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a b s t r a c t

This work presents a new methodology for quantifying the discomfort caused by non-optimal temper-
ature regulation, in a building automation system, as a result of degraded biomass boiler operation. This
discomfort is incorporated in a model-based dynamic programming algorithm that computes the
optimal maintenance action for cleaning or replacing the boiler. A non-linear cleaning model is used to
represent the different cleaning strategies under taken by contractors. The maintenance strategy mini-
mizes the total operational costs of the boiler, the cleaning costs and the newly defined discomfort costs,
over a long-term prediction horizon that captures the short-term daily thermal comfort within the
heating zone. The approach has been developed based on real data obtained from a biomass boiler at a
Spanish school and the resulting optimal maintenance strategies are shown to have the potential of
significant energy and cost savings.

© 2017 Elsevier Ltd. All rights reserved.

1. Background & motivation

The European Union aims to increase the contribution of
renewable energy sources by up to 20% by 2020 [1] and it is stip-
ulated that biomass fuels will account for 56% of renewable energy
generation [2]. Many research initiatives are being carried out to
take advantage of biomass potential as a renewable energy source
[3]. Biomass boilers provide a cleaner alternative to conventional
gas boiler. However, this comes at a cost of being more subject to
soot accumulation due to fouling. Heat transfer surface fouling is a
continuous issue that negatively impacts heat exchanger operation
by reducing the boiler efficiency and increasing the cost of opera-
tion [4]. Thus, optimal cleaning strategies are required to minimise
the effect of fouling. This can be achieved by employing predictive
maintenance strategies.

Predictive maintenance is defined as maintenance strategy that
is able to forecast the trend of performance degradation [5]. The
work in Ref. [6] addressed this issue by applying mathematical
modelling to deduce the optimal maintenance policy that in-
corporates periodic inspection and replacements. A reliability-
centred predictive maintenance policy for a continuously

monitored system subject to degradation due to imperfect main-
tenance is proposed in Ref. [7]. In the context of heating devices for
building automation systems (BAS) [8], devised an algorithm that
optimises the frequency of the cleaning process, in order to
improve boiler performance. Similarly, the work in Ref. [9] has
applied more accurate first-principle modelling and optimised the
duration and timing of the cleaning process [10]. suggested the
synthesis of predictive maintenance strategies based on dynamic
programming: this technique is further expanded by including a
combination of forecasting and optimisation methods in Ref. [11].
Predictive maintenance of devices has beenwidely studied towards
potential energy saving goals in BAS, however the effect of
discomfort on occupants and its related costs has been broadly
ignored [12e14]. Numerous contributions highlighting the effect of
discomfort [15,16] have stressed the importance of accounting for
the cost of indoor thermal comfort.

This contribution studies the problem of quantifying discomfort
due to non-optimal temperature regulation, in BAS, as a conse-
quence of degraded boiler operation, and that of using this cost
within a predictive maintenance optimisation problem. Predictive
maintenance strategies are computed based on a total costs
including contributions due to operation, maintenance, and (new
in this work) discomfort. Optimal strategies are computed using
Dynamic Programming (DP) and comprise three alternative* Corresponding author.
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maintenance actions (No Action, Clean, and Replace). Unlike related
studies in literature [11] focusing on long-term horizons (and
weekly time steps), in order to account for discomfort this study
needs to consider also daily horizons and intra-day temperature
dynamics: we put forward a daily discomfort metric that can be
embedded in the overall longer-term contributions to the cost
function. A daily time step further allows for capturing trends that
represent the output power consumed by the building. This leads to
devising predictive maintenance strategies over larger horizons
(for instance over 5 years) that newly account also for discomfort
costs.

This article has the following structure: Section 2 introduces an
approach for quantifying discomfort, which is followed by the
synthesis of optimal maintenance policies in Section 3. This in-
cludes the embedding of discomfort metric within the policy syn-
thesis architecture. The framework is applied to a Spanish school
case studywhich is presented in Section 4. The resulting algorithms
are demonstrated under different scenarios in Section 5, which also
discusses the total energy and discomfort savings obtained by the
scheme.

2. Discomfort as a consequence of degraded temperature
control

In this study, we consider a correctly sized biomass boiler with a
hopper, supplying thermal energy to a zone. The boiler has a fixed
schedule and is turned on during the start of the working day and
switched off at the end. When in operation, the boiler combusts
biomass fuel in order to generate heat in the heat exchanger and
consequently supply heat to the building. This combustion process
causes soot accumulation in the heat exchange chamber, a process
known as fouling, which degrades the boiler efficiency with time.
During the transient when the boiler is switched on, a lag in the
time taken to reach the building set point is witnessed with

degradation of boiler efficiency. Discomfort can thus be seen as a
function of the additional time taken to reach a temperature set
point due to the degradation of the boiler efficiency, which other-
wise operates properly [17]. has also made use of this notion to
quantify occupant comfort.

Consider Fig. 1, where Tz is the zone temperature (namely the
temperature in the building). When the boiler efficiency h is lower
than hmax, the zone temperature takes a longer time to reach the
lower bound of the comfort region d. This introduces discomfort
during the switching ON phase of the boiler. This discomfort is
captured in the form of a time delay expressed as the difference
between the time taken for the zone temperature to reach the
comfort region with the current h level and the time taken to reach

the comfort level when the boiler operates using the maximum
efficiency hmax (th � thmax

). Thus, to properly capture the effect of
discomfort due to boiler degradation the following rule is applied:

Account for discomfort only when:

Tz < TSP �
d

2
and bon ¼ 1; (1)

where Tz represents the zone temperature, TSP is the required
temperature set point, d represents the width of the considered
comfort region, and bon ¼ 1 represents the boiler in the ON state.

In order to capture the total time taken to reach the temperature
set point within the zone and to apply the defined rule to compute
the associated discomfort, we consider a thermal model repre-
senting the zone dynamics. Whilst this model accounts for the
intra-day temperature dynamics, the discomfort metric is a daily
value that can be employed in the cost function alongside opera-
tional and maintenance costs (as discussed later). In this work, the
thermal model being used is a first-order model that is given by

Cr
dðTzÞ
dt

¼ Tout � Tz
Row

þ hbonPin þ Pocc þ Prad: (2)

here Tz is the zone temperature, Tout is the outside air temperature,
Pin is the biomass boiler input power with bon representing the
when the boiler is on, Prad is the heat gained from solar radiation,
Pocc is the heat gained due to occupants, Cr is the zone capacitance,
Row is the thermal resistance of the zone envelope, and h2½0;1� is
the daily boiler efficiency, which is the dual of the boiler degrada-
tion (1� h). The values of the parameters Cr and Row are estimated
from data using maximum likelihood [18,19] or Kalman filtering
[20].

To compute the total time to reach the temperature set point
(TSP) following an OFF/ON boiler transition, (2) is solved analyti-
cally, considering the initial time to be t0 and bon ¼ 1, (as per (1)):

where th is the final time step and indicates the time at which the
lower comfort temperature value is reached (TzðthÞ ¼ TSP � d

2) and
where we assume next for simplicity that t0 ¼ 0. In order to
reason about longer-term device degradation and the corre-
sponding maintenance actions, we intend to map the continuous
temperature dynamics into daily discrete discomfort values that
quantify the effect of boiler degradation on thermal comfort. To
perform such a mapping, the following choices and observations
are made:

1. Define the daily time steps as n ¼ f1;…;Ng, with N being the
final time step.

Tz
�
th
� ¼ exp

� �th
CrRow

�
ðTzðt0Þ þ hPinRow

�
exp

�
th

CrRow

�
� exp

�
t0

CrRow

��
þ
Zth
t0

exp
�

t

CrRow

�
ToutðtÞ
CrRow

dt

þ
Zth
t0

exp
�

t

CrRow

�
PoccðtÞ
Cr

dt

þ
Zth
t0

exp
�

t

CrRow

�
PradðtÞ

Cr
dtÞ;

(3)
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