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1. Introduction

ABSTRACT

Grid-interactive efficient buildings (GEBs) optimize their operations by using flexible load techniques, such as
precooling, to reduce peak electricity demand. However, precooling effectiveness depends on factors like building
properties, weather, and utility rates. Therefore, investigating the impacts of these condition-specific factors is
crucial, especially when considering precooling strategies that utilize thermal mass in commercial buildings. In
this paper, we first devised a novel heuristic control approach that incorporates parameterized optimal precooling
thermostat schedules to enhance demand flexibility in a commercial office building. Subsequently, we conducted
a thorough performance evaluation of this control strategy. Utilizing the DOE medium-sized office building as the
virtual testbed, we showed that the parameterized schedule effectively approximates model predictive control
and requires drastically reduced computational overhead. On top of that, we investigated the impact of building
thermal mass, outdoor air conditions, and energy price profiles on the optimal precooling strategy. Our results
show substantial cost savings and peak load reduction potential in buildings with heavy thermal mass, with some
energy penalty. Although the potential for cost savings is lower in buildings with low and medium thermal mass,
the energy penalty remains consistent in all three thermal mass scenarios. Furthermore, the results highlight
that while outdoor air conditions play a role in cost and energy performance, the cooling load exerts a more
immediate and substantial influence on cost savings in precooling strategies. In addition, the duration of peak
pricing and the ratio between peak and off-peak times exhibit clear correlations with cost savings, peak load
reduction, and energy consumption, aligning with intuitive expectations. These findings offer valuable insights
for optimizing precooling strategies in office buildings.

the inherent thermal storage provided by the building structure [2].
Precooling or preheating ahead of an event (e.g., on-peak hours) by

The increasing integration of renewable energy sources and escalat-
ing peak energy demand present ongoing challenges for the reliability
and stability of power grids. Coupled with an evolving power grid
pricing structure where peak-time electricity costs rise significantly,
cost savings become paramount for electricity consumers [1]. Build-
ings, traditionally major end-users, are transforming into prosumers.
Grid-interactive efficient buildings (GEBs), equipped with emerging
technologies, offer demand flexibility by integrating distributed energy
resources (DERs). This capability enables GEBs to strategically schedule
energy consumption, avoiding peak load periods.

Flexible loads have a significant role in GEBs and the thermal loads
in buildings can be adjusted through thermostat scheduling to utilize

changing the zone air temperature setpoints could lower the thermal
load and electric peak demand during the event [3]. The thermal mass
of the building exterior envelope and interior mass (e.g., furniture)
would “charge” additional thermal energy (cooling or heating) during
the off-peak hours and “discharge” the thermal energy to air during
on-peak hours.

Numerous research studies have demonstrated the benefits of pre-
cooling strategies in terms of cost reduction, peak load reduction, and
improved thermal comfort in both residential and commercial buildings
[4]. When examining precooling case studies conducted in residential
homes, Mayes et al. [5] quantified the effects of different precool-
ing strategies for a single-family home in Southern California. Their
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findings indicated that precooling can reduce peak period electricity
consumption by 57%, lower residential electricity costs by nearly 13%,
and also result in a 3.5% reduction in CO, emissions. Naderi et al. [6]
carried out a simulation-based assessment of precooling strategies in
Australian housing, with a focus on consumer cost savings, thermal
comfort, and peak demand. Their research suggested that the bene-
fits of precooling are especially valuable for enhancing thermal comfort
in many cases. However, the extent of cost savings achieved depends
significantly on the type of housing and its location, as noted in their
previous work [7]. Wang et al. [8] introduced an efficient optimization-
based precooling approach tailored to adapt to changing environmental
conditions within a residential home. Their study revealed that the
cost-saving benefits could fluctuate based on the varying weather condi-
tions [9]. In the context of case studies related to commercial buildings,
Xu [10] confirmed the potential of precooling and demand limiting
through field tests conducted on a heavy mass and a light mass build-
ing in the Bay Area of California. These strategies achieved a reduction
in cooling load of approximately ~25% in the light mass building, with
an even more significant load reduction observed in the heavy mass
building. Yin et al. [11] likewise carried out field tests to evaluate the
demand response of precooling strategies, observing a reduction in elec-
trical demand during peak periods ranging from 15% to 30% across all
the tested buildings. In another study, Vishwanath et al. [12] devised an
optimization-driven precooling strategy for a large commercial building
situated in northern Australia. Simulation results demonstrated that op-
timal precooling led to a reduction in peak power consumption by more
than 50% and a potential decrease in energy bills of up to 37%.

In summary, precooling strategies can be broadly categorized into
two main groups: rule-based control methods and optimization-based
approaches, with model predictive control (MPC) being a notable ex-
ample of the latter. Rule-based control techniques are commonly em-
ployed in thermostat scheduling to enhance demand flexibility [13].
Some smart thermostat manufacturers incorporate in-house rule-based
sequences of operation into their products, which precools or preheats
the zone air temperature for certain period before the onset of on-
peak hours [14]. Braun et al. [15] evaluated the performance of a
rule-based control that precools the zone air temperature to 19.4°C
and resets back to 22.8°C to the occupied hours. Some rule-based
controls incorporate a priori knowledge such as the power variations
due to the zone air temperature changes [13]. Goddard et al. [16] in-
vestigated the relationship between the power load changes and zone
air temperature changes in an office building, which was utilized in
the designed control. Stopps et al. [17,18] implemented a rule-based
thermostat schedule based on the analysis of a simplified thermal mass
model. However the field test showed no significant load shifting (and
hence peak load reduction) at the aggregate system level. Another ex-
tensively studied control alternative is MPC. Wang et al. [8] designed a
Resistance-Capacitance-network based MPC for the optimal precooling
in residential buildings. The results demonstrate the effectiveness of the
proposed control over the rule-based baseline control. Kim et al. [19]
designed a hierarchical MPC framework to save energy cost and avoid
peak power occurrence by modulating the zone thermostat temperature
setpoints and the staging of the packaged units. Similar research can be
found in references such as [12,20-24] where the research objective is
to design and evaluate the MPC to achieve the cost saving and demand
flexibility through the optimal thermostat scheduling.

While the studies mentioned above have confirmed the technical
and economic viability of precooling thermostat scheduling for demand
flexibility using various control solutions, there remains an unexplored
realm in understanding how optimal precooling thermostat scheduling
performs under different influencing factors, especially when applied
to commercial buildings. For instance, it’s essential to investigate how
cost savings and energy efficiency are influenced by varying levels of
the building’s thermal mass. Another crucial question is under what
cooling load conditions better cost savings and energy efficiency can
be achieved. Furthermore, the impact of different price signals on cost

savings and energy efficiency, particularly in multi-zone commercial
buildings, remains unclear. It’s worth noting that many rule-based con-
trol sequences are primarily guided by intuition or the practical ex-
perience of practitioners. Therefore, conducting a comprehensive and
systematic parametric analysis could provide valuable insights into the
factors that affect the performance of thermostat scheduling. This anal-
ysis would help bridge the existing gaps in our understanding of how
these systems function and optimize their performance under various
conditions.

In this paper, the different influencing factors on the optimal pre-
cooling thermostat scheduling for a multi-zone office building are in-
vestigated. These factors include thermal mass, outdoor air conditions,
and price signals. A novel parameterized precooling thermostat schedul-
ing method is proposed and a closed-loop (i.e., building testbed model
in the control loop) genetic algorithm-based optimization is conducted.
A total of 225 scenarios is considered and the generated optimal ther-
mostat schedule data are promising to provide the inherent insights for
developing the near-optimal rule-based controls.

The paper is organized as follows. Section 2 describes the build-
ing model and the optimization problem formulation. The performance
of the parameterized schedules is benchmarked with closed-loop (i.e.,
building testbed model in the control loop) MPC. Section 3 presents
the parametric analysis and Section 4 discusses the impacts of the in-
fluencing factors. Concluding remarks and future work are provided in
Section 5.

2. Building model and optimization problem formulation
2.1. Building and system model

The DOE prototype medium office building in Climate Zone 4A (New
York City, NY) is selected as the virtual testbed to validate the optimiza-
tion framework and conduct the parametric analysis. Medium office
building type represents a major office building stock in the U.S. while
Climate Zone 4A was chosen for its mixed humidity climate, which
could represent both heating and cooling scenarios. Moreover, it car-
ries significant weight in office building contexts, covering both new
constructions and existing structures [25]. As presented in Fig. 1, the
medium office is a three-story building, and each floor of this building
consists of five zones (i.e., four perimeter zones and one core zone). In
the prototype building model, each floor is served by a Packaged Air
Handler Unit (PAHU), and the PAHU is connected to five variable air
volume (VAV) boxes with reheat coils for these five zones. The HVAC
system includes a direct expansion coil for cooling and a gas-fired boiler
for heating.

For additional details regarding the model (e.g., the building ge-
ometry information, the building envelope parameters, and the HVAC
system configurations), please refer to the DOE prototype medium of-
fice building scorecard [26] and reports by Pacific Northwest National
Laboratory (PNNL) [27,28]. This study focuses on the middle floor of
the medium office building.

2.2. Optimization problem formulation

The optimal zone thermostat scheduling is formulated in Eq. (1) to
minimize the HVAC system operation cost J (X, u,6) over a 24 h win-
dow by optimizing the zone air thermostat setpoints. The state variables
in the building model (e.g., zone air temperature variable T,) are de-
noted as x. The input trajectory of the zone air thermostat setpoints are
represented by u. It is noted that the zone air thermostat setpoint tra-
jectory u is parameterized in terms of the precooling start time tim,,
end time tim,, and precooling temperature T,. using Eq. (5).

This formulation also includes the following constraints: (1) pre-
cooling start time timg cannot be later than precooling end time tim,
as shown in Eq. (3); (2) and precooling temperature is within the pre-
specified upper (cooling) set-point T, (i.e., 24 °C) and lower (heat-
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Fig. 1. Rendering of the building model and floor plan.
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Fig. 2. An Illustrative example of the parameterized zone air temperature setpoint trajectories.

ing) set-point T}, (i.e., 21 °C) bounds as shown in Eq. (4). Also, the
other fixed parameters are collectively denoted as 6.
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The zone air temperature setpoint trajectory u is a function of cur-
rent hour t and parameterized by precooling start time timg, end time
tim,, and precooling temperature T},.. To approximate this trajectory
smoothly, logistic functions are employed to mimic the piecewise con-
tinuous zone temperature setpoint schedules [29]. The parameters v,
and v, are the ramp up and ramp down rates, respectively, governing
the smoothness of the transition. Higher values of v1 and v2 result in
sharper transitions. For this study, we set both v1 and v2 to 5. The vari-
able T, is the baseline cooling temperature setpoint. In this study, 7}, is
equal to 26.7 °C during the non-operation hours and 24 °C during the
operation hours. As an illustrative example, Fig. 2 depicts two zone air
temperature setpoint trajectories which are parameterized by different
combination values of precooling start time timg, end time tim,, and
precooling temperature Ty

The choice of optimization method is indeed crucial, considering
the complexities of the EnergyPlus building model and the optimiza-
tion problem formulation. Although the optimization problem in our
study reduces decisions to three variables, the direct integration of the

EnergyPlus model within the closed optimization loop presents chal-
lenges. The inherent complexity and nonlinearity of the EnergyPlus
model make finding optimal control inputs challenging for conventional
optimization solvers. To address these challenges, we utilized a Ge-
netic Algorithm (GA), a heuristic optimization algorithm inspired by
natural selection principles. GAs operate by evolving a population of
potential solutions, represented as chromosomes, across multiple gen-
erations. Through fitness evaluation, selection, crossover, and mutation
processes, the algorithm progressively refines solutions towards an op-
timal outcome. Several studies have demonstrated the efficacy of the
GA framework in closed-loop optimization scenarios where the Energy-
Plus model is integrated into the control loop [30-32]. This approach
has been shown to efficiently navigate the search space and robustly
deriving near optimal solutions [33,34]. In our study, we utilized the
PyGAD Python package [35], which offers a user-friendly interface
for implementing GA-based optimization. Key hyperparameters such as
population size, mutation probability, and selection method, can be ad-
justed to fine-tune the optimization process.

2.3. Benchmarking of the optimization of parameterized schedules

To demonstrate the effectiveness of the proposed optimization for-
mulation, we compared its performance with a standard, close-loop
Model Predictive Control (MPC) implementation directly utilizing the
EnergyPlus model. The MPC implementation follows the standard re-
ceding horizon approach [36]. At each control timestep, the optimizer
computes the optimal zone air temperature setpoint trajectory within
the prediction horizon. However, only the current setpoint is applied to
the building system and then the system will proceed to the next con-
trol timestep. This process will continue until the end of the current
simulation period, with the MPC continuously updating its predictions
and re-calculating the optimal trajectory at each timestep. This reced-
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Fig. 3. Comparison of different prediction horizons on the cost for two on-peak
pricing schemes.

ing horizon approach allows the controller to continuously optimize the
setpoint trajectory based on real-time feedback and updated predictions
of system behavior.

Several factors influence the choice of the prediction horizon in
MPC. Firstly, it must be sufficiently long to capture substantial price
variations. As depicted in Fig. 3, shorter prediction horizons (6 hours)
resulted in higher costs compared to longer horizons under the two
on-peak pricing schemes - low and high on-peak pricing. However, ex-
tending the horizon introduces more optimization variables, necessitat-
ing a balance between performance gains and computational demands.
While there is a slight performance gain between prediction horizons
12 and 15, the cost benefit diminishes thereafter. Consequently, for our
comparative analysis, we formulated MPC with a 15-hour prediction
horizon and a control timestep of 1 hour.

The MPC implementation was configured on the high-performance
computer (HPC) Constance at PNNL to reduce the overall computa-
tion time. Constance is a 520-node computing cluster and features a
dual-socket Intel Haswell E5-2670v3 (12-core-per-socket, running at 2.3
GHz) with 64 GB of 2133 MHz ECC memory, a Fourteen Data Rate In-
finiBand network card, and 480 GB local solid-state drive disk storage.
48 cores were called to calculate the energy cost in EnergyPlus and thus
parallelize the optimization process.

We compared the two optimization formulations under two TOU
pricing scenarios: low on-peak pricing and high on-peak pricing. As
shown in Fig. 4(a) and (c), the optimal zone air temperature trajectories
for the parameterized case and MPC case have a similar pattern. For
the low on-peak pricing scenario, both strategies indicate little or no
need for precooling (only at very early hour). However, the precooling
request lasts much longer for the high on-peak pricing scenario.

Fig. 4(b) and (d) depict the energy consumption and cost profile
for the two scenarios. The energy consumption and cost profiles for
the two optimization formulations overlap most of the time. As fur-
ther suggested by the results in Table 1, the energy costs associated
with both optimization formulations fall within a similar range, whereas
the parameterized scheme significantly reduces the computation time.
The marginally lower cost savings observed in the MPC case can be
attributed to the larger size of the search space (15 optimization vari-
ables compared to the 3 in the parameterized case). In summary, the
presented results underscore the effectiveness of optimization using pa-
rameterized schedules.

3. Influencing factors of optimal thermostat scheduling
In this section, we elaborate how different cases are designed to

investigate the factors that influence the optimal thermostat schedul-
ing. Section 3.1 presents the building modeling process with different

thermal mass. Section 3.2 and Section 3.3 discuss the selection of the
outdoor air conditions and TOU price signals, respectively.

3.1. Thermal mass

To reflect the different thermal mass in EnergyPlus, we consider
both the exterior thermal mass and interior thermal mass. It is noted
that the original medium office building property does not account for
the interior thermal mass. Table 2 lists the parameter inputs for three
levels of thermal mass for exterior building constructions (i.e., exte-
rior wall, roof, and floor). The setup refers to EnergyPlus Testing with
ANSI/ASHRAE Standard 140-2001 [37]. Please note that although the
per-area heat capacity C, gradually increases with the thermal mass,
the thermal resistance Ry, is kept the same.

To modeling the interior thermal mass in EnergyPlus, we used
both the InternalMass object and ZoneCapacitanceMultiplier:ResearchSpe-
cial object as mentioned in Ref. [38]. Chen et al. [38] utilized the
zone air temperature data from two real buildings to infer the inte-
rior mass setting. They concluded that the InternalMass object focuses
on the longterm effects of interior mass, while the zone air capacitance
approach focuses more on the short-term damping effects. Hong and
Lee provided a reliable inverse method for determining the temperature
capacity multiplier using high-fidelity lab data and recommended the
setting of Zone Capacitance Multiplier Cy for different building ther-
mal mass [39]. Therefore, based on these fundamental research on the
interior thermal mass, we designed the parameter inputs as shown in
Table 3.

To illustrate and characterize different thermal mass setups, we con-
ducted a response tests using the thermal inertia quantification method
in Ref. [40]. In the experiment tests, we reset the zone air temperature
setpoints for all the zones back to 26 °C from 24 °C (i.e., the thermal
zone is in the discharging mode) in different outdoor air conditions. The
zone discharge response time in different scenarios varies from -5 to -1
hr/°C, which corresponds to the findings in Ref. [40].

As an illustrative example, Fig. 5 depicts the zone air temperature
response and associated outdoor air temperature (OAT) when the set-
point is setback at 1 PM on Day 187. It can be seen that the zone air
temperature for the heavy thermal mass has the most sluggish response
compared to the others. It is noted that for certain zones (e.g., east and
west zones) the zone air temperature reaches the new setpoint before
the end of the test at 6 PM). However, for the core zone, due to the
large area and interior mass, the zone air temperature does not return
back to the new setpoint within the duration of the response test.

Fig. 6 shows the cooling load in different zones and the HVAC elec-
tricity consumption. The heavy thermal mass building consumes the
most cooling load due to the large interior mass before the response test,
and therefore accumulate the largest amount of energy storage. How-
ever, in terms of the HVAC electricity consumption during the setback
hours, the heavy building does not consume the least HVAC electricity
consumption. This is because the zone air temperatures in some zones
(e.g., core zone) do not set back to the new setpoint due to the large
interior mass and therefore these zones require more cooling demand.
This overcharging behavior in the core zone also suggests that using a
single optimized thermostat setpoint schedule for all the zones might
not be cost-effective. Therefore, in Section 4.1, the effect of three opti-
mization specifications of the multi-zone system thermostat scheduling
(Single thermostat schedule for perimeter and core zones; Single ther-
mostat schedule for perimeter zones only; and Respective thermostat
schedules for perimeter and core zones) are discussed.

3.2. Outdoor air temperature profile

As mentioned in Section 2.1, Climate Zone 4A (New York City, NY)
is used for this study. To capture the effect of distinct outdoor air condi-
tions, we selected representative outdoor air temperature profiles from
the whole cooling months using the following procedure.



Low On-peak Pricing

35.01

— = Parameterized 250 51 . 20
MPC = =Parameterized
32.51
mee Baseline <41 MP.C
30.04 OAT 200 = Baseline 15
:CI 27 5 1o Pnce ’g \Ej ,é,
3 7 L1500 é‘ 31 8§
o e 2 . o
£ 250 el N / 532 . 108
@ >z 4 4
Q. ’ \ L — O 4
£ 22.5 e \ 100 _§ 9 S
~ / S~o =
2004 ___ —t ens 5] r0.5
RN N lso &
17.5 1 N
........................ | 0 |
15.0 ‘ ; . : . ‘ : ‘ ‘ ‘ 0.0
0 4 8 12 16 20 24 0 4 8 12 16 20 24
Time (Hour) Time (Hour)
(@) High On-peak Pricing (b)
3507 — - parameterized r250 6 = :zParameterized| 10
32.51 MEC ) MPC
w00l — gi?re“ne L 200 _’g 5 ] Baseline |g
—_ - X
U » <<
O] e Price = c ] —
= 2751 SEVER- 6 8
3 1 8 E S
L L100= & i r4 g
£ 225 g9 - 8
= 2001 E 3 Lo
: tso 2 ¥ M2
w
17.54
ro
15.0 . . . . . r 0 ‘ ‘ ‘ : :
0 4 8 12 16 20 24 0 4 8 12 16 20 24
Time (Hour) Time (Hour)

(c)

(d)

Fig. 4. Comparison of Optimization of Parameterized Schedules and MPC under (a-b) low on-peak pricing (c-d) high on-peak pricing.

Table 1

Benchmarking results of the optimization of parameterized schedules with MPC under pre-
diction horizon of 15 hours with 200 generations in GA.

Low on-peak pricing

High on-peak pricing

Baseline Parameterized

MPC Baseline Parameterized MPC
Total CPU - 5 570 - 5 580
Time (hours)
Cost ($) 26.56 26.52 27.28 184.32 154.81 156.25
Cost Saving 0.12 -2.72 16.01 15.23
(%)
Table 2
Parameter inputs for exterior building envelope.
Thermal Ry utue Cp Ry atue Cp Ry atue Cp
mass m*-K/W) J/m?-K) m? - K/W) J/m?-K) m? - K/W) (J/m?-K)
Exterior Wall Roof Floor
Light 2.60 67329 5.37 18664 0.26 135250
Medium 2.60 252248 5.37 158474 0.26 168386
Heavy 2.60 443081 5.37 297552 0.26 196281
Table 3
Parameter inputs for internal thermal mass.
Thermal Ry e Cp Ry e Cp Surface Area Cr
mass m* - K/W) J/m*-K) m* - K/W) J/m?*-K) Multiplier
Interior Wall Interior Furnishings
Light 0.16 22149 1.25 54450 1 1
Medium 0.16 38438 1.25 108900 2 2
Heavy 0.16 60862 1.25 217800 4 4
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Fig. 5. Zone air temperature and outdoor air temperature profiles for different building thermal mass during the setback response test.

Fig. 7 illustrates the procedure we used to select the typical OAT
profiles during the cooling months. As the first step, all the single-day
OAT profiles in cooling months are categorized into different clusters
based on the Dynamic Time Warping (DTW) clustering method [41]. In
step 2, we select the meaningful statistical features. For each OAT pro-
file in a cluster, we calculate the Pearson correlation coefficient (PCC)
[42] and based on the PCC values, we removed any highly-correlated
and weakly-correlated features.

In step 3, we select the typical OAT profiles based on the selected
filtering features. This process ensures that OAT profiles with different
combinations of the statistical features are selected. Using this method-
ology, five typical OAT profiles are selected as shown in the lower
subplot in Fig. 7.

3.3. Time-of-use pricing plan

As shown in 8, Time-of-Use (TOU) pricing plan [43] is adopted in
this study. The on-peak onset hour, on-peak price duration, and the
ratio of the on-peak price and off-peak price are considered in the para-
metric analysis.

3.4. Summary of studied scenarios

Table 4 summarizes all the scenarios for this study. In total 225
single-day scenarios with three levels of thermal mass, five outdoor air
temperature profiles, and 15 TOU price plans are designed. As noted,
all the optimization scenarios were ran on the HPC Constance at PNNL.

4. Results and discussion

This section presents the impacts of the different factors on the
performance (including cost, peak load reduction, and energy sav-
ings/penalties) of the optimal thermostat scheduling. Peak load reduc-
tion refers to the percentage decrease in average power usage during
on-peak price hours.

4.1. Effect of optimization specifications on multi-zone system thermostat
scheduling

As noted in Section 3.1, the overcharging of the core zone could
result in a higher net cooling load throughout the process, leading to
energy waste. Although the elevated COP of the equipment during the
precooling period may partially offset this increased load, the effect was
determined to be insignificant. This finding aligns with results from the
experimental precooling testcase [19]. Therefore, the performance of
following three optimization specifications is compared: Scheme 1: Sin-
gle thermostat schedule for perimeter and core zones; Scheme 2: Single
thermostat schedule for perimeter zones only; Scheme 3: Respective
thermostat schedules for perimeter and core zones), as tabulated in Ta-
ble 5.

From the presented results, we can see that Scheme 1 and Scheme
3 save slightly more energy costs for different thermal mass buildings
than Scheme 2. However, the energy consumption of Scheme 1 and
Scheme 3 is much higher than that of Scheme 2 for the light ther-
mal mass building. Therefore, in the following sections, the results for
Scheme 2 (i.e., single thermostat schedule for perimeter zones only) are
presented.
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Fig. 6. Zone cooling load and total HVAC electricity consumption profiles for different building thermal mass during the setback response test.

Table 4

Summary of considered scenarios.
Influencing factor Scenarios Number
Thermal Mass Heavy, medium, light 3
Outdoor Air Temperature Day 157, 169, 215, 228, 235 5
TOU Price Plan* Onset hour (PM): 12, 15, 18 15
[Onset hour, duration, Duration (h): 4, 6 (only for onset hour at 12 and 15)
price ratio] Price ratio: 5, 10, 15
In Total 225

* TOU price plan is represented by a list that consists of on-peak price onset hour, duration,
and price ratio of on-peak and off-peak. For example, [15,4,5] denotes the on-peak price
starts at 3 PM, lasts for 4 hours, and its price is 5 times than that of the off-peak price.

4.2. Impact of thermal mass

Table 6 lists the cost saving, energy saving, and the optimal variables
(i.e., start hour, end hour, precooling temperature) for Day 228 and a
specific price signal ([15,6,10]) for the three thermal mass buildings. As
shown in Fig. 9, precooling is activated at the earliest possible hour. The
optimal precooling temperature for the heavy thermal mass building is
higher than those for the other two thermal mass buildings. It is also
noted that the heavy thermal mass has the largest cost saving ratio and
the least energy penalty than the other two buildings for this scenario.

Fig. 10 depicts the distributions of cost saving ratio, peak load reduc-
tion, and energy penalty ratio under the three levels of thermal mass for
all 225 scenarios. For the cost saving ratios and peak load reduction, it
can be seen that the distributions for the heavy thermal mass spread out
more than those of the other two. In addition, the median value of the
heavy thermal mass is the largest. Comparatively, the energy penalty

distributions look similar for the three levels of thermal mass, which
indicates the benefit of heavy thermal mass buildings for demand flexi-
bility.

4.3. Impact of outdoor air temperature profile

Table 7 lists the cost saving, energy saving, and the optimal variables
(i.e., start hour, end hour, precooling temperature) on different days for
the light thermal mass building and a specific price signal [12,4,10].
Precooling is activated at the earliest possible hour until the onset of
the on-peak price for all the OAT profiles. Day 157 and Day 235 stand
out as the most cost-effective days when compared to the other days.
This is likely attributed to the lower cooling load in the morning before
the peak hours on these two days, a pattern illustrated by the blue lines
in Fig. 11(b). It can also be inferred from Fig. 11(a) and (b) that relying
solely on OAT information might not offer a comprehensive represen-
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Table 5
Impact of optimization specifications on the energy and cost for Day 215 and specific price signal
([15,4,10]).
Thermal  Baseline Optimal Cost Baseline Optimal Energy  Optimal variables
mass cost cost saving energy energy saving (start hour, end hour,
$ % (%) (kWh) (kWh) (%) precooling temperature)
Single thermostat schedule for perimeter and core zones
heavy 79.1 68.6 13.2 312.1 359.6 -15.23 [5.0, 14.75, 22.64]
medium 77.6 70.3 9.4 304.2 352.2 -15.79 [5.0, 14.75, 22.72]
light 78.0 73.3 6.1 303.7 381.8 -25.71 [5.0, 14.75, 22.05]
Single thermostat schedule for perimeter zones only
heavy 79.1 68.9 12.9 312.1 366.2 -17.35 [5.0, 14.75, 21.79]
medium 77.6 70.32 9.38 304.2 354.2 -16.43 [5.0, 14.75, 21.01]
light 78.01 74.2 4.88 303.7 354.5 -16.74 [5.0, 14.75, 21.02]
Respective thermostat schedules for perimeter and core zones
heavy 79.1 67.72 14.39 312.1 360.7 -15.6 Peri:[5.0, 14.75, 22.16],
Core:[6.75, 14.75, 23.07]
medium 77.6 69.2 10.82 304.2 357.9 -17.66 Peri:[5.0, 14.75, 21.66],
Core:[5.75, 14.75, 23.15]
light 78.01 72.78 6.7 303.7 379.2 -24.86 Peri:[5.0, 14.75, 21.11],

Core:[6.75, 14.75, 22.64]

tation of the cooling load conditions. This is evident when comparing falls within a similar range. This observation emphasizes that a more
Day 169 and Day 215, where the average OAT on Day 169 is higher precise estimation of cooling load is essential to gain better insight into
than that on Day 215. However, the average cooling load for both days the cost-saving benefits of precooling.



Table 6

Impact of thermal mass on the energy and cost for Day 228 and specific price signal [15,6,10].

Thermal  Baseline Optimal Cost Baseline Optimal Energy  Optimal variables

mass cost cost saving energy energy saving (start hour, end hour,
(€)) (€3] (%) (kWh) (kWh) (%) precooling temperature)

heavy 88.6 77.81 12.18 280.2 313.7 -11.93 [5.0, 14.75, 22.39]

medium  85.28 76.33 10.49 273.7 323 -17.99 [5.0, 14.75, 21.09]

light 84.73 80.1 5.46 273.1 323.1 -18.32 [5.0, 14.75, 21.03]

Table 7

Impact of outdoor air temperature profiles on the energy and cost on different days for light thermal
mass and a specific price signal [12,4,10].

Day Baseline Optimal Cost Baseline Optimal Energy Optimal variables
cost cost saving energy energy saving (start hour, end hour,
(€3] (€3] (%) (kWh) (kWh) (%) precooling temperature)
157 61.35 55.72 9.18 191.6 217.1 -13.3 [5.0, 11.75, 21.01]
169  87.49 82.21 6.03 305.7 336 9.94 [5.25, 11.75, 21.0]
215 86.35 81.23 5.93 303.7 334.5 1016  [5.0,11.75, 21.13]
228  80.99 75.47 6.82 273.1 301.8 -10.51  [5.25,11.75, 21.11]
235 72.59 66.26 8.72 220.3 243 -10.3 [5.0, 11.75, 21.0]
On-peak 4.4. Impact of TOU pricing plans
price duration
On-peak | — . . .
onset hour _ The effect of on-peak price onset hour, on-peak price duration, and
On-pea_k price on-peak&off-peak price ratio are discussed in this section.
¥
759¢ 2438¢ 759¢ 4.4.1. On-peak price onset hour
| ] Table 8 shows an illustrative example of the effect of on-peak price
onset time on the energy and cost savings. The cost saving for the onset
12p.m. 6p.m. hour at 12 PM has a larger value than that at 6 PM. As depicted in
Fig. 13(b), the precooling is activated around 14:45 PM instead of the
Fig. 8. Schematics of TOU price plan. very early hour as the case in Fig. 13(a). An earlier start of precooling
for this case could overcharge the heavy thermal mass, resulting in a
reduced economic benefit and a larger energy penalty.
4949 Fig. 16(a) shows the distributions of cost saving ratio, peak load re-
- Hany L 70 duction, and energy penalty ratio under three onset hours. It is evident
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Table 9 and Fig. 14 illustrate the impact of on-peak price duration
L 10 on the energy cost for Day 215 and heavy thermal mass building. Both
15 0 2 8 12 16 20 24 cases activate the precooling at the earliest hour of the day and have a
Time (Hour) similar precooling temperature. Increasing the on-peak price duration

Fig. 9. Optimal thermostat scheduling under different building thermal mass.

Fig. 12 depicts the distributions of the cost saving, peak load re-
duction, and energy penalty under five OAT profiles for all the 225
scenarios. For the cost saving ratios, it can be seen that the distribu-
tions on Day 157 and 235 spread out more than the others when their
cooling loads are comparatively lower at the early morning periods be-
fore the peak hours. However, compared to Day 235, it is interesting
to see Day 157 has a larger standard deviation of the energy penalty
ratios. One possible reason might be that the HVAC system energy ef-
ficiency becomes lower during the precooling on that day compared to
other days. The root cause needs to be investigated by looking into more
OAT profiles in the future work. Notably, peak load reduction remains
consistent at approximately 20% across all representative days.

saves more energy but maintains a similar level of energy penalties for
this specific case. Nonetheless, it is worth noting that there is a slight
increase in energy penalties, particularly when examining the median
and 75th quantile values. This observation is supported by the data pre-
sented in Fig. 16(b), which illustrates the distributions of cost savings,
peak load reduction, and energy penalties through grouped boxplots
under two different on-peak price duration scenarios.

4.4.3. On-peak to off-peak price ratio

Table 10 and Fig. 15 illustrate the impact of off-peak to on-peak
price ratio on the energy cost for Day 215 and heavy thermal mass
building. Although both cases activate the precooling at the earliest
hour, the low price case has a higher precooling temperature than the
high price case. The high price case saves 16.76% energy cost but also
waste 21.29% energy consumption.

Fig. 16(c) shows the distributions of cost saving, peak load reduc-
tion, and energy penalty under three price ratios using the grouped
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Table 8
Impact of on-peak price onset time on the energy and cost for Day 215 and heavy thermal mass building.
Price signal Baseline Optimal Cost Baseline Optimal Energy Optimal variables
cost cost saving energy energy saving (start hour, end hour,
$) % (%) (kWh) (kWh) (%) precooling temperature)
[12, 4, 10] 84.88 71.74 15.48 3121 348.5 -11.68 [5.25, 11.75, 21.12]

[18, 4, 10] 66.77 62.33 6.65 312.1 329.1 -5.45 [14.75, 17.75, 21.03]
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Fig. 13. Optimal thermostat scheduling under different on-peak price onset hours.
Table 9
Impact of on-peak price duration on the energy and cost for Day 215 and heavy thermal mass building.
Price signal Baseline Optimal Cost Baseline Optimal Energy Optimal variables
cost cost saving energy energy saving (start hour, end hour,
$) $) (%) (kwh) (kWh) (%) precooling temperature)
[15, 4, 10] 79.1 68.9 129 312.1 366.2 -17.35 [5.0, 14.75, 21.79]
[15, 6, 10] 100.78 87.12 13.55 3121 366.2 -17.35 [5.0, 14.75, 21.78]
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Fig. 14. Optimal thermostat scheduling under different on-peak price durations.
Table 10
Impact of off-peak&on-peak price ratio on the energy and cost for Day 215 and heavy thermal mass
building.
Price signal ~ Baseline Optimal Cost Baseline Optimal Energy  Optimal variables
cost cost saving energy energy saving (start hour, end hour,
$) $) (%) (kWh) (kWh) (%) precooling temperature)
[15, 4, 5] 48.32 45.35 6.15 3121 339.9 -8.93 [5.0, 14.75, 22.59]
[15, 4, 15] 109.89 91.47 16.76 3121 378.5 -21.29 [5.0, 14.75, 21.36]

boxplots. The distribution of highest ratio has the largest median
value in terms of the cost saving and peak load reduction how-
ever its median energy penalty ratio is similar to the price ratio

of 10.

5. Conclusions and future work

In this study, the cost and energy performance of the optimal ther-
mostat scheduling are investigated in a multi-zone medium office build-
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Fig. 15. Optimal thermostat scheduling under different off-peak/on-peak price ratios.

ing, considering different influencing factors. Three levels of thermal
mass, five OAT profiles and 15 TOU price plans are considered. A to-
tal of 225 scenarios were simulated using HPC machines. Based on this
study, salient conclusions could be presented as the following:

» We introduce a novel parameterized optimization specification and
demonstrate its effectiveness in comparison to closed-loop MPC.
Our approach significantly decreases computational costs while
maintaining comparable or slightly improved accuracy compared
to the MPC formulation.

Optimal thermostat scheduling proves most effective for energy

cost savings and peak load reduction in a medium-sized office
building featuring heavy thermal mass. In general, the energy
penalty remains consistent across low and medium thermal mass
scenarios. Nonetheless, it’s essential to take into account the di-
versity of zones and recognize that a one-size-fits-all zone setpoint
schedule might not be suitable for all zones, considering their dif-
fering sizes and interior thermal mass, in order to avoid incurring
energy penalties.

Although outdoor air conditions undeniably play a role in shaping

cost and energy performance, it is the overall cooling load that ex-
erts a more immediate and significant influence on the cost savings
attained through precooling. However, it’s important to note that,
even when cost savings seem similar in specific comparable cool-
ing load scenarios, variations in energy penalty indicate potential
disparities in the overall efficiency of the HVAC system throughout
the entire load-shifting process.

The duration of peak pricing and the peak-to-off-peak ratio demon-
strate a positive correlation with cost savings and peak load re-

duction, while demonstrating a negative correlation with energy
consumption. These findings align with our intuitive expectations.

In terms of future work, the data generated from the optimization
scenarios could be used to extract a generalized near-optimal rule-based
control for thermostat scheduling. For example, a decision-tree based
interpretable model could be built by mapping the inputs (e.g., build-
ing thermal inertia, OAT statistics, TOU price plans, etc.) to the optimal
setpoint schedule parameters (precooling start time, end time, and pre-
cooling temperature). Moreover, it may be worthwhile to investigate
the combined effects of the influencing factors on both cost and energy
performance.
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