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Abstract
This paper presents a modeling methodology to characterize heating, ventilation and air-conditioning (HVAC) equipment lifetime impact of load controls and an aging-aware demand responsive control strategy for single-stage
HVAC systems to strike a balance between the electric utility and HVAC
life-cycle costs. To assess the control performance and evaluate potential
trade-offs between energy consumption, utility cost and equipment lifetime
impact, whole-month simulation tests for a single-zone office building have
been conducted for the proposed aging-aware control strategy along with two
benchmarking strategies – energy minimizing and utility cost minimizing controllers. Test results show that the aging-aware demand response strategy
could result in reductions of HVAC equipment aging effect by 18.8% to 39.1%
compared to the utility-priority controller. The total building operation cost,
with the electricity utility and HVAC life-cycle costs combined, could be reduced by up to 13.2% compared to the utility minimizing strategy and by
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up to 16.1% compared to the energy minimization baseline.
1. INTRODUCTION
Building electrical loads are responsible for 75% of the total electricity
consumption in the U.S. [1] and are also recognized as the most cost-effective
demand flexibility resource. As the demand for more efficient and sustainable building operations increases every year, new opportunities are identified
for control improvement of heating, ventilation and air-conditioning (HVAC)
systems. Demand response, a topic that has attracted growing research attention in the past few years, plays an ever increasingly important role in
reliable operation of electric power systems against increasing uncertainties
in renewable generation, peak demand and asset availability [2, 3]. Typical demand response strategies include load shedding and load shifting in
response to time-of-use (TOU), real time or critical peak pricing. While
shedding is the most straightforward demand response strategy, it causes inconvenience and reduced quality of service and thereby, has low acceptance.
TOU pricing, which sets a higher energy rate during high demand hours and
a low electricity price during off-peak hours, is effective in incentivizing users
to shift their electrical loads to low-demand periods [4]. This can help to
reduce the stress of the power grid during high demand hours and improve
the overall efficiency of the electricity market.
Building demand flexibility is offered by leveraging the inherent thermal
inertia associated with construction materials and indoor furniture. Specifically, space cooling (heating) loads can be shifted through pre-cooling (preheating) controls: a building can be pre-cooled (pre-heated) prior to on-peak
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hours to store the cooling (heat) energy in the building thermal mass, and
during on-peak hours, the space temperature can be adjusted upwards (downwards) to release the stored energy and reduce mechanical cooling (heating)
requirements. A national assessment showed that pre-cooling-based demand
limiting strategies can generate electricity cost savings of up to 25 cents/ft2
or 40% for U.S. commercial buildings with a minor impact on indoor comfort [5]. When demand responsive control is combined with active energy
storage systems, e.g., ice or other phase change material-based storage, the
building thermal inertia can be significantly increased, resulting in enhanced
load shifting capability and greater cost reduction potential [6, 7].
Model predictive control (MPC) is a key enabling technique for building demand response. MPC can naturally handle constraints in a control
optimization problem and has been adopted in a range of applications including HVAC and building controls for energy and indoor comfort optimization [8, 9]. Most building MPC implementations leverage weather and
indoor activity forecasts to identify optimal building operations for the day
ahead [10]. Various control objectives were achieved with MPC including
energy consumption minimization, peak demand management, utility cost
reduction, indoor comfort assurance and energy-related emission avoidance
[11–15]. A thorough review of MPC applications in buildings can be found
in [16].
Demand responsive control also comes with costs, e.g., increased total
energy consumption and potential impact on equipment lifetime. The additional energy usage is caused by round-trip efficiency losses during charging/discharging of the energy storage and higher space cooling or heating
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loads during the pre-cooling or pre-heating periods. This energy rebound effect has been reported and investigated in a number of prior building demand
response studies [5, 17–19]. In recent years, research efforts were made to
investigate the effect of demand responsive control on equipment aging rate,
but mostly for electrochemical energy storage and power electric equipment.
Specifically, studies have analyzed the lifetime impact for Lithium-Ion batteries in both behind-the-meter standalone storage applications [20] and electric
vehicles [21]. For example, it was shown that utility-minimizing demand responsive control could double the capacity degradation rate of Lithium-Ion
batteries used in PV-battery assets. An aging-aware predictive control strategy was proved to be effective in maximizing financial gains with minimum
battery aging impact [20]. The battery aging rate is highly dependent on the
type of demand response being provided. Grid services that involve aggressive charging and discharging of the energy storage can significantly reduce
their lifespan. Shi et al. [22] showed that when a Lithium-Ion battery is
continuously used for frequency regulation (a dynamic service requiring a
resource to ramp up or down its load/supply every few seconds), its lifetime
could be reduced to as short as a few months. Substation transformer lifetime is also sensitive to how it is loaded. Teja et al. proposed a demand
response strategy for commercial loads to improve the lifetime of distribution transformers [23]. The study used weather and load forecasts as inputs
to a thermal model of the transformer to predict its temperature variation.
When a threshold temperature was exceeded, a demand response event was
issued to avoid transformer overheating and to prevent accelerated aging.
The strategy was shown to be able to extend the transformer lifetime by 15

4

hours for a 5-day operation period. Studies showed that power regulation cycles of hydroelectric generators can significantly affect their reliability. Each
on-off cycle was found to reduce a generator’s lifetime by up to 9.4 hours
and residual life estimation could be achieved through cumulative runtime
and regulation cycle count [24, 25]. Although the degradation effects for
batteries and power electric equipment have been extensively studied, the
lifetime impact of demand responsive control on building HVAC equipment
has not been investigated yet, to the authors’ knowledge. The aging effect
and the associated financial consequences can be significant and may even
outweigh the utility savings that can be achieved in demand response. Therefore, trade-offs between the energy consumption, utility cost and equipment
lifetime impact of demand responsive actions should be better understood
and be explicitly accounted for in control decision making.
As the main moving components, fan and compressor motor failures are
common causes of HVAC equipment retirements. It is also anticipated that
demand responsive control has the most significant impact on motor lifetime.
Studies found that winding insulation degradation is the predominant root
cause of motor failures under cyclic operations [24–26]. The relevant studies
used historical data from a large pool of motors in different applications to
develop mechanical, electrical and thermal models to characterize the aging
behavior of electric motors. The results show that the cycling lifetime reduction effect may vary from 0.5 to 5.5 hours per start-stop cycle. This wide
range is associated with the diverse voltage and sizing factors involved in different applications. Thermal aging of winding insulation is often a dominant
factor of duty cycle-related lifetime impact. However, for medium- and high-
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voltage motors such as hydro-generators, electrical stress also contributes
significantly to motor aging. Therefore, voltage influences motor aging rate
and lifespans of high-voltage motors tend to be more sensitive to duty cycles
compared to low-voltage motors. However, the exact lifetime impact is complex and dependent on multiple factors such as winding insulation grade and
other operating conditions such as vibrations and contaminants. The work by
Brancato [27] found a cycling lifetime reduction rate of 1 hour per start-stop
cycle for low-voltage commercial-grade motors, which are commonly used in
HVAC equipment.
Leveraging the results generated by prior motor aging studies, this paper
presents a modeling methodology to quantify the impact of demand responsive control on the HVAC lifetime and introduces an aging-aware predictive
control strategy to identify the optimal demand response actions that balance
the electric utility cost and the HVAC life-cycle cost. As a core contribution of this study, the proposed methodology integrates a thermostat cycling
model within building simulation routines to predict cycling frequency and
runtime of a HVAC unit and estimate the associated aging cost for given control actions. The presented method can enable HVAC aging-related analysis
with existing building energy simulation tools, which traditionally use quasisteady-state models to characterize HVAC performance within each discrete
time step and thereby cannot capture duty cycle-induced aging effect. The
validity of the proposed method has been assessed using a calibrated thermal
network model with a high time resolution (time step of one second). The
estimated life-cycle cost with the aging model is then leveraged in a model
predictive control implementation to achieve aging-aware demand response.
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The control problem is convexified using a mixed-integer linear (MIL) reformulation, which can be solved with commercial MIL routines. To estimate
the potential performance gains, the proposed aging-aware demand response
strategy has been tested in a simulation study for a single-zone commercial building and compared to two baseline strategies: an energy minimizing
strategy and a utility cost minimizing strategy. Key simulation results are
presented including the energy consumption, utility cost and equipment aging rate.
2. Modeling methodology
This section introduces the building load, HVAC energy and lifetime impact models that are integrated to establish a simulation methodology for
performance analysis of demand responsive controls. The various component models are presented in the following subsections.
2.1. Building load model
A data-driven building load model developed from operation data collected in an office building is used to capture the representative load dynamics of a commercial building. The case study building is a single-zone
office space with a total floor area of approximately 100 m2 . The considered
zone is part of a larger building with four identical office spaces all serving
graduate students. Each zone is equipped with a dedicated HVAC system.
Cross-zone thermal coupling is negligible due to the high-grade insulation
used in the separating walls. The office space is attached to a south-facing
double façade with a gap of 1 m. The model adopts a thermal network approach with the network shown in Fig. 1, which consists of two main wall
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branches: the floor branch (Flr) that represents most of the thermal storage
in the building construction; the external wall (Ext) that bridges the indoor
space to the ambient. The radiative internal heat gain (Qgain,rad ) is applied
to the floor and external wall with a uniform heat flux while the convective
internal heat gain (Qgain,conv ) interacts with the air node directly. A facade
branch is used to capture the dynamics of the facade cavity temperature
(Tf ac,space ). The facade branch also captures fasting couplings between the
indoor, facade and outdoor spaces including infiltration and heat transfer
through windows. However, the case study building is a typical commercial office space with negligible infiltration. The solar radiation transmitted
through the windows into the indoor space (Qsol,trans ) and the facade space
(Qsol,trans,f ac ) are also modeled where the window transmittance is estimated
in the training process. This particular thermal network was obtained after rigorous identifiability analysis following the procedure detailed in [28],
which uses norms of the Fisher information matrix to evaluate the informativeness of training data relative to a given model structure. More complex
model structures (e.g., with more RC branches) may provide better match to
experimental data but suffer from poor structural identifiability. Low-order
models come with better identifiability but may not capture all the dynamics. The thermal network structure adopted here achieves a balance between
accuracy and identifiability. Applying energy balances to the different temperature nodes, the following discrete-time state-space formulation can be
obtained [29]
xt+1 = Axt + Bw wt + Bu Qtz

(1)

Tzt+1 = Cxt+1

(2)
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where xt is the state vector containing all nodal temperatures of the thermal
network, Qtz is the average cooling rate within each time step, Tzt is the zone
temperature and wt is the disturbance vector comprised of the outdoor temperature, internal loads and solar radiation effect. The state-space matrices
A, Bw , Bu and C are dependent on the resistances and capacitances of the
thermal network. A robust multi-stage model training procedure was employed for the estimation of the model parameters based on field data. The
training data includes building operation data from the building management
system, weather data collected in a weather station on the building rooftop,
and sub-circuit power meters that measure the plug loads and lighting power
usage. Details of the training methodology and the identified parameter values can be found in [29]. The resultant building load model uses the cooling
rate as input and predicts the zone temperature.

Figure 1: Thermal network model
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2.2. Single-stage cooling system model
Fixed-speed vapor-compression systems are predominantly employed for
residential and small commercial space cooling. These single-stage cooling
systems are cycled on and off to maintain the desired zone temperature.
In this study, the classic single-stage direct-expansion cooling system model
is adopted which uses the rated performance along with correction factors
dependent on the actual operating conditions such as outdoor and return air
temperatures to determine the actual operational performance. This model is
widely accepted and is also the default model for building energy simulation
tools such as DOE-2 and EnergyPlus. The model calculates the total cooling
capacity with
QtT = Qtr · αt

(3)

where Qtr is the rated cooling capacity of a given cooling unit and αt is the
temperature modification factor. This factor captures the variation of cooling
capacity with the wet-bulb temperature of the air entering the evaporator
t
t
coil (Te,wb
) and the ambient dry-bulb temperature (Tamb
) via the following

quadratic correlation:
t
t
t
αt = c1 + c2 Te,wb
+ c3 (Te,wb
)2 + c4 Tamb
+
t
c5 (Tamb
)2

+

t
c6 Te,wb

·

(4)

t
Tamb

where c1 to c6 are the correlation coefficients. The evaporator inlet air wetbulb temperature varies with the indoor temperature and humidity; this
dependence makes the overall control problem non-convex and difficult to
solve. Given that the indoor temperature is always maintained in a tight
t
comfort band, the wet-bulb temperature (Te,wb
) in the HVAC model assumes
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a constant value evaluated at a dry-bulb temperature of 24◦ C and relative
humidity of 55%. The original model also considers an airflow modification
factor which adjusts the cooling capacity based on the actual supply airflow
relative to the nominal flow. Nevertheless, this study considers a single-stage
system with a fixed-speed supply fan and thereby, the airflow correction
factor assumes unity. In the actual HVAC operations, the supply fan either
cycles on and off with the compressor or is kept on during occupied hours to
ensure adequate ventilation; these two control sequences are often referred
to as the “auto” and “constant” fan modes commonly used in residential
and commercial buildings, respectively. The original DX coil model also
calculates the sensible heat ratio (SHR) using the bypass factor method.
However, for single-stage HVAC equipment, the bypass factor is constant and
the moisture removal capability is only dependent on the moisture content of
the evaporator inlet airflow. In addition, we only consider the sensible load
dynamics of buildings. To simplify the model implementation, a constant
SHR of 0.9 is assumed in this study.
The energy input ratio (EIR), which is defined as the ratio of the system power input to the total cooling capacity, is calculated using a similar
approach:
σ t = σr · β t

(5)

t
t
β t = f (Te,wb
, Tamb
)

(6)

where σr is the rated EIR and β t is the temperature modification factor
which is also a quadratic function of the evaporator inlet wet-bulb and the
ambient temperature. The electrical power consumed by the HVAC unit P t
is estimated as the product of the total cooling capacity, the EIR, and the
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run time fraction within each time step:
P t = QtT · σ t · ϕt .

(7)

The unit run time fraction ϕt is defined as
ϕt =

Xt
a1 + a2 X t

(8)

where X t is the part load ratio, which is defined as the ratio of the actual
load at each time step to the sensible cooling capacity, i.e., X t = Qtz /QtS ,
where QtS = QtT · SHR is the sensible cooling capacity of the HVAC system.
The denominator of Eq. 8 is termed part load fraction and it captures the
efficiency losses due to cyclic operations of the HVAC system at part load
conditions, where a1 and a2 are the correlation coefficients. This study assumes a1 = 0.90 and a2 = 0.1, i.e., a maximum efficiency degradation of 10%
is applied when the part load ratio approaches zero [30]. The cyclic efficiency
degradation disfavors low load operations and thereby may discourage peak
load shaving actions. All the model parameters assume the default values in
EnergyPlus. The overall cooling system model accepts the sensible cooling
load as the sole input and returns the average HVAC power consumption
within each time step (one hour).
2.3. Thermostat cycling model
The HVAC model described in the previous section characterizes the
quasi-steady-state performance within each time step (e.g., one hour in the
case study) and is not able to capture the cyclic operation of a HVAC unit.
It is well known that a motor life time is affected by both the total run
time and the frequency of duty cycles; the latter can play a dominant role
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for applications with frequently cycled motors, such as HVAC systems. The
system run time fraction in Eq. 8 allows the estimation of the run time
aging effect but the cyclic aging effect remains largely unknown and cannot
be easily predicted with the mainstream energy simulation tools. This study
proposes to integrate a thermostat cycling model [31] within building simulation routines to predict the cycling frequency of a HVAC unit and estimate
the associated aging effect. The cycling model is a necessary complement to
the HVAC model since a discrete time load model is used with large time
steps. Therefore, a part load ratio is involved rather than capturing the exact
cycling dynamics. This would not be needed for a continuous time model or
a discrete time model with short time steps. This is the core contribution
of this study and affords a holistic framework for aging-related analysis of
HVAC equipment. This study also leverages the methodology in development of an aging-aware demand response strategy, to be discussed in the
next section.
Fig. 2 illustrates the cyclic operation of a HVAC unit under a typical deadband logic, where the red vertical lines segment the hourly blocks.
The deadband logic turns on the HVAC system when the zone temperature
reaches the deadband upper bound (23◦ C for this example, equal to the temperature setpoint, which is 22.5◦ C, plus the deadband of 0.5◦ C) to initiate
mechanical cooling, and shuts down the HVAC system when the temperature
tends to drop below the lower bound (22◦ C). For this illustrative example,
a part load ratio of 0.8 is assumed (i.e., X = 0.8), which is also close to the
run time fraction, and approximately 2.1 on/off cycles are completed in each
hour.
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Figure 2: a) Zone temperature. b) Compressor state.

The HVAC cycling frequency is dependent on the building load, HVAC
cooling capacity, lumped thermal capacitance of the thermostat (and surrounding air) and deadband setting. To capture this dependence, a thermostat cyclic model is used, which calculates the number of on/off cycles within
each time step based on the first-order energy balance equation:
c

dTz
= Ql − η · QS
dt

where c is the effective thermal capacitance of the thermostat capturing the
thermal inertial of the enclosure and the surrounding air, Ql is the sensible
cooling load (identical to the hourly average cooling rate Qz in Eq. 2) and
η is a binary variable indicating the operation status of the HVAC unit, i.e.,
η = 0 when the unit is off and η = 1 when the cooling system is turned on.
Analytical solution of the above governing equation can be used to deduce
the following closed-form expressions for the on and off times within each
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cycle:
ton =

2TDB · c
(1 − X t ) · QtS

(9)

2TDB · c
X t · QtS

(10)

tof f =

where TDB is the temperature deadband. From Eq. 9 and Eq. 10, it can be
easily shown that the run time fraction (i.e., ton /(ton + tof f )) is equal to the
part load ratio X t . This is because the cyclic model neglects the run time
increment caused by efficiency degradation at part load; this is a reasonable
simplification as the cyclic efficiency degradation does not affect the cycling
frequency much.
It can be derived from Eq. 9 and Eq. 10 that the number of on/off cycles
within each time step is:
Nt =

1
t
= 4Nmax
· X t (1 − X t ),
ton + tof f

(11)

t
is the maximum cycling rate that would occur at X t = 0.5.
where Nmax

Nmax depends on the total cooling capacity QtS , the deadband setting and
effective thermal capacitance as shown below
t
Nmax
=

QtS
8TDB · c

.

(12)

t
Nmax
changes over time with the total cooling capacity while TDB and c are

constant parameters for a given building. Henderson et al. collected highresolution thermostat data from more than 10 buildings in Florida and found
peak cycling rates ranging from 2.4 to 3.5 cycles per hour [32]. This study
assumes a fixed thermostat deadband (TDB ) of 0.5◦ C and the thermostat
capacitance can be extracted from the thermal network model discussed in
Section 2.1. More specifically, we simulated the indoor temperature dynamics
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with the thermal network model described in Section 2.1 with a time step
of one second. From the simulation results, a peak cycling rate (Nmax ) of
3.5 was identified, which falls within the range found in [32] and was used in
estimation of the capacitance per Eq. 12 at a nominal ambient temperature
of 35◦ C (note the cooling capacity is dependent on the ambient temperature).
Fig. 3 depicts the variation of the cycling rate with the cooling load predicted
by the thermostat cyclic model at the nominal ambient temperature of 35◦ C.
The results verify that the peak cycling rate occurs at a part load ratio of
0.5 and the HVAC cycling frequency declines as the part load ratio moves
away from 0.5. A demand limiting controller tends to flatten a building load
profile, which may cause the HVAC system to operate longer at part load
conditions leading to more frequent on/off cycles. This indicates a potential
conflict between the goals of reducing utility costs and protecting equipment
from accelerated aging.
The introduced thermostat cycling model can be integrated with the
building load and HVAC equipment models in the following manner: at each
simulation time step (one hour in the case study), the sensible cooling capact
ity is calculated with the HVAC model, which allows the estimation of Nmax

using Eq. 12; for given zone temperature setpoint, the average load at each
time step simulated by the dynamic load model given in Eq. 2 can be used
to calculate the part load ratio, which allows the prediction of the cycling
rate using Eq. 11 and the HVAC power using Eq. 7. The integrated model
affords an analytical methodology to evaluate the HVAC system run time
and cycling frequency which are the two major determinants of equipment
lifetime.
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7
Figure 3: Variation of the cycling rate with the cooling load.

2.4. HVAC aging model
The proposed HVAC equipment aging model considers two aging effects:
the effect caused by the actual system run time and the lifetime reduction
effect due to cyclic operations. The financial consequence of the combined
aging effect is quantified based on the following assumptions:
• HVAC systems have an installation cost of $2000 per cooling ton;
• HVAC compressors have a service life of 100,000 hours in total run
time.
The above equipment cost and service life were estimated in consultation
with field experts and are widely accepted in the HVAC industry. These
assumptions in conjunction with the HVAC cycling model described in the
previous subsection enable first-order estimation of the equipment aging cost
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associated with each hour of HVAC operation. In specific, the run time aging
cost can be estimated by simply multiplying the cumulative run time and the
HVAC installation cost allocated to each hour of run time:
tf
X
mc · X t
Rc =
(
)
l
s
t

(13)

o

where to is the initial time step and tf is the final time step of a control time
horizon of interest, mc is the total HVAC installation cost (scaled according
to the equipment size) and ls is the compressor service life (100,000 hours).
The cyclic aging cost can be quantified by translating each on/off cycle into
a lifetime reduction effect. Although other component failures can also cause
retirements of HVAC equipment, we assume compressor motors, the major
moving parts of a vapor-compression system, are most sensitive to cyclic
operations. Prior motor lifetime expectancy studies found that each on/off
cycle would reduce the service life by 0.5 to 5.5 hours for medium-voltage
motors and by up to 1 hour for low-voltage motors (see [24–27]). From
these findings, the total count of on/off cycles of HVAC equipment can be
translated to service life consumption, which allows the estimation of the
HVAC cyclic aging cost with the following equation:
tf
X
mc
Cc =
(
· lc · N t )
l
s
t

(14)

o

where lc is the lifetime reduction per on/off cycle. In this study, we assume
lc = 0.9 hr/cycle.
3. Aging-aware control strategy
Leveraging the HVAC aging model described above, we have developed
an aging-aware predictive control strategy that strikes an optimal balance
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between the electric utility and HVAC life-cycle costs in demand response.
This section describes the proposed aging-aware control strategy along with
two benchmarking strategies that represent the current control practices.
The two baseline strategies are considered to help evaluate the trade-offs
between energy consumption, utility costs and equipment aging effect during
control decision making, and to assess performance gains that can be achieved
with the proposed aging-aware control method.
All three considered strategies follow a model predictive control scheme:
at each decision time step, an optimal control trajectory is identified for a
look-ahead time horizon by solving the control optimization problem; only
the decision of the first time step is executed and the decision making process
is repeated when the next decision time arrives. Choosing an appropriate prediction time horizon is important to reduce the computational burden while
achieving satisfactory control performance. A short look-ahead horizon may
lead to short-sighted control decisions with suboptimal performance while an
excessively long prediction horizon may involve inaccurate weather forecasts
and would need high computational resources. In reference [33], the authors
addressed this problem by comparing the control results associated with different prediction horizons, which show a 24-hour prediction horizon offers
a good balance between performance and computational load. Therefore, a
24-hour look-ahead horizon is assumed for all three strategies considered in
this study. Note that the models described in Section 2 are utilized for both
the plant and control models. The presented control performance represents
the theoretical upper bound.
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3.1. Control objective functions
Objective functions of the three control strategies are firstly presented.
This study considers a TOU electric tariff with demand charges. Therefore,
the utility cost, especially the demand charge, is determined by the total
electrical energy consumption of an entire building, and non-HVAC electricity end uses, such as lighting and plug loads, should be included in the
cost calculation. Operation schedules of the non-HVAC equipment are not
controllable, but are rather used as boundary conditions for HVAC control
decision making. A diurnal non-HVAC load schedule shown in Fig. 4 is
used in this study, which was obtained by averaging the non-HVAC load
measurements collected in the case study building (see [33] for details).

Figure 4: HVAC and non-HVAC load profiles for four simulated days.

3.1.1. Energy minimization control (E-min)
The first baseline strategy represents the current building control practice
without demand response. This strategy tends to maintain the zone temper20

ature at the upper limit of the comfort band in order to minimize the total
energy consumption and therefore, is referred to as energy minimization controller in this paper. This strategy can be implemented with the following
cost function:
WkEmin

=

k+Γ
X

t
(P t + Poth
)

(15)

t=k

where k is the current decision time step, Γ is the length of the look-ahead
t
time horizon (assumed to be 24 hours), and Poth
is the non-HVAC power

whose trajectory is shown in Fig. 4.
3.1.2. Utility cost minimization control (U-min)
The second baseline strategy minimizes the electric utility cost of a building under a TOU rate schedule with an anytime demand charge, and represents the current practice for predictive demand responsive control. A
building’s monthly electric utility bill under a TOU tariff is calculated as:
C T OU =

T
X

t
t
(rt · (P t + Poth
)) + d · max (P t + Poth
)
1≤t≤T

t=1

(16)

where rt is the retail energy rate ($/kWh) that changes with time of the day,
d is the anytime demand charge rate ($/kW) and T is number of time steps
in a complete billing cycle. In this monthly utility cost calculation, the demand charge is dependent on the peak load of the whole month. However, in
practical implementations, it is difficult, if not impossible, to precisely forecast weather conditions a month ahead. Further, the computational burden
to solve a whole-month control optimization problem is prohibitively high.
Therefore, a reformulation or approximation of the utility cost in Eq. 16
with a shorter look-ahead time horizon is necessary to accommodate realtime control implementation and it can be combined with a receding horizon
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control scheme to achieve near-optimal performance. Cai et al. [33] introduced a peak demand threshold to heuristically disaggregate the monthly
demand charge into incremental costs in each decision horizon. Specifically,
if the anticipated peak demand within the prediction horizon is lower than
the threshold, no demand penalty is incurred; if the predicted peak demand
is higher than the threshold, a penalty commensurate with the excess demand is applied; after execution of a control action, the resultant power of
the current time step is used to update the peak demand threshold. In this
receding horizon implementation, the cost function takes the following form
at each decision step:
WkUmin

=

k+Γ
X


t
rt · (P t + Poth
) +

t=k

|

{z

}

Ec

(17)




t
t
d · max
max (P t + Poth
) − Pth
,0
k≤t≤k+Γ
{z
}
|
Dc

where Pth is the peak demand threshold, Ec denotes the predicted energy
cost and Dc represents the demand cost which is proportional to the peak
demand increment, if any, in the look-ahead time horizon. The peak demand
threshold should be updated at each time step:
t+1
t+1
t
Pth
= max(Pth
, P t+1 + Poth
).

A 24-hour look-ahead time horizon is used in the predictive control implementation. This short prediction horizon allows real-time control decision
making but may result in a higher peak demand. Cai et al [33] compared
the 24-hour receding horizon control with one-shot control optimization over
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a whole month, with the latter providing the theoretical minimum peak demand assuming weather and load can be perfectly forecasted a month ahead.
The results show that the 24-hour receding horizon control led to peak demands 0.2% to 8.5% higher than the theoretical minimum, and verify the
performance of the heuristic reformulation of the demand charge.
3.1.3. Aging-aware utility minimization control (UA-min)
The proposed aging-aware control minimizes the sum of the electric utility cost and the cumulative aging cost incurred within the look-ahead time
horizon:
WkU Amin = Ec + Dc + Rc + Cc

(18)

where Rc and Cc are the cumulative run time and cyclic aging costs over
the look-ahead horizon introduced in Eq. 13 and Eq. 14, respectively. Ec
and Dc are the energy and demand charges defined in Eq. 17. This study
assumes a cyclic aging factor of lc =0.9 hr/cycle, which is at the lower end
of the range reported in references [24–26] considering that the studies were
conducted for medium-voltage motors mostly used in hydro generators.
3.2. Constraints
A number of operational constraints should be respected in control decision making. Upper and lower limits are imposed for the zone temperature
to ensure indoor comfort:
t
t
Tlow
≤ Tzt ≤ Tup

(19)

where Tlow and Tup are the lower and upper bounds of the comfort temperature band. These temperature limits can vary with occupancy: when
the building is occupied, a tighter temperature control is needed to ensure
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comfort, while during unoccupied hours, relaxed temperature bounds can be
used to achieve energy or cost savings. For this study the temperature upper
bound is set to 24.5◦ C for the unoccupied hours and 23.5◦ C for occupied
hours. The temperature lower bound assumes 20.5◦ C for unoccupied hours
and 21.5◦ C for occupied hours. In addition to comfort constraints, the cooling rate at each time step should be bounded by the sensible cooling capacity
of the HVAC equipment (QtS ), i.e.,
0 ≤ Qtz ≤ QtS

(20)

The cyclic aging cost in the objective function has a nonlinear and concave
dependence on the cooling rate Qtz (optimization variable). To eliminate the
non-convexity, the cyclic aging term is approximated with a piece-wise linear
function resulting in a mixed-integer reformulation of the cost function [34].
Specifically, seven line segments are used to approximate the bell shape of
the original function and the comparison of the approximate and original
function curves is shown in Fig. 3. The mixed-integer formulation introduces
two auxiliary vectors, i.e., a binary vector γ and a real vector λ. The binary
variable γ indicates the active segment: if the point falls on the i-th segment,
then γi = 1; otherwise, γi = 0. The independent (Qtz ) and dependent (N t )
variables can be expressed as convex combinations of the connection points
of the different segments, whose coordinates are stored in the vectors a and
b. Let λ be a vector containing the weights of the convex combinations.
Then the dependence of N t on Qtz can be approximated with the following
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mixed-integer form:
∥λt ∥1 = 1 ∀t ∈ Γ

(21)

∥γ t ∥1 = 1 ∀t ∈ Γ

(22)

γit ∈ B ∀t ∈ Γ, i ∈ {1, 2, 3, 4, 5, 6, 7, 8}

(23)

0 ≤ λ t ≤ Θ1 γ t

(24)

∀t ∈ Γ

Qtz = a⊤ λt

∀t ∈ Γ

(25)

N t = b⊤ λt

∀t ∈ Γ

(26)

The matrix Θ1 is defined to recover the following inequality constraints:
t
t
t
t
t
t
t
t
λt1 ≤ γ1t , λt2,j ≤ γ1,j
+ γ2,j
, λt3,j ≤ γ2,j
+ γ3,j
, λt4,j ≤ γ3,j
+ γ4,j
, λt5,j ≤ γ4,j
+ γ5,j
,
t
t
t
t
t
. The above constraints are
λt8,j ≤ γ7,j
+ γ7,j
,λt7,j ≤ γ6,j
+ γ6,j
λt6,j ≤ γ5,j

present so that the cyclic aging term is linear in N t .

Figure 5: The P t − Qtz relationship and MIL approximation.

The other nonlinearity in the control formulation lies in the nonlinear
relationship between the HVAC power P t and the cooling rate Qtz given in
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Eq. 8. A similar mixed-integer reformulation is used to approximate this
relationship with two line segments, as illustrated by Fig. 5:
∥ω t ∥1 = 1 ∀t ∈ Γ

(27)

∥ψ t ∥1 = 1 ∀t ∈ Γ

(28)

ψit ∈ B ∀t ∈ Γ, i ∈ {1, 2, 3}

(29)

0 ≤ ω t ≤ Θ2 ψ t

(30)

∀t ∈ Γ

Qtz = c⊤ ω t

∀t ∈ Γ

(31)

P t = d⊤ ω t

∀t ∈ Γ

(32)

4. Case Study Results
4.1. Case study description
The case study introduced in this section is used to understand the lifetime impact of demand responsive control and to evaluate the performance
of the proposed aging-aware demand response strategy. Specifically, performance comparisons to the baseline strategies allow the analysis of possible
trade-offs between the energy consumption, utility cost and equipment aging effect during control decision making. The case study involved a typical
electricity tariff shown in Table 1, which features TOU energy rates and
an anytime demand charge of $19.2/kW. This tariff was also used in other
building demand response studies [28, 33].
As discussed in Section 2, we consider a commercial office building with
a total floor area of approximately 100m2 in the simulation case study. The
building is served by a single-stage direct-expansion cooling system which is
cycled on and off through a deadband logic to maintain the zone temperature around its setpoint. Simulation tests of the various control strategies
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were carried out for a billing period of 30 days. The simulation boundary
conditions, including the weather conditions, lighting and plug-load power
usage, were all obtained from on-site measurements. The predictive control
strategies assumed a look-ahead time horizon of 24 hours and a decision time
step of 1 hour. The optimization problem was implemented within the CVX
package in MATLAB [35] and solved using Gurobi [36].
Table 1: Summer TOU tariffs with demand charge

Electricity price Demand charge
($/kWh)
($/kW)
0.108
19.2
0.089
19.2
0.064
19.2

Hours
12:00 to 18:00
8:00 to 12:00; 18:00 to 23:00
Rest of the day

4.2. Simulation test results
Figures 6 to 8 compare the monthly simulation results obtained with
the different control strategies: “E-min” corresponds to the baseline energy
minimizing control results, “U-min” the utility minimizing control results
and UA-min the aging-aware control results. Fig. 6 depicts the variations of
the zone temperature along with the upper and lower bounds. Fig. 7 and
Fig. 8 show the HVAC power consumption and cooling rate, respectively. To
better visualize the control behaviors associated with the different strategies,
Fig. 9 and Fig. 10 provide the zoom-in plots of the temperature and total
building power variation for the three hottest days of the month. Fig. 11
to Fig. 13 present the HVAC cycling rate, load ratio and COP in these
three peak days, respectively. All four cost components, i.e., energy cost Ec ,
27

demand cost Dc , run time aging cost Rc , cyclic aging cost CC , and the total
cost were evaluated and are shown in Tab. 2. The total HVAC run time and
count of on/off cycles associated with the different control strategies for the
simulated billing cycle are also shown in Tab. 2.
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Table 2: Case study cost breakdowns for lc = 0.9 hr/cycle

E-min
U-min
UA-min

Cycle count
1057
1015
822

Run time (%)
15.27
16.86
16.83

Total energy (kWh)
1196
1210
1206

Ec ($) Dc ($) Rc ($) Cc ($) Tc ($)
106.47 52.34
4.39
38.05 201.26
105.59 42.01
4.85
36.56 189.02
105.08 42.99
4.84
29.59 182.53

Table 3: Cost breakdowns for case study with lc = 1.8 hr/cycle
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E-min
U-min
UA-min

Cycle count
1057
1015
759

Run time (%)
15.2
16.8
17.1

Total energy (kWh)
1196
1210
1210

Ec ($) Dc ($) Rc ($) Cc ($) Tc ($)
106.47 52.34
4.39
76.10 239.31
105.59 42.00
4.85
73.12 225.58
105.09 43.36
4.93
54.66 208.06

Table 4: ”Low demand” case cost breakdowns
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E-min
U-min
UA-min

Cycle count
1057
970
585

Run time (%)
15.25
16.57
16.50

Total energy (kWh)
1196
1206
1201

Ec ($) Dc ($) Rc ($) Cc ($) Tc ($)
56.60
7.22
4.39
38.05 106.27
57.11
5.92
4.77
33.94 102.76
56.88
6.44
4.75
21.07
89.16
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Figure 6: Simulated zone temperatures in a complete billing cycle.
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Figure 7: Total building power simulated in a complete billing cycle. Total operation costs (electrical energy uses) are $201.26
(1196 kWh) for E-min, $189.02 (1210 kWh) for U-min, and $182.53 (1206 kWh) for UA-min.
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Figure 8: Total cooling rate simulated in a complete billing cycle.

4.2.1. Energy minimizing control results
The energy minimizing control strategy maintains the zone temperature
at the upper limit, whenever mechanical cooling is called for, to minimize the
instantaneous space cooling load. This strategy results in the least energy
consumption among the three control strategies considered (see the energy
use comparison in Tab. 2). However, this baseline strategy consumes significant cooling power during early afternoon hours when the electricity is
the most expensive. As a consequence, the energy minimizing strategy leads
to a slightly higher total energy cost but a significantly higher demand cost
compared to the other two strategies, due to the lack of active demand management. For single-stage cooling systems, the energy consumption is almost
proportional to the total compressor run time. Therefore, the energy minimizing strategy involves the lowest run time aging cost, but the highest cyclic
aging cost (see Tab. 2). The latter is because of the oversized HVAC system
in the case study: for a majority of the day time, the HVAC system operates
with a load ratio between 0.4 and 0.6 leading to frequent cycling of the HVAC
unit (as shown in Fig. 3, the maximum cycling frequency occurs when the
load ratio is close to 0.5). For properly sized or under-sized systems, it is
expected that energy minimizing strategies would involve lower aging costs
with higher load ratios.
4.2.2. Utility cost minimizing control results
The utility cost minimizing control strategy results in deep pre-cooling
actions during the first day and also on the hottest days of the simulated
month. The pre-cooling actions are effective in flattening the total building
load profile and minimizing the demand charge. As a consequence, this strat34

egy results in a monthly demand cost reduction of 19.7% compared to the
energy minimizing strategy. In addition, by shifting the cooling load from
the on-peak price periods to early mornings when electricity is cheaper, a
slight energy cost reduction is also achieved (less than 1%). Another key observation is that during the pre-cooling periods when the HVAC is operated
extensively, the ambient temperature is the lowest leading to the highest
cooling efficiency (see Fig. 13 for the variation of COP during the peak
days). Because of this, the utility minimizing strategy features the highest average cooling efficiency (COP of 4.2 compared to 4.0 associated with
the energy minimizing strategy). Although the utility minimizing strategy
achieves noticeable utility cost savings and efficiency improvement, it results
in the highest HVAC electricity usage because of the increased cooling load
driven by the large temperature difference between the indoor and outdoor
spaces during the pre-cooling hours. The increased cooling load causes a
longer HVAC total run time, and the associated run time aging cost is also
significantly higher. However, the HVAC cyclic operations and the resultant aging effect are slightly reduced, because the controller tends to push
the HVAC operations close to its full capacity during the pre-cooling hours
(non-HVAC load is the lowest leaving good power margins for HVAC operation) and lower the HVAC power draw in the hot afternoon periods; this
action coincidentally reduces the HVAC operations within the 0.4 to 0.6 load
ratio range that involves the highest cycling rates. Under the utility minimizing strategy, a total operation cost (aging plus utility costs) reduction of
6.2% is achieved, most of which is contributed by the utility cost savings.
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Figure 9: Zone temperature on the peak days.

4.2.3. Aging-aware control results
Similar to the utility minimizing strategy, the proposed aging-aware controller also undertakes pre-cooling actions, though not as aggressive as the
utility minimizing case, to shift the cooling load from on-peak to off-peak
hours and flatten the total load profile. A major differentiating behavior is
the aging-aware controller strikes a balance between the utility and aging
costs by undertaking intermittent pre-cooling operation of the HVAC system
near full capacity, which results in significantly reduced HVAC on/off cycles
during the early morning hours. It can be clearly seen in Fig. 14 that the
aging-aware controller tends to minimize HVAC operation at intermediate
load ratio to reduce the equipment cycling frequency and cyclic aging cost.
The aging-aware controller leads to a peak demand reduction of 17.8%
compared to the baseline energy minimizing strategy, which is slightly lower
than the cost savings achieved with the utility-priority strategy (19.7%).
However, the HVAC aging effect associated with the aging-aware controller
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Figure 10: Total building power on the peak days.

is much smaller, with the total aging cost reduced by 17% compared to the
utility minimizing strategy and by 19% compared to the energy minimizing strategy. This leads to overall operation cost (aging and utility costs
combined) reductions of 9.3% compared to the baseline energy minimizing
case and 3.6% relative to the utility-priority case. The total electrical energy
usage is also slightly lower than the utility-priority case because of the less
aggressive pre-cooling actions.

4.3. Impact of cyclic lifetime reduction factor (lc ) on control behaviors
The analysis presented above assumed a cyclic lifetime reduction factor of
0.9 hr/cycle. To evaluate its impact on control performance, simulation was
carried out for a higher lifetime reduction rate of 1.8 hr/cycle and the test
results are reported in Table 3. Note that the only differences in the simulation results for the energy minimizing and utility minimizing cases compared
to the preceding sections lie on the cycling costs while the control actions
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Figure 11: HVAC cycling rate on the peak days.

remain the same since the cost functions for these two baseline strategies do
not consider the aging effect. For the aging-aware control case, the cyclic
aging cost holds a much higher weight in the overall operation cost and as
a consequence, the control actions tend to minimize cyclic operations of the
equipment at the cost of slightly higher total energy usage and peak demand.
However, the cyclic aging cost reduction outweighs the increase in the other
costs and the total operation cost is reduced by 13.1% compared to the energy minimizing case and 7.8% compared to the utility cost minimizing case.
The total operation cost savings achieved are much higher than those for the
lower lifetime reduction factor cases, indicating that the proposed control
strategy can bring more significant benefits when equipment lifetime is more
sensitive to cyclic operations.
4.4. Impact of electric tariff on the aging effect
The case study presented above involves an aggressive TOU rate schedule
with a very high demand charge rate, for which the electricity cost plays a
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Figure 12: Cooling load ratio on the peak days.

dominant role in the total operation cost. To assess the impact of electricity
tariffs on the control performance, simulations with different rate schedules
were also conducted. The energy and demand charge rates used in these
simulations follow an actual tariff offered by the Kansas City Board of Public Utilities [37]. Tab. 5 shows the rates, which involve a flat energy rate
and a much lower anytime demand charge of $2.65/kW. Therefore, the incentives for load shifting and peak demand reduction are much weaker than
the previous case.
Tab. 4 shows the cost breakdowns associated with the different strategies
under this new electric tariff. With the lower demand charge rate, the demand cost for this case has a much smaller weight in the overall operation cost
and the monthly peak demands increase slightly for both the utility minimizing and aging-aware strategies compared with the high-demand-charge tariff.
The peak demand increase is more significant in the aging-aware control strategy (2.43 kW versus the peak demand of 2.24 kW in the high-demand-charge
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Figure 13: HVAC COP on the peak days.

tariff case), as the aging cost is heavily weighted during control decision making. Because of the flat energy rate and low demand charge, the achieved
utility cost reductions are very limited for both predictive controllers, only
1.2% in the utility-priority control case and 0.8% in the aging-aware control
case. Now with the aging cost being dominant, the aging-aware controller
tends to take actions in favor of life-cycle performance, as evidenced by the
simulation results shown in Tab. 4. The aging-aware control strategy results in a significant reduction in the cyclic aging cost (close to 45%). As
a consequence, the aging-aware strategy is able to reduce the overall operation cost by 16.1%, while the total cost savings achieved through the utility
minimizing strategy is only 3.8%.
5. Cyclic model validation
The HVAC cyclic model introduced in Section 2 and used in the agingaware control strategy assumes a time step of one hour to reduce the compu-

40

Figure 14: Histograms of load ratio for the whole month operation.

tational burden and accommodate real-time control implementations. The
simulation results presented thus far all have a time resolution of one hour.
The estimated cycling rate within each hour block is based on a periodic
steady state analysis with the aid of the classic thermostat cyclic model. To
evaluate the validity of the adopted HVAC cyclic model, a high-resolution
simulation was carried out with a time step of one second using the same thermal network model presented in Section 2 coupled with a deadband logic used
in most thermostats. Note that the building load model has been discretized
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Table 5: Summer tariffs with flat energy rate and a low demand charge

Electricity price Demand charge
Hours
($/kWh)
($/kW)
0.04733
2.65
All day

with a time step of one second while the other model parameters remained
identical to those in the model presented in Section 2.1. High-resolution
weather and heat gain data was generated from the original boundary condition data through linear interpolation.
The zone temperature trajectory obtained through the aging-aware control strategy was applied as the thermostat setpoint and a 0.5◦ C deadband
was used in the high-resolution simulation. Within each hour, the zone temperature setpoint was held constant while the actual zone temperature oscillates within the deadband around the setpoint. A deadband logic was
simulated: at each time step (one second), the simulated zone temperature
is compared with the deadband upper and lower bounds; when the zone temperature drifts beyond the upper bound (below the lower bound), the HVAC
is turned on (off) to cool down the space (let the space temperature to float
upwards); when the zone temperature falls within the deadband, the HVAC
remains the status of the previous time step.
Figures 15 and 16 compare the cooling rate and HVAC power from the
hourly simulation results and the high-resolution simulation results for the
three peak days of the case study. The root mean square relative differences
between the two cases are 3.8% and 4.9% for the cooling rate and power predictions, respectively. It can be seen that the total cooling rate and HVAC

42

Figure 15: Cooling rate validation.

power are almost always lower in the second-by-second simulation results.
It is caused by the slightly higher average zone temperature in the highresolution simulation as shown in Fig. 17, which causes a consistently lower
cooling load. This behavior is mainly attributed to the load ratio being lower
than 0.5 for a majority of the time (see Fig. 12). The low load ratio results
in a HVAC off-cycle longer than the following on-cycle and a longer temperature floating time in the upper half deadband. The temperature difference
between the two simulation cases is upper bounded by the deadband of 0.5
◦

C with the deadband logic in place. Fig. 18 shows a zoom-in plot of the

zone temperature variation along with the temperature setpoint and deadband from the high-resolution simulation. Fig. 19 compares the estimated
cycling rate for the three peak days and Fig. 20 compares the cumulative
count of on/off cycles for the whole billing cycle between the hourly and highresolution simulation cases. The discrepancy in the cycling rate prediction
between the two simulation cases is less than 5 %, which proves the valid-
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Figure 16: Power validation.

ity and accuracy of the thermostat cyclic model in characterizing the cyclic
operation of a single-stage HVAC unit. This high-resolution simulation also
validates the control results for the case study presented in the preceding
sections. We need to note that this validation was mainly carried out to
verify the estimation accuracy of the HVAC cycling rate with the surrogate
model presented in Section 2.3. Cooling capacity and power prediction accuracies are less relevant metrics here since the second-by-second simulation
model fails to capture the part load efficiency degradation associated with
cyclic operations. Rigorous efficiency characterization would require transient vapor-compression system models (e.g., [38]), which is out of the scope
of the present work but can be investigated in future studies.
6. Conclusions and Discussions
This paper presented a modeling methodology to characterize HVAC lifetime impact of zone temperature controls and an aging-aware demand respon-
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Figure 17: Hourly zone temperature.

sive control strategy for single-stage HVAC systems that strikes an optimal
balance between the electric utility and HVAC life-cycle costs. Performance
of the proposed control strategy has been demonstrated with a simulation
case study for a single-zone office building and test results show that the
aging-aware demand response strategy could result in reductions of HVAC
equipment aging effect by 18.8% under an aggressive TOU tariff with high
demand charges and by 39.1% for low demand charge cases, although with a
slightly higher electric utility cost (less than 5%) compared to the utility minimizing strategy. The total operation cost savings achieved were 3.4 % and
13.2% for the high- and low-demand-charge cases, respectively, compared to
the utility minimizing strategy and 9.3% and 16.1% compared to the energy
minimization baseline. Through a parametric analysis for the cyclic lifetime
reduction factor, it was shown that more significant operation cost reduction
could be achieved with the proposed aging-aware demand response strategy
when the equipment lifetime is more sensitive to cyclic operations. Field
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Figure 18: Zone temperature from the high-resolution simulation.

validation of the equipment cycling model and the proposed control strategy
is in progress and will be reported in follow-on papers.
This study has a focus on lifetime impact characterization for single-speed
HVAC equipment. Driven by the stringent energy efficiency standards, multistage and variable-speed products have witnessed increasing market shares
in recent years. Although some multi-stage systems rely on cycling control
of tandem compressors to achieve capacity modulation, other staging mechanisms such as partial compressor unloading through bypass valve control
(e.g., Copeland UltraTech two-stage scroll) are increasingly used. Variablespeed systems involve quite different temperature control mechanisms where
compressor and fan speeds are adjusted continuously to meet building loads.
During low-load hours, variable-speed units may experience cyclic operations
due to the minimum compressor speed allowed (e.g., 40% of nominal speed),
for which the presented aging model may still be valid. However, during continuous operation, the current aging model is not applicable anymore and
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Figure 19: Comparison of cycling rate between the two simulation cases.

needs to be extended to capture system degradation under smooth speed
modulations. HVAC aging characterization under continuous operation is
more challenging as it would involve component failure analysis beyond the
motors. For example, poor oil circulation at low compressor speeds is a longstanding issue for variable-speed systems. Prolonged operation at partial
speeds may cause premature compressor failures but is favorable for motor
lifetime with lower thermal and electrical stresses. The new staging and
variable-speed control mechanisms can involve very different aging behaviors
and the aging model needs to be revised accordingly in future work. Furthermore, the present study only addresses the lifetime impact under load
shifting control. Other forms of demand response exist such as ancillary services, which feature more aggressive modulation of building loads to mitigate
electricity supply-demand imbalances at much shorter time scales (e.g., a few
seconds to minutes). Ancillary service provision is expected to have an even
greater lifetime impact, which is worth addressing in future work considering
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Figure 20: Comparison of cumulative cycle count between the two simulation cases.

the world-wide transition to renewable energy resources.
Current demand response practices are still price based, but there is growing interests in emission-based demand response. When energy-related emission factors are available, the presented aging model can facilitate emissionresponsive load controls allowing trade-off analysis between embodied and
operational carbon footprint. The challenge of emission responsive load control is rooted in the long-standing debate over whether average or marginal
emission factors should be used. Marginal emission factors seem more appropriate for demand response but their estimation or prediction is challenging
due to lack of visibility in electricity system operations and large locational
variations. A few emission forecasting tools exist but their reliability is often
being questioned.
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