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Abstract 

Home energy management systems (HEMS) have been shown to reduce energy bills and to provide grid services 
including peak demand reduction and demand flexibility. However, uncertainty in residential energy systems is a 
significant issue and can reduce the benefits of a HEMS to the homeowner or grid operator. Sources of uncertainty 
include weather forecasts, predictions of energy-related occupant activities (e.g., hot water draws), and parameter 
estimation for the building envelope and energy-consuming equipment. 

This paper tackles the problem of uncertainty by developing a framework that simulates HEMS in uncertain condi-
tions and evaluates the performance of multiple control strategies. A linear, reduced-order residential building model 
for model predictive control applications is derived and compared to a full-order model. Stochastic model predictive 
control is shown to perform better than deterministic and heuristic methods when considering realistic forecasts with 
uncertainty. The framework can evaluate the performance of HEMS in real-world applications, which can help de-risk 
HEMS deployment. 
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1. Introduction 

The electric grid is experiencing an increase in both 
variable renewable generation resources and in elec-
tricity consumption due to the electrification of space 
heating and transportation [1]. These trends lead to 
large temporal changes in supply and demand and 
present new challenges in operating the power sys-
tem, which increases the need for demand flexibility. 
The Brattle Group estimates approximately 200 GW of 
cost-effective demand flexibility potential in the United 
States by 2030, with much of the increase coming 
from residential loads, including smart thermostats, 
smart water heaters, electric vehicle (EV) chargers, and 
behind-the-meter batteries [2]. 

Each of these devices can provide demand flexibility 
as well as benefits to the homeowner when controlled 
through a home energy management system (HEMS). 
HEMS in the literature typically use model predictive 
control (MPC) to optimize energy cost and consump-
tion while considering occupant comfort, device limita-
tions, and other factors [3, 4, 5]; however, most studies 
use deterministic MPC (DMPC), which does not con-
sider the uncertainty from forecasts, models, or sensor 
measurements. As shown in Section 2, these sources of 
uncertainty can all be significant and can lead to subop-
timal control performance in HEMS applications. 

There are a few MPC methods that consider uncer-
tainty in the control framework. Stochastic model pre-
dictive control (SMPC)—also referred to as chance-
constrained optimization [3] and conditional value at 
risk [6, 7]—considers the probability distribution of 
uncertain variables within the optimization framework 
[8, 9]. Robust MPC considers extreme values for un-
certain variables, which lead to improved performance 
in worst-case conditions but not necessarily in typical 
conditions [10]. Scenario-based MPC methods use an 
ensemble of model disturbances to quantify uncertainty 
[11, 12]. Stochastic dynamic optimization and other 
multistage optimization methods optimize over a set of 
discrete state transitions, which can greatly increase the 
computational complexity of the controller [3, 13]. 

Most papers in this research area often focus on 
novel control architectures and their performance ben-
efits over existing strategies, but they pay little atten-
tion to quantifying uncertainty in their simulations or 
to assessing its impact on their findings. Forecast un-
certainty has been considered in related fields including 
commercial buildings, EV fleets, and behind-the-meter 
battery systems [14, 15, 16, 17]. In particular, many pa-
pers present control strategies for commercial building 
heating, ventilating, and air-conditioning (HVAC) that 

incorporate forecast and model uncertainty [10, 18, 19]. 
One study on commercial HVAC found that DMPC per-
formed best at low levels of uncertainty, robust MPC 
performed best at intermediate levels, and heuristic con-
trols performed best at high levels [20]. SMPC was used 
for a residential building with an EV and battery, but 
did not consider modeling uncertainty or any thermo-
static loads like HVAC and water heating [21]. Another 
SMPC paper include these loads in the HEMS con-
trol but only considers uncertainty in weather forecasts 
[8]. Other HEMS control strategies consider occupancy 
forecasts but use simplified models with no model un-
certainty [6, 11]. One paper quantifies uncertainty for 
residential HVAC energy for an aggregation of homes 
but does not consider uncertainty within a single home 
[22]. The authors are not aware of any studies on HEMS 
that consider both forecast and model uncertainty for 
multiple flexible loads within a home. 

In this paper, multiple control strategies for HEMS 
are evaluated using a novel modeling and control frame-
work that incorporates multiple sources of uncertainty. 
A heuristic control strategy that resembles standard res-
idential building controls is used as a baseline. The 
framework incorporates MPC using an objective to min-
imize energy costs and occupant discomfort. It is 
run under deterministic (DMPC) conditions as well as 
stochastic (SMPC) conditions using the same objective 
and constraints. The control performance for each strat-
egy is evaluated under various levels of uncertainty, ac-
counting for the uncertainties addressed in Section 2. 
The key contributions of the paper include: 

• Development of a HEMS framework that incorpo-
rates uncertainties caused by errors in the predic-
tion forecast, control model, and sensor measure-
ments, and that includes models for HVAC equip-
ment, water heaters, EVs, and batteries 

• Evaluation of heuristic, DMPC, and SMPC strate-
gies using common forecasts methods and a high-
resolution building model that can accurately sim-
ulate building dynamics for a typical building 

• Model reduction and linearization of radiation and 
infiltration for a multi-node white-box envelope 
model for use in MPC 

• A discussion on the sources of uncertainty in 
HEMS applications and their implications for 
HEMS control strategies 

In Section 2, the sources of uncertainty in HEMS con-
trols using MPC are described. In Section 3, the models 
used for evaluating the different controls strategies are 
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Nomenclature 

Envelope Parameters pleave Probability that the EV is leaving the parking 
spaceHi Heat injected into node i (W) 
Uncontrollable load power (kW) Hs Vector of heat gains from solar radiation on Punc 

each exterior surface (W) sl State of charge of load l 

Haz,in f Heat due to infiltration from zone a to zone z Vdraw Hot water flow rate (L/min) 
(W) Stochastic Modeling Symbols 
Internal heat gains injected into the main in-Hint σ2 Variance of random variable xixidoor zone (W) 

x̃ ∼ N(x̂, Σx) Gaussian random vector x with mean x̂ 
Heat due to radiation for node i facing zone zHiz,rad and variance Σx
(W) 

Ai State transition matrix for system i 
Raz,in f Thermal resistance due to infiltration be-

Bi Controllable input matrix for system itween zones a and z (K/W) 
Ci Output matrix for system iRi j Thermal resistance between nodes i and j 

(K/W) Gi Uncontrollable input matrix for system i 

Riz,rad Thermal resistance due to radiation for node K Kalman gain 
i facing zone z (K/W) ui Controllable input vector for system i 

Ta Ambient temperature (◦C) xi State vector for system i 
Tg Ground temperature (◦C) yi Output vector for system i 
Tm Main indoor temperature (◦C) zi Uncontrollable input vector for system i 
Ts,i Surface temperature of a boundary next to Other Symbols 

node i (◦C) 
βxi z-score associated with a constraint on xiEquipment Parameters 
λ̂ power Average cost of power over the forecast hori-

ηl Efficiency of load l zon ($/kWh) 
θi Water temperature of node i (◦C) λi Cost associated with cost term i 
θwm Water mains temperature (◦C) x, x Maximum and minimum constraints on x 
El Energy capacity of load l (kWh) Φ−1 Inverse cumulative distribution function of 
Hwh Heat injected into the water tank (W) the normal distribution 

Pl Power of load l (kW) h Discrete time step for MPC horizon 

Pchg Battery charging power (kW) I Identity matrix 

Pdis Battery discharging power (kW) Ji Cost function term i ($) 

Pdrive EV power discharged due to driving (kW) k Discrete time step 

pdrive Fraction of time that the EV is driving nh Number of steps in MPC horizon 

Phouse Total house power (kW) ts Time resolution of simulation (s) 

described with a focus on the linear model used within techniques that are used in the MPC framework are de-
the MPC framework. In Section 4, the heuristic con- fined. In Section 6, the performance of the different con-
trol strategy and formulate the DMPC and SMPC prob- trol strategies is compared. The paper concludes with a 
lems are summarized. In Section 5, multiple forecast summary of findings and explorations for future work. 
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Figure 1: Schematic for a model predictive control algorithm 

2. Uncertainty Considerations in HEMS 

A literature review by Beaudin et al. finds that most 
studies on HEMS use an MPC framework, but most do 
not consider the impact of uncertainty on control per-
formance [3]. When MPC methods are tested in a hy-
pothetical scenario with exact forecasts, simplified sys-
tem models, and little or no noise in communication sig-
nals, they are nearly always shown to be optimal strate-
gies that perform better than heuristic or other methods; 
however, real systems are not so simple, and we ar-
gue that HEMS control strategies should be evaluated 
in conditions with realistic uncertainty levels to truly 
understand their value. 

Figure 1 shows a schematic of an MPC algorithm 
and highlights the data that are likely to be stochastic. 
MPC requires forecasts for model inputs in the horizon 
window that often cannot be perfectly estimated at the 
controller run time. The MPC control model is not a 
perfect representation of the system model, causing the 
predicted states and outputs to deviate from the actual 
model states. Finally, sensor measurements from the 
system model can be noisy or biased. Next, we elab-
orate on each of these sources with a focus on HEMS 
applications. 

2.1. Forecast Uncertainty 

Forecasts for weather and occupant behavior likely 
have the largest amount of uncertainty in residential ap-
plications due to their stochastic nature. Residential en-
ergy consumption is highly dependent on both occu-
pant activity and weather, making these forecasts crit-
ical pieces of information when optimizing for future 
control decisions. For example, preconditioning air to 
shift HVAC consumption away from a peak demand pe-
riod requires knowledge of weather variables that are 
used to calculate HVAC loads [18, 23]. Other exam-
ples include preheating a water heater before a large 
water draw event or charging an EV such that it is fully 
charged before the occupant leaves [24]. 

Short-term weather forecasts are often accurate for 
ambient temperature, but solar irradiance is more dif-
ficult to predict [25]. Occupant behavior is highly un-
predictable, and good models often require data for a 
particular person or household [26]. Most weather vari-
ables (e.g., temperature, irradiance) are more continu-
ous and smoother than many occupancy variables, for 
example, hot water draws or discrete activity changes 
such as plugging in an EV or turning on an oven [27]. 
HEMS often use a single forecast for uncontrollable 
loads rather than estimating consumption from each 
type of activity [5]. 

In many papers, forecast uncertainty is quantified us-
ing heuristics [8] or is not defined at all. Auto-regressive 
moving average models have been used to estimate un-
certainty for weather variables [28, 29, 30] as well as 
for occupancy variables [31]. Other forecasting meth-
ods usually do not quantify uncertainty, for example, 
sophisticated weather forecasts [13, 15] and Markov 
chain-based stochastic occupancy models [22, 29]. 

2.2. Model Uncertainty 

An MPC framework requires an underlying model 
that represents the system, but it is often an imper-
fect approximation of the system. Many MPC frame-
works use a linear model, which is required to use fast 
and convex optimization methods, including linear pro-
gramming, quadratic programming, and mixed-integer 
linear programming methods [3, 17, 32]. Linear mod-
els must either simplify or ignore nonlinearities such as 
device efficiency, device degradation, and radiative ther-
mal processes. Models for specific homes often lack de-
tailed data, including envelope and equipment parame-
ters as well as training data for black box models, which 
can lead to inaccurate model parameters [10, 22]. Be-
cause every house is different, it can be very time con-
suming and costly to create an accurate model represen-
tation [33]. 

Another key source of uncertainty arises from the 
time resolution of the model and the MPC controller. 
Time resolutions may be constrained by the time reso-
lution or update frequency of the forecast, by measure-
ment or actuator update rates, or by the computational 
complexity of the MPC algorithm. Time resolution may 
also be purposefully reduced to eliminate the need to 
consider fast system dynamics, for example, equipment 
cycling behavior or high-resolution occupant activities 
[34, 35]. Although low-resolution controllers might 
work well for some objectives—for example, reducing 
energy costs with an hourly electricity price—they are 
likely to reduce the performance of any objective with 
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real-time impacts on the occupant, for example, thermal 
comfort or convenience associated with EV charging. 

2.3. Measurement Uncertainty 
Uncertainty can also arise from sensor measurements 

[4, 36]. Sensor noise is not typically an issue, but 
sensors can have low time resolution or low precision, 
which leads to reduced control performance [37]. Sen-
sors can also be biased, especially if the sensor is not 
directly capturing the variable of interest. For exam-
ple, a thermostat located near a vent or a sunny window 
might report a temperature that is not accurately repre-
senting the house temperature [26]. Some sensors might 
also have limited communication abilities, for example, 
an EV charger that can only measure the EV state of 
charge when the vehicle is parked and plugged in. 

3. Model Description 

To simulate model uncertainty in the control frame-
work, two models are defined for each end use: a sys-
tem model and a control model for the MPC (see Figure 
3). This section describes the linearization and other 
techniques used to derive the MPC models. 

The system models are taken from OCHRE™, a res-
idential energy model with controllable device mod-
els for each load examined in this paper. OCHRE is 
a white-box model that uses weather and occupancy 
schedules to calculate heat generation and power from 
each device. More details on OCHRE models can be 
found in [35] and [24]. The MPC models described in 
this section are derived from the OCHRE models. 

3.1. Controllable Load Model 
In general, a linear model is defined for each control-

lable load l ∈ L in state space form: 

xl(k + 1) = Alxl(k) + Blul(k) + Glzl(k) 
(1)

yl(k) = Clxl(k) 

where xl is the state vector, ul is the controllable input 
vector, zl is the uncontrollable input vector, yl is the out-
put vector, and Al, Bl, Gl, and Cl are state space system 
matrices. 

In this paper, the set of controllable loads is L = 
[hvac, wh, ev, batt] corresponding to an air conditioner, 
water heater, electric vehicle, and battery, respectively. 
Each load model contains at least one state and at 
least one controllable input that corresponds to the load 
power. Most models include at least one uncontrollable 
input that corresponds to an uncertain variable that must 
be forecasted. If the output vector yl is not defined, it is 
assumed that yl = xl, and Cl is the identity matrix. 

3.2. HVAC and Envelope 
The system model for the HVAC equipment and the 

building envelope is a nonlinear, white-box model cre-
ated using OCHRE. It includes a linear, multi-node 
equivalent circuit model for conduction and convection 
between air zones and the boundaries between them, as 
well as nonlinear elements for infiltration, ventilation, 
and long-wave radiation. The OCHRE model also in-
cludes a thermostat controller with a deadband which 
sets the power based on a temperature set point. 

To develop a linear envelope model for the MPC, 
infiltration, interior long-wave radiation, and exterior 
long-wave radiation are linearized separately. For each 
heat transfer pathway, resistors are added to OCHRE’s 
equivalent circuit model (see [35], figures 1 and 2), as 
shown in Figure 2. In the figure, Ta is the ambient tem-
perature, Tz is the temperature of an interior zone, Ts,i is 
the surface temperature of boundary i, and subscripts 1, 
2, and 3 correspond to boundary materials connected to 
either the ambient or an interior zone. 

For infiltration (and mechanical ventilation), a resis-
tance Raz,in f is added between an interior air zone and 
the ambient air zone. The resistance value is calculated 
by linearizing the heat gain at an operating point: 

ΔTop 
Raz,in f = (2)

Haz,in f 

where ΔTop is the temperature difference between zone 
z and ambient at the operating point, and Haz,in f is the 
infiltration and ventilation heat gains to zone i at the op-
erating point. Haz,in f also depends on wind speed, which 
must also be defined in the operating point. 

We use a similar approach to linearize the interior and 
exterior radiation. The radiation equation for the surface 
of boundary material i is: 

Hiz,rad = �iσai(Tz 
4 
,rad − Ts 

4 
,i) (3) 

where �i is the emissivity of material i, ai is the area of 
the material i, and σ is the Stefan-Boltzmann constant. 
For the ambient zone, we assume Tz,rad = Ta, ignor-
ing effects of the sky radiation temperature. For interior 
zones, Tz,rad depends on the surface temperatures of all 
boundaries facing the zone. Linearizing with the oper-
ating point Tz,rad = Ts,i = Top,rad gives: 

1 dHiz,rad 
= = 4�iσaiT 3 (4)op,rad Riz,rad d(Tz,rad − Ts,i) 

where Riz,rad is a resistance value that accounts for radia-
tion effects. For exterior radiation, the resistor is applied 
in parallel with an exterior film resistance that models 
the effects of convection (see Figure 2, Ra1, f ilm). 
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Figure 2: A linear envelope model with infiltration and interior and exterior radiation elements 

For interior radiation, the resistor is applied between 
the boundary surface and a fictional node Tz,rad repre-
senting all of the radiation within an interior zone. Us-
ing Kirchoff’s Current Law, this network topology en-
sures that all radiative heat within a zone sums to zero. 
The fictional node and all boundary surface nodes are 
eliminated by using the star-mesh transform to generate 
resistance values between each boundary surface within 
an interior zone. 

The updated envelope model is converted into a lin-
ear, discrete-time state space model with states for each 
interior node temperature and inputs for each exterior 
node temperature and each interior node heat gain (see 
[35] Eq. 2–3). OCHRE’s envelope model includes 
many interior nodes (30–45 for a typical home), which 
can lead to slow computational speed when used within 
an MPC framework. Balanced truncated model reduc-
tion is used to reduce the number of states of the enve-
lope model [38]. 

Before the model reduction, unused inputs and out-
puts are eliminated and inputs are normalized based on 
typical variability. The main indoor temperature is the 
only output, and the HVAC power is the only control-
lable input, i.e., yhvac = Tm and uhvac = Phvac. The un-
controllable inputs are zhvac = [Ta, Tg, Hint, Hs

T ]T , where 
Tg is the ground temperature, Hint is the internal heat 
gains in the main zone, and Hs is a vector of the heat 
gains from solar radiation on each exterior surface (e.g., 
walls, roof, attic walls), which depends on the solar ir-
radiance and the area and absorptivity of each surface. 
The state vector xhvac is an output of the model reduction 

algorithm and represents the temperatures of the interior 
zones and boundaries. 

Internal heat gains include heat from occupants, other 
equipment, and solar radiation from windows. The total 
heat gain to the main zone Hm is a combination of the 
internal heat gains and the heat from the HVAC equip-
ment. When an air conditioner is used: 

Hm(k) = −ηhvacPhvac(k) + Hint(k) (5) 

where ηhvac is the HVAC coefficient of performance and 
is assumed to be constant. 

3.3. Water Heater 

We use OCHRE’s heat pump water heater and 2-node 
water tank models for the system model. The 2-node 
tank model includes nonlinearities due to heat trans-
fer from water draws. Similar to the HVAC model, 
OCHRE’s water heater model uses a thermostat with 
deadband control that converts a temperature setpoint 
into an on/off power signal. The temperature setpoint 
can be controlled externally, but the thermostat ensures 
that the deadband remains within the thermal comfort 
region. 

We define a 1-node linear model for the control model 
that accounts for convection and conduction similarly 
to the envelope model described in Section 3.2. Heat 
injections into the tank come from water heater power 
and water draws: 

Hwh(k) =ηwhPwh(k) + Vdraw(k)ρcp(θwm − θ1(k)) (6) 

6 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



where ηwh is the coefficient of performance of the heat 
pump water heater, θ1 is the tank temperature, θwm is the 
water mains temperature, Vdraw is the water draw flow 
rate, ρ is the density of water, and cp is the heat capac-
ity of water. To linearize the biquadratic term for wa-
ter draws, we assume constant temperature differences. 
We note that this formulation does not include a backup 
heating element for the heat pump water heater, which 
is included in OCHRE’s model. 

The linear state space equation for the water heater 
has one state for the water tank temperature, xwh = θ1, 
and one controllable input, uwh = Pwh. The uncontrol-
lable inputs are zwh = [Vdraw, θa]T , and we assume that 
the water mains temperature is known. 

3.4. Electric Vehicle 

OCHRE’s EV model tracks EV charging but does not 
model battery discharging during driving [24]. To ac-
count for discharging, a term is added that decreases the 
EV state of charge (SOC) when the EV is driving: 

dsev(k) 1 
= (ηevPev(k) − Pdrive pdrive(k)) (7)

dt Eev 

where sev is the EV SOC, Eev is the EV energy capac-
ity, ηev is the charge efficiency, Pev is the EV charging 
power, Pdrive is the power lost while driving, and pdrive 

is the percentage of time that the EV is driving. 
The linear state space equation for the EV has one 

state for the EV SOC, xev = sev. The only uncontrollable 
input is zwh = pdrive. 

3.5. Battery 

We use OCHRE’s linear battery model to track the 
battery SOC. Due to separate charging and discharging 
efficiencies, the controllable input is split into two vari-
ables, i.e., ubatt = [Pchg, Pdis]T , and we define Pbatt = 
Pchg − Pdis. The battery model has one state for the bat-
tery SOC, xbatt = sbatt. There are no uncontrollable in-
puts for the battery model, i.e., zbatt is an empty vector. 
We note that Abatt = 1 because there is no self-discharge 
modeled. 

3.6. Combined House Model 

The four controllable equipment models are com-
bined in parallel to create a linear model for the house: 

x(k + 1) = Ax(k) + Bu(k) + Gz(k) 
(8)

y(k) = Cx(k) 

where: 
Tx = [xhvac, θ1, sev, sbatt]T 

u = [Phvac, Pwh, Pev, Pchg, Pdis]T 

z = [Ta, Tg, Hint, HT
s , Vdraw, θa, pdrive]T 

y = [Tm, θ1, sev, sbatt]T 

A = diag([Ahvac, Awh, Aev, Abatt]) 

and the other matrices are defined similarly to A. The 
whole house power is defined as: X 

Phouse(k) = Pl(k) + Punc(k) (9) 
l∈L 

where Punc is the power from all uncontrollable house 
loads. The uncontrollable load power is considered as 
an uncertain input, similar to the inputs in z. 

3.7. Stochastic House Model 
The control model in (8) can be used directly in a de-

terministic control framework. For SMPC, the uncon-
trollable inputs become random variables, and noise ṽ 
is added to the outputs. The stochastic model becomes: 

x̃(k + 1) = Ax̃(k) + Bu(k) + Gz̃(k) 
(10)

ỹ(k) = Cx̃(k) + ṽ 

where: 
x̃(k) ∼ N(x̂(k), Σx(k)) 
z̃(k) ∼ N(ẑ(k), Σz(k)) 
ỹ(k) ∼ N(ŷ(k), Σy(k)) 

ṽ ∼ N(0, Σv) 
are all Gaussian random vectors. The mean and vari-
ance of all the uncontrollable inputs distributions z̃(k) 
are based on forecast estimates (see Section 5), and 
we assume that there is no covariance between the in-
puts. The diagonals of the covariance matrices corre-
spond to the variance of individual input or output vari-
ables, which we denote as σ2 , for example, diag(Σy) = xi 

[σ2 , σ2 , σ2 , σ2 ].Tm θ1 sev sbatt 

The probability distributions of the state and output 
matrices are calculated using a Kalman filter [39]: 

x̂(k) = x̂(−)(k) + K(y(−)(k) − Cx̂(−)(k)) 
(−)Σx(k) = (I − KC)Σ (k)x (11) 

ŷ(k) = Cx̂(k) 

Σy(k) = CΣx(k)CT 

where y(−) is the most recent house status received from 
OCHRE, and: 

(−) (−)K = Σ (k)CT (CΣ (k)CT + Σv)−1 
x x 

x̂(−)(k + 1) = Ax̂(k) + Bu(k) + Gẑ(k) (12) 

Σ(−)(k + 1) = AΣx(k)AT + GΣz(k)GT 
x 
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The equations above can be used directly when k is 
the current time. When calculating the state and out-
put distributions in the future, y(−)(k) is unknown and 
we set x̂(k) = x̂(−)(k). We also assume a closed-loop 
control strategy that accounts for past disturbances and 
reduces the expected uncertainty in future states. This 
is achieved by ignoring the Σx(k) term when calculating 

(−)
Σx (k + 1). 

3.8. Model Implementation 

The implementation of the HEMS controller and 
OCHRE is described in Figure 3. Before the simula-
tion begins, forecasts are generated using time-series 
data from weather and occupancy schedules. Every 30 
minutes, the HEMS controller receives the most recent 
house status y(−)(k) from OCHRE. It receives forecasts 
from a forecast generator of the form Z(k) = {z(k, h) : 
h ∈ [k, k + nh − 1]}, where z(k, h) is the forecast at time 
h evaluated at time k, and nh is the number of steps in 
the MPC horizon. The HEMS controller uses an MPC 
optimization to solve for u(h), and the control model 
predicts the future states x(h + 1) throughout the fore-
cast horizon. The controller sends the optimal set points 
y(k + 1) to OCHRE, which implements the set point at 
1-minute resolution. This process repeats every 30 min-
utes throughout the simulation. 

Note that the HEMS controller sends the temperature 
and SOC set points y(k + 1), not the power set points 
u(k), to OCHRE. This allows OCHRE’s device con-
trollers to determine the device power at 1-minute reso-
lution, which enables equipment cycling for the air con-
ditioner and the water heater. Providing OCHRE with 
these set points reduces the effects of model and fore-
cast uncertainty in achieving the desired set points, but it 
could cause the device power to deviate from the power 
expected by the MPC. This control signal works best for 
the MPC formulation in this paper; however, power set 
points might be more appropriate if a demand charge or 
a demand response event is involved and precise power 
controls are desired. 

We also note that the house status y(−)(k) includes all 
state variables in the deterministic case. This gives the 
DMPC perfect knowledge of the initial system state. In 
the SMPC case, the house status only includes output 
variables and the Kalman filter is used to estimate the 
states. 

4. Control Formulation 

We evaluate three types of HEMS controls: heuristic 
controls, DMPC, and SMPC. In this section, these three 

control strategies are outlined for each controllable de-
vice. All controllers operate at a 30 minute time resolu-
tion. 

For multiple equipment types, a soft constraint is 
used to limit discomfort or inconvenience costs. Soft 
constraints were chosen to more easily compare the dif-
ferent control strategies and to define how to quantify 
the costs when constraints are violated [40]. 

4.1. Heuristic Controls 
The heuristic controls for HVAC and water heating 

use a thermostat control with a deadband and a precool-
ing strategy designed around a time-of-use rate. The 
top of the HVAC deadband defines the comfort temper-
ature Tm that is used to evaluate all of the HVAC con-
trol strategies, with a comfort cost incurred when that 
threshold is exceeded. The water heater control uses a 
minimum comfort temperature θ1, which is also used to 
evaluate all control strategies. 

The heuristic controller charges the EV at its max-
imum power immediately upon arrival. This control 
strategy ensures that the EV SOC will be at its maxi-
mum possible value when the EV leaves, but it disre-
gards the variable cost of charging at different times of 
day. 

The heuristic battery controller performs energy ar-
bitrage based on a time-of-use rate. The battery begins 
charging at 10 AM and begins discharging at the start of 
the peak period. 

4.2. Deterministic MPC 
The DMPC formulation uses the linear house model 

described in Section 3.6 to minimize energy costs and 
costs associated with occupant comfort and conve-
nience. All terms in the objective function include a 
“cost coefficient” λ that normalizes the term into units 
of dollars. The first term defines the energy costs: 

Jpower(k) = λpower(k)tsPhouse(k) (13) 

where λpower is a time-varying price of electricity, and ts 

is the control time resolution. 
The objective includes occupant comfort and conve-

nience costs for HVAC, water heating, and EV charging, 
which depend on air temperature, hot water tempera-
ture, and EV SOC, respectively. The EV control is de-
signed to minimize any inconvenience associated with a 
low SOC at the time the EV leaves [24]. The costs are 
defined as: 

Jhvac(k) = λhvac|Tm(k) − Tm|+ 

Jwh(k) = λwhVdraw|θ1 − θ1(k)|+ (14) 

Jev(k) = λev(1 − sev(k))pleave(k) 

8 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



Figure 3: Flow diagram showing the inputs and outputs of the HEMS controller and OCHRE 

where λl is a comfort cost associated with each device, 
pleave(k) = pdrive(k) − pdrive(k − 1) is the probability that 
the EV is leaving during time step k, and |·|+ = max(·, 0). 
Jhvac only accounts for discomfort from hot tempera-
tures, but a similar cost term could be included for cold 
temperatures. 

For the battery, a terminal cost term is included, 
which is designed to make the battery control indifferent 
to discharging at the end of the horizon: 

Jbatt(k + nh) = −λ̂ power(k)Ebattηdis sbatt(k + nh) (15) 

where λ̂ power is the average cost of electricity over the 
forecast horizon, Ebatt is the battery energy capacity, and 
ηdis is the battery discharge efficiency. Note that this ob-
jective only considers the SOC at the end of the horizon, 
i.e., at time k + nh. 

We also include a term to smooth the power profile of 
each controllable device. This term can help reduce de-
vice degradation and reduce the set of optimal solutions, 
which improves the solver’s consistency across multiple 
scenarios. The peak cost term is: X 

Jpeak(k) = λpeak max |Pl(h)| (16)
h∈[k,k+nh−1]

l∈L 

where λpeak is a small positive number. 
The DMPC objective function at current time k with 

nh steps in the horizon is: 

k+Xnh−1� 
J(k) = Jpower(h) + Jhvac(h + 1) 

h=k � (17) 
+ Jwh(h + 1) + Jev(h + 1) 

+ Jbatt(k + nh) + Jpeak(k) 

The deterministic optimization problem is defined as: 

(P1) min 
u(h) 

: J(k) 

s.t. x(h + 1) = Ax(h) + Bu(h) + Gz(h) 
y(h) = Cx(h) 
0 ≤ ul(h) ≤ ul ∀l ∈ L 

sbatt ≤ sbatt(h + 1) ≤ sbatt 
(18) 

sev(h + 1) ≤ 1 

0 ≤ Pev(k) ≤ Pev(1 − pdrive(k)) 
∀h ∈ [k, k + nh − 1] 

where, in general, · and · are the minimum and maxi-
mum values of a given variable. Note that there is no 
minimum SOC constraint for the EV because of the un-
certainty due to driving loss. Because pdrive is either 0 or 
1, the maximum EV power is constrained to zero when 
the EV is driving and to the maximum charging power 
when the EV is parked. 

All constraints are linear, and the objective function 
can be transformed into a linear function through the 
addition of slack variables. This makes P1 a linear op-
timization problem that can be solved very quickly and 
guarantees a globally optimum solution. 

4.3. Stochastic MPC 
Under stochastic conditions, all uncontrollable inputs 

and all outputs are assumed to be Gaussian random 
variables. The stochastic optimization incorporates un-
certainty in these variables by using chance constraints 
based on a probability �xi of exceeding a constraint [9]: 

Pr(x̃i ≤ xi) ≥ 1 − �xi → βxi = Φ
−1(1 − �xi ) (19) 
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where Φ−1 is the inverse cumulative distribution func-
tion of the normal distribution, and βxi is a z-score asso-
ciated with the variable xi. 

For soft constraints, a back-off magnitude of βxi σxi 

incorporates the chance constraint in the objective func-
tion. The updated comfort costs from Equation (14) for 
the SMPC formulation are: 

Jhvac(k) = λhvac|T̂ m(k) − Tm + βTm σTm (k)|+ 

ˆJwh(k) = λwhVdraw|θ1 − θ̂1(k) − βθ1 σθ1 (k)|+ 

Jev(k) = λev(1 − ŝev(k))( ̂pleave(k) + βpleave σpleave (k)) 
(20) 

where σpleave is the standard deviation of p̃leave. 
The SMPC optimization problem is very similar to 

Problem (P1). The only changes are updating the cost 
terms from Equation (14) to Equation (20) and using 
the mean values of each random variable throughout the 
formulation, for example, the state equation becomes: 

x̂(h + 1) = Ax̂(h) + Bu(h) + Gẑ(h) 

We note that pdrive is no longer a Boolean input. 
No back-off magnitude is used in the maximum EV 
SOC constraint because EV charging is fully determin-
istic. The battery model has no uncertain inputs, so the 
stochastic controls are identical to the deterministic con-
trols for this device. 

5. Schedule and Forecast Descriptions 

Forecasts were developed for uncertain inputs z, in-
cluding weather data and occupancy schedules. Mul-
tiple forecasts were derived from the same underlying 
data, but with varying levels of complexity and accu-
racy. Common forecast methods from practice and from 
research literature were chosen, although we note that 
more sophisticated forecast methods can lead to fore-
casts with lower uncertainty. 

5.1. Weather Schedule and Forecast 

All simulations were performed using measured 
weather data from Denver, CO. Weather data were col-
lected in real time in July 2021 using an online appli-
cation programming interface (API) [41]. The same 
weather API was used to get weather forecast data. The 
weather data and forecast were collected every 1 hour, 
and the forecast had a duration of 48 hours and a time 
resolution of 1 hour. 

Weather data used in the simulation include ambient 
temperature, pressure, relative humidity, cloud cover, 
and wind speed. Cloud cover data were converted 

to irradiance values using a clear-sky scaling method 
[42, 43]. 

The weather forecast used in this study did not pro-
vide an estimate of the uncertainty in the forecast. The 
temperature distribution was calculated using the differ-
ence between the actual temperature and the forecast, 
aggregated by the time difference between the current 
time k and the prediction time h, denoted Δk = h − k: X� �1 nk 

T (b) T ( f )(Δk) = a (k, h) − Ta(h)a nk k=1 
nkX�1 �2 

σ2 
Ta 

(Δk) = Ta 
( f )(k, h) − Ta(h) − Ta 

(b)(Δk)
nk − 1 

k=1 
(21) 

where Ta 
( f )(k, h) is the forecasted temperature at time h 

evaluated at time k, Ta 
(b)(Δk) is the bias in the forecast, 

and nk is the number of time steps with valid data. There 
was valid weather and forecast data for almost every 
hour for the month of July. The ambient temperature 
distribution is: � � 

T ( f )T̃ a(k, h) ∼ N a (k, h) − Ta 
(b)(h − k), σ2 

Ta 
(h − k) 

(22) 
Figure 4 shows the temperature forecast at noon on 

the first simulation day, with the shaded region show-
ing the 95% confidence interval. The bias of the tem-
perature forecast with a time difference of less than 4 
hours was within 1◦C, and the standard deviation with 
a time difference of 1 hour was 0.6◦C. The uncertainty 
increased for the first 3 hours of the forecast and then re-
mained stable near 2◦C. We note that this analysis cov-
ers only temporal uncertainty; there could also be spa-
tial uncertainty because of weather differences between 
the weather station and the house. 

The solar heat gain distribution was calculated using 
a slightly different method to keep uncertainty low when 
solar irradiance is low, for example, at night. The stan-
dard deviation of global horizontal irradiance (GHI) was 
calculated in the same way as (21) and was used to cal-
culate the solar heat gain standard deviation: 

σGHI (h − k)
σHs (k, h) = Hs 

( f )(k, h) (23)
µGHI (h − k) 

where H( 
s
f )(k, h) is the forecasted solar gain vector, and 

µGHI (Δk) is the average forecasted GHI. The uncertainty 
follows a similar pattern to temperature; the standard 
deviation increases during the first few hours of the fore-

2cast and then remains stable near 100 W/m . 

5.2. Occupant Schedule and Forecast 
A single-occupant schedule was used for all simu-

lations. The schedule was generated using the Res-
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Figure 4: Temperature forecast and 95% confidence interval at noon 
on one of the simulation days 

Stock™ stochastic occupancy generator for a typical 
single-family home with a single occupant in Denver, 
CO [44]. The schedule has 1-minute resolution profiles 
for occupancy, power usage for uncontrollable loads, 
and hot water draws for appliances and fixtures. The 
EV schedule was generated from OCHRE using park-
ing event data from EVI-Pro [45]. Note that because 
the EV schedule came from a different data source, the 
occupancy and EV schedules do not directly match. 

The schedule was run using OCHRE for a full year 
with typical meteorological year weather data to get 
an annual profile of key variables to be used for fore-
casts. Key variables include driving status (for pdrive and 
pleave), total hot water draws, total uncontrollable load 
power, and internal heat gains. Uncontrollable power 
includes appliances, lighting, and other electrical equip-
ment that are not modeled in the MPC framework. In-
ternal heat gains incorporate heat gains from occupants, 
equipment, radiation from windows, and infiltration. 

Three types of forecasts were generated from the an-
nual simulation data. All forecasts use a time resolution 
of 30 minutes and define the uncertainty of the random 
variable by assuming a Gaussian distribution at each 
time step. An exact forecast directly uses the results 
of the simulation as the mean and sets the standard de-
viation of the variable to zero. 

A second forecast uses a backward-looking 30-day 
moving horizon to estimate random variables based on 
the time of day. For example, the water draw at noon 
on July 1 is estimated using the water draw values at 
noon from the month of June. The sample mean and 
sample variance are used to define the random variable 
distribution at that time. 

A third forecast uses an autoregressive integrated 

Figure 5: Water draw forecasts and confidence intervals at 11AM on 
one of the simulation days 

moving average exogenous (ARIMAX) filter to esti-
mate random variable distributions. The 30-day horizon 
forecast was used as the exogenous component. The 
ARIMAX filter uses an order of (2, 1, 1) for autoregres-
sive, difference, and moving average parameters [46]. 

It is very difficult to measure internal gains in a real 
environment, and it would be impossible to use an ARI-
MAX forecast without data measurements. For this rea-
son, an ARIMAX forecast for internal gains is not cal-
culated; instead, the 30-day horizon forecast is used for 
the ARIMAX scenarios. 

Figures 5 and 6 show the three forecast options at 
a single simulation time step for the water draw and 
EV driving variables, respectively. The figures show 
the mean and the 95% confidence interval for the 30-
day horizon and ARIMAX forecasts. The 30-day mov-
ing horizon forecasts have negligible bias. The aver-
age standard deviations are 0.2 L/min for the water draw 
forecast and 0.35 for the EV state, which are both high 
relative to the average actual values. In the near term, 
the ARIMAX forecast does a better job of estimating 
the EV driving state and reducing its uncertainty by us-
ing current and past data in its prediction; however, the 
two long-term estimates perform about the same, with 
the ARIMAX predicting larger uncertainty. The ARI-
MAX method also does not significantly impact the wa-
ter draw forecast, which tends to be more stochastic. 

6. Simulation Results and Discussion 

Simulations were run with multiple combinations of 
the three control types described in Section 4 and the 
three forecast types described in Section 5. First, the 
impacts of the model reduction and linearization on the 
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Figure 6: EV driving forecasts and confidence intervals at 2PM on 
one of the simulation days 

Table 1: Key modeling and control parameter values 

Parameter Value Parameter Value 

ΔTop 48 
Top,rad $0.10–0.27/kWh 
ηhvac $0.125/◦C-hr 
(θ1 − θwm)op $0.01/◦C-L 
ηwh $1/kWh 
Pdrive $10−5/kW 
Eev 22.7◦C 
Ebatt 46.1◦C 

20% 

10◦C nh 

20◦C λpower 

3.8 λhvac 

33.1◦C λwh 

4.5 λev 

0.65 kW λpeak 

32.5 kWh Tm 

12 kWh θ1 

�xi (all) 

envelope model are shown. Next, the heuristic control 
and DMPC strategies are compared. The DMPC and 
SMPC are then compared under different levels of fore-
cast uncertainty, and optimal control considerations in 
HEMS applications are discussed. 

All simulations were run with the same house model, 
equipment characteristics, weather data, and occupancy 
schedules. Scenarios without MPC were run for 14 days 
in July, and scenarios with MPC were run for 13 days. 
Key simulation parameters are shown in Table 1. The 
electricity price λpower was taken from Xcel Energy Col-
orado’s summer time-of-use rate [47], which includes 
an off-peak rate of $0.10/kWh, a shoulder period from 
1–3 PM at $0.19/kWh, and a peak period from 3–7 PM 
at $0.27/kWh. 

The values of the cost coefficients associated with oc-
cupant comfort were estimated using assumptions for a 
person’s willingness to pay for the desired comfort met-
ric. For example, the water heater cost coefficient as-
sumes a $5 cost for a 50 L shower at 10◦C colder than 
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Figure 7: Simulated indoor temperature with the full and reduced-
order linearized models 

the minimum desired temperature. 

6.1. Comparison of Linear Models 

The impacts of the model reduction and linearization 
of radiation and infiltration are shown in figures 7 and 
8. Figure 7 shows the difference in the modeled indoor 
air temperature between the full OCHRE model and the 
linearized model described in Section 3. In both models, 
the air conditioner turns on around midday and cycles 
according to the deadband control with a constant set 
point. At night, the air conditioner turns off, and the 
temperature floats below the set point. During a 10- to 
15-hour window each night, the maximum temperature 
deviation between the simulations is less than 1◦C. 

Figure 8 compares the air-conditioning energy con-
sumption during the peak period under different model-
ing conditions to assess the impacts of linearization and 
model reduction. Three models—OCHRE, a full-order 
linear model, and the reduced-order linear model—were 
run with a constant HVAC set point and the heuristic 
precooling control. The linear models overestimate the 
HVAC consumption compared to the OCHRE model, 
and they underestimate the energy savings due to pre-
cooling controls. The reduced linear model underesti-
mates the difference by 14%, indicating that the MPC 
might undervalue precooling controls. 

6.2. Deterministic MPC 

We next compare the control performance between 
the baseline heuristic controls and the DMPC with an 
exact forecast. Although this DMPC case does not in-
clude forecast or measurement uncertainty, there is still 
some model uncertainty due to the model linearization 
and the difference in time resolution between OCHRE 
and the control model. 
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Figure 8: Cooling energy consumption during on-peak hours using a 
constant thermostat set point and a pre-cooling control. The difference 
in on-peak energy consumption between the two controls is shown at 
the right. 

Figure 9 shows the state of each controllable equip-
ment and the total house power for these two cases for 
a subset of the simulation time. The DMPC reduces to-
tal house power during the shoulder and peak periods. 
Both controllers adjust the HVAC set point before the 
peak period, but the air temperature is very similar for 
the rest of the day. The baseline heuristic control main-
tains a constant hot water set point, whereas the DMPC 
keeps the set point very low except when large water 
draws are expected during the peak period. The DMPC 
EV controller delays charging until after the peak pe-
riod and slowly reaches full SOC right before the EV 
leaves. It also charges the battery more slowly than the 
scheduled heuristic controller. 

Note that the heat pump water heater temperature 
stays very close to the set point temperature in the 
DMPC control because the deadband size reduces as the 
set point approaches the minimum comfort temperature. 
Although this helps achieve low energy costs and low 
water discomfort, it leads to a lot of equipment cycling, 
which can reduce the lifetime of the equipment. 

Imperfect forecasts reduce the DMPC performance, 
particularly for the water heater controls. Figure 10 
shows the difference in water heater results from the 
DMPC cases with an exact forecast and the ARIMAX 
forecast. The ARIMAX case tends to have a lower set 
point temperature because the forecast expects more fre-
quent but smaller water draws. As shown in Table 2, the 
forecast error leads to more discomfort due to low wa-
ter temperatures, but it also slightly reduces the water 
heater energy cost. Both controls cycle the water heater 
frequently when no draws are expected. 

The DMPC forecasts also impact the EV controls as 
shown in Figure 11. The baseline controller always 
charges the EV as fast a possible, and the DMPC with 
an exact forecast always charges the EV as slow as pos-

Figure 9: Simulation results for the baseline heuristic control case and 
the DMPC case with exact forecasts 

sible while achieving full charge before the EV leaves. 
The DMPC with the ARIMAX forecast often charges in 
between these two cases, delaying charging during the 
peak period but charging more quickly after that. We 
note that the energy cost due to EV charging was iden-
tical for all MPC cases. 

6.3. Stochastic MPC 

Compared to the DMPC cases with imperfect fore-
casts, the SMPC is able to reduce hot water comfort 
costs as well as water heater cycling. Figure 12 shows 
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Figure 10: Water heater simulation results for the DMPC cases with 
exact and ARIMAX forecasts 

Figure 11: EV SOC for the baseline heuristic case and the DMPC 
cases with exact and ARIMAX forecasts 

the water temperature for the DMPC and SMPC cases 
with the ARIMAX forecast. The SMPC case maintains 
a higher set point most of the time, leading to less wa-
ter discomfort, less water heater cycling, and slightly 
higher energy costs. The SMPC water heater set point 
depends on the distribution of water draw volume for 
the next MPC time step. The set point temperature in-
creases when either the mean value increases or when 
the variance increases. The set point also increases sig-
nificantly before the peak demand periods. 

The SMPC led to small differences in the HVAC con-
trols as shown in Figure 13. Although both the DMPC 
and SMPC controls precool the space before the peak 
period, the SMPC case reduces the cooling set point by 
approximately 0.1◦C for the rest of the day. This has lit-
tle impact on the nighttime air temperature, but it does 
reduce the temperature while the air conditioner is on. 
This leads to a small increase in energy costs and a very 

Figure 12: Water heater simulation results for the DMPC and SMPC 
cases with ARIMAX forecasts 

Table 2: Control performance results for each case, including energy 
costs (Jpower ), water heater comfort costs (Jwh), and water heater cy-
cles 

Control Forecast Jpower Jwh WH Cycles 
Type Type ($/mo) ($/mo) (1/day) 

Heuristic N/A 119.4 1.1 2.0 
DMPC Exact 94.6 2.4 27.9 
DMPC 30-day 94.2 9.2 24.5 
DMPC ARIMAX 94.2 7.6 22.3 
SMPC 30-day 96.9 1.4 4.0 
SMPC ARIMAX 97.0 1.0 4.2 

small decrease in air comfort as quantified by the cost 
Jhvac. 

We note that there is no change in the DMPC and 
SMPC controls for the EV and battery. In theory, the 
SMPC EV controls should be more conservative and 
might charge the EV sooner to ensure a low EV incon-
venience cost Jev; however, this behavior was not shown 
in the simulation results. 

6.4. Control Performance 

The control performance for all the simulations is 
shown in Table 2. The energy cost Jpower and wa-
ter heater comfort cost Jwh were the only costs from 
the MPC objective that significantly contributed to the 
overall cost. All other comfort costs were exactly zero 
except for Jhvac, which was no larger than $0.04/mo 
for some scenarios due to small temperature deviations 
that exceeded the comfort range. Costs were calculated 
using the power and states from the system model in 
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Figure 13: HVAC simulation results for the DMPC and SMPC cases 
with ARIMAX forecasts 

OCHRE. The costs were aggregated over the full simu-
lation time of 13 days and then scaled to show monthly 
costs. The average number of water heating (WH) heat 
pump cycles per day are also reported from OCHRE. 
We note that the electric resistance element was not 
turned on in any of the cases. 

As expected, the DMPC with the exact forecast re-
duces the total cost the most when considering only the 
objective function costs and not the water heater cy-
cles. All MPC cases have a smaller energy cost than 
the heuristic case, primarily because of the delayed EV 
charging after the peak period. The 30-day horizon fore-
casts perform very similarly to the ARIMAX forecasts 
and had very similar control strategies. 

The SMPC cases outperform all other cases exclud-
ing the case with an exact forecast. Compared to the 
heuristic control, they significantly reduce the energy 
cost and slightly increase the number of water heater cy-
cles. Compared to the DMPC cases, they have slightly 
higher energy costs and much lower water discomfort 
costs. The SMPC also had much less water heater cy-
cling, which can reduce the equipment lifetime; while 
water heater cycling is not considered in the control ob-
jective, the results show this additional benefit of the 
SMPC. 

The SMPC control had the largest impact on the de-
vice with the highest uncertainty in the control variable: 
the water heater. Due to difficulty in forecasting water 
draws, the water heater model inputs and outputs had 

significant uncertainty, which caused a large difference 
between the DMPC and SMPC set points. The improve-
ments in the SMPC performance highlights the impor-
tance of stochastic controls, especially in systems with 
high levels of uncertainty. 

There is an interesting parallel between the differ-
ences in set points between the DMPC and SMPC 
cases and the deadband of the heuristic control. The 
SMPC back-off magnitudes effectively act as a dead-
band that buffers the control variable from exceeding its 
constraints. In this sense, the SMPC algorithm com-
bines the best features of the heuristic control and the 
DMPC control. In addition, the SMPC improves upon 
the heuristic control by varying the size of the “dead-
band” based on the uncertainty in the control variable. 
We also note that the back-off magnitudes are easily ad-
justable by updating the risk tolerance of exceeding a 
constraint �xi . 

7. Conclusions 

In this paper, a framework is developed for simu-
lating HEMS controllers that incorporates model and 
forecast uncertainty. The framework includes a linear, 
reduced-order building model that can be derived from 
white-box equipment and envelope parameters. Heuris-
tic, DMPC, and SMPC strategies are evaluated, and we 
find that the SMPC algorithm performs best when us-
ing common forecasts methods that incorporate uncer-
tainty. The framework can evaluate the performance of 
HEMS in real-world applications, which can help de-
risk HEMS deployment. 

The simulation results are limited to a single test case 
and might not be generalizeable for cases with different 
equipment parameters, weather and occupant schedules, 
or objective functions; however, SMPC is shown to in-
corporate the features of both MPC and heuristic con-
trols and is likely to provide benefits for systems with 
high levels of uncertainty. 

There are many extensions to the modeling and con-
trol methods developed in this paper. More sophisti-
cated forecasts are likely to reduce uncertainty and im-
prove control performance. Many advanced control fea-
tures could be incorporated, for example, quadratic or 
mixed-integer programming, parameter-varying mod-
els, or asynchronous controls. We also suggest further 
study into a combination of SMPC and heuristics to op-
timally set the deadband size for devices with equip-
ment cycling. 
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