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Abstract—Micro-scale concentrated solar power (MicroCSP)
is a promising technology that uses solar energy to provide
electrical energy and thermal energy for use in buildings. This
paper presents a model predictive control (MPC) framework
to minimize the energy consumption of the building heating,
ventilation, and air-conditioning (HVAC) system by integrat-
ing it with a microCSP. To this end, a microCSP model
is developed and then integrated to the building model of
an office building in Michigan Technological University. The
designed MPC framework optimizes thermal energy storage
(TES) usage and thermal energy flows from the heat pumps
to the building rooms. The optimal control results show that
the integration of microCSP to the building HVAC system
reduces the HVAC energy consumption by almost half (47-
52%) by optimally utilizing the solar energy. The designed
MPC framework provides 46% energy saving, compared to
a heuristically designed rule-based controller for the combined
HVAC and microCSP systems.

I. INTRODUCTION

According to the United States Environmental Protection
Agency (EPA) [1], in 2015, 34% of the total CO2 emissions
in the US was caused by electricity generation. Residential
and commercial buildings accounted for 34% and 37% of
total electricity consumption in the US in 2017, respectively
[2]. Thirty percent of the energy consumption in buildings in
the US in 2017 was found to be due to the heating, venti-
lation, and air-conditioning (HVAC) systems [3]. Hence, the
considerable amount of energy consumption and associated
CO2 emissions from HVAC systems makes them a good
candidate for energy efficiency programs.

CSP plants have been utilized over the past four decades;
however, micro-scale concentrated solar power (MicroCSP)
systems with power less than 1 MW have become more pop-
ular in recent years [4]. One of the well-known technologies
in microCSP is the use of organic rankine cycles (ORC) to
convert low-grade thermal energy into electrical energy [5].

MicroCSP is a promising technology for use in buildings
and HVAC systems, particularly for heating purposes. In the
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microCSP plant in this study, solar energy absorbed by the
PTC is converted to thermal energy. This thermal energy is
stored in a TES so that it can be dispatched to the ORC
when needed. The ORC produces electricity and cogenerated
low-grade heat. This low-grade heat is used to preheat the
fresh air coming from the Energy Recovery Ventilator (ERV)
and/or the recycled air from the rooms in the building. In
addition, electrical energy contribution of the ORC reduces
the electrical energy from the grid.

Control of the microCSP system when integrated to the
building HVAC system is challenging. Solar irradiation is
limited to daylight hours; thus, for optimal usage of energy
from microCSP, TES has to store the thermal energy from
PTC and dispatch it to the ORC according to the building
HVAC demand. The controller has to optimally decide when
to dispatch thermal energy from TES to ORC, using solar
energy, and when to operate the room heat pump, using
electrical energy from the grid.

Model predictive controllers (MPC) have been success-
fully used for control of building HVAC systems with heat
pumps [6], PV panels and batteries [7]. MPC can provide
real time optimal solution and can handle constraints on
TES state of charge, heat pump operating limits, and meet
comfort bounds in the building thermal zones. Hence in this
study, we develop models of the building and microCSP, and
design MPC to optimally control TES usage along with the
thermal energy flows from the heat pumps to the building.
MPC controls the room temperature based on the current
and future room temperature set points and solar irradiation
forecast.

This paper presents our first results for showing energy
saving potential by optimal use of a microCSP system for
building HVAC systems. The building model and HVAC
model are based on a real test setup at Michigan Techno-
logical University [8] and the microCSP model is based on
our recently purchased system [9].

To the best of authors knowledge, this paper presents the
first study undertaken for real-time model-based predictive
control (MPC) for the optimal integration of microCSP into
a building HVAC system.
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II. BUILDING TESTBED

The building testbed considered in this work is the
Lakeshore Center building at Michigan Technological Uni-
versity. This three-story office building has an area of 61,500
ft2 where each room or office has its individual heat pump for
heating purposes. This building is equipped with a Ground
Source Heat-Pump (GSHP) that supplies geothermal energy
from the ground to the individual heat-pumps in the rooms;
however, in this study, we assume that the GSHP is replaced
with a microCSP testbed that will supply cogenerated low-
grade heat to the rooms’ heat-pumps. In the microCSP, solar
energy is converted to thermal energy by the PTC (Q̇SOL)
and stored in the TES. This stored thermal energy is delivered
to the ORC (Q̇TES), which cogenerates electrical power
(PORC) and thermal power (Q̇COG) as shown in Fig. 1.

Each room is considered as an individual thermal zone in
the testbed and is equipped with a thermocouple with ±0.2◦C
accuracy. The temperature data is recorded with 1-minute
sampling time.

III. MODELING

A. PTC Model

The solar field considered in this paper is composed of
two rows of PTC PTMx-24 from Soltigua [10]. A tracking
system allows the collectors to track the sun from east to
west around a horizontal north-south axis. Equation (1) shows
the relationship between the declination angle (δ), the zenith
angle (θz), the hour angle (ω), and the incidence angle (θ)
which is the angle between the solar beam and the line normal
to the tracking plane [11].

cos(θ) =
√

cos2(δ)× cos2(ω) + cos2(θz) (1)

The declination angle is the angle between the position of
the sun at noon, and the plane of the equator. This angle
varies throughout the year −23.45◦ ≤ δ ≤ 23.45◦. The
following equation is used to calculate δ [12]:

δ = 23.45× sin(
281 + n

365
× 2π) (2)

where, n is the day number starting from January 1st.
The hour angle (ω) is the angle between the sun and the

local meridian such as

ω = (TSolar − 12)× 2π

24
(3)

where, TSolar is the solar time. The solar time is related to
the standard time TStandard by the following relationship

TSolar = TStandard −DST +
Lst − Lloc

15
+
Et
60

(4)

where, DST is the Daylight Saving Time (DST = 1 during
daylight saving time and 0 otherwise), Lst and Lloc are
the meridians for the local time zone and the collector site,
respectively. Et is the well-known equation of time, that takes
into consideration the elliptical shape of the earth’s orbit [13].

The zenith angle δz is the angle between the zenith, the
line normal to the ground, and the sun. It is related to the
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Fig. 1. Building HVAC and microCSP setup in this study.

declination angle δ, the hour angle ω, and the latitude angle
φ as follows [12]:

cos(θz) = cos(δ)× cos(ω)× cos(φ) + sin(δ)× sin(φ) (5)

After finding the incidence angle, the solar power absorbed
by the collectors is calculated by

Q̇gain = ηo × IAM × cos(θ)×Ap ×DNI (6)

where, DNI is the direct normal irradiation, Ap is the
aperture area, ηo = 0.748 is the collectors’ optical efficiency
specified by the manufacturer [10], and IAM is the inci-
dent angle modifier that correlates the losses related to the
imperfection of the reflectors.

Equation (7) is a correlation used to predict the heat loss
in the collectors [14]:

Q̇loss = a1 ×
(Thtf − Tamb)

DNI
(7)

where, a1 = 0.64 is the heat loss coefficient given by
the collectors manufacturer [10], and Tamb is the ambient
temperature. Assuming that the heat transfer fluid (HTF)
temperature is linear along the collectors, we consider Thtf
as the average temperature of the HTF in the collectors.

Thtf =
Thtf,in + Thtf,out

2
(8)

Where, Thtf,in and Thtf,out are the HTF inlet and outlet
temperatures of the solar field, respectively.

Finally, the heat power produced by the solar field is

Q̇SOL = Q̇gain − Q̇loss (9)

It should be noted that the mass flow rate of the HTF
(ṁhtf ) is controlled to increase the HTF temperature in the
solar field by ∆T = 40◦C (i.e., Thtf,in = 140◦C, Thtf,out =
180◦C).

The collector model was validated using experimental data
from the manufacturer Soltigua for the PTMx-24 [15].

B. TES Model

In this paper, the TES system can store the energy from
the solar field so that it can be used when there is a demand
for thermal and electrical energy by the building. In general,
TES is being used to mitigate intermittent power generation
and ensure reliable and uninterruptible power supply through
ORC in the event of temporary weather changes. For our
study a two-tank direct system is considered as the TES
(Fig. 1). Both tanks are modeled as a fully-mixed cylindrical
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tank with a constant cross-sectional area that contains a
variable quantity of the HTF and have the capacity to store
the whole volume of HTF. During charging, the hot tank
accumulates the high-temperature HTF produced by the solar
field, while the cold tank sends back the low-temperature
HTF to the solar field. During discharging, the hot tank
supplies the high-temperature HTF to the power cycle which
uses the HTF thermal energy to produce electricity and low-
grade heat and directs the low-temperature HTF to the cold
tank.

The state of charge (SOC) of the TES is calculated using
the following equation.

˙SOC =
(Q̇SOL − Q̇TES)

CTES
(10)

Where, Q̇SOL is the solar field generation, Q̇TES is the
power from the TES to the ORC, and CTES is the TES
capacity.

C. ORC Model

This work uses the ORC system ENO-10LT manufactured
by ENOGIA [9]. This system is a low-temperature 10 kW
ORC module, which uses R245fa as the working fluid (WF).

In the ORC, the WF enters the turbine in a vapor state
at high pressure and high temperature (State 1). The high
pressure fluid energy is converted to mechanical energy in
turbine and then converted to electrical energy in the power
generator. After passing the turbine blades, the WF remains at
its vapor state at a lower temperature and pressure (State 2).
Then, the WF enters the condenser where its state changes to
liquid and thereby rejecting heat through the heat exchanger
(State 3). This heat will be used to heat the fresh air coming
from the ERV and/or the recycled air from the rooms. The
low temperature and low pressure liquid is then compressed
by a pump (driven by a motor) to increase its pressure (State
4). The cycle is repeated when the WF passes through the
evaporator and acquires heat extracted from the HTF coming
from the TES, which changes the state to vapor and increases
its temperature.

Using the First Law of Thermodynamics for the ORC as
a closed system yields:

Pgross = ηgen × ṁWF × (h1 − h2) (11a)

Pmotor =
ṁWF × (h4 − h3)

ηmotor
(11b)

PORC = Pgross − Pmotor (11c)

Q̇COG = ṁWF × (h2 − h3) (11d)

Q̇TES = ṁtes × cp,htf × (Tev,in − Tev,out) (11e)

where, Pgross is the gross electrical power generated by
the turbine, Pmotor is the electrical power consumed by the
motor, PORC is the net electrical power generated by the
ORC, Q̇COG is the cogeneration heat rate delivered by the
ORC, Q̇TES is the heat rate from the HTF to the ORC
evaporator, ηgen and ηmotor are the efficiencies of the ORC
turbine generator and motor, respectively. ṁtes is the HTF
mass flow rate from the TES, Tev,in and Tev,out are the
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Fig. 2. ORC electric power (PORC ) and cogeneration heat production rate
(Q̇COG) as a function of HTF mass flow rate (ṁhtf )

HTF inlet and outlet temperatures to the ORC evaporator,
respectively.

It can be shown that

PORC = f(ṁWF , ṁtes, cp,htf , Tev,in, Tev,out, (12a)
h3, rp, ηgen, ηmotor)

Q̇COG = g(ṁWF , ṁtes, cp,htf , Tev,in, Tev,out, (12b)
h3, rp, ηgen, ηmotor)

where, rp is the turbine pressure ratio of the ORC.
In Equation (12), ṁWF is kept constant in the ORC

module in this study; Tev,in and Tev,out are constant design
temperatures, cp,htf is considered constant. h3 is a function
of T3 and P3 which are the condensation temperature and
pressure, that are kept constant by controlling the coolant
mass flow rate. ηgen, and ηmotor are constant for the given
system. The rp is variable according to the power needed and
is fixed to a nominal value of 3 to increase efficiency in the
ORC working range. Thus, PORC and Q̇COG are functions
of ṁtes for the ORC system in this study. The variation of
PORC and Q̇COG as a function of ṁtes is shown in Fig. 2.
The mathematical model in this work was validated against
experimental data [16] from the manufacturer and the errors
for estimating PORC and Q̇COG were less than 10%.

D. Building Thermal Model and HVAC Power Consumption

The building testbed presented in section II (i.e., Lakeshore
Center at Michigan Technological University) is modeled by
using the well-known RC modeling approach where heat
storage and heat transfer between adjacent zones and outdoor
are modeled with capacitive, resistive, and current elements.
The details of the building testbed modeling and experimental
validation are found in our previous works in [8], [17], [18].

The building HVAC energy consumption is represented by
the energy index (Ie,t) which is calculated as follows

Ie,t =

tf∑
t=0

Nz∑
i=1

(
PFi,t + PHi,t

)
(13)
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Fig. 3. Schematic of the designed MPC for optimal energy control of the
combined microCSP and building HVAC system.

where, Nz is the number of building thermal zones. Since this
work concentrates on the heating mode, the power consumed
by the building HVAC system is the sum of the ventilation fan
power (PFi,t) and the heat pumps (HPs) power consumption
(PHi,t). The HVAC electrical power consumption is calculated
by:

PFi,t = γF × (ṁr
i,t)

3 (14a)

PHi,t =
ṁr
i,t × cp,air × (T sui,t − THPi,t )

COP
(14b)

where, γF is power coefficient of the fan and ṁr
i is the mass

flow rate of the supply air. Equation (14b) calculates the
power consumption of the HPs as a function of the supply
air temperature (T su), the HPs inlet temperatures (THPi,t ),
and the Coefficient of Performance (COP) of the HPs. The
HPs inlet temperature is calculated by Equation (15a) and
(15b) for occupancy and non-occupancy modes, respectively,
according to the ANSI/ASHRAE Standard 62.1-2007 for
required indoor air quality.

THP
i,t =

ṁr
i,t − ṁv

i,t

ṁr
i,t

× T r
i,t +

ṁv
i,t

ṁr
i,t

× TERV
t +

Q̇COG,t

Nz × ṁr
i,t × cp,air

(15a)

THP
i,t = T r

i,t +
Q̇COG,t

Nz × ṁr
i,t × cp,air

(15b)

The ERV outlet temperature is calculated using the Energy
Recovery Effectiveness (ERE) defined by ASHRAE Standard
84 and AHRI Standard 1060:

TERVt = Tamb,t + ERE × (T ri,t − Tamb,t) (16)

IV. BUILDING MODEL PREDICTIVE CONTROL

Fig. 3 depicts the structure of our designed MPC for
optimal energy control of the building with the microCSP
system. To minimize the HVAC energy consumption of
the building, the objective function is defined according to
Equation (17) subject to the constraints listed in Equation
(18). The optimization problem is solved at each time step t
to find the N future values of the two inputs, including the
supply air temperature (T su) and the HTF mass flow rate
form the TES (ṁtes). Here, room temperature soft constraints
are used to guarantee feasibility of optimal solution at all
times. The MPC optimization model inputs are weather
forecast and irradiation. Room air temperature bounds are
defined according to ANSI/ASHRAE Standard 55-2013, and
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ventilation requirements are set based on ANSI/ASHRAE
Standard 62.1-2007.

min
ṁtes,T su,ε̄,ε

{

PGrid,t×∆t︷ ︸︸ ︷
(Ie,t −

tf∑
t=0

PORC,t ×∆t) +ρ× (|ε̄|1 + |ε|1)}

(17)

Subject to the following constraints:

Tt+k+1|t = A.Tt+k|t +B.T su
t+k|t + Edt+k|t (18a)

T r
t+k|t = C.Tt+k|t (18b)

PORC,t+k|t = f(ṁtest+k|t) (18c)

Q̇COG,t+k|t = g(ṁtest+k|t) (18d)

SOCt+k+1|t = SOCt+k|t +
(Q̇SOLt+k|t − Q̇TESt+k|t)×∆t

CTES
(18e)

SOC ≤ SOCt+k+1|t ≤ SOC (18f)
0 ≤ ṁtest+k|t ≤ ṁmax (18g)

THP
t+k|t ≤ T su

t+k|t ≤ T̄t+k|t (18h)

T r
t+k|t − εt+k|t ≤ T

r
t+k|t ≤ T̄ r

t+k|t + ε̄t+k|t (18i)

εt+k|t, ε̄t+k|t ≥ 0 (18j)

Equations (18a) and (18b) represent the buildings state-
space model; (18c) and (18d) constitute the ORC model;
(18e) includes the TES model for calculating SOC; (18f)
shows the TES lower bound SOC and upper bound SOC set
to 5% and 95%, respectively; (18g) shows the ORC evapora-
tor mass flow limit (ṁmax) set by the manufacturer [9]; (18h)
is the supply air temperature constraint based on HP settings;
(18i) is the output constraint on room air temperature; finally,
(18j) includes the slack variables constraints.

V. CONTROL RESULTS

The building, solar field, and TES models are imple-
mented in MATLAB R©. For optimization problem formula-
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Fig. 5. MPC results with microCSP integration into the building.

tion, YALMIP Toolbox [19] was used in MATLAB R© which
provides a symbolic syntax to interface with the solver.

The building is simulated with 48 thermal zones. For MPC
simulations, a prediction horizon of N = 24 with a time step
of ∆t = 30 minutes is used. The simulations are done for a
winter day in Houghton, MI.

A. Optimal HVAC Control

This section presents the results of the building HVAC
control without the microCSP system. The section is included
mainly for comparing this work control results with those
without utilizing the microCSP system. The MPC frame-
work formulation is similar to that in Equations (17) and
(18) excluding (18c), (18d), (18e), (18f), and (18g) which
are related to the ORC and TES models and constraints.
Details about the optimal HVAC control and the optimization
problem formulation can be found in [17].

Fig. 4(a) shows the air temperature of a sample room. As
seen from the figure, the room temperature is within the
comfort temperature bounds. The only control variable is
the supply air temperature (T su). The optimizer minimizes

the energy consumption of the building HVAC system by
supplying just enough heat to keep the room air temperature
at the lower comfort bound, as shown in Fig. 4(a). Heating
supply air is done by the heat pumps which take power from
the grid. Since there is no other source of heat and only
HVAC loads are considered, the power from the grid has the
same profile of the supply air temperature (Fig. 4(b)).

B. Building Predictive Control with microCSP

The supply air temperature and the air temperature of
a sample room within the comfort temperature bounds are
shown in Fig. 5(a). It can be seen that, when the building is
not occupied (i.e., from midnight to 6 AM), the heat pumps
are shut down, while the room temperature is inside the
bounds. Then, during the very early morning, just before
the beginning of the occupancy mode, the optimizer turns
on the heat pumps for preheating to ensure that the room
temperature stays within the comfort temperature bounds.
To minimize HVAC energy consumption of the building, the
optimizer tries to keep the room air temperature at the lower
comfort bound, during the occupancy mode, by supplying the
minimum heat needed. Fig. 5(b) depicts the heat produced
in the solar field, and the heat dispatched from the TES to
the ORC. When there is no microCSP, all the heat required
during the occupancy mode is supplied by the heat pumps
(Fig. 4). Whereas with microCSP, the heat pumps supply the
required heat only during the beginning of the occupancy
mode until the TES is charged with enough heat from the
solar field to run the ORC and supply cogenerated heat to the
building (Fig. 5(c)). Fig. 5(d) shows the grid power supplied
to the heat pumps when they are on, and the electricity
produced by the ORC which is consumed by the ventilation
fans. The excess of heat produced by the solar field and not
used by the ORC is stored in the TES, causing the SOC of
the TES to increase. The stored heat is recovered later, at the
end of the day when there is not enough solar irradiation at
the solar field to produce heat, and the SOC diminishes until
it reaches its lower bound as it can be seen in Fig. 5(e).

Table I provides the energy consumption comparison for
showing the effect of utilizing microCSP and design of MPC,
compared to a Rule-Based Controller (RBC).

The RBC works as follows. To keep the room air tem-
perature within the comfort bounds, at each time step the
RBC for building HVAC with microCSP compares the room
air temperature with a dead-band. Then the RBC turns the
heat pumps on for the duration of ∆t when the room air
temperature goes beyond the dead-band.

TABLE I
ELECTRICAL ENERGY CONSUMPTION COMPARISON.

System
Control

Type
Elec. Consumption

[kWh/day]
Energy Saving*

[%]

HVAC MPC 311.2 0

HVAC + microCSP RBC 293 6

HVAC + microCSP MPC 157 49.6

*calculated by comparison with MPC based control of HVAC system.
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Compared to the HVAC system without a microCSP, the
integration of microCSP with an RBC results in 6% energy
saving, while the designed MPC framework leads to 49.6%
energy saving. The key point of this comparison is that an
MPC framework needs to be designed to fully take advantage
of the microCSP thermal and electrical energies for the
integration into the building HVAC system.

C. Monte-Carlo Analysis
The results presented in Section V-B show important

savings in the HVAC energy consumption of the build-
ing. However, prediction uncertainty in solar irradiation and
outdoor temperatures were not taken into account. Hence,
a probabilistic analysis using Monte-Carlo simulations is
carried out to account for these uncertainties. These Monte-
Carlo simulations can show possible outcomes for the energy
savings and how likely each outcome is to happen.

To account for uncertainty prediction of solar irradia-
tion and outdoor temperature, an additive uncertainty with
a normal distribution is considered and random numbers
are generated for each factor (i.e., irradiation and outdoor
temperature) using the results from [20]. Fig. 6 presents the
probability distribution of the energy saving. It is shown that
the probability of at least 50% energy saving is around 75%.
Furthermore, Fig. 6 shows that in the worst case, the energy
saving will drop to 47%.

The Monte-Carlo analysis results show that the building
MPC with microCSP guarantee important energy saving even
with the presence of prediction uncertainty. It should be noted
that all the results in Section V were completed for a sunny
day in Houghton, MI in the United States. The energy saving
percentages are anticipated to change for cloudy days or days
with different outdoor temperatures.

VI. SUMMARY & CONCLUSION

This paper presented the first study undertaken for real-
time MPC for the optimal integration of microCSP into a
building HVAC system. First, a control-oriented model was
developed for a microCSP system integrated into a building
HVAC system. Next, an MPC framework was designed to
optimally coordinate thermal and electrical energy sources
according to HVAC needs in the building. Finally, the re-
sults show that adding microCSP and utilizing a rule-based
controller contributes to only 6% energy saving, while the
designed MPC framework increases the energy saving to
49.6%, compared to the HVAC system without a microCSP
system. Furthermore, Monte-Carlo simulation results show
that the energy saving variations are within ±3% with the
presence of prediction uncertainties on the solar irradiation
and outdoor temperature.

Future work will investigate the electrical cost minimiza-
tion of the building HVAC integrating a microCSP system
compared to a PV system with batteries, using MPC control.
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