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 a b s t r a c t

K-12 school buildings account for the highest energy consumption within the public sector. Implementing ad-
vanced HVAC controls in grid-interactive K-12 schools could bring substantial economic advantages and grid 
flexibility. Our previous study demonstrated that a low-cost model predictive control (MPC) solution, which co-
ordinates multiple packaged units, can enable demand flexibility without major hardware upgrades. However, 
a significant gap remains between academic pilots and market-ready scalable solutions. This paper extends the 
previous single-site pilot to a multi-site demonstration involving three school campuses (95 total units) through 
a commercial technology transfer process. Addressing the challenge of verifying performance with sparse field 
data, we present a new statistical approach using Bayesian methods to estimate the MPC’s effect on peak demand. 
Unlike traditional methods, this approach robustly quantifies uncertainty in non-normal, limited datasets. The re-
sults confirm the solution’s replicability, achieving a 21.6–38.9% reduction in HVAC peak demand (10.8–22.1% 
at the site-level) with >98% probability across diverse locations. Finally, we document critical barriers to scal-
ing software-as-a-service (SaaS) solutions–such as API instability and diverse legacy systems–and offer practical 
strategies to accelerate the commercial adoption of grid-interactive efficient buildings.

1.  Introduction

1.1.  Background and motivation

Electricity grids are increasingly challenged by reliability and re-
silience issues due to rising electricity demand, especially during peak 
summer months. Over the next decade, peak demand is expected to grow 
significantly, driven by factors such as the expansion of data centers and 
the broader adoption of electrification. This projected increase is further 
intensified by planned generator retirements, which threaten the ade-
quacy of available resources [1,2]. Additionally, the surge in demand 
is compounded by transmission limitations and the integration of inter-
mittent renewable energy sources. Addressing these challenges requires 
innovative grid management strategies. In this context, grid-interactive 
Efficient Buildings (GEBs), which offer demand flexibility applications 
such as load shifting and shedding, are an active research area because 
they can contribute to reducing grid stress and enhance overall system 
resilience in a cost-effective way [3].

Historically, building control research has focused on optimizing the 
energy efficiency of heating, ventilation, and air-conditioning (HVAC) 
systems [4]. However, more recent studies have shifted their focus to-
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wards developing advanced control methods that enable buildings to 
provide grid services through dynamic HVAC operations, including load 
shifting and peak demand management [5]. These advanced controls 
can integrate the operations of various resources, such as HVAC sys-
tems, solar photovoltaics, and batteries, while considering factors like 
grid conditions, weather, and occupancy. To achieve this, researchers 
have employed techniques like model-based optimal control, including 
model predictive control (MPC) [6], as well as artificial intelligence 
approaches, such as reinforcement learning [7]. Studies have demon-
strated the potential of these advanced control strategies to reduce en-
ergy costs [7] and increase the utilization of renewable energy sources 
[8] in field demonstrations.

K-12 schools, from kindergarten to the 12th grade, possess substan-
tial potential as Grid-Interactive Efficient Buildings (GEBs); nonetheless, 
they have been largely overlooked in this domain. Specifically, there 
are approximately 100,000 K-12 schools in the United States [9]. HVAC 
modernization represents the highest priority among all building sys-
tems requiring renovation, with 41% of districts nationwide reporting 
the need for comprehensive system updates [10].

Beyond hardware retrofits, a crucial area of research focuses on 
implementing dynamic HVAC operations that respond to grid signals,
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particularly during periods of high grid stress or peak demand, through 
strategies such as adjusting HVAC setpoints or modifying HVAC opera-
tional schedules. Because school buildings represent the largest energy 
consumers in the public sector [11], with HVAC systems accounting for 
46% of their total energy consumption [12], this presents significant 
opportunities for demand flexibility, such as managing peak demand, 
and lowering energy costs from demand charge or time-of-use rate. In 
addition, schools implementing grid-interactive operations offer unique 
advantages beyond typical buildings, serving as educational tools for 
students, fostering a deeper understanding of energy management and 
grid reliability [13]. Finally, the standardized nature of HVAC config-
urations across K-12 schools–typically featuring single- or multi-staged 
rooftop units with dedicated thermostats–presents an opportunity to de-
velop a universal control solution applicable to these facilities.

1.2.  Literature review

Model Predictive Control (MPC) has been extensively studied for 
decades to optimize dynamic HVAC and building system operations 
[14]. This approach leverages physics-based building models and fore-
casted disturbances (e.g., weather conditions) to optimize HVAC per-
formance within specified constraints. When integrated with grid price 
signals–including Time-of-Use (TOU) rates, and real-time pricing–MPC 
can effectively manage flexible loads and provide essential grid services 
[15], particularly in areas of load shifting and peak demand reduction.

Over the past few decades, researchers have extensively studied MPC 
in building applications. However, most studies have primarily relied 
on simulation-based analyses, with only a few actual implementations 
in real buildings. A comprehensive review by Khabbazi et al. [16] ana-
lyzed 104 field demonstrations of MPC and reinforcement learning for 
residential and commercial HVAC systems, revealing that only 4% of 
nearly 3000 published papers on advanced building control focus on 
actual field demonstrations. This limited evidence of MPC demonstra-
tions raises concerns among building owners and industry professionals 
regarding its tangible benefits and technological maturity. Such uncer-
tainty presents a significant obstacle to the broader adoption of MPC 
technology in the building sector. To understand these barriers, it is 
essential to review the history and implications of field demonstration 
research.

Field demonstrations in residential buildings have primarily focused 
on energy cost minimization through load shifting based on price signals 
or energy-efficient operation. Pedersen et al. [17] conducted a long-term 
demonstration in four Danish homes with heat pump radiant floor heat-
ing systems, achieving 9% cost savings by shifting electricity usage from 
high- to low-price periods based on day-ahead market prices–pioneering 
MPC for demand flexibility. Lindelof et al. [18] tested an MPC con-
troller on 10 residential buildings in Germany and Switzerland with 
various heating sources during the 2013–2014 heating season, achiev-
ing 28 ± 4% energy savings by optimizing hot water temperature and 
overriding the existing outdoor air temperature-responsive controller, 
which reduced distribution losses and prevented overheating. Zong et 
al. [19] implemented an MPC on a 3-floor residential building at DTU 
Denmark with water-based radiators during winter, achieving 3–11.3% 
cost savings based on Nord Pool hourly prices through pre-heating 
during low-price periods and load shifting to match wind production. 
Afram and Janabi-Sharifi [20] deployed an MPC on a 5-zone residen-
tial building in Ontario, Canada, with multi-zone air handling units, ra-
diant floor heating systems, geo-source heat pumps, and buffer tanks, 
achieving 8.5–56.1% cost savings (depending on baseline) using On-
tario TOU pricing by pre-cooling/pre-heating during off-peak hours and 
leveraging passive thermal storage. Bunning et al. [21] implemented 
Data Predictive Control (DPC) using machine learning on a residential 
unit in Switzerland with water-based ceiling cooling panels, achieving 
24.9% cooling energy savings by providing exactly the required cool-
ing (maintaining temperature near the upper comfort boundary). They 
subsequently compared different modeling strategies (physics-informed 

ARMAX, Random Forests, and Input Convex Neural Networks) [22]. 
Thorsteinsson et al. [23] implemented hierarchical mixed-integer MPC 
on an occupied 142 m2 near-zero emission single-family house in Den-
mark with an air-to-water heat pump and floor heating during a 97-day 
winter period (Nov 2022–Mar 2023), achieving 2.3–32.8% cost savings 
based on Nord Pool hourly spot prices and Danish TOU tariffs by shift-
ing evening peak load to lower-price periods. Jiang et al. [24] imple-
mented MPC-based optimal precooling on 9 single-family homes in Ok-
lahoma and Florida using existing smart thermostats during summer, 
achieving from -13.5 to 87.1% cost savings through precooling during 
off-peak hours. Pergantis et al. [25] implemented MPC on an occupied 
all-electric single-family house in Indiana with an air-to-air heat pump 
during January-March 2023, achieving 19% energy savings by reducing 
backup heater use. The same group subsequently incorporated humid-
ity [26] and maximum electricity capacity constraints [27]. In summary, 
while field demonstrations confirm MPC’s ability to minimize costs in 
individual homes, a significant gap remains in demonstrating demand 
flexibility (e.g., peak demand reduction) through multi-building coordi-
nation. Furthermore, as implementations shift from sensor-heavy setups 
to thermostat-based solutions, the impact of resident override behaviors 
[28] and control conflicts [5] on scalable deployments remains inade-
quately investigated.

Commercial buildings have been a particularly active area for MPC 
research and field demonstrations. Given the extensive literature,we fo-
cus on key research studies with sufficient field trial periods to demon-
strate practical viability. MPC applications in commercial buildings ini-
tially began in university and research institution buildings, where re-
searchers had easier access to building systems and data. Liao and Dex-
ter [29] demonstrated significant energy cost savings in research insti-
tution buildings by optimally controlling radiant heating with thermo-
static valves. Building on this foundation, several studies explored ther-
mally activated building systems (TABS), which utilize hydronic ceiling 
radiant heating systems for energy and cost savings [30–32]. Similarly, 
radiant floor-based systems in open-plan office spaces have received 
considerable attention, with researchers developing distributed MPC ap-
proaches for both energy optimization [33,34] and personalized comfort 
delivery through self-tuned controllers that learn occupant preferences 
online [35].

Office buildings represent the largest category of MPC field demon-
strations. Early implementations showed substantial energy savings 
while maintaining occupant thermal satisfaction [36,37]. Several Euro-
pean studies followed, reporting energy savings ranging from 17–30% 
compared to conventional control strategies [38–40]. Drgona et al. [41] 
demonstrated one of the most comprehensive white-box MPC imple-
mentations in a GEOTABS office building, achieving substantial energy 
savings and thermal comfort improvement during challenging transi-
tional seasons. Freund et al. [42] further validated MPC performance in 
a large-scale, fully occupied office building, while Sampaio et al. [43] 
used grey-box models calibrated through black-box multiobjective op-
timization. Lolli et al. [44] confirmed that MPC operation maintained 
comparable thermal comfort compared to business-as-usual operation, 
an important finding for user acceptance.

Beyond office buildings, MPC has been successfully applied to other 
commercial building types, including schools [45] and small commer-
cial buildings with behind-the-meter photovoltaics and batteries [46]. 
District energy systems have also benefited from MPC implementations, 
with demonstrations showing energy cost reductions, efficiency im-
provements, and greenhouse gas emissions reductions in campus-level 
district cooling systems [8,47] and multi-boiler district heating systems 
[48]. Yue et al. [49] successfully integrated data-driven MPC into the ex-
isting Building Automation System of an airport terminal, achieving sub-
stantial energy consumption reduction and thermal comfort improve-
ment.

Despite these successes, most commercial demonstrations rely 
on custom engineering or complex BMS integrations, highlighting 
a critical need for scalable, low-cost solutions for the fragmented
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small-to-medium commercial building (SMCB) sector. These buildings 
vary widely in their characteristics, including differences in metadata 
and BAS configurations, such as naming conventions for measurable and 
controllable variables and database structures. Implementing MPC in a 
specific building typically requires highly skilled building and control 
engineers, as well as advanced BAS platforms that support control cus-
tomization and time-series databases for model development and real-
time control.

The implementation process involves numerous manual, site-specific 
tasks, such as understanding the building’s design, determining the 
model structure and order, selecting an identification algorithm with 
suitable initial guesses, obtaining high-quality datasets, and using ap-
propriate software tools [50]. These challenges persist even when ad-
vanced modeling software [51] and toolchains [52] are available.

While building-specific solutions are viable for large commercial 
buildings with substantial financial investments and retrofits, they are 
often impractical for small and medium commercial buildings (SMCBs) 
due to limited human resources and insufficient funds for custom pro-
gramming of the hardware and software. Typically, these buildings use 
packaged HVAC systems with thermostats controlled by 7-day setback 
schedules. Although heuristic controls, such as morning warm-ups, can 
be implemented, advanced supervisory-level controls that optimize re-
source operation and manage site-level demand in a predictive man-
ner based on grid conditions require significant expertise and experi-
ence [50]. Developing predictive building thermal models is particularly 
challenging with standard BAS or thermostat data points, as they often 
lack various unmeasured variables–including internal heat gains and air 
infiltration. This limitation is considered a major hurdle for model de-
velopment in predictive control research [53].

Kim et al. (2022) [6] have developed a low-cost MPC solution specif-
ically designed for SMCBs with ON/OFF rooftop units (RTUs). Specifi-
cally, this solution addresses key implementation barriers by requiring 
only internet-connected thermostats, thereby eliminating the need for 
additional sensor installations of unmeasured disturbances such as in-
ternal heat gains. The innovation lies in incorporating unmeasured vari-
ables [53], such as occupant-generated heat, directly into the building’s 
thermal model through disturbance modeling. This approach enables ac-
curate performance prediction using only thermostat temperature read-
ings and HVAC operational data.

The following literature review provides the history of the evolution 
of the low-cost MPC solution and its demonstrations. Kim et al. [54] de-
veloped a plug-and-play style building model using an auto-regressive 
with exogenous input (ARX) model and applied it to the MPC problem 
to coordinate multiple RTUs, thereby reducing peak energy consump-
tion. During a demonstration in a gymnasium building, they achieved 
8% energy reductions and 40% peak demand reductions. Kim and Braun 
[55] extended this approach by using a building gray-box model for the 
MPC formulation. Their MPC algorithm controls multiple ON/OFF RTUs 
in SMCBs to reduce energy costs and peak energy consumption. This 
approach can be applied to off-the-shelf internet-connected thermostats 
with packaged RTUs without additional sensors in the system identifica-
tion of the gray-box model. They conducted a multi-month trial demon-
stration, resulting in 12% energy savings and 18% peak demand reduc-
tion via optimized RTU coordination.

Further advancing this research, they [6] introduced a hierarchical 
MPC (HMPC) approach for controlling ON/OFF staged packaged units in 
a laboratory setting. This advanced algorithm, designed to optimize both 
load shifting and peak demand management, resulted in substantial cost 
benefits: 30% savings in demand costs while maintaining overall cost 
savings of 10%. Based on the HMPC’s results in the laboratory building, 
we applied the same algorithm to real K-12 school buildings equipped 
with six rooftop units (RTUs) [5]. The control solution achieved signif-
icant peak demand reductions of 24% during summer operations.

Finally, the technology was further expanded to address different 
system types by slightly modifying the MPC formulation: a dual-fuel 
heating system consisting of heat pumps and a gas furnace [56], and a 

variable refrigerant flow (VRF) system [57]. For the dual-fuel system, 
the control strategy was applied to a small commercial building located 
in NY, U.S., successfully eliminating the need for gas consumption while 
maintaining occupant comfort. Furthermore, the MPC for the VRF sys-
tem was applied to an office building located in CA, U.S., for a heating 
week with a dynamic pricing signal. The results showed that it achieved 
a 32% peak demand reduction and a 3% energy cost reduction through 
24% peak-time load shifting to non-peak time hours.

The field demonstration results provide evidence of the efficacy of 
the technology, but this does not mean the technology itself is market-
ready. Specifically, the adoption readiness level (ARL) framework has 
been introduced to complement the technology readiness level (TRL) 
when evaluating deployment potential [58]. ARL encompasses broader 
considerations, including value proposition, market acceptance, re-
source availability, and license to operate. In transitioning the research 
outcomes to the market product, many aspects of ARL for the research 
outcomes depend on the commercial partner who sells the technology 
to the market. Specifically, it can be successful when the research-level 
technology is successfully transferred to the commercial partner, en-
abling them to develop those strategies based on a deep understand-
ing of the technology, including customization. Furthermore, beyond 
the technical capabilities, successful market deployment requires care-
ful consideration of multiple stakeholders’ needs and perspectives, such 
as market analysis and operational troubleshooting [59].

1.3.  Research gap

Despite the extensive body of MPC research and demonstrations re-
viewed above, several critical gaps remain that hinder the practical de-
ployment of MPC technology for demand flexibility in the building sec-
tor:

• Scale and deployment gap: As highlighted by Khabbazi et al. [16], 
only 4% of nearly 3,000 published papers on advanced building con-
trol focus on actual field demonstrations, with most being single-
building, short-term pilots. Coordinated MPC demonstrations at the 
campus scale involving dozens of RTUs in buildings remain ex-
tremely rare, and long-term deployments spanning multiple years 
are virtually absent from the literature.

• Building type gap: While large commercial buildings with sophisti-
cated building automation systems have received considerable atten-
tion, K-12 schools–representing approximately 100,000 buildings in 
the U.S. with substantial HVAC modernization needs [10]–have been 
largely overlooked as potential grid-interactive efficient buildings.

• Technology transfer gap: Existing demonstrations have primar-
ily focused on technical performance while neglecting the broader 
adoption readiness considerations [58], including commercial part-
nership, technology transfer processes, market deployment strate-
gies, and operational troubleshooting in real-world settings. The path 
from research prototype to commercial product remains poorly doc-
umented.

• Demand flexibility focus gap: Most residential MPC demonstra-
tions have emphasized energy cost minimization through load shift-
ing based on price signals, while commercial building demonstra-
tions have prioritized energy efficiency. However, coordinated peak 
demand reduction across multiple buildings–increasingly critical for 
grid reliability–has received limited attention, particularly in the 
SMCB sector.

• Statistical evaluation gap: Field demonstrations often face chal-
lenges with limited sample sizes and non-normal distributions due 
to practical constraints (weather variations, operational schedules, 
utility requirements). However, existing literature lacks robust sta-
tistical methodologies specifically designed to quantify MPC perfor-
mance impacts under these real-world conditions.
This paper addresses these gaps by presenting multi-site, multi-

year MPC demonstrations in K-12 schools, documenting the commercial
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Table 1 
Comparison between previous study and current work.
Aspect Previous Study [5] Current Work
Scale and Scope
 Number of sites 1 school campus 3 school campuses
 Number of RTUs 6 RTUs 15–42 RTUs per site (95 

total)
 Demonstration periods 1 initial demonstration 5 demonstration periods
 Building sector coverage Single site Multiple K-12 schools
Primary Focus
 Main emphasis

Algorithm development
and technical details

Multi-site deployment
and scalability

 Deployment stage Initial field demonstration
Commercial deployment
and technology transfer

Methodology

 Statistical approach Standard performance 
metrics

Novel Bayesian methodology
for limited samples

 Performance analysis Demonstration results
Statistical quantification

with non-normal distributions
Contributions

 Technical contributions
MPC algorithm

and implementation
Large-scale validation
and practical insights

 Practical aspects Limited discussion

Technology transfer pathway,
deployment lessons learned,

commercial partnership dynamics
 Generalizability Single-site validation

Multi-site evidence of
sustained performance

technology transfer and deployment process, and introducing a novel 
statistical approach for evaluating demand flexibility performance.

1.4.  Contributions

This paper bridges the gap between MPC research and commercial 
deployment through multi-site demonstrations in K-12 schools. Building 
on our previous work [5], we expand from 1 to 3 school campuses with 
5 demonstration periods, introduce a novel statistical methodology, and 
document practical deployment considerations. The difference from the 
previous study is summarized in Table 1.

The main contributions are:

• Large-scale field demonstration: MPC deployment at three K-12 
school campuses, ranging from 15 to 42 RTUs per site, demon-
strating scalability in an understudied but high-potential building
sector.

• Novel statistical methodology: A Bayesian approach for quantify-
ing MPC impacts on peak demand reduction with limited samples 
and non-normal distributions.

• Practical deployment insights: Evidence of sustained performance 
across different sites, addressing industry concerns about technology 
maturity and reliability.

• Technology transfer pathway: Documentation of the process from 
research prototype to commercial product, including partnership dy-
namics and operational lessons learned–rarely discussed in academic 
literature but critical for adoption.

1.5.  Structure of the paper

The paper first presents a summary of the low-cost MPC technol-
ogy developed in our previous work. Next, we outline the building and 
HVAC characteristics of the deployment sites, followed by an explana-
tion of the new statistical approach and the measurement and verifica-
tion (M&V) process. Finally, we present results from the experimental 
cases and conclude with lessons learned during the technology transfer 
and deployment.

2.  Hierarchical MPC

2.1.  Overview of hierarchical MPC technology

Fig. 1 illustrates a schematic diagram of a low-cost MPC and its as-
sociated controlling devices in buildings with disturbances. The MPC 
is designed for typical SMCB configurations, where one RTU serves a 
single web-enabled thermostat without additional sensor retrofits, min-
imizing hardware costs [53]. By integrating the disturbance model into a 
control-oriented gray-box model, this approach enables the optimization 
to be formulated as mixed-integer linear programming (MILP). Using 
standard control-oriented MILP reduces computational costs, making 
the overall solution a low-cost approach to demand-flexibility control at 
scale [6]. However, this design is tailored to the specific SMCB configu-
ration and is not applicable to other systems, such as central variable-air-
volume configurations. By utilizing future price signals, weather fore-
casts, and building thermal models, the MPC provides optimal opera-
tions for each RTU and sends the corresponding setpoints to each ther-
mostat to reduce electricity peak demand and energy cost via load shift-
ing by coordinating the operations of multiple RTUs at a supervisory 
level.

Specifically, the MPC has a hierarchical structure (HMPC) [5,6], and 
it is composed of an upper-level MPC (UMPC) and a lower-level MPC 
(LMPC)). Fig. 2 illustrates the data flows between components in the hi-
erarchical MPC. Based on the weather forecast, price signals, and build-
ing thermal model (gray-box model), the LMPC sends optimal setpoints 
to the thermostats to control RTUs based on the decision made by the 
UMPC. The UMPC provides the optimal setpoints for RTUs to minimize 
energy costs and peak demand while maintaining room temperatures 
within comfort ranges based on weather forecasts and energy price sig-
nals for the relatively long-term prediction horizon (i.e., 24 hours) and 
control timestep (i.e., 30min). Electricity prices are high during times 
of grid congestion, and the UMPC provides demand flexibility by in-
creasing and decreasing energy consumption during low and high price 
periods (i.e., load shifting), respectively. While the UMPC decides the 
optimal setpoints for the relatively long-term prediction horizon with 
a longer control timestep, the LMPC limits the peak demand by reduc-
ing the number of simultaneous operations of devices (RTUs) within the 
UMPC’s control timestep with a relatively short-term prediction horizon 
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Fig. 1. Schematic diagram of MPC and its controlling devices in buildings with disturbances.

Fig. 2. Schematic diagram of a hierarchical MPC for optimal load shifting and peak demand reduction (see Eqs. (1)–(4) for variables.

(i.e., 15min) and a shorter control timestep (i.e., 5min or the minimum 
device ON/OFF time). A typical single-level MPC would optimize both 
load shifting and peak demand reduction simultaneously using a single 
control timestep. While the UMPC includes a demand term to reduce 
peak demand, its 30min control timestep can only limit average power 
demand over that interval, not the actual number of simultaneously op-
erating devices. This can result in multiple RTUs activating at the same 
time within the 30min window, creating short-term peaks. Our two-
stage hierarchical approach addresses this limitation by decoupling the 
objectives: the UMPC handles long-term load shifting (24-hour horizon 
with 30min timesteps) based on price signals through continuous opti-
mization, while the LMPC enforces short-term operational coordination 
(15min horizon with 5min timesteps) to prevent simultaneous RTU ac-
tivation through discrete binary optimization with hard constraints on 
the number of operating devices. This separation allows the system to 
guarantee peak demand limits through the LMPC’s device-level binary 
controls while still achieving cost-effective load shifting through the 
UMPC.

Fig. 3 illustrates the operation of the HMPC using a conceptual dia-
gram as an example. The UMPC’s optimal cooling strategy, represented 
by the dashed line indicating the desired temperature, pre-cools the 

room below typical comfort boundaries (i.e., the cooling setpoint of non-
MPC operation) before peak pricing periods (Fig. 3 (a)). This strategy 
reduces energy consumption during peak pricing times by allowing the 
temperature to gradually rise without using cooling energy until the 
effect of the pre-cooling dissipates. Subsequently, the LMPC determines 
the scheduling of RTU usage to minimize simultaneous operations while 
keeping the room temperature within the UMPC’s desired range. For 
instance, when two RTUs have overlapping ON/OFF cycles, the LMPC 
staggers these cycles. This method provides the same cooling energy dur-
ing the LMPC’s control timestep while reducing peak power demand, as 
shown in Fig. 3 (b).

To preserve occupant thermal comfort while achieving demand flex-
ibility, the HMPC incorporates an override mechanism that allows occu-
pants to manually adjust thermostat setpoints or schedules at any time. 
When an override is detected, MPC control of the affected unit is sus-
pended for 3 hours. During this period, the overridden unit’s operation is 
incorporated as a constraint in the optimization, allowing the system to 
calculate optimal control strategies for the remaining units that accom-
modate the override while still pursuing the original demand manage-
ment objectives. This ensures individual comfort preferences take prece-
dence while maintaining coordinated control of the remaining units. 
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Fig. 3. Conceptual diagram of the MPC for load shifting (UMPC) and peak demand reduction(LMPC) (adopted from [5]).

Technical implementation details are provided in [5], and the rationale 
for this temperature-based comfort approach is discussed in Section 6.4.

2.2.  Problem formulation

2.2.1.  Optimization problem
In this section, we present a summary of the mathematical frame-

work of the HMPC. The comprehensive mathematical details can be 
found in the following articles: system identification methods in [5,53] 
and HMPC formulation in Ham et al. [5], Kim and Braun[6].

At each UMPC’s sampling interval, the UMPC provides the optimal 
runtime fraction (RTF) trajectories of RTUs (𝑢̄hc,𝑖(𝑘 + 𝑗 − 1)) by solving 
the optimization problem in Eq. (1). Specifically, the RTF represents 
the fraction of time each RTU operates within the control timestep on 
a 0-1 scale (e.g., RTF = 0.5 for a 30min timestep indicates 15min ON 
and 15min OFF across all cycling intervals). The objective function is to 
minimize the total energy cost for each RTU (𝐸𝑅(𝑘 + 𝑗 − 1)𝑃RTU(𝑘 + 𝑗 −
1)𝑢̄Uhc,𝑖(𝑘 + 𝑗 − 1)) for all RTUs (𝑖 = 1...𝑛), over the prediction time horizon 
(𝑗 = 1...𝑁U

𝑝 ) while including peak power in the prediction horizon (𝛿) 
and comfort violations (Γl,𝑖 and Γu,𝑖) as soft constraints. The optimal 
RTF refers to the RTFs of each RTU for each timestep that minimize the 
objective function.

min
𝑢̄Uhc,𝑖 (𝑘+𝑗−1)

𝛿,Γl ,Γu

𝑁U
𝑝

∑

𝑗=1

𝑛
∑

𝑖=1
𝐸𝑅(𝑘 + 𝑗 − 1)𝑃RTU,𝑖(𝑘 + 𝑗 − 1)𝑢̄Uhc,𝑖(𝑘 + 𝑗 − 1) + 𝜔d𝛿 + 𝜔lΓl + 𝜔uΓu (1)

𝑠.𝑡. 𝑇 Ul,𝑖 (𝑘 + 𝑗) − Γl ≤ 𝔼(𝑦̄𝑖(𝑘 + 𝑗)|𝑘) ≤ 𝑇 Uu,𝑖(𝑘 + 𝑗) + Γu(∀𝑖 ∈ {1,… , 𝑛})
𝑛
∑

𝑖=1
𝑃RTU,𝑖(𝑘 + 𝑗 − 1)𝑢̄hc,𝑖(𝑘 + 𝑗 − 1) ≤ 𝛿

0 ≤ 𝑢̄hc,𝑖(𝑘 + 𝑗 − 1) ≤ 1 (∀𝑗 ∈ {1,… , 𝑁U
p }),

where 𝑛 is the number of RTUs, 𝑁U
𝑝  is the prediction horizon of the 

UMPC, 𝑖 is the index for the 𝑖th RTU (and corresponding thermostat), 
𝑗 is the control timestep from the current timestep 𝑘, ̄(⋅) denotes con-
trol timestep moving-averaged variables, 𝑦̄𝑖(𝑘 + 𝑗) is the zone thermo-
stat temperature for the 𝑖th RTU at the timestep 𝑘 + 𝑗, 𝐸𝑅 is the elec-
tricity price ($/kWh), 𝑃RTU,𝑖 is the electric power use of the 𝑖th RTU 
at full-speed, 𝑢̄Uhc,𝑖(𝑘 + 𝑗) is the moving-averaged heating or cooling 
RTF (normalized 0-1 scale) for the 𝑖th unit at the (𝑘 + 𝑗)th timestep of 
the UMPC, 𝔼(y(𝑘 + 𝑗)|𝑘) is the 𝑗-step temperature prediction via the 
building model (see the following Section 2.2.2) given the data and 
optimal decisions (𝑘 = {𝑦(𝑘 − 1), 𝑦(𝑘 − 2),… , 𝑢Uhc(𝑘 + 𝑗 − 1), 𝑢Uhc(𝑘 + 𝑗 −
2),…}) using a Kalman filter, (𝑇Ul,𝑖 (𝑘 + 𝑗), 𝑇Uu,𝑖(𝑘 + 𝑗)) are the desired (av-
erage) comfortable temperature ranges (i.e., the default heating setpoint 

Fig. 4. Desired temperature (𝑇 Uu,𝑖 and 𝑇 Ul,𝑖 ) as comfort boundaries for UMPC for-
mulation considering the hysteresis (𝛿hysteresis,cool and 𝛿hysteresis,heat) and setpoints 
(𝑇u,𝑖 and 𝑇l,𝑖) during the UMPC timestep due to ON/OFF cycling operation.

minus half the heating hysteresis (𝑇l,𝑖(𝑘 + 𝑗) − Δheat,hysteresis∕2) or the 
default cooling setpoint plus half the cooling hysteresis (𝑇u,𝑖(𝑘 + 𝑗) +
Δcool,hysteresis∕2) during the UMPC’s timestep as shown in Fig. 4. This 
adjustment is necessary because the temperature fluctuates within the 
hysteresis band through ON/OFF operation, resulting in the average 
temperature of 𝑇 ul,𝑖(𝑘 + 𝑗) and 𝑇 uu,𝑖(𝑘 + 𝑗), respectively) for the 𝑖th RTU 
at time 𝑘 + 𝑗 (in other words, the resulting average temperature for the 
timestep is 𝑇Ul,𝑖 (𝑘 + 𝑗) or 𝑇Uu,𝑖(𝑘 + 𝑗) when we denote the heating or cool-
ing setpoint as 𝑇l,𝑖(𝑘 + 𝑗) or 𝑇u,𝑖(𝑘 + 𝑗) for continuous heating or cooling 
operation.), 𝜔𝑙 , 𝜔𝑢(∈ ℝ+) and 𝜔𝑑 (∈ ℝ+) are weights for the variables of 
Γl,Γu(∈ ℝ+) and 𝛿(∈ ℝ+), 𝛿(∈ ℝ+) is the peak power demand slack vari-
able over the prediction horizon, Γl and Γu are comfort violation vari-
ables. The optimizer finds the optimal sequence of RTF for RTUs over 
the prediction horizon, 𝛿, Γ𝑙, and Γ𝑢, which forms a linear programming 
problem.

During the optimization, the predicted temperatures (𝔼(𝑦̄∗𝑖 (𝑘 +
𝑗)|𝑘)) are obtained based on the optimal RTF trajectories, and the pre-
dictions for the next timestep (i.e., the first values of the predicted tem-
peratures, 𝑦̄∗1..𝑛(𝑘 + 1)) are used as the desired temperature setpoints. The 
LMPC, presented in the following section (Eq. (3)), will use the desired 
setpoints for its temperature boundaries after conversion via Eq. (2).

𝑇 Lu,𝑖(𝑘) =

{

𝑦̄∗𝑖 (𝑘 + 1) + Δcool,hysteresis∕2, if 𝑢̄U*c,𝑖 (𝑘) > 0
𝑇u,𝑖(𝑘) + Δcool,hysteresis∕2, if 𝑢̄U*c,𝑖 (𝑘) = 0

(2)

Energy & Buildings 360 (2026) 117378 

6 



S.W. Ham et al.

𝑇 Ll,𝑖(𝑘) =

{

𝑦̄∗𝑖 (𝑘 + 1) − Δheat,hysteresis∕2, if 𝑢̄U∗h,𝑖 (𝑘) > 0
𝑇l,𝑖(𝑘) − Δheat,hysteresis∕2, if 𝑢̄U∗h,𝑖 (𝑘) = 0

where 𝑢̄U∗h,𝑖 (𝑘) and 𝑢̄U∗c,𝑖 (𝑘) are the optimal heating and cooling RTFs of the 
𝑖𝑡ℎ unit at the 𝑘𝑡ℎ timestep of the UMPC, 𝑦̄∗𝑖 (𝑘 + 1) is the predicted indoor 
temperature with 𝑢̄U*h𝑖 (𝑘) and 𝑢̄U*c𝑖 (𝑘), and Δheat,hysteresis and Δcool,hysteresis
are the hysteresis values for heating and cooling operations (i.e., tem-
perature fluctuations due to the ON/OFF operations based on the ther-
mostat setpoints). When the optimal RTFs are zero, the boundaries of 
the UMPC (i.e., default setpoint schedules) are used for the LMPC. Oth-
erwise, the desired temperature profiles are used as the upper or lower 
bounds of the LMPC for cooling or heating operation, respectively.

The optimization problem of the LMPC can be written as Eq. (3). 
The main purpose of the LMPC is to coordinate the operations of RTUs 
for a relatively short-term prediction horizon (i.e., 15min) to limit 
the total number of ON RTUs (i.e., 

𝑛
∑

𝑖=1
𝑃RTU,𝑖(𝑘 + 𝑗 − 1)𝑢hc,𝑖(𝑘 + 𝑗 − 1) ≤

𝛿 (∀𝑗 ∈ {1,… , 𝑁L
p})) while maintaining the temperature within the de-

sired range presented in Eq. (2). This optimization problem determines 
the optimal ON/OFF sequences for the RTU operations (i.e., binary sig-
nals), which is the main difference compared to the UMPC, which uses 
RTFs as optimization variables.

min
𝑢Lhc,𝑖 (𝑘+𝑗−1)

𝛿,Γl ,Γu

𝑁L
p

∑

𝑗=1

𝑛
∑

𝑖=1
𝑃RTU,𝑖(𝑘 + 𝑗 − 1)𝐸𝑅(𝑘 + 𝑗 − 1)𝑢Lhc,𝑖(𝑘 + 𝑗 − 1) + 𝜔d𝛿 + 𝜔lΓl + 𝜔uΓu (3)

𝑠.𝑡. 𝑇 Ll,𝑖(𝑘 + 𝑗) − Γl ≤ 𝔼(𝑦𝑖(𝑘 + 𝑗)|𝑘) ≤ 𝑇 Lu,𝑖(𝑘 + 𝑗) + Γu (∀𝑖 ∈ {1,… , 𝑛})
𝑛
∑

𝑖=1
𝑃RTU,𝑖𝑢hc,𝑖(𝑘 + 𝑗 − 1) ≤ 𝛿 (∀𝑗 ∈ {1,… , 𝑁L

p}),

where 𝑛 is the number of RTUs, 𝑁L
𝑝  is the prediction horizon of the 

LMPC, 𝑖 is the index for the 𝑖th RTU (and corresponding thermostat), 𝑗
is the time step for control changes from the current measured value of 
𝑘, 𝐸𝑅 is the electricity price ($/kWh), 𝑃RTU,𝑖 is the electric power use 
of the 𝑖th RTU at full-speed, 𝑢Lh,𝑖(𝑘 + 𝑗) and 𝑢Lc,𝑖(𝑘 + 𝑗) are the RTU unit 
ON/OFF status of heating and cooling operations (binary) for the 𝑖th
unit at the (𝑘 + 𝑗)th timestep, 𝑦𝑖(𝑘 + 𝑗) is the thermostat temperature of 
the 𝑖th room at the 𝑘 + 𝑗th timestep, 𝔼(𝑦𝑖(𝑘 + 𝑗)|𝑘) is the optimal 𝑗-step 
temperature prediction from the building model (Section 2.2.2) given 
the data 𝑘 = {𝑦(𝑘 − 1), 𝑦(𝑘 − 2),… , 𝑢Lhc(𝑘 + 𝑗 − 1), 𝑢Lhc(𝑘 + 𝑗 − 2),…} via 
a Kalman filter, (𝑇 Ll,𝑖(𝑘 + 𝑗), 𝑇 Lu,𝑖(𝑘 + 𝑗)) are the desired setpoints obtained 
from UMPC for the 𝑖th RTU at time 𝑘 + 𝑗, 𝜔𝑙 , 𝜔𝑢(∈ ℝ+) and 𝜔𝑑 (∈ ℝ+) are 
weights for the variables of Γl,Γu(∈ ℝ+) and 𝛿(∈ ℝ+), 𝛿(∈ ℝ+) is the peak 
power demand slack variable over the prediction horizon, Γl and Γu are 
comfort violation variables. The optimizer finds the optimal sequence of 
RTU ON/OFF statuses over the prediction horizon, 𝛿, Γ𝑙, and Γ𝑢, which 
forms a mixed integer linear programming problem.

To effectively manage peak demand reduction in the LMPC frame-
work, a constraint is implemented that limits the maximum electrical 
demand (represented by 𝛿) throughout the prediction horizon. Our pre-
vious work [55] presents comprehensive details about this approach 
along with extensive experimental validation results.

There are three tuning hyperparameters in the MPC: (𝜔d, 𝜔l and 𝜔u). 
The weights for comfort violations (𝜔l and 𝜔u) are set to 1000, which 
is sufficiently large to prioritize thermal comfort as a soft constraint. 
The tuning of the weight for demand (𝜔d) is more subjective and can 
be determined based on the demand reduction goal (𝛿). For example, in 
this research, we set the upper boundary for 𝛿 at 70% of the combined 
RTU power capacity (0.7 ×∑𝑛

𝑖=1 𝑃RTU,𝑖), based on our previous field ex-
periment [6] as an achievable target. Although this limits 𝛿, setting 𝜔d
too high could result in excessive pre-heating or pre-cooling (i.e., ex-
cessive overall energy increase for load shifting) with a reduction of 𝛿
more than desired. Therefore, 𝜔d was empirically chosen by monitor-
ing the initial experimental results, and setting it to 10 has produced 

reasonably acceptable results so far. Furthermore, to comply with stan-
dard RTU anti-cycling requirements and prevent compressor damage, 
the LMPC control actions are executed at 5min intervals, ensuring ade-
quate minimum off-time periods.

The optimization problems for UMPC and LMPC are linear and 
mixed-integer linear programming problems, respectively, and solved 
via an open-source mixed-integer linear programming solver [60]. The 
control sequence begins with UMPC calculations at 30min intervals, fol-
lowed by LMPC optimizations every 5min. The LMPC operates within 
thermal comfort boundaries (Eq. (2)) established by the UMPC, which 
remain the same until the next UMPC update. The RTU operation is con-
trolled through thermostat setpoint adjustments based on the LMPC’s 
optimal control signals. For the thermostat control, we implement op-
timal setpoints by adjusting the setpoints with a specific offset (i.e., 
ΔLMPCoffset = 3◦C) to turn ON or OFF as shown in Eq. (4). For exam-
ple, during the cooling operation, we set the temperature higher than 
the current zone temperature to turn the RTU OFF, and lower to turn it 
ON. The opposite rule applies to the heating operation.

𝑇 *csp,𝑖(𝑘) =

{

𝑦𝑖(𝑘) − ΔLMPCoffset, if 𝑢L∗c,𝑖(𝑘) > 0
𝑦𝑖(𝑘) + ΔLMPCoffset, if 𝑢L∗c,𝑖(𝑘) = 0

(4)

𝑇 *hsp,𝑖(𝑘) =

{

𝑦𝑖(𝑘) + ΔLMPCoffset, if 𝑢L∗h,𝑖(𝑘) > 0
𝑦𝑖(𝑘) − ΔLMPCoffset, if 𝑢L∗h,𝑖(𝑘) = 0

where 𝑢L∗c,𝑖(𝑘) and 𝑢L∗h,𝑖(𝑘) are the optimal cooling and heating binary de-
cisions of the 𝑖𝑡ℎ unit at the 𝑘𝑡ℎ timestep of the LMPC, 𝑦∗𝑖 (𝑘) is the cur-
rent indoor temperature of the 𝑖𝑡ℎ unit at the 𝑘𝑡ℎ timestep, 𝑇 *csp,𝑖(𝑘) and 
𝑇 *hsp,𝑖(𝑘) are the LMPC optimal cooling and heating setpoints, respec-
tively, to the 𝑖𝑡ℎ unit thermostat.

2.2.2.  Building model
Gray-box modeling is widely adopted in building control applica-

tions to predict indoor air temperatures using control signals and mea-
sured disturbances such as weather conditions. By balancing the trade-
off between black-box and white-box models, this approach offers sev-
eral advantages. While its parameters have physical interpretations de-
rived from prior knowledge and fundamental principles of energy con-
servation, the parameter estimation process remains data-driven.

In the context of SMCBs, system identification (SYSID) faces critical 
challenges. The primary obstacle is the limited availability of sensors to 
measure various heat sources, such as occupant heat generation, equip-
ment usage, and air exchange through infiltration/exfiltration. Previous 
studies by [53,61] have shown that these unmeasured thermal loads sig-
nificantly affect SYSID accuracy, particularly when they correlate with 
control variables or measured environmental parameters, regardless of 
the chosen modeling approach and SYSID algorithm.

Although additional sensor deployment could resolve these measure-
ment limitations, such solutions are typically not economically viable 
for SMCBs. Our approach addresses this challenge by implementing the 
lumped disturbance (LD) method, which has demonstrated effectiveness 
in handling significant unmeasured thermal inputs during system iden-
tification. The LD approach incorporates all unmeasured heat gains as a 
single lumped disturbance term within a discretized state-space model 
framework. This term is modeled as a filtered white noise process, en-
abling the model to account for unmeasured thermal loads such as oc-
cupancy, equipment usage, and infiltration without requiring dedicated 
sensors. The resulting state-space model maps control inputs (RTU run-
time fractions) and measured disturbances (outdoor temperature, solar 
radiation) to predicted zone temperatures. Model parameters are iden-
tified through the prediction error method, with technical details of the 
state-space formulation, disturbance modeling, and parameter identifi-
cation algorithms are provided in [53,61].

For the state-space model of the LD approach, a 2R2C gray-box 
model structure was selected to model a classroom with a single thermo-
stat [5]. For open spaces containing multiple thermostats, a multi-zone 
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Fig. 5. Overview of dataflow in software as a service (SaaS).

model (Fig. 10 in [5]) is typically generated by augmenting the sys-
tem matrix as described in Kim et al. [61]. However, in this study, class-
rooms were either physically detached from one another or not strongly 
thermally coupled; consequently, all spaces were treated as single-zone 
models. The gray-box model maps the inputs [𝑇oa (outdoor air tempera-
ture), 𝑞̇sol (solar radiation on the window surface), 𝑢̄h (heating RTF), 𝑢̄c
(cooling RTF)] to the output [𝑇𝑧𝑎 (thermostat air temperature)], and 
data from three weekends–utilizing system perturbations based on a 
PRBS signal–were used for model training [62,63]. To model RTU power 
consumption, we assume a constant COP, making power a function of 
the runtime fraction (RTF), denoted as 𝑢̄hc, where power is calculated 
as the rated RTU power (𝑃RTU) multiplied by RTF (i.e., 𝑃RTU × 𝑢̄hc). This 
simplified assumption is reasonable for our demonstration sites on the 
U.S. West Coast, where mild weather results in relatively small COP 
variations within the prediction horizon. While this introduces some 
modeling error compared to a weather-dependent COP model, it enables 
practical deployment by eliminating the need to collect RTU power data 
under various outdoor air conditions. However, if weather significantly 
impacts power consumption (e.g., due to an electrical auxiliary heater), 
it is advisable to model power as a function of outdoor air temperature 
or treat the auxiliary heating mode as a separate operation, as described 
in Ham et al. [56]. Due to limited space and the large number of mod-
els (approximately 95), we omit the system identification results in this 
study, however, all the models were trained using data containing PRBS 
signals and validated by comparing measured and estimated cooling and 
heating runtime fractions as described in Fig. 13 in Ham et al. [5]. Fur-
ther details on system identification and training procedures are pro-
vided in Ham et al. [5].

3.  Technology transfer and field demonstration sites

3.1.  Implementation via technology transfer

The MPC solution is implemented via a three-step procedure: gather-
ing building metadata and operational signals, performing system iden-
tification and model validation, and finally deploying the control strat-
egy for performance assessment [5]. Once the MPC is ready for de-
ployment, it is distributed as a Software as a Service (SaaS); the data 
flow architecture is shown in Fig. 5. On-site devices such as internet-
connected thermostats or Building Management Systems (BMS) continu-
ously communicate with the SaaS platform via bidirectional application 
programming interfaces (APIs). In the data collection phase, the SaaS 
API retrieves operational data (e.g., zone temperatures, heating/cool-
ing signals) from on-site devices and stores them in the datastore, which 
maintains both time-series data and metadata. When the MPC service is 
activated, the SaaS backend reads the necessary historical and real-time 
data from the datastore, executes the optimization algorithm to generate 
optimal setpoints, and subsequently writes these control signals back to 
the on-site devices via the same API. This bidirectional communication 
enables continuous monitoring and real-time control adjustment.

The successful market adoption of our technology depends on ef-
fectively transferring the complete implementation process (research 
outcomes) to our commercial partner. While the software is designed 
for automatic configuration when input data follows specified formats, 
implementation may require modifications or additional features for 
non-standard scenarios. To facilitate this technology transfer, we have 

Table 2 
Summary of demonstration cases.

Case Site Tariff # Devices Season Period
# Days
(BS/MPC)

𝑇oa Range
[◦C]

1 1 Flat, DC 38 RTUs Heating Dec, 2023–Feb, 
2024

14/17 -
5.9–11.7

2 1 Flat, DC 38 RTUs Cooling Aug–Oct, 2023 22/19 11.7–26.4
3 2 Flat, DC 15 RTUs Heating Jan–Feb, 2024, 

2024
6/5 3.9–11.5

4 2 Flat, DC 15 RTUs Cooling Sep-Oct, 2023 11/9 6.7-18.3
5 3 ToU, DC 42 RTUs Heating Jan–Feb, 2024 4/4 11.3–16.6

DC: Demand Charge. Site 1: High school in WA; Site 2: Elementary school in 
WA; Site 3: High school in CA. 𝑇oa: daily average outdoor air temperature.

adopted a collaborative learning approach. During initial implementa-
tion, we provide comprehensive guidance to the commercial partner 
through video conferences, explaining each parameter of the low-cost 
MPC setup in detail. The commercial partner then documents this pro-
cess for the internal scaling. When encountering special cases, we de-
velop additional parameters or case studies and provide guidance on 
necessary source code modifications through video conferences. This ap-
proach empowers the commercial partner to independently adapt and 
implement the technology for future applications.

3.2.  Field demonstration sites

The MPC has been implemented in three K-12 school campuses 
(Fig. 6) in California (CA) and Washington (WA), U.S. for cooling and 
heating seasons. Based on the site and season, we classified the results 
as 5 cases as shown in Table 2. More details about the characteristics of 
each site are described in the following sections.

Site 1 is a high school located in WA, U.S. The MPC system is imple-
mented for 38 heat pumps (HPs) serving 38 classrooms, with a nominal 
total power of 285 kW for heating or cooling operations and 380 kW 
for electric auxiliary heating. The temperature setpoints are maintained 
at 18.9-23.3◦C (66-74◦F) during occupied hours (6:00 AM to 4:00 PM, 
Monday to Friday) and 16.7-29.4◦C (62-85◦F) during unoccupied hours. 
This school operates under a fixed-rate pricing structure for electrical us-
age, which includes a demand charge; therefore, the primary focus of 
the MPC is to reduce peak demand and minimize these charges.

Site 2 is an elementary school located in WA, U.S. This site features 
15 heat pumps serving 15 classrooms across two buildings. The total 
nominal power of all heat pumps is 150 kW for both heating and cooling 
operations. The heat pumps operate on an occupied schedule from 6:00 
AM to 5:00 PM, Monday through Friday, with temperature setpoints 
ranging from 18.9 to 23.3◦C (66 to 74◦F). During unoccupied hours, the 
setpoints are adjusted to 16.7-29.4◦C (62-85◦F). Similar to Site 1, this 
site also operates under a fixed-rate pricing structure with a demand 
charge, making the primary focus of the MPC the reduction of peak 
demand.

Site 3 is a high school located in CA, U.S. The HVAC system includes 
45 heat pumps serving 45 classrooms, with a total nominal power of 585 
kW for heating and cooling operations. The occupancy schedule is from 
6:00 AM to 4:00 PM, Monday through Friday, with pre-occupied hours 
from 5:00 AM to 6:00 AM and 4:00 PM to 5:00 PM. The temperature set-
points are maintained at 20.0-22.2 ◦C (68-72◦F) during occupied hours, 
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Fig. 6. Demonstration buildings for each site.

Fig. 7. Conceptual diagram of the randomized block schedule (Adopted from [5]).

while they are adjusted to 16.7-29.4◦C (62-85◦F) during pre-occupied 
and unoccupied hours. This site operates under a Time-of-Use rate struc-
ture, which includes a demand charge. The peak pricing period is from 
8:30 AM to 9:30 PM, Monday through Friday. Given the similarity
between peak and non-peak rates and the extended duration of the peak 
pricing period, the MPC has a primary focus on reducing peak demand.

3.3.  Design of experiment

We applied a specific experimental design for performance evalu-
ation that differs from that one used for the traditional measurement 
and verification (M&V), which typically relies on comparing pre- and 
post-installation periods. Our methodology incorporates a randomized 
block design that alternates between Baseline (BS) and MPC operations 
on a daily basis. To achieve a statistically rigorous and balanced com-
parison, we implemented blocking [64] to ensure equal distribution of 
operational days between the two control strategies within designated 
block periods (see Fig. 7).

Based on the experimental schedule, either BS or MPC control is en-
abled each day. BS represents the original weekly thermostat setpoint 
schedule programmed by facility operators according to the school dis-
trict’s policy. As described in Section 3.2, these setpoint schedules are 
already programmed into the thermostats, so no additional action is re-
quired on BS days. On MPC days, the MPC system is activated and over-
rides the programmed setpoint schedules by sending optimal setpoints 
to the thermostats.

As shown in Table 2, the number of experimental days varies across 
cases, with Cases 3 and 5 having notably fewer BS and MPC days (6/5 
and 4/4 days, respectively) compared to Cases 1, 2, and 4. This limita-
tion arose from several field deployment challenges encountered during 
the experiments. Specifically, interruptions due to third-party API ser-

vice instability (particularly weather data/forecast services), code exe-
cution inefficiencies that exceeded the designated time threshold as the 
number of HPs increased, and experimental suspensions requested by 
schools during severe weather alerts or special events resulted in the 
loss of experimental days that could not be classified as either BS or 
MPC days (see Section 6.3 for detailed discussion). Despite these con-
straints, our Bayesian statistical framework (Section 4) provides robust 
effect estimation by incorporating uncertainty quantification and lever-
aging the hierarchical peak demand model, enabling reliable inference 
even with limited sample sizes.

4.  Measurement and verification

This section presents the measurement and verification results for 
the field demonstrations, based on our performance metrics and sta-
tistical measures. Since the primary focus of this study is to compare 
overall performance across multiple sites, a detailed analysis of the sys-
tem identification results and a day-by-day comparison of load profiles 
are omitted due to space limitations. Readers may refer to our previous 
study for a more comprehensive analysis [5].

4.1.  Performance metrics

The performance of MPC over the Baseline is quantified using two 
performance metrics: daily peak demand and daily electricity cost. Since 
both the HVAC operational schedule and weather profiles exhibit daily 
patterns, it is common practice to characterize these metrics on a daily 
basis. However, as weather conditions vary each day, we developed a 
model that normalizes the performance metrics with respect to weather 
conditions, allowing us to quantify the effect of MPC versus the baseline 
under different weather scenarios (see Section 4.2). Thermal comfort is 
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Fig. 8. Conceptual diagram of treatment effect estimation with uncertainties from the model (the numbers in this Figure is all artificial to explain the concept effect 
estimation).

not included among our performance metrics because the MPC’s thermal 
comfort boundary is defined by the thermostat’s default schedule. The 
MPC will revert to these default setpoints when there is no heating or 
cooling requirement or in case of any failures. In other words, both the 
Baseline and MPC are expected to maintain room temperatures within 
the default schedule boundaries.

Typically, utility demand charges are based on the highest electric-
ity demand recorded within a 15- or 30min window for the billing unit 
(e.g., a school campus) over a month. Given that electricity usage fol-
lows daily patterns, the day with the highest daily peak demand can 
represent the monthly peak demand for the demand charge. The daily 
peak demand is estimated by identifying the maximum value of the 
daily electricity demand (in kW) using a 15min moving average. Ad-
ditionally, the daily electricity cost is defined as the sum of electricity 
consumption multiplied by the electricity rate (i.e., 𝐸𝑅 × 𝑃  in Eqs. (1) 
and (3)).

4.2.  Effect estimation model for MPC vs. baseline

Quantifying the performance difference between MPC and Base-
line in field experiments is challenging because varying weather condi-
tions confound direct comparisons between experimental periods. Sim-
ply comparing raw performance metrics can lead to misleading con-
clusions if weather conditions differ substantially between MPC and BS 
days. Additionally, the limited experimental duration results in small 
sample sizes that make traditional statistical approaches unreliable. To 
address these challenges, we developed an effect estimation model that 
normalizes performance metrics with respect to weather conditions. The 
model employs a Bayesian framework to quantify the MPC effect and its 
associated uncertainty.

4.2.1.  Concept of effect estimation
We developed a new approach to estimate the intervention effect of 

MPC over BS based on experimental data using a Bayesian framework. 
The conceptual diagram of this approach is presented in Fig. 8. The first 
step is to build a model that explains the measured target variable (i.e., 
daily peak demand or energy cost). Fig. 8 (left) displays daily peak de-
mands versus outdoor air temperatures with the developed model as an 
example. The data points are marked as stars (BS: red and MPC: blue), 
while the dotted lines represent the estimated models and shaded ar-
eas represent the 95% credible intervals (uncertainty ranges) obtained 
via Bayesian inference [65]. In the Bayesian approach, the predictive 
distribution for each data point is represented by a large number of pos-
terior samples generated via the Markov Chain Monte Carlo (MCMC) 
method. For example, when there are 15-day experimental data with 
10000 samples, the output’s dimension is [10000x15] (number of sam-
ples x number of data points)

To estimate the intervention effect with uncertainty, we use different 
approaches for the peak demand and energy cost. Energy cost is billed 
by usage, so the difference between the average values of MPC and BS 

for each posterior sample shows the average daily cost savings. By ag-
gregating these values for all samples, we can estimate the average daily 
cost reduction with uncertainty.

On the other hand, peak demand is charged based on the highest 
monthly peak demand. Assuming the experimental data periods can rep-
resent a typical summer or winter season month, the difference between 
the maximum values predicted across all data points for each posterior 
sample can be viewed as the peak demand reduction effect for that spe-
cific instance. Collecting these differences across all samples generates 
the posterior distribution of the peak demand reduction effect. Specif-
ically, we calculate the saving effect for each individual sample drawn 
from the posterior model. The collection of these individual effects forms 
the histogram in the Fig. 8 (right), where the spread represents the full 
range of probable outcomes.

Fig. 8 (right) shows the distribution of the aggregated intervention 
effect. Since the effect represents the difference between BS and MPC, 
values greater than 0 indicate MPC’s peak demand or cost reduction 
compared to BS. Conversely, values less than 0 indicate that MPC shows 
higher peak demand or energy cost than BS. The aggregated distribu-
tion, from which the credible interval is derived, provides the range of 
the intervention effect while accounting for uncertainties. While tradi-
tional hypothesis testing only indicates whether the difference is statis-
tically significant, the Bayesian framework directly provides the effect 
size in absolute numbers with associated probabilities. For example, the 
proportion of posterior samples greater than 0 indicates the probability 
of superiority–i.e., the certainty that MPC reduces peak demands.

4.2.2.  Peak demand model
Fig. 9 illustrates the model structure for the daily peak demand of BS 

and MPC. We developed the model in a Bayesian framework to encode 
the unique characteristic of the peak demand and make the inference 
robust when there is limited data.

The core idea of this model is straightforward: we want to predict 
daily peak demand based on outdoor temperature while capturing two 
key physical phenomena. First, peak demand increases as outdoor tem-
perature becomes more extreme. When it’s very cold or very hot outside, 
the heating or cooling system has to run longer to maintain comfortable 
indoor temperatures. In both cases, more RTUs are running simultane-
ously, resulting in higher peak demand. Second, peak demand is more 
variable during mild weather. When outdoor conditions are moderate, 
individual RTUs turn on and off intermittently based on the specific 
needs of each room. This makes it harder to predict exactly when peak 
demand will occur. In contrast, during extreme weather, most RTUs run 
continuously to meet the large heating or cooling load, which makes 
peak demand more consistent and predictable.

Fundamentally, the daily peak demand is modeled as a linear func-
tion of outdoor temperature. Both the daily peak demand and outdoor 
air temperature are normalized to a range from -1 to 1 using min-max 
normalization [66]. Here, 𝑦𝑖 and 𝑥𝑖 represent the min-max normalized 
daily peak demand and outdoor air temperature, respectively. The daily 
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Fig. 9. Graphical representation (a) and probabilistic model structure (b) for a peak demand estimation model.

peak demands of BS and MPC are modeled using two linear regres-
sion lines. However, daily peak demands exhibit unique characteristics. 
The theoretical maximum daily peak demand occurs when all the RTUs
operate simultaneously. Typically, the daily peak demand correlates 
with outdoor temperature (i.e., heating and cooling loads) because it 
is related to the total number of RTUs that are ON, with more opera-
tions occurring as cooling or heating loads increase, leading to a higher 
likelihood of simultaneous operation. While typical daily peak demands 
are correlated with outdoor air temperature, the variations in daily peak 
demands for different days with the same cooling or heating load can 
increase when cooling or heating loads decrease. This is because the 
overlap of the RTU ON operations are more stochastic when the heating 
or cooling loads decrease (i.e., sparser ON/OFF sequences).

To model this behavior, we first represent the uncertainty ranges of 
the regression line, bounded by upper (𝑏pd,𝑖) and lower (𝑎pd,𝑖) limits, 
using a truncated normal distribution [67] (i.e., 𝑎pd,𝑖 ≤ 𝜇pd,𝑖 ≤ 𝑏pd,𝑖). In-
tuitively, this truncated normal distribution ensures that predicted peak 
demands stay within physically realistic bounds–they cannot exceed the 
maximum possible demand (all RTUs on) or fall below the minimum ob-
served demand, while most predictions cluster around the mean trend 
line. Here, 𝑖 indicates the data index from 1 to 𝑛, while 𝑗[𝑖] denotes either 
BS or MPC for the 𝑖th data point. The mean value (𝜇pd,𝑖) captures the gen-
eral trends of daily peak demand versus outdoor air temperature, and 
the upper bound (𝑏pd,𝑖) represents the potential maximum daily peak 
demands. In this study, we assume that the truncated normal distribu-
tion is negatively skewed, with a concentration at the mean value and a 
tail extending toward zero. This assumption is based on observed data, 
which shows that daily peak demands exhibit similar values under the 
same weather conditions when there are sufficient heating or cooling 
loads, with some variations in a negative direction, particularly when 
heating or cooling loads are low. While the theoretical maximum daily 
peak demand is the sum of all RTU powers, this scenario rarely occurs 
unless all RTUs are activated due to high cooling and heating loads. 
For this reason, we modeled the upper bound (𝑏pd,𝑖) as a regression line 
with the same mean value (𝜇pd,𝑖) but with a different intercept to pro-
vide some variation near the mean value (i.e., the same slope parameter 
𝛽1,𝑗[𝑖]). The lower bound (𝑎pd,𝑖) is set to the minimum value of all the 
measured 𝑦𝑖..𝑛.

One important characteristic is that variations increase when cool-
ing or heating loads decrease because the simultaneous operation of 
the RTUs is less likely to occur. For this reason, the standard deviation 

parameter of the truncated normal distribution (𝜎pd,𝑖) is modeled as a 
function of the outdoor air temperature using an exponential function 
to ensure positive values.

Finally, we designed the model in a hierarchical structure to incor-
porate common prior information for specific parameters. While the pa-
rameters of BS and MPC are different, their slopes (𝛽1,BS and 𝛽1,MPC) 
and standard deviations (𝜎BS and 𝜎MPC) could have similar values. In 
the Bayesian framework, we can assign common hyperpriors (𝜎𝜎 and 
𝜎𝛽1 ) for these parameters. This hierarchical structure acts as a form of 
information sharing between BS and MPC data–since both control strate-
gies operate the same physical RTUs under similar conditions, their 
temperature-demand relationships should be similar even if their ab-
solute peak demands differ. This sharing is particularly valuable when 
we have limited experimental data, as it prevents the model from mak-
ing unrealistic predictions based on sparse observations. This approach 
prevents overfitting, especially when there is a limited number of ob-
servations, by regularizing the parameters using both BS and MPC data. 
This model has been implemented using PyMC [67], with the differen-
tial evolution Metropolis sampler used for sampling. The priors in Fig. 9 
(b) are set to cover a wide range of parameter spaces after normalizing 
the input data between -1 and 1.

4.2.3.  Energy cost reduction
A similar modeling approach was applied to the energy cost model, 

as shown in Fig. 10. The normalized energy cost (𝑥𝑖) is modeled as a 
function of the outdoor air temperature (𝑦𝑖), which is a commonly used 
methodology in building energy M&V. The energy cost models for BS 
and MPC are modeled independently (i.e., two independent regression 
lines), but we use a single parameter for the standard deviation (𝜎ec) 
since the variations due to measurements or other stochastic factors, 
such as human heat gains, are similar regardless of the RTU control. 
Similar to the peak demand model, PyMC [67] is used to build the model 
with the differential evolution Metropolis sampler. The priors, as shown 
in Fig. 10 (b), are set to cover a wide range of parameter spaces after 
normalizing the input data between -1 and 1.

4.3.  M&V variable

The electricity consumption data for the entire school campus 
was collected through power sensors and utility APIs. Our control 
strategy focuses solely on the heating and cooling operations of the 
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Fig. 10. Graphical representation (a) and probabilistic model structure (b) for an energy cost estimation model.

Fig. 11. Comparison of daily power profiles (Baseline vs. MPC) for Case 1 (Site 1) on heating days with similar weather.

RTUs (or HPs) in classrooms. However, these typically account for 
the majority of the site’s electricity consumption, particularly for the 
daily peak demand. Since utility costs are calculated based on total 
site electricity usage, we selected this variable as our primary M&V
variable.

During periods of mild weather conditions, when heating or cool-
ing demands were low, only a subset of RTUs (or HPs) was in 
operation. In these instances, the RTU energy consumption could 
be lower than non-HVAC loads, so the RTUs’ energy consumption 
was used for the M&V analysis. Due to the limited installation of 
power sensors on individual RTUs, we calculated energy consump-
tion by multiplying the rated power by the operation time of each
unit.

5.  Results

In this study, our commercial partner implemented the low-cost MPC 
solution at the demonstration sites through technology transfer. Unlike 
research experiments conducted in a laboratory setting, the experiments 
were carried out entirely by the commercial partner to ensure perfor-
mance in a real-world scenario. To avoid biasing with the experiments 
by checking interim results, we conducted M&V only after all the ex-
periments were completed. Consequently, we focused on performance 
verification through a statistical approach rather than presenting indi-
vidual daily comparisons for each site.

5.1.  Case 1: Site 1 trial for heating season

To illustrate the coordination strategy and peak load reduction mech-
anism, Fig. 11 presents daily site power profiles comparing Baseline and 
MPC control on days with similar weather conditions. The data are aver-
aged over 15min intervals, as the utility company charges peak demand 
based on a 15min window. In the Baseline operation, the power profile 
peaks at 6 AM because all RTUs activate simultaneously at the start of 
the occupancy period. This is primarily because the school district uti-
lizes identical comfort schedules for all classrooms based on their policy 
(Section 3.2), resulting in a high peak load of 203 kW. Conversely, the 
MPC initiates heating for specific classrooms prior to 6 AM and staggers 
the operation of different RTUs. Consequently, only a subset of class-
room RTUs are active at 6 AM, which reduces the peak load by 161.4 
kW. As it is difficult to visualize the operation of all 38 RTUs at this 
site, readers can refer to [5] for details on how the MPC coordinates a 
smaller subset of 6 RTUs.

Fig. 12 compares the HVAC electricity peak demands for Baseline 
(BS) and MPC operations in Case 1 (Site 1 heating season). The data 
reveal a clear correlation where daily peak demands increase as out-
door air temperatures decrease, primarily due to heating start-up se-
quences that trigger significant simultaneous RTU operations. The MPC 
consistently achieves lower peak demands than the Baseline, particu-
larly during cold weather (≤ 0◦C). Notably, the Baseline exhibits unnec-
essarily high peaks even during mild weather (e.g., reaching nearly 190 
kW around 6◦C), whereas the MPC effectively mitigates these spikes. 
However, BS and MPC also show considerable overlap in mild weather 
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Fig. 12. Comparison of peak demands (HVAC electricity) for Baseline and MPC 
in Case 1 (Site 1).

conditions. This phenomenon occurs because peak demand depends on 
simultaneous RTU operations, which exhibit stochastic behavior that 
becomes more pronounced during mild weather. When outdoor tem-
peratures are mild, not all classrooms require heating simultaneously; 
some units cycle on briefly while others turn off, creating unpredictable 
temporal overlaps in equipment operation. This stochastic pattern re-
sults in higher variability and occasional coincidental peaks in the Base-
line case, where multiple RTUs may activate simultaneously without co-
ordination. These observations highlight the stochastic nature of peak 
demand–where the maximum potential load correlates with tempera-
ture, but individual daily peaks vary–validating the structure of our peak 
demand model (Section 4.2.2).

The quantitative effectiveness of the MPC is illustrated in Fig. 13, 
which details the effect estimation derived from the differences between 
posterior predictive distributions (as conceptually shown in Fig. 8). The 
analysis reveals a median peak demand reduction of 59.1 kW (21.6%). 
The 95% credible interval ranges from 21.1 kW (8.9%) to 99.5 kW 
(32.3%). Furthermore, the MPC demonstrates a positive effect (peak de-
mand reduction) with a 99.9% probability, providing strong evidence of 
its effectiveness.

It is important to note that these HVAC-specific reductions directly 
translate to the site-level electricity profile, as HVAC operations are the 
dominant contributor to the facility’s peak demand. The site-level data 
mirror these trends, showing similar reduction patterns and statistical 
significance. Detailed comparisons and effect estimations for the total 
site electricity consumption are provided in the Appendix (Figs. A.1 and 
A.2).

5.2.  Case 2: Site 1 trial for cooling season

In Site 1, experiments were also conducted during the cooling season, 
and Fig. 14 presents the comparison of the peak demand models of BS 
and MPC. Unlike the heating season, only a few RTUs were activated 
throughout the experimental period because the site had small cooling 
demands, as it is located in WA with mild summer weather. Therefore, 
we used the estimated RTU electricity consumption for the comparison 
described in Section 4.3.

In contrast to the heating season, cooling demands are proportional 
to the increase in outdoor air temperature, and both the BS and MPC 
data show that trend. Unlike the heating season (where the morning 
heating peak happens at start-up time), the daily peak demand has more 
variation in similar weather because the cooling peak is typically ob-
served during the daytime, with more randomness in simultaneous op-
erations. Despite this variability, the MPC consistently maintains lower 

daily peak demands, with the exception of the region with sparse data 
(outdoor air temperature ≥20◦C).

The quantitative intervention effect of the MPC, derived from poste-
rior predictive distributions, is detailed in Appendix Fig. A.3. The anal-
ysis indicates a median peak demand reduction of 6.4 kW (28.9%), with 
the 95% credible interval ranging from 4 kW (20.4%) to 8 kW (36.1%). 
Furthermore, the probability of a positive reduction is ≥99.9%, demon-
strating high effectiveness even during mild cooling conditions.

5.3.  Case 3: Site 2 trial for heating season

In Site 2, we conducted a heating experiment (Case 3). Due to the 
site schedule and software commissioning periods to replace unstable 
3rd party API for weather data (see Section 6.3), we have only a few 
measurement data points that have clean MPC or BS operations. Similar 
to Site 1, the daily heating peaks (Fig. 15) were observed in the early 
morning and are inversely proportional to outdoor air temperature. De-
spite the small number of observations, it can be seen that the MPC has 
a lower daily peak demand than the BS.

The quantitative effect of the MPC is visualized in Appendix Fig. A.4. 
The median effect size is a 25.4 kW (38.9%) reduction, with the 95% 
credible interval ranging from 12.2 kW (20.1%) to 34.6 kW (48.5%). 
Consequently, the MPC yields a peak demand reduction with a 99.9% 
probability.

The site-level electricity analysis shows similar trends to the HVAC 
results. The detailed comparison and effect estimation for site electricity 
are provided in the Appendix (Figs. A.5 and A.6).

5.4.  Case 4: Site 2 trial for cooling season

As shown in Fig. 16, the cooling season experiment was conducted 
at Site 2 (Case 4). Unlike the heating operation, the non-HP energy con-
sumption was not negligible, and the total number of HPs in operation 
was small during the cooling season. Therefore, we also used estimated 
HP power consumption (Section 4.3) for the M&V. Similar to Case 2, the 
daily peak demands show a proportional relationship with the outdoor 
air temperature, with mild slopes and some vertical variations. This can 
be attributed to the stochastic nature of the cooling peak demand, as 
observed in Case 2.

The quantitative effect estimation for Case 4 is provided in the Ap-
pendix (Fig. A.7). The analysis shows a median reduction of 20.6 kW 
(29.5%) with a >99.9% probability of a positive effect.

5.5.  Case 5: Site 3 trial for heating season

For Site 3, we conducted only a heating season experiment. Due to 
scheduling constraints with school policy and code refactoring to re-
solve the inefficient data query when handling dozes of data endpoints 
(detailed in Section 6.3), only a limited number of measurements were 
obtained (Fig. 17). The daily peak demands show an inversely propor-
tional relationship with outdoor air temperatures. Due to the limited 
number of measurements, the inference mainly relies on the peak de-
mand model. For the cold temperature region (≤13.5◦C), the BS shows 
higher peak demands than the MPC, but they exhibit overlapping data 
points in the mild weather region.

The quantitative effect of the MPC on HVAC peak demand savings 
is visualized in Appendix Fig. A.8. The median estimated reduction is 
24.8 kW (29.1%), with the 95% credible interval ranging from 2.8 kW 
(4.2%) to 46.1 kW (50.3%). Furthermore, the analysis indicates a 98.3% 
probability that the MPC yields a peak demand reduction.

5.6.  Summary of the results

In this section, we summarize the HVAC (Table 3) and site (Table 4) 
peak demand reductions for all demonstration cases. The MPC solution 
showed 21.6-38.9% HVAC peak demand reductions, with a mean of 
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Fig. 13. Peak demand reduction effects (HVAC electricity) in [kW] (left) and in [%] (right) of Case 1 (Site 1).

Fig. 14. Comparison of peak demands (HVAC electricity) for Baseline and MPC 
in Case 2 (Site 1).

Fig. 15. Comparison of peak demands (HVAC electricity) for Baseline and MPC 
in Case 3 (Site 2).

Fig. 16. Comparison of peak demands (Site electricity) for Baseline and MPC 
in Case 4 (Site 2).

Fig. 17. Comparison of peak demands (HVAC electricity) for Baseline and MPC 
in Case 5 (Site 3).
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Table 3 
Summary of HVAC peak demand reduction.

 Case ID  Site ID
M&V

variablea
Peak reduction in [kW]
(50%, [2.5%,97.5%])b

Peak reduction in [%]
50%, [2.5%,97.5%] b 𝑃 (reduction > 0)c [%]  Season

 Case 1  Site1  HVAC elec.  59.1, [21.1,99.5]  21.6, [8.9,32.3]  99.9%  Heating
 Case 2  Site1  HVAC elec.  6.4, [4.0, 8.0]  28.9, [20.4, 36.1]  100%  Cooling
 Case 3  Site2  HVAC elec.  25.4, [12.2, 34.6]  38.9, [20.1,48.5]  99.9%  Heating
 Case 4  Site2  HVAC elec.  20.6, [16.2, 28.2]  29.5, [24.5, 40.3]  100%  Cooling
 Case 5  Site3  HVAC elec.  24.8, [2.8,46.1]  29.1, [4.2,50.3]  98.3%  Heating
a A variable used for M&V. (Site elec.: school campus net electricity, HVAC elec.: HVAC electricity inferred from 

heating/cooling operating signals (see Section 4.3).)
b 50, [2.5,97.5] percentiles of the credible intervals in the treatment effect.
c Posterior probability that MPC reduces peak demand compared to Baseline (i.e., percentage of posterior distribu-

tion above zero).

29.6% across all cases. This value aligns with our previous study [5], 
which reported about a 30% HVAC peak demand reduction. For the site 
peak demand reduction, it shows reductions of 10.8-22.1%.

5.7.  Computational performance

To demonstrate the feasibility of real-time field deployment, we 
benchmarked the UMPC and LMPC computation times across a range 
of RTU counts on a workstation equipped with an AMD Ryzen 7 5800X 
processor, and 48GB DDR4 RAM, running Ubuntu 22.04 under WSL 2.0. 
The optimization problem sizes scale linearly with the number of zones 
𝑁𝑧: the LMPC has 8𝑁𝑧 + 1 decision variables and 4𝑁𝑧 + 18 constraints, 
while the UMPC has 98𝑁𝑧 + 1 decision variables and 144𝑁𝑧 + 48 con-
straints. The substantially larger problem size of the UMPC is primarily 
attributable to its much longer prediction horizon—48 steps (24 hours at 
30min timesteps) versus only 3 steps (15min at 5min timesteps) for the 
LMPC—which requires a full sequence of decision variables across the 
entire horizon. Despite the LMPC being the harder problem class (MILP) 
and the UMPC being an LP, this difference in horizon length dominates 
the computational scaling behavior observed at high 𝑁𝑧 values. Each 
benchmark was repeated 10 times and a single representative calcula-
tion step is reported. Fig. 18 shows the LMPC computation time as a 
function of the number of RTUs. As a MILP problem, the LMPC exhibits 
some fluctuation in solve times; however, computation remains well 
within the 300 s control timestep across the RTU counts encountered in 
our demonstrations (15–42 RTUs per site). Despite acceptable average-
case performance, field deployments with approximately 40 RTUs oc-
casionally experienced solver delays that caused individual control ac-
tions to be skipped. To mitigate this, we recommend three complemen-
tary strategies: (1) imposing a solver time limit (e.g., 60 s) so that the 
best feasible solution found within the allotted time is accepted rather 
than waiting for a provably optimal solution–this is practical because 
near-optimal RTU coordination still achieves the peak demand reduc-
tion objective; (2) implementing a timer-based fallback that skips or re-
tries an optimization cycle when the solver exceeds the time limit; and 
(3) decomposing the LMPC into smaller independent subproblems (e.g., 
four groups of 10 RTUs), which preserves the peak-demand coordina-
tion objective–distributing RTU operations within each timestep–while 
substantially reducing the size of each MILP instance. All three strate-
gies can be used in combination, providing layered protection against 
solver delays in large-scale deployments.

Fig. 19 shows the UMPC computation time. As a linear program-
ming problem, the UMPC scales efficiently and completes within a 
few seconds for all demonstration sites. Computation time remains ac-
ceptable up to approximately 70 RTUs (around 60 s), which is well 
within the 30min UMPC control interval. Beyond approximately 85 
RTUs (98 × 85 + 1 = 8,331 decision variables and 144 × 85 + 48 = 12,288
constraints), solve times increase sharply and solver termination or in-
definite hangs become likely. For deployments at or above this scale, 
we recommend adopting HiGHS [68] as an alternative open-source LP 
solver, which offers improved numerical stability and scalability.

Table 5 presents the daily average comfort violation hours for both 
Baseline and MPC operations across all demonstration cases. Comfort 
violations are defined as periods when room temperatures fall outside 
the comfort boundaries established by the baseline thermostat setpoints 
and associated hysteresis bands (deadband). The results demonstrate 
that both control strategies maintain room temperatures predominantly 
within the comfort region, with minimal violations observed across all 
cases. MPC maintains comparable or lower violation hours than Base-
line in four out of five cases while simultaneously achieving peak de-
mand reductions, as the MPC formulation constrains zone temperatures 
to remain within baseline comfort bounds during optimization. The one 
exception (Case 5) shows a marginal increase of 0.15 hours/day under 
MPC. Cases 3 and 5 (Sites 2 and 3) show particularly low violation hours 
due to their single-setpoint control strategy, which operates within a 
narrow deadband that naturally limits temperature excursions.

6.  Discussion

6.1.  Energy cost saving

In this paper, we propose both peak demand and energy cost models 
for estimating the effect of MPC intervention. In our study, MPC reduces 
energy costs by preheating or precooling the space before peak price 
periods–storing thermal energy in the air and building mass–and then 
releasing it during peak price times without relying on mechanical heat-
ing or cooling (i.e., load shifting). Therefore, the peak/non-peak ratio 
and the overlap between peak heating/cooling demand and peak price 
periods are critical for achieving tangible energy cost savings via MPC. 
Unfortunately, only one site (Site 3) has a ToU rate structure, meaning 
that no energy cost savings are expected for Sites 1 and 2. Moreover, 
the peak/non-peak ratio of ToU rates for commercial buildings in the 
CA region is very low (e.g., a factor of  1.2), making it difficult to ob-
serve clear energy cost savings from load shifting. This dynamic may 
change in the future with the advancement of electrification and the 
evolution of dynamic pricing structures.

For example, Figs. 20 and 21 show the energy cost comparison and 
effect distribution plots for Case 5. Observing the median profiles of 
the MPC and BS in Fig. 20, one might claim there is an energy cost re-
duction ($3.5/day) by calculating the difference between the two lines. 
However, there are large overlaps between the uncertainty ranges, and 
the probability of a positive effect is shown as 77%, indicating uncer-
tainty regarding a clear cost reduction due to MPC. This aligns with our 
expectations as discussed in the previous paragraph.

6.2.  Technology transfer

The technology transfer and development of the low-cost MPC so-
lution were conducted concurrently through close collaboration with 
engineers from our commercial partner. The implementation process 
was facilitated through comprehensive documentation, real-time com-
munication channels, and regular video conferences. During this pro-
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Table 4 
Summary of site energy peak demand reduction.

 Case ID  Site ID
M&V

variablea
Peak reduction in [kW]
(50%, [2.5%,97.5%])b

Peak reduction in [%]
50%, [2.5%,97.5%] b 𝑃 (reduction > 0)c [%]  Season

 Case 1  Site1  Site elec.  62.8, [24.4, 101.5]  22.1, [9.3, 33.7]  99.2%  Heating
 Case 2  Site1  NA  NA  NA  NA  NA
 Case 3  Site2  Site elec.  10.7, [3.6, 15.7]  11.0, [3.8, 15.7]  99.7%  Heating
 Case 4  Site2  NA  NA  NA  NA  NA
 Case 5  Site3  Site elec.  14.6, [6.5, 20.4]  10.8, [4.9, 14.8]  99.8%  Heating
a A variable used for M&V. (Site elec.: school campus net electricity, HVAC elec.: HVAC electricity inferred from 

heating/cooling operating signals (see Section 4.3).)
b 50, [2.5,97.5] percentiles of the credible intervals in the treatment effect.
c Posterior probability that MPC reduces peak demand compared to Baseline (i.e., percentage of posterior distri-

bution above zero).

Fig. 18. LMPC computation time as a function of the number of zones (i.e., RTUs). Each data point represents a single calculation step from 10 repeated benchmark 
runs on the reference hardware. The dashed horizontal line indicates the 300 s LMPC control timestep.

Table 5 
Summary of daily average comfort violation hours.
 Case ID  Site ID  Baseline [hours/day]  MPC [hours/day]
 Case 1  Site 1  1.7  0.6
 Case 2  Site 1  0.5  0.3
 Case 3  Site 2  0.0  0.0
 Case 4  Site 2  0.7  0.4
 Case 5  Site 3  0.0  0.15

cess, the lead engineer from our commercial partner developed detailed 
implementation guidelines and efficiently distributed tasks among team 
members for multiple deployments.

A significant challenge encountered during implementation was the 
iterative nature of the process. The diverse range of thermostat con-
trollers necessitated frequent modifications to configuration files and 
source code to ensure accurate setpoint control and achieve the de-
sired outcomes. When source code modifications were required, we con-
ducted detailed video conferences to demonstrate the implementation of 
new features, enabling the commercial partner’s team to independently 
manage future updates and modifications.

6.3.  Field deployment challenge

During field deployment, several unexpected circumstances delayed 
and constrained the experiments. One challenge was the interruption of 
experiments due to instability in third-party API services, particularly 

the weather data/forecast service. To prevent such disruptions in future 
implementations, we recommend decoupling weather data acquisition 
from the MPC computation loop by implementing a dedicated weather 
data collection agent. This agent would continuously retrieve and store 
both historical and forecast data into the main database in real-time, al-
lowing the MPC agent to query reliable local data rather than depending 
on external API calls during critical optimization cycles. Additionally, 
the weather agent can be configured with multiple API endpoints for 
redundancy, distributing usage across providers to minimize service in-
terruptions while managing costs through load balancing.

All computational and API communication errors were systemati-
cally logged in the cloud service for troubleshooting purposes. As a 
conservative approach, we implemented baseline setpoint schedules for 
emergencies to ensure continuous HP operation during any system is-
sues, such as API service errors. While this design choice ensured safe 
operation and thermal comfort, these periods could not be classified as 
either baseline or MPC days. To enhance system reliability monitoring, 
future implementations should incorporate a heartbeat health-check 
mechanism within the MPC framework. This feature would periodically 
verify the operational status of all critical components–including data 
acquisition agents, optimization solvers, and communication interfaces–
and automatically trigger alarms when anomalies are detected. Such 
proactive monitoring enables rapid identification and resolution of sys-
tem failures before they impact building operations, while also provid-
ing operators with real-time visibility into system health status.

Additionally, as the number of heat pumps (HPs) increased, code 
execution time exceeded the designated threshold (1-2min). This in-
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Fig. 19. UMPC computation time as a function of the number of zones (i.e., RTUs). Each data point represents a single calculation step from 10 repeated benchmark 
runs on the reference hardware. Computation time increases sharply beyond approximately 85 RTUs, where solver termination or indefinite hangs become likely.

Fig. 20. Comparison of energy costs (site electricity) for Baseline and MPC in 
Case 5 (Site 3).

efficiency was partially attributed to the software architecture, which 
queried common information such as weather forecasts and aggregated 
data for each HP to formulate the optimization problem. Although this 
issue was eventually resolved, it resulted in the loss of several exper-
imental days. This experience highlights the importance of scalable 
database architecture design. Future implementations should support a 
query across multiple endpoints with appropriate time-interval buffer-
ing, enabling efficient retrieval of input variables and outputs required 
for optimization. Since MPC requires recent historical data for state 
initialization, computational overhead can be further reduced by im-
plementing caching mechanisms that store frequently accessed data in 
memory. Ideally, deploying an edge computing solution at each site–
where both the database and MPC computation reside locally–would 
eliminate data query latency via cloud API, ensuring consistent real-
time performance regardless of system scale. Furthermore, experimental 
operations were occasionally suspended at the schools’ request due to 
severe weather alerts or special events. While such situations required 
careful coordination with facility operators, miscommunication some-
times led to unnecessary experimental interruptions.

These challenges particularly affected Cases 3 and 5, resulting in 
limited clean measurement data points for these experiments. Despite 
these limitations, the statistical approach used in our M&V methodology 
(Section 4) allows for robust effect estimation even with smaller sample 
sizes by leveraging the peak demand model and Bayesian inference.

Finally, we implemented several practical measures, including estab-
lishing weekly meetings at the experiment’s onset and distributing ex-
perimental schedules and instructional materials to teachers regarding 
proper thermostat usage. For example, teachers initially kept overrid-
ing thermostat setpoints when they entered classrooms and submitted 
work orders because they confused the thermostat’s setpoint with the 
actual room temperature. Through communication and data analysis, 
we discovered that this behavior was habitual rather than a response to 
thermal discomfort [5]. Furthermore, the issue with incorrect work or-
ders was resolved by educating the teachers on how to accurately read 
the thermostat status. Then, we distributed educational materials such 
as fliers before we initiated the MPC.

6.4.  Balancing demand flexibility with occupant thermal comfort

We adopted temperature-based comfort constraints rather than more 
comprehensive metrics like the Predicted Mean Vote (PMV) index 
for several practical reasons. First, PMV requires monitoring multi-
ple variables–mean radiant temperature, humidity, clothing levels, and 
metabolic rates–that are difficult to measure reliably in operational 
buildings. Second, incorporating PMV increases computational com-
plexity that could compromise real-time control performance. Third, 
PMV cannot fully address the substantial variability in individual ther-
mal preferences among occupants. Our approach maintains parity with 
current practice, as baseline systems also rely on temperature-based 
schedules with manual override capability, while adding demand flex-
ibility. Importantly, when occupants override thermostat settings, the 
overridden unit’s operation is incorporated as a constraint in the op-
timization, and the system calculates control strategies for the re-
maining units to accommodate the override while still pursuing de-
mand management objectives. This design ensures individual that com-
fort preferences take precedence while maintaining system-level coor-
dination. The strategy achieved substantial demand reduction in our 
school building deployments (Section 5), demonstrating that effective 
demand flexibility can be achieved within practical implementation
constraints.
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Fig. 21. Energy cost reduction effects (site electricity) in [$] (left) and in [%] (right) of Case 5 (Site 3).

6.5.  Controller scalability and replicability

A key advantage of the HMPC approach is its scalability and transfer-
ability across different building sites. The same tuning parameters (𝜔d =
10, 𝜔l = 𝜔u = 1000) were applied successfully across all five schools in 
this study without site-specific adjustments, demonstrating the gener-
alizability of the control strategy. When more aggressive demand re-
duction is desired, users can increase the demand term weight (𝜔d). 
From a computational perspective, as quantified in Section 5.7, the LP-
based UMPC scales efficiently and completes within a few seconds for 
RTU counts encountered in this study (15–42 RTUs per site), and re-
mains acceptable up to approximately 70 RTUs (around 60 s), which is 
well within the 30min UMPC control interval. Beyond approximately 
85 RTUs, solver termination or indefinite hangs become likely, and 
adopting HiGHS [68] is recommended for larger-scale deployments. The 
MILP-based LMPC is computationally more demanding due to its binary 
decision variables; practical mitigation strategies for larger deployments 
are discussed in Section 5.7. From a computational perspective, the 
MILP formulation enables real-time optimization, scaling to buildings 
with up to approximately 50 RTU zones on standard hardware. Our im-
plementation completes optimization within one minute (optimization 
calculation only), well within the 5min LMPC control interval, provid-
ing adequate computational headroom even during peak load condi-
tions. The primary deployment requirements–web-enabled thermostats 
with API capability and reliable weather forecasts–represent infrastruc-
ture that is increasingly common in modern buildings. Importantly, by 
leveraging existing web-enabled thermostats without additional sensor 
installations, the approach significantly reduces commissioning time 
and eliminates hardware retrofit costs, lowering barriers to adoption. 
These characteristics suggest that the HMPC framework can be readily 
replicated across school districts and other SMCB portfolios without ex-
tensive site-specific calibration, making it a practical solution for large-
scale demand flexibility programs. However, a climate-dependent limi-
tation exists: in regions with extreme climates requiring near-continuous 
heating or cooling (approaching 100% RTU capacity utilization), the 
absolute potential for demand flexibility becomes inherently limited, as 
there is minimal operational margin for load shifting and coordination 
for peak demand reduction.

7.  Conclusion

In this study, we extended the implementation of our previously de-
veloped low-cost MPC solution [5] to multiple K-12 school campuses for 
grid-interactive HVAC operations. While the low-cost MPC solution was 
designed for universal application in school buildings equipped with 
packaged systems (e.g., Rooftop Units or Heat Pumps) through auto-

mated software toolchains, widespread market adoption relies on suc-
cessful technology transfer to commercial partners. The primary objec-
tive of this study is to present demonstration results achieved through 
technology transfer (implemented by the commercial partner) and pro-
vide statistical validation of performance outcomes. The MPC solution 
was deployed across three school campuses, encompassing five distinct 
experimental cases.

We developed a novel statistical approach utilizing Bayesian meth-
ods to estimate the MPC’s impact on peak demand and energy cost re-
ductions, specifically designed for sparse and limited datasets. The re-
sults demonstrate that MPC consistently reduces peak demand across all 
sites with high probability (98-100% posterior probability of positive ef-
fect), achieving a 10.8-22.1% reduction in site energy consumption and 
a 21.6-38.9% reduction in HVAC energy consumption, consistent with 
our previous findings [5].

However, scaling up the demonstrations revealed several challenges, 
including diverse thermostat configurations, computational delays from 
multiple queries, and communication inefficiencies in managing special 
event operations and troubleshooting. These challenges are thoroughly 
examined as lessons learned in the discussion section (Section 6). Nev-
ertheless, the low-cost MPC solution represents a compelling case study 
of successful research-to-market technology transfer, facilitating the de-
velopment of grid-interactive school buildings to enhance grid resilience 
through scalable demand flexibility.
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Appendix A.  Appendix

Case 1: Site power comparisons

Fig. A.1 presents the comparison of site-level electricity peak de-
mands, obtained from the whole-campus power meter (encompassing 
both HVAC and non-HVAC loads). Overall, the site-level profiles mir-
ror the HVAC trends discussed in the main text, though there is greater 
overlap between BS and MPC during warmer weather. This is expected, 
as the MPC controls only the HVAC system (RTUs), and non-HVAC loads

Fig. A.1. Comparison of peak demands (Site electricity) for Baseline and MPC 
in Case 1 (Site 1).

become more dominant when heating demand is low. Nevertheless, 
the similarity between site and HVAC profiles confirms that HVAC op-
eration is the primary driver of site-level peak demand.

The site-level savings are visualized in Fig. A.2. The median effect 
shows a reduction of 62.8 kW (22.1%), with the effect size ranging from 
24.4 kW (9.3%) to 101.5 kW (33.7%) within the 95% credible intervals. 
Consistent with the HVAC-specific results, the MPC demonstrates a site-
level peak demand reduction with a 99.9% probability.

Case 2: Effect estimation

Fig. A.3 visualizes the peak demand reduction effects for the cooling 
season in Case 2 (Site 1).

Case 3: Site power comparisons and effect estimation

Fig. A.4 visualizes the peak demand reduction effects (HVAC electric-
ity) for Case 3 (Site 2), supporting the quantitative analysis presented 
in Section 5.3.

The site peak demands of the BS and the MPC for Case 3 are com-
pared in Fig. A.5. The site peak demands decrease as the outdoor air 
temperature increases, and this trend aligns with the trend of the HVAC 
peak demands, with fewer variations similar to Case 1.

The distribution of the MPC effect on site electricity is visualized 
in Fig. A.6. While the median effect is a 10.7 kW (11.0%) reduction, 
the 95% credible intervals range between 3.6 kW (3.8%) and 15.7 kW 
(15.7%). Additionally, the effect is positive with a 99.7% probability, 
within a range of 4.2 kW to 15.4 kW.

Case 4: Effect estimation

Fig. A.7 shows the distribution of the MPC effect for Case 4. The 
median effect is a reduction of 20.6 kW (29.5%), and the 95% credible 
interval ranges from 16.2 kW (24.5%) to 28.2 kW (40.3%). As a result, 
the probability of the effect being greater than 0 is 100%, with a range 
of 16.2 kW to 28.2 kW.
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Fig. A.2. Peak demand reduction effects (Site electricity) in [kW] (left) and in [%] (right) of Case 1 (Site 1).

Fig. A.3. Peak demand reduction effects (HVAC electricity) in [kW] (left) and in [%] (right) of Case 2 (Site 1).

Fig. A.4. Peak demand reduction effects (HVAC electricity) in [kW] (left) and in [%] (right) of Case 3 (Site 2).
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Fig. A.5. Comparison of peak demands (Site electricity) for Baseline and MPC 
in Case 3 (Site 2).

Case 5: Site power comparisons and effect estimation

Fig. A.8 visualizes the peak demand reduction effects (HVAC electric-
ity) for Case 5 (Site 3), supporting the quantitative analysis presented 
in Section 5.5.

We also compared the site peak demands of BS and MPC (Fig. A.9). 
Similar to other winter cases, site peak demands are negatively corre-
lated with outdoor air temperature and exhibit a profile similar to the 
HVAC peak demands, though with less variation between individual tri-
als.

Fig. A.10 illustrates the distribution of the estimated MPC effect on 
site electricity. The median effect is a reduction of 14.6 kW (10.8%), 
with 95% credible intervals ranging from 6.5 kW (4.9%) to 20.4 kW 
(14.8%). The probability of a positive reduction (effect > 0) is 99.8%.

Fig. A.6. Peak demand reduction effects (site electricity) in [kW] (left) and in [%] (right) of Case 3 (Site 2).
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Fig. A.7. Peak demand reduction effects (site electricity) in [kW] (left) and in [%] (right) of Case 4 (Site 2).

Fig. A.8. Peak demand reduction effects (HVAC electricity) in [kW] (left) and in [%] (right) of Case 5 (Site 3).

Fig. A.9. Comparison of peak demands (Site electricity) for Baseline and MPC in Case 5 (Site 3).
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Fig. A.10. Peak demand reduction effects (Site electricity) in [kW] (left) and in [%] (right) of Case 5 (Site 3).
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