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ABSTRACT

Heat pump water heaters (HPWHs) could significantly reduce energy costs and greenhouse gas emissions from water
heating, the second largest energy use in residential buildings. Today, most HPWHs use electric resistance heating
elements to maintain comfortable water temperatures even during large water draws. Unfortunately, heating elements
significantly decrease energy efficiency, and their current and voltage requirements may necessitate costly electrical
work in older homes. This paper develops and field-tests a model predictive control (MPC) system that enables a
HPWHwith no heating elements to maintain comfort at high efficiency. By contrast to most prior experimental studies
on water heater MPC, which often use perfectly-forecasted water draws in controlled laboratory settings, this paper
reports field tests from a real home with three full-time occupants. The occupants’ water draws are forecasted using a
machine learning model and a scalable training methodology. This paper also presents occupant feedback on thermal
comfort, as well as an Internet of Things infrastructure that enables real-time data acquisition and control. In the MPC
formulation, the energy savings were 11% with the same thermal comfort as the manufacturer’s constant set-point
control. An adjusted MPC formulation substantially improved thermal comfort while modestly increasing energy
costs.

1. INTRODUCTION

In 2023, residential buildings caused 18% of United States primary energy consumption (EIA, 2023). Improving
residential energy efficiency is therefore crucial to climate goals, such as the 80% emission reduction from 2022 levels
by 2035 that the International Energy Agency estimates is necessary from developed nations (IEA, 2023). Electrifying
appliances is a necessary step in this direction for sectors such as water heating, the second-largest energy end-use in
the residential sector (EIA, 2020). Heat pump water heaters (HPWHs) – a system that uses electricity to move heat
from ambient conditions into water tanks – typically use two to three times less energy than electric resistance water
heaters (Priyadarshan et al., 2024). HPWHs could therefore play a significant role in achieving emission reduction
targets. With increasing federal and state incentives, the adoption of heat pump water heaters is projected to grow
significantly in the coming years (IEA, 2022).

Although HPWHs are muchmore efficient than water heaters that use natural gas electric resistance heating, a HPWH’s
energy use and thermal comfort performance depend on its control strategy. Today, most HPWH control strategies
maintain a constant water temperature set-point with a lower dead band to determine when to initiate heating. This is a
robust strategy for comfort when there is a sufficient heat transfer rate from the system; however, because heat pumps in
HPWHs are limited by their heat transfer rate, these systems often use one or more electric resistance heating elements
when the heat pump’s heat capacity is not sufficient to meet thermal comfort. This operation mode, therefore, decreases
the overall efficiency of the HPWH as the resistance element has a maximum coefficient of performance (COP) of 1
while the heat pump can reach a COP of up to 5 (Sparn et al., 2014). The constant set-point operation also results in
the water heater staying thermally charged at all non-hot water draw periods since there is no insight into hot water
usage. This results in additional heat losses through the tank walls.

Recent research has explored improving the control strategy in HPWHs through variations of model-predictive control
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(MPC). There have been simulation studies performed to minimize operational costs through economic MPC (dela
Rosa et al., 2023), minimize carbon emissions (Mande et al., 2022), and to explore data-driven water heater control
(Heidari et al., 2020). These studies provide important control designs and simulation evaluations; however, simulated
control performance tends to differ from experiment and field test results and also lacks implementation difficulties
(Drgoňa et al., 2020). There are a set of experimental studies on HPWHs that have been performed as well. These
studies have aimed to enhance thermal comfort and reduce costs (Jin et al., 2014), and mitigate peak loads (Starke
et al., 2020) using a two-node or single-node water heater model. All of these studies are solely considering simulated
water usage data, some of which have data from real homes. While these approaches can reasonably replicate specific
water usage patterns in households, theymay not fully capture the dynamic nature of household behaviors. For instance,
unpredictable events like showering at unusual times are challenging to replicate and may not be ideal for experimental
data due to the complexities they introduce for controllers (Khabbazi et al., 2024). These controllers are also developed
for the water heater in hybrid mode where the electric resistance elements can be used. There has been an experimental
effort to reduce operational costs in a HPWH using only the heat pump; however, this work was also conducted in
a laboratory environment with simulated water usage (Baumann et al., 2023). Additionally, in these workings, there
is little to no mention of the water forecast method and performance. There has been work to improve electric water
heater (EWH) performance through predictive control using a Prophet machine learning model for the forecast trained
from 77 EWH’s over 150 days (Shen et al., 2021); however, the suitability of this model for a single-family home
has not been demonstrated. Training the model on data from a single-family home with just one water heater presents
significantly fewer data points, raising a concern about the model’s effectiveness in this context.

This paper uses MPC to reduce costs and maintain comfort with a hot water forecast using a Prophet model (Shen et al.,
2021). The Prophet model is trained on a month’s worth of data on one HPWH, representing a more realistic training
method for single-family homes. The controller developed aims to improve the control strategies for the HPWH in
pure heat pump operation without an electric resistance heating element to ideally maintain higher efficiencies while
providing acceptable thermal comfort. This controller is implemented in the DC Nanogrid House at Purdue University
for 7 days. This field test provides valuable insight into unique challenges presented by real occupant behavior, human
feedback, and limitations in sensing equipment and IoT communication (Pergantis, Premer, et al., 2024). This work
has impacts beyond improving HPWH control by enabling more dynamic load shifting in a home.

2. TEST SITE

The field demonstrations in this paper took place in the DC Nanogrid House, pictured in Fig. 1. The DC Nanogrid
House is a 208 m2, two-story, 1920s-era detached single-family home near Purdue University’s campus in West
Lafayette, Indiana, USA. The home has three occupants who live year-round. The hot water in the house is pro-
duced via a Rheem 50-gallon heat pump water heater equipped with two electric resistance heating elements supplied
by AC power. The water heater is also equipped with two thermistors on the upper and lower parts of the tank used in
the default controls. The water heater has five different operational modes: electric mode, high demand mode, hybrid
mode, power savings mode, and heat pump mode. The water heater has a uniform energy factor (UEF) of 3.75. The
UEF is the industry standard for measuring water heater efficiency and for most HPWHs, is evaluated on the perfor-
mance of the HPWH in hybrid mode (Star, 2023). It is running in hybrid mode because this mode enables the electric
resistance elements when water temperatures become uncomfortable. Running the water heater in heat pump mode
saves the occupants energy costs; however, at the expense of occupants being more susceptible to discomfort condi-
tions. This work enables a predictive controller on the water heater in heat pump mode to evaluate the cost reduction
and its ability to meet comfort needs.

One of the efforts of this work is to keep the scalability of the control solution in mind. Minimal sensing equipment
was added to ensure the water heater’s observability. Through the API connection with the water heater, set-point
temperatures and mode changes can be updated to the water heater. Due to the older model of the water heater, there are
no sensor readings available through the API connection, such as the thermistors on the water heater. Thermocouples
were therefore placed next to the manufacturers’ thermistors to mirror the measurements that would be available to the
manufacturer and the newer models of the water heater through API access. The only additional sensing equipment
that is not used by the manufacturer is a flow sensor on the hot water line, a thermocouple on the inlet water line to
the tank, and a data acquisition system (DAQ), that could be replaced by a raspberry pi. The flow sensor enables hot
water usage data that can then be used to predict future patterns. The thermocouple on the inlet line is used to measure
the heat loss from entering water. The DAQ pulls these measurements and the data is then fed by a raspberry pi to
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Figure 1: Presented is a diagram of the IoT infrastructure in the DC Nanogrid House at Purdue University. There is a
Yokogawa DAQ system reading the sensor data and this data is then fed to Influxdb for cloud storage. A computer in
the home runs the MPC controller and the Python scripts to push the set-point adjustment to the water heater through
the API connection. The Prophet model provides the hot water forecast to the optimizer that calculates the optimal

set-point.

the cloud database, Influxdb (“InfluxDB 2.0”, n.d.), using Python scripts (Pergantis, Priyadarshan, et al., 2024). The
controller is then operated on a computer in the home that also pushes the set-point adjustments to the water heater Fig.
1. The architecture of the IoT involved for this work could be minimized to a single raspberry pi that acts as the DAQ
system, holds the minimum necessary data, and runs the MPC controller to update the water heater set-point.

3. MODELING

Initially, a single-node model was developed for the water heater, where the tank was modeled as a weighted average
between the upper and lower tank temperatures. The tank-temperature was modeled as 75% of the upper tank tem-
perature and 25 % of the lower tank temperature used in Starke et al., 2020. For the majority of the operation, this
model form resembled the tank temperature reasonably well; however, since the set-point temperature was set to be the
optimized set-point temperatures, during hot water use periods, the optimization problem would think it would need
to heat the tank with the lower tank temperature dropping from cold inlet water. In reality, the upper tank temperature
would drop insignificantly or much slower than modeled due to stratification over the height of the tank.

To better resemble the stratification of the water inside the tank, a two-node model was developed. There are two ways
to develop a two-node model. The first is to control the height of the stratification and assume the temperatures are
held constant (Diao et al., 2012). Another way to model the two nodes is to hold the height of the stratification layer
constant and control the temperatures (Jin et al., 2014). Since the control parameter for a water heater is the set-point
temperature, a two-node model where the height of the stratification layer is constant is used. This is because of the
difficulty of translating a change in height of a stratification layer to a set-point temperature to send to the water heater.
There are then two energy balance equations to describe the two-node model with a stratification layer resembling a
resistance layer (Rsl) in Equation (1 & 2).

zCṪH =
TL − TH
Rsl

+ z(θ − TH)
Rθ

+ ṁcp(TL − TH) + λ ∗ q (1)

(1 − z)CṪL =
TH − TL
Rsl

+ (1 − z)(θ − TH)
Rθ

+ ṁcp(Tin − TL) + (1 − λ) ∗ q (2)
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The left side of the Equation (1) and Equation (2) represent the change in capacitance (C) of the tank due to a temperature
change (Ṫ) for their respective portion of the tank. The resistance value (Rθ) to the ambient temperature surrounding
the tank (θ) are used to calculate the heat loss through the tank wall. The heat transfer due to the flow across the
boundaries is a function of the mass flow rate of water (ṁ), specific heat capacity of the water (cp) and the temperature
difference between the inlet and outlet water. The heat input into the tank from the condenser is represented by q and is
split between the two nodes. To minimize unnecessary variables, z and λ are used to represent the fraction of the height
of the top node and the fraction of the heat being injected to the top part of the tank from the condenser coil. These
parameters are tuned through comparing the model to the measured temperatures on the upper and lower part of the
tank. To most closely resemble the real water heaters operation, 0.6 and 0.66 for z and λ are chosen for the parameters
respectively. Converting Equation (1 & 2) to a continuous-time state space equation results in:

[ṪHṪL
] = Ã ∗ [THTL

] + B̃ ∗ q + w̃ (3)

Where Ã, B̃, and w̃ represent the thermodynamics dependent on the state variables TH and TL, the input variable q and
the disturbance variables respectively.

4. FORECASTING

Based on (Shen et al., 2021), a study that builds a Model Predictive Controller for hot water scheduling of a multi-
family housing complex, we apply a Prophet forecast model for the prediction of the upcoming water draws over the
next day in 5-minute time steps, yielding 288 forecasted values. The Prophet model is an open-source tool that treats
time-series forecasting problems as curve-fitting problems, with a consideration of seasonality and trends (Taylor &
Letham, 2018).

In Table 1, we compare the forecasting quality of the Prophet algorithm against a naive recency-based forecast, that
simply predicts the day-before values for the upcoming 288 time steps, based on the Root Mean Squared Error (RMSE)
and Mean Absolute Error (MAE), which are frequently used metrics to evaluate time-series forecasts (vom Scheidt
et al., 2020). For the comparison, we conduct forecasts for the period from 2024-03-10 and 2024-03-17, with model
retraining every 5 minutes. We use training data going back to 2024-02-14. For both metrics, the Prophet model
outperforms the Naive model. However, we note that the performance difference is insignificant for theMean Absolute
Error.

Table 1: The forecast evaluation results. The Naive forecast is close in the MAE performance metric; however, the
prophet model far outperforms in the RMSE performance metric.

Naive Prophet

RMSE 0.206 0.141
MAE 0.059 0.058

In Figure 2, we depict an exemplary forecast of the Prophet and Naive forecast during the MPC validation period,
comparing the forecast results with the actual values. We can observe that the Prophet forecast predicts probable
shower events in the morning with a rather smooth curve, which can be effectively used to schedule pre-heating. We
note that the Prophet algorithm might also predict negative values due to its setup, which we normalize to zero before
applying the prediction for the MPC. The negative values in the Prophet model are also filtered to be zero when being
used in the MPC controller.

5. CONTROLLER DESIGN

The MPC controller is a linear convex optimization problem using the default solver for CVX (Grant and Boyd, 2014).
The objective of the optimization problem is to minimize the cost of operating the water heater while trying to maintain
the temperature at 46.1 ○C. This temperature preference (Tpref) is to maintain thermal charge if there are any unexpected
water draws. A one-norm formulation was used (Borrelli et al., 2016) to minimize the total cost of operation over the
prediction horizon and the cost was set to be the electricity price in West Lafayette, $0.15 per kWh. To try to maintain
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Figure 2: Exemplary Prophet and Naive forecast. The Prophet model has a more wave-like form capturing the
overall trend of the historical hot water usages. The Naive forecast has much higher peaks and is a better replication

of real hot water usage; however, does not consider the historical hot water usage trends in the home.

46.1 ○C outlet water, a one-normwas also used with the price being the same as the cost of electricity. This is considered
a soft constraint that provides a preference in the optimization to keep the upper tank temperature at this temperature
seen in Equation (4e) (Rawlings et al., 2017). With the continuous energy balance model being discretized with 5-
minute time-steps Equation (4b), the MPC optimization problem results in the following formulation:

Objectives: min J = Δt ∗ (∑(πelec ∗ P) +∑ ∣Tpref − TH∣) (4a)

State: [ṪHṪL
] = A ∗ [THTL

] + B ∗ q +w (4b)

Initial states: TH = Tinitial,sensor,H ;TL = Tinitial,sensor,L (4c)

Expressions: P = q
COP

(4d)

Constraints: 0 ≤ q ≤ Pmax ∗COP (4e)

The constraint is the limitation of the modeled heat allowed by the system. These limitations are related to the capacity
of the heat pump, a function of the COP which is displayed in Equation (4d & 4e). The COP is assumed to remain
constant to preserve linearity, and any deviations to the real COP will prompt adjustments to the set-points through
the inherent feedback loop in the MPC operation. There are no constraints set on the water heater temperature as this
would cause infeasibilities when the temperature drops far enough below the minimum set point where the heat pump
can’t heat to the minimum set point with its limited capacity. The set points are therefore post processed to be at least
43.3○C and to be whole numbers in Fahrenheit.

For the forecast of the hot water usage, the Prophet model is used because of its more accurate RMSE and distribution
of likely water usage periods. While the Naive forecast more accurately captures the peaks of a water usage event, the
MPC operation would be highly sensitive to the timing of these peaks, which are often inaccurate. The Prophet model
offers the MPC controller more reliable estimates of likely water usage periods, allowing for better planning.
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6. RESULTS

A four-day field test was conducted, during which the MPC controller operated the water heater under a constant
electricity price. This operation was compared to a baseline test conducted the previous week, from Friday to Tuesday,
using the default constant set-point control logic for the water heater. The set-point was set to 48.89○C (120○F) as this
is the suggest water temperature set-point for most water heaters (HUD, 2023). The baseline controller and the MPC
controller experienced very similar water usages as seen in Figure 3, with the total liters of hot water amounting to
700.3 and 681.4 respectively.

Figure 3: The blue represents the hot water usage during the MPC operation and the red under the baseline
controller. The total hot water usages during the field test periods are 700.3 liters for the baseline operation and 681.4
liters for the MPC. The time-step in this figure is an hour to provide a less scattered visualization. The hot water
usage occurs at similar times and at similar magnitudes, therefore making them reasonable comparison periods.

During shower periods confirmed by the occupants, the minimum temperatures felt were approximately 33.2○C and
31.1○C for the MPC controller and the constant set-point control respectively. Both of these temperatures are below the
human body temperature, therefore indicating uncomfortable temperatures (Tadakatsu Ohnaka and Watanabe, 1994).
These colder temperatures occurred twice out of the twelve showers taken for both controllers. This occurred when the
three occupants showered consecutively with only a couple of minutes in between showers. These colder temperatures
were felt by the occupant that took the third shower causing them to end the shower early. When only two showers
were taken consecutively, or a single shower was taken, the temperatures stayed within a comfortable regime where
there were no occupant complaints. The overall minimum temperatures were 29.7○C and 28.7○C for the MPC and
baseline controller which are likely due to hot water draws after the shower, the delay of water temperatures mixing
and the delay of the inlet flow where cold water still enters the tank after hot water usage has ended for a short period
of time.

During the operation with the MPC controller, the set-point temperature closely stayed around the 46.1○C preference
until dropping to the minimum set-point during high hot water use periods as seen in Figure 4. This is in part due to the
objective function that was chosen where the upper tank temperature had the same penalization for increasing above
46.1○C as it did for dropping below. Additionally, because of the dead band in the default control for the temperature
tracking the set-point in both operations, the MPC would sometimes increase the set-point thinking the heat pump
would initiate when it wouldn’t.

The MPC controller did raise the set-point temperature slower than the baseline after a water use period. This was due
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Figure 4: The blue represents the MPC operation and the red represents the baseline control where there is a constant
set-point. The solid line is the outlet water temperature which is assumed to be the upper tank temperature. The

dashed lines represent the set-point temperatures for the corresponding controllers.

to thermodynamic understanding of the MPC controller it found the most efficient solution was to heat the water back
up at a slower rate to minimize the heat loss to the ambient conditions through the tank walls. Including this logic in
a rule based controller would be difficult because the rate at which the tank temperature is heated back to its preferred
temperature is dependent on the next expected water draw.

For the four days, the constant set-point controller and the MPC controller had the same thermal comfort; however, the
MPC controller saved approximately 11 % in energy and cost, seen in Fig. 5. This was a result of the lower set-point
temperatures in MPC operation and the minimization of heat losses through a slower ramp in temperature set-points.
This correlates to roughly $20 in annual savings with a $0.15 per kWh price, as in West Lafayette, to upwards of
$50-$60 in more expensive flat rate structures such as California for this size of a water heater.

An additional three days of testing was performed with the inclusion of a tracking model between the upper node
temperature and the set-point in theMPC controller to enable better temperature tracking. The performance of thisMPC
formulation is summarized in Table 2 in comparison to the originalMPC formulation and the baseline controller.

Table 2: A summary of the results including the testing performed with an updated MPC formulation. The first
version of the MPC controller (MPC 1) had a lower operating cost than the adjusted MPC controller (MPC 2);

however, MPC 2 had much better thermal comfort performance

Baseline Control MPC 1 MPC 2

Testing Duration (Days) 4 4 3
Discomfort Rate Out of Total Showers 2/12 2/12 0/8
Average Upper Tank Temperature (○C) 42.5 42.4 48.5
Shower Minimum Outlet Tank Temperature (○C) 31.1 33.2 43.2
Overall Minimum Tank Temperature (○C) 28.7 29.7 40.4

Energy Usage Per Liter (kWh
liter
) 0.0453 0.0406 0.0554

With the adjustedMPC controller maintaining a higher set-point and better tracking, the thermal comfort was enhanced
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Figure 5: The blue represents the total energy usage under MPC operation and the red under baseline control
operation. The MPC uses saves approximately 11% energy due to its lower set-points and its minimization of heat

loss to ambient conditions.

significantly. Out of the eight showers taken, all of them were comfortable. This increase in thermal comfort did come
at an increased cost of energy per liter though. No additional tuning of the objective function was performed either;
therefore allowing for future improvement in energy savings.

7. DISCUSSION

An advanced controller for a heat pump water heater may not yield the highest savings in isolation; however, given
the increasing adoption of dynamic rate structures, a controller capable of identifying optimal heating periods could
prove advantageous. Further work will be completed to compare the comfort and energy performance against other
control modes in the HPWH to provide a holistic evaluation. Moreover, the challenge of determining the optimal
operation times for various devices within a home is a complex one, a challenge that smart home systems are currently
tackling. This controller facilitates the integration of water heaters, including more sophisticated heat pump based
systems, into smart home systems without resorting to blind control. Integrating water flow measurements and inlet
water temperature readings into the tank is essential for this purpose. This can be achieved through additional sensors
or by employing accurate state estimators that leverage the inherent temperature sensors on the upper and lower parts
of many water heaters. In this study, we minimized sensing equipment and utilized convex linear programming for the
MPC controller, enabling the use of cost-effective micro-controllers. This approach contrasts with other algorithmic
solutions, such as mixed-integer programming, which require higher computational power (Linderoth & Savelsbergh,
1999).

8. CONCLUSION

This paper investigated the enhancement of a Heat Pump Water Heater (HPWH) by utilizing only the heat generated
from the heat pump without electrical resistance elements. The findings elucidate the limitations of representative
current market-available HPWH when operated in heat pump mode. The MPC controller, while maintaining the same
comfort levels as the default heat-pump control mode, demonstrated an 11% energy and cost savings under a flat
rate structure. Furthermore, through the incorporation of a tracking model and accurate water forecasting, the MPC
controller exhibited superior thermal comfort maintenance at a higher cost than the baseline heat pump mode.
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Future research directions could involve fine tuning the MPC controller’s objective function to optimize thermal com-
fort at minimal costs and investigate how different rate structures impact water heater operational costs and the per-
formance disparities between various water heater control modes. Additionally, a comparative analysis of water fore-
casting models, such as a random forests model, with a realistic training methodology in a single-family home and at
smaller time steps, could provide valuable insights. Moreover, developing state estimators to replace the water flow
meter and thermocouple for measuring inlet water temperature could reduce additional sensing equipment costs. The
experimental setup at the DC Nanogrid House with the MPC controller on the water heater, developed in this work
enables the future investigations mentioned, offering valuable insights and guiding further research directions.

NOMENCLATURE

T water temperature (○C)
Ṫ change in water temperature (○C)

R resistance value (
○C
kW

)

C thermal capacitance of the tank (
kW
○C

)

ṁ water mass flow rate (
kg
s
)

cp specific heat capacity of water (
kJ

kg○C
)

q heat transfer supplied from the condenser (kW)

P power from water heater (kW)

θ ambient air temperature (○C)
λ top node height as a fraction of tank height
z top node heat injection relative to total heat supplied
Ã continuous time state matrix
B̃ continuous time input matrix
w̃ continuous time disturbance matrix
A discrete time state matrix
B discrete time input matrix
w discrete time disturbance matrix
COP coefficient of performance
UEF uniform energy factor

Subscript
H upper tank water
L lower tank water
in inlet water
pref preference
sl stratification layer
θ ambient air
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