenser, taking into consideration condenser degradation
and maintenance. The purpose of this example problem is
to demonstrate the broader implications of the proposed de-
sign framework. By modeling degradation and maintenance
during the design of system architecture, designers can
make more informed decisions by considering the trade-
offs between life-cycle cost and availability. Specifically,
an advanced maintenance strategy that is based on prognos-
tics of future degradation will result in lower life-cycle cost,
and potentially reduce design redundancy.

In a steam power plant, the condenser at the exit of the low-
pressure turbine converts the exiting steam into liquid. Con-
densers are shell-and-tube heat exchangers. The steam flows
through the shell side, which is usually kept at a very low
pressure to achieve higher cycle efficiency. The heat rejected
from the steam condensation is carried away by cooling water
in the tube side of the condenser.

Fouling is the major degradation mode of a condenser. Foul-
ing is the buildup of foreign materials inside the tubes due to
bioparticles and inorganic salt in the cooling water. Fouling
causes high thermal resistance in the condenser (commonly
measured as fouling resistance, m?K/kW), which increases
the shell side pressure and ultimately reduces plant efficiency.
It is recognized as one of the biggest problems associated with
efficiency loss in power plants (Taborek et al., 1972a).

The buildup of fouling resistance in a condenser usually
follows an asymptotic curve (Sheikh et al., 2001). The
asymptotic values of fouling and the rate of buildup are
highly stochastic. Over the past 50 years, much research has
focused on finding the underlying physics that governs foul-
ing. The results have suggested that the amount of fouling and
the rate of fouling are proportional to temperature, and in-
versely proportional to the cooling water flow rate, assuming
unchanging water quality and tube material (Taborek et al.,
1972b; Rabas et al., 1993).
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The maintenance of a condenser is performed offline, com-
monly during a scheduled power plant outage. Specialized
scrapers are shot through the tubes with pressurized water
to physically remove built-up foulant. Cleaning can usually
be completed within 48 h before returning the condenser to
its original condition.

An optimal steam condenser is designed following the
proposed framework. Three different maintenance strategies
will be considered, and the details of the strategies and the
overall system model will be described in detail in the next
subsection.

4.1. System modeling

4.1.1. Power model

For simplicity, a Rankine cycle with a single-stage turbine
is used. The power cycle only has five components: the
boiler, the turbine, the condenser, the cooling water pump,
and the feed water pump, as shown in Figure 2.

To create a numerical model, the Rankine cycle is broken
down to six nodes, each representing the steam condition at
the inlet and exit of a system component. The nodes are num-
bered 1 to 6 as shown by the subscripts in Figure 2. The vari-
ables P;, T;, h;, and x; are the pressure, temperature, enthalpy,
and steam quality of the fluid at node i, respectively; Q; and
Q, are for the heat (kW) input by the boiler and heat rejected
by the condenser; W[, Wfp, and ch are the work (kW) ex-
tracted through the turbine, input to the feed water pump, and
input to the coolant pump, respectively; and rizg and 71, are
the mass flow rate (kg/s) of the steam/water circulated through
the power cycle and cooling water through the condenser.

The power cycle model computes the cycle efficiency ) as
its output:

Boiler

Fig. 2. Model schematics of Rankine cycle.
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where W, is the net power output of the plant. Losses associ-
ated with pipe friction and inefficiency associated with
pumps and turbines are neglected. The water/steam properties
at each node are defined by the designer (boiler specification:
P35, T3, turbine back pressure specification: Ps), by the phys-
ical environment (7s), or determined through a steam table
(Holmgren, 2007).

4.1.2. Condenser model

The condenser model computes the condenser heat duty
based on the inlet conditions and geometry using the log-
mean temperature difference (LMTD) method (Kakac,
1991). The condenser heat load Q, is equal to

Q. =UXx AT, x S, 8)

where U is the condenser’s overall heat transfer coefficient
[W/(m?K)], AT,, is the LMTD, and S is the overall surface
area of the condenser (m?2).

It was assumed the condenser is a one-pass X-type shell
and tube heat exchanger made of 70-30 copper—nickel alloy,
with the terminal conditions listed according to Figure 3,
where Py, is the atmospherical pressure, AP is the pressure
drop in the coolant side of the condenser, and Ty is the sat-
uration temperature of steam at pressure Pj.

An iterative process computes the condenser heat load Q,
and coolant pressure loss AP based on the condenser geom-
etry (number of tubes N; and tube length L) and the condenser
fouling resistance Ry (m?K/W). Details of the model can be
found in Kakac (1991).

4.1.3. Fouling model

Fouling in the condenser is measured by fouling resistance
R¢. Fouling is a complicated phenomenon that has been stud-
ied extensively. A general consensus is that the overall foul-
ing trend can be represented by this asymptotic model (Ta-
borek et al., 1972a, 1972b; Epstein, 1983; Zubair et al.,
1997):

Ry = R (1 — e™P1), €)

where R} is an asymptotic fouling resistance value related to
the cooling water velocity v, tube inner diameter Dj, and the

P3=Pm7+"jP
T, _@
Lo f—m— et
Pg = Pym
Ty
P, =P,
T=T= T
h,.s,

Fig. 3. Model schematic of condenser.
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kind of foulant, while B (year™!) is the reciprocal of the
time constant. Empirical correlations used for R;k with cal-
cium carbonate fouling and 3 are the following (Caputo
et al., 2011):

. o.101

f = vg-33D?'23 ’ (10)

B = 0.0016v, %%, 11

Because fouling is a stochastic process, the asymptotic
fouling resistance R can change randomly over time (Ta-
borek et al., 1972a; Zubair et al., 1997). In this study, the
asymptotic fouling resistance is considered a random variable
(R;f) that takes on a new value each time the condenser is
cleaned. The distribution of Ry is assumed to be log normal
(Taborek et al., 1972a):

Ri = LN(i, 0),
0.101
o/m=03. (12)

4.1.4. Maintenance models

Three types of maintenance strategies are considered: fixed
interval, corrective, and predictive. Power plants are usually
shut down annually during the spring when energy demand
is the lowest. For this study, it is assumed the condenser is in-
spected and cleaning decisions are made during the annual
downtime. A fixed-interval strategy follows a preset schedule
to maintain the condenser every N years. Both corrective and
predictive strategies are based on monitoring the fouling re-
sistance and comparing to a threshold value Ry. In corrective
maintenance, cleaning happens if current Ry > Ry. In preven-
tive maintenance, a RUL is estimated each year by predicting
when Ry will exceed Ry, and schedule cleaning if RUL < 1
year. In this study, the prediction algorithm is assumed to be
perfect.

4.1.5. Operation and economics model

A 50-year lifetime is assumed for the power plant. The life-
cycle cost Cy consists of the capital cost Cc, maintenance cost
Cy1, and efficiency cost Cg as indicated previously in Eq. (2).

For simplicity, only the capital cost of the condenser is con-
sidered for this study, which is proportional to the amount of
materials used in the condenser tubes.

™
Ce = PmpmNtLZ (D2 - D?), (13)

where Py, is the price of raw material ($/kg), py, is the density
of material (kg/m®), and N L(w /4)(D?> — D?) is the total ma-
terial volume of the condenser tubes. Capital cost associated
with implementing maintenance strategies, such as sensors
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and computing equipment, are not considered in this study
for simplicity.

The maintenance cost is associated with the physical clean-
ing of the condenser tubes. The annual cleaning cost Cyy; is
either zero when there is no cleaning during the year or

Cwm,i = PL + PN, (14)

when cleaning is performed. The first part is the fixed main-
tenance cost where Py, is the cost of labor, and the second part
is the cleaning equipment cost and depends on how many
tubes are in the condenser, and Ps, which is the price of
each scraper.

The efficiency cost is an estimate of the productivity lost
due to fouling. It was assumed the plant has zero efficiency
cost when it operates at the designed efficiency mg, which
is the Rankine cycle efficiency if fouling resistance is zero.
Efficiency cost increases proportionally to the amount of ex-
tra fuel consumed as a result of fouling. The annual efficiency
cost Cg,; is computed as

ti
P [ 1 1

Cg; = v J Wo(T) (% — Tl_d) dr, (15)

i—1
where Py is the price of fuel ($/kg), HV is the heating value of
the fuel (kJ/kg), W, is the actual instantaneous power output
during the year i, and m is the actual instantaneous thermal ef-

ficiency during the year i.
The annual maintenance cost Cyy; and efficiency cost Cg;
are discounted to present value using a discount rate » to ob-

tain Cy; and Cg, according to Egs. (3) and (4).

4.1.6. Model integration

According to the proposed modeling structure, the system
model is divided into a deterministic model, which includes
the power and condenser models, and a probabilistic model,
which includes the fouling and operation models.

For simplicity, boiler temperature and pressure are kept as
constant parameters, and the only design variables considered
are the number of condenser tubes N, and the condenser tube
length L. Constraints in the power-condenser model include
the minimum turbine back pressure P4; and the maximum
condenser coolant flow rate s1.;. The deterministic system
model has an input—output relationship of

mn :fsys(Nh L, Rgs). (16)

In the probabilistic subsystem models, the operational
model uses a Monte Carlo simulation to simulate the life cy-
cle of the power plant randomly multiple times. The simula-
tion process is shown in the flow chart in Figure 4.

At the beginning of the simulation, system-level design pa-
rameters are specified to determine the physical design of the
condenser, and then a Monte Carlo simulation is performed to
evaluate the performance of the system. Each iteration of the
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Fig. 4. Model evaluation process.

Monte Carlo simulation generates a life cycle simulation of
the plant. At the beginning of the plant’s life cycle, a fouling
profile Ry (¢) is generated with the asymptotic fouling resis-
tance R randomly generated from the log-normal distribu-
tion described in Eq. (12). The operation model simulates
the plant operation on a year-to-year basis and determines
when maintenance is needed. After the occurrence of each
maintenance event, the condenser is assumed to return to
its original clean condition, and a new asymptotic fouling re-
sistance is generated. After the entire life cycle is completed, a
new life cycle is generated by the Monte Carlo simulation,
and this process repeats until the desired number of iterations
is reached. In this example, the Monte Carlo iteration number
was set to 1000.

Some designer-defined parameter values used in the mod-
eling process are tabulated in Table 1. The condenser cleaning
equipment and labor costs are obtained from CONCO Sys-
tems, a manufacturer of heat exchanger cleaning equipment.
Fuel cost is estimated based on the price of clean coal pro-
vided by the US Energy Information Administration, and
the cost of condenser tube material is the average quoted price
of several online vendors.

4.2. Traditional design method (LMTD method)

Traditionally, the LMTD design process of choosing a con-
denser is based on the following three-step process (Kakac,
1991):
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Table 1. List of user-defined parameters

Symbol Value Unit Description
P, 80 bar Feed water pressure
T3 480 °C Boiler temperature
| 3300 kgls Maximum coolant flow rate
Py, 0.1 bar Maximum steam side pressure
W, 100 MW Rated output power of plant
Ts 25 °C Coolant inlet temperature
D, 19 mm Condenser tube OD
D; 17 mm Condenser tube ID
Pn 20 $/kg Condenser tube price
Py 20000 $ Condenser cleaning labor cost
P 7 $/tube Cleaning equipment cost
P 0.09 $/kg Power plant fuel price
HV 25 Ml/kg Fuel heating value

1. Determine the condenser heat load Q. from the power
plant’s requirements.

2. Select an operating fouling resistance based on empiri-
cal correlations.

3. Determine the overall heat transfer coefficient U, the
LMTD, and consequently calculate the condenser
area, from which L and N; are determined.

The process is similar to adding design redundancy into the
condenser. The fouling resistances for different fluids are tab-
ulated in heat exchanger design handbooks. For example,
the Tubular Exchanger Manufacturers Association lists foul-
ing resistances for seawater to be 0.352 m*K/kW and for
brackish water to be 0.176 m*K/kW.

Once the fouling resistance is selected, the condenser de-
sign variables, Ny and L, can be determined using the
LMTD method. For this case example, the fouling resistance
was chosen to be 0.3 m2K/kW, in between the values of sea-
water and brackish water, and found that using the traditional
design method, the condenser would require 7280 tubes and a
tube length of 14.7 m.

Based on this specific condenser design, the three different
maintenance strategies can be analyzed independently by sim-
ulating the life cycle with uncertainties, and a simple main-
tenance optimization can be solved to find the most optimal
maintenance variable that results in the minimum life-cycle
cost (Cr) of the system. The problem definition is shown be-
low:

minimize Cp = Fy, .(Stgy, N, Rys),
subjectto gy, L(Stgy, N, Rg) < 0. a7

where Cy is the mean value of the life-cycle cost from the
Monte Carlo system model simulation, Stgy indicates one
of the three maintenance strategies being considered: fixed in-
terval, for which N is the maintenance interval in number of
years, corrective and preventive, for which Ry is the fouling
resistance threshold, and F; and g are the system models de-
scribed in the section above.
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The problem formulation is a mixed-integer nonlinear pro-
gramming problem. However, because only three different
strategies are being considered, they can be analyzed inde-
pendently, and the other integer variable N is only associated
with the fixed-interval strategy and can be handled through an
exhaustive search, and thus reduces the problem down to a set
of continuous nonlinear problems.

4.3. Optimal design method

The proposed framework allows an optimal condenser design
to be found directly through optimization of the full system
model. The problem definition is

CL = F{(N,, L, Stgy, N, Rg)
subjectto  g(N,, L, Stgy, N, Rg) <0 (18)

minimize

Similar to the maintenance optimization problem de-
scribed in the previous section, this mixed-integer nonlinear
programming problem can also be reduced into several con-
tinuous nonlinear problems by independently analyzing the
three different maintenance strategies.

All of the programming and simulation for this case exam-
ple were done in MATLAB 201 1a. Built-in optimization al-
gorithms including “ga” (genetic algorithm) were used. Be-
cause the Monte Carlo simulation resulted in long function
evaluations, a population size of 30 with 20 generations
were used to limit the overall computing time. In addition,
“fmincon” (sequential quadratic programming) with random
initial starting points was also used, and provided results with
values within 2% of the genetic algorithm.

5. RESULTS

This section describes the results from the case study detailed
above to demonstrate the proposed design—maintenance opti-
mization framework, and how it can be used to improve de-
signer’s understanding of trade-offs between different sub-
systems and disciplines. Comparisons between traditional
and optimal design methods, and between different mainte-
nance strategies, were made. It is expected that considering
maintenance strategies during system architecture design
would improve the system-level performance in both life-cy-
cle cost and availability.

5.1. Single-objective optimization

The maintenance optimization problem for the traditional de-
sign approach described in Eq. (17) and the optimal design
problem described in Eq. (18) were both solved. The design
that resulted in the lowest life-cycle cost was found, and
MTBM for each design is also computed, which is a measure
of the availability of the system. The life-cycle cost and
MTBM for each maintenance strategy and the two different
design approaches are given in Table 2.
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Table 2. Results of traditional design versus optimal design
Traditional
Fixed Corr. Pred.
Life cycle cost, CL. ($M) 5.00 4.19 4.12
MTBM (years) 2 2.5 2.75
Optimal
Fixed Corr. Pred.
Life cycle cost, C1. ($M) 4.67 4.13 4.08
MTBM (years) 2 2.84 291

Comparing the three different maintenance strategies, the
fixed-interval strategy resulted in the highest life-cycle cost,
and also lowest MTBM (lowest availability). Using mainte-
nance strategies based on fouling-monitoring (corrective
and predictive) reduced life-cycle cost, and also extended
MTBM (higher availability). This is to be expected because
the fixed-interval strategy ignores any uncertainty associated
with degradation, while fouling-monitoring based strategies
adapt the maintenance schedule to the actual fouling trend.
A preventive maintenance strategy results in slightly lower
cost and longer MTBM compared to corrective maintenance,
because the predictive capability allows an operation to be cut
short if the fouling resistance develops rapidly, while it still
allow long periods of operation if fouling development is
minimal.

Comparing traditional and optimal approaches to the con-
denser design, the optimal design approach reduces the total
life-cycle cost significantly for the fixed-interval mainte-
nance case, while cost reductions in the corrective and pre-
ventive maintenance cases are not as significant. However,
the MTBM is improved significantly.

Figure 5 shows the break down of the life-cycle cost into
capital, cleaning, and efficiency costs. In the traditional de-
sign approach, the capital costs for all three strategies are
the same, because the same condenser design is considered.
The fixed-interval strategy, however, has significantly higher
cleaning cost and efficiency cost, while the efficiency costs
between corrective and predictive maintenance are similar,
and predictive maintenance has a lower cleaning cost, be-
cause the longer MTBM value results in fewer maintenance
operations.

With the optimal design approach, cleaning cost is reduced
for all three maintenance strategies by using a condenser with
fewer tubes as shown in Table 3. Optimization with a fixed-
interval strategy resulted in significant cost reductions, but
the overall cost is still more than designs with monitoring-
based maintenance methods. It is interesting to note that the
optimal design with corrective maintenance had similar
cleaning and efficiency costs compared to the design with
predictive maintenance, but the capital cost was higher for de-
sign with corrective maintenance because a larger condenser
was needed (longer tubes and higher area, shown in Table 3).
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Fig. 5. Life cycle cost breakdown, traditional design versus optimal design.

This is consistent with results found in similar studies, indi-
cating design redundancy can be replaced by advanced main-
tenance strategies (Bodden et al., 2005; Youn etal., 2011). By
implementing the proposed framework, the designers can
now consider parameters and decisions that do not directly re-
late to fouling, but are coupled with fouling and maintenance
on a system level.

It should be noted that the capital cost associated with im-
plementing the maintenance infrastructure (sensors and com-
puting equipment) is neglected, because the cost will vary
based on the type of maintenance and, in the case of predic-
tive maintenance, the accuracy of the prediction. Incorporat-
ing the infrastructure cost will have the effect of changing
the trade-offs between life-cycle cost and availability.

5.2. Parameter sensitivity

A large number of design parameters are involved in the mod-
eling process; thus, understanding how the optimal design

Table 3. Results of optimal condenser design

B.Y. Yu et al.

changes when the parameter values are changed is a critical
step in the design optimization process. In this section, the op-
timal design approach was reevaluated under different pa-
rameter values, to compare to the optimal design found
with the default parameter values.

5.2.1. Condenser cost

To assess the sensitivity of the model to condenser cost, the
cost of condenser tubes is increased from the default value of
$20/kg to $40/kg, and optimization analysis is performed
again to find the optimal condenser design with the new pa-
rameter value. The results are shown in Table 4, and shows
that the total life-cycle costs increased roughly 25% from
the default parameter values, the MTBM values were lower
compared to the default designs, and the condenser area is
smaller compared to the default designs.

The increase in condenser capital cost resulted in the opti-
mization algorithm picking a smaller condenser and reduces
the average cleaning interval to compensate for the smaller
condenser (Fig. 6). The advantage of predictive maintenance
over corrective maintenance appears to increase, because the
MTBM value for the design with predictive maintenance is
noticeably longer than corrective maintenance.

5.2.2. Discount rate

In the default analysis, no discount rate was considered,
and costs incurred anytime during the system life cycle
were considered the same. Table 5 shows the condenser de-
sign found by the optimization algorithm with a discount
rate of r = 5% applied to the model (Fig. 7). As expected,
the net present life-cycle cost decreased significantly, espe-
cially the cleaning and efficiency cost, due to discounting
of costs over the life cycle.

Three effects are noticeable when the discount rate is con-
sidered compared to the default case. The MTBM values for
designs with corrective and predictive maintenance decrease
from ~3 to ~2.4 years, the capital cost decreases from $1M to
about $0.8M, and the optimal condenser is smaller with area
in the 5000 m? range, compared to the 6000 m? range for the
default. It is also observed that corrective and predictive
maintenance are now almost equally effective, with similar
life-cycle costs and MTBM values. This result was surprising
but reasonable. The discounting makes the cost of mainte-
nance and lost efficiency lower compared to the capital
cost, and the major advantage of predictive maintenance is

Table 4. Optimal condenser design: 2x condenser cost

Fixed Corr. Pred.

Trad. Fixed. Corr. Pred. Lifecycle cost, Ci. ($M) 5.64 5.09 5.06

MTBM (years) 2 243 2.77

Number of tubes, N, 7280 5840 6650 6600 Number of tubes, N, 5690 6200 6640
Tube length, L (m) 14.7 17.9 16.5 159 Tube length, L (m) 16.0 14.4 14.1
Area (m?) 6380 6240 6550 6270 Area (m?) 5430 5330 5430
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Fig. 6. Life-cycle cost breakdown: 2 x condenser cost.

in reducing unnecessary maintenance while keeping effi-
ciency high.

5.2.3. Implication of sensitivity analysis

The sensitivity analyses suggest that, with different values
of system parameters, such as cost of material and discount
rate, the trade-off relationship between life-cycle cost and
availability will change to reflect the optimal design solution
under the new set of system parameters. By varying the model
parameter values, designers can gain insights into how main-
tenance strategies and design variables interact, and some of
the interactions may not be obvious. This system-level ap-
proach of modeling physical design and maintenance opera-
tions concurrently has the ability to reveal these nonobvious
insights about the system. Similar studies can be performed
on other parameters and variables of the model to obtain ad-
ditional information.

5.3. Multiple-objective optimization

Multiple-objective optimization was performed to find the
Pareto-optimal designs that minimizes life-cycle cost and
maximizes MTBM. The problem formulation is described
as follows:
minimize {Cr, — MTBM} = F(N,, L, Stgy, N, Ry,),
subjectto MTBM <5,
8g(Ny, L, Stgy, N, Rg) < 0. (19)

Table 5. Optimal condenser design: discount rate r =
0.05

Fixed Corr. Pred.
CL ($M) 2.28 2.09 2.06
MTBM (years) 2 2.44 242
N 5580 6230 6210
L (m) 15.4 13.9 13.3
Area (m?) 5130 5170 4910
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Fig. 7. Life-cycle cost breakdown: r = 0.05.

The maximum MTBM value is artificially limited to 5
years for this study. MATLAB built-in multiobjective genetic
algorithm “gamultiobj” was used.

Figure 8 shows the Pareto fronts for the optimization re-
sults with corrective maintenance and predictive mainte-
nance. Fixed-interval maintenance results are significantly
higher (by over $1M) compared to the corrective and predic-
tive strategies and are not shown in the figure. The predictive
maintenance designs completely dominate the corrective
maintenance designs. It is interesting to note that the Pareto
front for predictive strategy is very similar in shape to the cor-
rective strategy: one is simply a shifted version of another,
and the predictive strategy results in longer MTBM and lower
cost. Although not shown here, the fixed-interval strategy
produced a completely different-shaped Pareto front: life-cy-
cle cost equal to $5.6M at MTBM equal to 2 years, and in-
creasing almost linearly to $7.6M, at MTBM equal to 5 years.
This suggests that predictive and corrective strategies are bet-
ter at handling systems requiring long MTBM values.

It should be noted that the Pareto fronts generated through
multiobjective genetic algorithms are not the analytical Par-
eto fronts, and the shapes of the fronts are sensitive to model
parameter variations. Despite these shortcomings, the Pareto
fronts cans still provide valuable insights for the designers
when making decisions on selecting a maintenance strategy.
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Fig. 8. Results of multiple-objective optimization.
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6. CONCLUSIONS AND FUTURE WORK

This study presents a framework for integrating maintenance
during system architecture design in order to capture and pre-
dict the relationships between system-level component design
and maintenance planning. The proposed approach addressed
the challenge of suboptimal life-cycle performance due to the
uncertainties and interdependencies associated with opera-
tion and maintenance of engineering systems. A case exam-
ple of a condenser design was used to demonstrate the signif-
icance of different maintenance strategies and their effects on
system design decisions. Three maintenance policies were
considered: fixed maintenance interval, corrective mainte-
nance based on degradation threshold, and predictive mainte-
nance based on the prediction of future degradation. Single-
objective optimization, sensitivity analyses, and multiobjec-
tive optimization were conducted on the case study, and the
outcomes of the example design problem show that by con-
currently optimizing both the system design variables and
the maintenance variables, both the life-cycle cost and the
overall availability of the system can be improved compared
to sequentially optimizing system-level design and mainte-
nance decisions. The optimal design will also change with
different maintenance policies, which is not obvious in the
traditional sequential design approach. This information pro-
vided by the proposed approach can help designers in the
early design stage to select the optimal system architecture
that captures the effect of maintenance during the operation
of the system.

Two major assumptions were made in this work to simplify
the analysis. First, the costs associated with implementing
different maintenance strategies are neglected. In reality,
there would be additional capital and operational costs asso-
ciated with the necessary sensors for degradation monitoring,
and computing equipment for making degradation predic-
tions. However, the life-cycle cost analysis presented here
can still reveal valuable information about the different main-
tenance strategies, and can help designers decide whether the
benefits from advanced maintenance strategies can justify
their added costs. Second, the other major assumption is
that the algorithm used in predictive maintenance can per-
fectly predict the future. Any uncertainties associated with
the prediction algorithm would reduce the advantages of pre-
dictive maintenance observed in this study. Future research
should consider simulations with different values of predic-
tion uncertainties to understand their effects.

The proposed framework takes a system-level approach by
integrating the maintenance strategies and life cycle analysis
with the design process, and thus significantly increased the
problem complexity. Efforts to reduce complexity included de-
coupling the uncertain degradation and maintenance models
from the deterministic system models, and implementing mid-
fidelity physics-based models. Future research efforts should
look into the effects of having multiple degrading components.

The example presented in this paper focused on helping
designers evaluate the trade-offs between different mainte-
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nance strategies and design parameter values. It is the intent
that this approach can be straightforwardly extended to ex-
plore more complex system architecture designs. An example
of this might be the interactions between different design
choices, such as desalination technologies (membrane vs. dis-
tillation), and different energy sources. Future study should
also focus on exploring the design—maintenance space by in-
cluding the different uncertain parameters, such as energy
and resource pricing, to evaluate the sensitivity of a design
to maintenance policy.
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