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Abstract—This paper presents mathematical optimization
models of produce storage facilities to optimize the operation
of their energy systems in the context of Smart Grids. In the
storage facilities, climate control of the storage rooms consumes
considerable energy; thus, in this paper, a mathematical model
of storage facilities appropriate for their optimal operation is
developed, so that it can be implemented as a supervisory control
in existing climate controllers. The proposed model incorporates
weather forecasts, electricity price information, and the end-user
preferences to optimally operate existing climate control systems
in storage facilities. The objective is to minimize total energy costs
and demand charges while considering important parameters of
storage facilities, i.e., inside temperature and humidity should be
kept within acceptable ranges. The performance of the proposed
model for various electricity price and weather conditions and
their variations are studied via Monte Carlo Simulations (MCS).
The presented simulation results show the effectiveness of the
proposed model to reduce total energy costs while maintaining
required operational constraints.

Index Terms—Smart grids, energy systems, optimization, cli-
mate control systems, mathematical modeling.

I. NOMENCLATURE

Indices
dh Dehumidifier
f Fan
h Humidifier
ht Heating system
mx Mixer
pr Produce
r Refrigeration system
t Index of time intervals
z Index of zones
i Index of devices
Sets
A Set of devices: A = {dh, f, h, ht,mx, r}
T Set of scheduling time intervals: T = {1 . . . NT }
Z Set of zones: Z = {1 . . . NZ}
Functions
J Objective function of the optimization model
Variables
p̂ Peak demand [kW]
φz(t) Relative humidity of zone z at time t [%]
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pa Actual water vapour pressure at temperature θ [Pa]
ppar,z(t) Partial pressure [Pa]
psat,z(t) Saturated water vapour pressure at temperature θ [Pa]
ptot(t) Total electricity demand at time t
qev,z(t) Evaporation heat at zone z [kJ/h]
qre,z(t) Respiration heat at zone z [kJ/h]
qf,z(t) Heating effect of circulated air flow through fans

at zone z [kJ/h]
si,z(t) Operation state of device i of zone z at time t
θz(t) Temperature of zone z at time t [ ◦C]
wz(t) Water content of air in zone z at time t [kgH2O/kgair]
ŵz(t) Saturated vapour concentration in zone z at time t

[kgH2O/kgair]
Parameters
Asp Specific surface area of produce [m2

pr/m
3
bulk]

αz Thermal leakage of zone z [kJ h−1 K−1]
βz Cooling effect of fan operation [kJ h−1 K−1]
C1 Constant: 100
C2 Constant: 1.7001 Pa
C3 Constant: 7.7835 Pa
C4 Constant: 1/17.0789 K−1

C5 Constant: 0.6228 kgH2O/kgair
Ca Specific heat of air: 1.006 kJ/(kg K)
Cdc Demand charge [$/kW]
Cec Energy cost [$/kWh]
Cz Total heat capacity of zone z [kJ/K]
ε Porosity: 0.34 m2

pr/m
3
bulk

ηr Performance coefficient of the refrigeration system: 1
ηht Efficiency of the heating system: 1
Φuz (t) Upper limit of relative humidity in zone z at time t
Φlz(t) Lower limit of relative humidity in zone z at time t
Γz Cooling rate of the refrigeration system in zone z [kJ/h]
Hev Evaporation heat of water: 2270 kJ/kgH2O

Hre Respiration heat rate: 38.7× 10−3 kJ/(kgpr h)
Kev Evaporation coefficient: 0.14 kgair/(m2

pr h)
Mpr,z Total weight of produce in zone z [kg]
Mw Molar mass of water: 18.0153× 10−3 kg/mol
µz Effect of operation of humidifier on water content of

air in zone z [kgH2O/ (kgair h)]
nv Number of moles in the ideal gas law
νz Effect of operation of dehumidifier on water content

of air in zone z [kgH2O/ (kgair h)]
NT Total number of intervals in the scheduling horizon T
NZ Number of zones
Patm,z(t)Atmospheric air pressure [Pa]
Pi Rated power of device i [W]
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Ψz Heat rate of the heating system in zone z [kJ/h]
Qm,z(t) Miscellaneous heat loads like lights, fans, other

devices at zone z [kJ/h]
Qleakz Air leakage from zone z: 290 m3/h
Qmaxz Maximum volumetric air flow rate of fans in zone

z: 29000 [m3/h]
R Ideal gas constant: 8.314472 J/(mol K)
ρa Density of air: 1.27 kg/m3

ρb Density of bulk: 670 kg/m3

Θ0 Absolute temperature at 0◦C: 273.15 K
Θout(t) Outdoor temperature at time t [ ◦C]
Θmin
out Minimum acceptable outdoor temperature: −3◦C

Θset
z (t) Temperature set point in zone z at time t [ ◦C]

Θl
z(t) Lower limit of temperature in zone z at time t [ ◦C]

Θu
z (t) Upper limit of temperature in zone z at time t [ ◦C]

τ Length of one time interval: 1[h]
Uz Area integrated thermal resistance for heat transfer

between ambient and inside air: 3836 kJ/(h K)]
Vz Volume of zone z [m3]
Va Air volume per volume zone z [pu]
Vp Produce volume per volume zone z [pu]
Wout(t) Water content of outside air at time t [kgH2O/kgair]
Wmax
h Maximum water rate of humidifier [kgH2O/h]

Wmax
dh Maximum rate of dehumidifier [kgH2O/h]

ξz Effect of fans’ operation on water content of air
in zone z [h−1]

ζz Effect of air leakage on water content of air in
zone z [h−1]

II. INTRODUCTION

THE RAPID growth of energy demand and supply, in-
creasing energy costs, and environmental concerns are

motivating the development of new technologies to make
better use of existing energy systems and resources and slow
demand growth to achieve sustainable energy systems. Dereg-
ulation of the power sector, increased competition, new energy
pricing schemes, and the advent of “Smart Grid” technologies
is making Energy Management Systems (EMSs) feasible and
attractive. All of these facts are leading to the proposal of
novel approaches to optimize the use of energy in different
sectors to reduce the customer’s total energy costs, demand and
greenhouse gas (GHG) emissions while taking into account the
end-user preferences.

Utilities have implemented Demand Side Management
(DSM) and Demand Response (DR) programs to better man-
age their network, offer better services to their customers,
handle the increase in electricity demand, and at the same time
manage security issues and reduce environmental impacts [1].
DR programs induce customers to reduce loads during periods
of critical grid conditions or periods of high energy costs; in
return, customers pay less [2]. It is envisioned that Smart Grids
will support large penetrations of distributed demand-side
resources coupled with system-wide DR driven by economic
and reliability signals [3]. Information technology and smart
meters improve the effectiveness and capability of EMSs and
facilitate the development of automated operational decision-
making structures for energy systems. In this context, mathe-

matical modeling of energy systems for EMSs, which is the
main concern of the present work, plays a critical role.

Energy systems of commercial and agricultural facilities
usually comprise multi-carrier energy systems such as electric-
ity, natural gas, gasoline, and thermal energy. Lighting, heat-
ing, cooling, milking, processing foods and feeding animals,
and storing produce in a storage facility are some examples
of energy consuming activities within commercial and agri-
cultural facilities [4]. Some of these activities are required to
be carried out at a specific time regardless of other factors
such as energy price. However, energy consumption can be
optimized to reduce the total energy costs while taking into
account the operational constraints of associated devices and
processes. For example, large quantities of harvested products
need to be stored for a long time in storage facilities where
climate control systems are employed to keep the products
at a steady temperature to prevent spoilage; these facilities
consume considerable energy and can be scheduled to reduce
energy consumption and costs.

Prediction of indoor climate conditions in produce storage
facilities has been studied and reported in the literature,
for example in [5]–[7]. Detailed physical models of storage
facilities on the other hand are presented in [5], [6], [8],
[9]. Various methods have been reported in the literature
for the purpose of climate control in produce storage facil-
ities. The potentials of Receding Horizon Optimal Control
(RHOC) for climate control in storage facilities for agricultural
products are demonstrated in [10] and [8]. A method based
on Model Predictive Control (MPC) is proposed in [11] for
temperature and humidity control of storage rooms. In [12],
a fuzzy controller for fruit storage using neural networks and
genetic algorithms is developed, and in [13] the application
of fuzzy logic in automated control of climate is studied
and implemented. Since the implementation of fuzzy logic
based controllers implies tuning of many parameters for each
case, which normally is a heuristic and burdensome task, it is
not practically feasible. The computational burden of optimal
controls is mentioned as a barrier in [10] for direct real-time
implementation of optimal control methods in climate control
applications.

Most of the existing works in the literature focus on
controlling the indoor climate without considering the effects
of its operation on energy costs. Hence, this paper proposes
a supervisory MPC-based operation scheduling approach for
produce storage facilities, incorporating a comprehensive mod-
eling of indoor climate systems and operational requirements
of existing climate control devices, and considering energy
and demand charged to reduce total operating costs, while
meeting all the indoor climate control requirements of such
facilities. Thus, a mathematical model of storage facilities
appropriate for optimal operation purposes is developed based
on approximate physical models of produce storage facilities
and climate conditions predictions, so that it can be imple-
mented as a supervisory control in existing climate control
systems. The proposed supervisory control in conjunction with
current existing climate controllers would allow coordinated
optimal operation of multiple produce storage facilities in a
single site, while considering the user-defined preferences,
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Fig. 1. Layout of a storage facility

thus facilitating the integration of agricultural and commercial
customers into Smart Grids.

The remainder of the paper is organized as follows: In Sec-
tion III required background topics in climate control systems
and energy pricing are presented. In Section IV the proposed
control strategy is described. The proposed mathematical
model for the supervisory controller is presented in Section V,
discussing the objective functions and constraints. In Section
VI the results of various simulation case studies are presented
and discussed. The main conclusions and contributions of the
presented work are highlighted in Section VII.

III. BACKGROUND

A. Climate Control Systems of Storage Facilities

The objective in the indoor climate control of storage facili-
ties is to keep the internal parameters (e.g., inside temperature
and humidity) within pre-defined ranges, which are affected by
parameters such as the stored produce and outdoor weather
conditions. Most storage facilities take advantage of natural
and forced air flows, in addition to mechanical heating and
cooling systems, to control the inside climate. Although the
former consumes less energy, in some weather conditions it
might be essential to utilize more the expensive heating or
cooling systems to maintain the internal parameters within the
desired ranges. Figure 1 depicts the layout of a climate control
system for storage facilities; mixture of outdoor and inside air
is circulated through the fans, the air flow is controlled by the
fans’ capacity and the position of hatches in the air mixer, and
humidifiers and dehumidifiers are used to control the humidity
of the storage space.

A proportional-integral-derivative (PID) feedback controller
dedicated to control inside temperature and relative humidity
using direct measurements is the common existing climate
control system in storage facilities [14]. The main features of
such feedback controllers are boolean logics to determine the
use of ventilation and mechanical heating and cooling systems,
and PID controllers to control the hatch positions. In these
systems the objective is to decrease/increase the inside tem-
perature to its set point value and avoid dropping below a lower
limit or exceeding an upper limit by activating either cooling or
heating devices in response to temperature variations. Usually,

the feedback controllers use constant temperature set points for
different times. These set points depend on the type of crop
and are usually in the range of 4-8 ◦C, but in practice the
actual inside temperature varies over a wider range.

B. Electricity Pricing

Fixed-Rate Plan (FRP), Time-of-Use (TOU), and Real-Time
Pricing (RTP) are three pricing schemes currently available to
electricity customers in various utilities. TOU pricing is the
simplest form of dynamic pricing, in which the electricity price
per kWh varies for different times of the day. For example,
in Ontario-Canada, TOU pricing is currently based on three
periods of On-peak, Mid-peak, and Off-peak use of energy
and the classification of these periods varies by season and
day of the week. In RTP tariff, the price varies continuously
and is posted hourly and/or day-ahead for pre-planning; it
provides a direct link between the wholesale and retail energy
markets and reflects the changing supply/demand balance of
the system.

For example, in Ontario-Canada the Hourly Ontario Elec-
tricity Price (HOEP) is the RTP that applies to large customers
who participate in the wholesale electricity market [15]. In ad-
dition to energy consumption costs, large electricity customers
pay peak demand charges based on the maximum amount of
power withdrawn by the customer during the billing period,
usually averaged over 15-minute time periods and measured
in kilowatts (kW); for example, demand charges during winter
and summer in Ontario-Canada are currently $7/month-kW
and $8/month-kW, respectively [16].

IV. PROPOSED SUPERVISORY OPERATION STRATEGY

Nowadays, day-ahead forecasts for real-time electricity
prices, and accurate weather forecasts for the next few days,
updated every few hours, are available. These forecasts can
be employed to improve the operation of climate control
systems. Hence, a hierarchical operation strategy incorporating
electricity price and weather forecasts is proposed here for
optimal operation of climate control systems. The architecture
of the proposed scheme for the climate control systems of
produce storage facilities is presented in Fig. 2. The existing
control system is shown in the lower part of the figure,
and the proposed supervisory control is depicted above the
existing local controllers. The proposed supervisory control
uses an MPC approach that incorporates energy prices, de-
mand charges, and weather forecasts to optimally schedule
and coordinate the operations of multiple local controllers
in existing climate control systems. Notice that the proposed
supervisory controller provides optimal settings to multiple
existing local controllers (such as PID controllers), which
operate unaware of energy prices, demand charges, and the
status of other local controllers.

The supervisory control would use the mathematical model
of each component in the system, parameter settings, external
information, and user preferences to optimize the operation of
existing climate control systems in the storage facility. Thus,
the outputs of the optimization model would be used as set
points of the existing, real-time feedback control systems,
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Fig. 2. The supervisory and feedback controllers architecture.

assuming that the existing local controllers remain in the
system to perform the actual control actions such as turning
on/off devices. The supervisory control would update the
outputs every hour, while the local controllers continuously
monitor the parameters under control and follow the target
set points in real time, and would also monitor the system
and re-run the model in case of large discrepancies between
the calculated and measured parameters, based on an MPC
approach.

The scheduling horizon in the optimization model can vary
from a few hours to days, with the selection depending on the
types of activities which take place within the storage facility
and the accuracy of weather and energy price forecasts. For
example, the scheduling horizon could be set to one week, with
1 hour to a few hours time intervals. One-week scheduling
horizons with time intervals of one hour have been used in
this work to carry out the simulations.

V. MATHEMATICAL MODEL

In a typical storage facility, three categories of compo-
nents can be identified: heating/refrigeration systems, fans,
and hatches. Each of these components has its own specific
behaviour, operational constraints, and settings required to
operate appropriately. The mathematical models that represent
the components of the system considering their operational
constraints are described next.

A. Objective Function

Depending on the end-user’s choice, different objective
functions can be adopted to solve the optimization problem.
Thus, minimization of the customer’s total energy costs, total
energy consumption, peak load, and temperature deviations
over the scheduling horizon are considered here as possible
objective functions for the optimization model.

1) Minimization of temperature deviations: To follow the
temperature settings closely, minimizing the sum of squares
of the temperature variations from the given set points is
considered as a nonlinear objective function as follows:

J1 =
∑
t∈T

(
θz(t)−Θset

z (t)
)2

(1)

All indices, variables, and parameters in this and the following
equations are defined in Section I.

2) Minimization of energy costs: The following objective
function corresponds to the minimization of the customer’s
total energy costs over the scheduling horizon:

J2 =
∑
t∈T

∑
i∈A

∑
z∈Z

Cec(t)Pi si,z(t) (2)

3) Minimization of peak demand charges: This objective
can be adopted to reduce the demand costs as follows:

J3 = Cdc × p̂ (3)

where p̂ is a non-negative variable used along with the
following constraint to represent the peak demand during the
scheduling horizon:

p̂ ≥ ptot(t) ∀t ∈ T (4)

4) Minimization of total energy costs: The objective func-
tion for minimization of total energy costs over the scheduling
horizon can be represented as follows:

J4 = J2 + J3 (5)

B. Model Constraints

Heat transfer through walls, solar radiation, and ventilation
with outdoor air are some examples of the ways that outdoor
weather conditions can affect indoor climate. The products
also produce heat due to respiration, with the product tempera-
ture determining the reaction rates, which affect the quality and
weight loss of the product. Furthermore, inside humidity drives
evaporation or condensation [11]. Thus, the developed model
should be able to represent the storage facility temperature
and humidity, and maintain these within a specified range,
while taking into account technical aspects of the heating and
cooling systems operation.

1) Inside humidity: Relative humidity of the storage facil-
ity, which needs to be kept within specific ranges, is defined
as:

φz(t) =
ppar,z(t)

psat,z(t)
100% (6)

where, the saturated vapor pressure and the partial pressure
can be approximated by the following nonlinear and linear
equations, respectively [17]:

psat,z(t) = C1

(
−C2 + C3e

C4θz(t)
)

(7)

ppar,z(t) =
wz(t)Patm,z(t)

C5
(8)
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To model the humidity inside the storage facilities, the water
content of air inside the storage facility needs to be modeled;
this can be represented by the following nonlinear constraint:

wz(t) = wz(t− 1) + τ [µzsf,z(t)sh,z(t)

+ζz(Wout(t)− wz(t))
−νzsdh,z(t) + wev,z(t)

+ξzsf,z(t)smx,z(t) (Wout(t)− wz(t))] ∀t ∈ T (9)

where the parameters µz , ζz , νz , and ξz can be calculated
based on measurements or estimations from simple perfor-
mance tests using the following formulas:

ζz = Qleakz /(VaVz) (10a)
ξz = Qmaxz /(VaVz) (10b)
µz = Wmax

h /(ρaVaVz) (10c)
νz = Wmax

dh /(ρaVaVz). (10d)

This constraint represents the water content in air inside the
storage facility at time t as a function of its water content at
time t − 1; water produced because of evaporation; moisture
loss through air leakage; and the operation of fans, mixers,
humidifiers, and dehumidifiers. The effect of evaporation on
the water content of air can be calculated using [5]:

wev,z(t) =
KevAsp
ερa

(ŵz(t)− wz(t)) (11)

where ŵz(t) is the saturated vapour concentration that can be
calculated from approximate conversion from [Pa] to [g/kg]
derived from the nonlinear ideal gas law:

pa,z(t) =
nv
Vz
R (θz(t) + Θ0)

=
wz(t)ρa
Mw

R (θz(t) + Θ0) (12)

Thus, ŵz(t) is obtained from (12) yielding the following
nonlinear equation:

ŵz(t) =
psat

Rρa
Mw

(θz(t) + Θ0)

=
C1

(
−C2 + C3e

C4θz(t)
)

Rρa
Mw

(θz(t) + Θ0)
(13)

The following nonlinear constraints ensure that relative
humidity of inside air is kept within the range defined by a
minimum and a maximum relative humidity:

wz(t) ≤ Φuz
C1C5

Patm,z(t)

(
−C2 + C3e

C4θz(t)
)
∀t ∈ T (14a)

wz(t) ≥ Φlz
C1C5

Patm,z(t)

(
−C2 + C3e

C4θz(t)
)
∀t ∈ T (14b)

2) Inside temperature: Since the focus of this work is on
operation of the climate control system in the context of smart
grids, steady-state temperatures of the storage rooms are of
interest. Hence, thermal dynamics of the storage facility are
modeled using the following constraints:

θz(t) = θz(t− 1) +
τ

Cz
[κzsht,z(t) +Qmx,z(t)

−γzsr,z(t) + αz (Θout(t)− θz(t))
+qf,z(t) +Qre,z(t)− qev,z(t)] ∀t ∈ T (15)

where the parameters αz , βz , γz , and κz can be calculated
based on measurements or estimations from simple perfor-
mance tests using the following formulas:

αz = Uz + ρaCaQ
leak
z (16a)

βz = ρaCaQ
max
z (16b)

γz = Pmaxr ηr × 3600/1000 (16c)
κz = Pmaxht ηht × 3600/1000 (16d)

where Pmaxr and Pmaxht represent rated power of the refriger-
ation and heating systems, respectively. Constraint (15) states
that the temperature of the storage space at time t is a function
of its temperature at time t − 1; miscellaneous heat of me-
chanical devices within the storage facility; heat loss through
walls and air leakage; respiration and evaporation heats of
the produce; and operations of fans, mixers, refrigeration and
heating systems. Respiration and evaporation heats of the
produce can be approximated at certain air temperature and
pressure for various products. For example, the following can
be used to represent the evaporation and respiration heats of
potatoes [5]:

qev,z(t) =
KevAspMprHev

ρb
(ŵz(t)− wz(t)) (17)

Qre,z(t) =HreMpr,z] (18)

Exhaust hatches on the rear end of the storage facilities
operate according to the opening position of the mixer hatches
and the operations of the fans to keep the inside air pressure
constant. This can expressed as exhausting the same volume of
air circulated into the storage facility through fans and mixer
hatches via exhaust hatches. Therefore, the effect of circulated
air flow through fans can be obtained from the following
nonlinear equation:

qf,z(t) =βzsf,z(t) (smx,z(t)Θout(t)− (1− smx,z(t))θz(t))
− βzsf,t(t) (smx,z(t)θz(t)) (19)

Here, the first and second terms represent the effects of the
air entering into the storage facility and exhausting air from
the storage facility, respectively. This can be simplified to the
following nonlinear equation:

qf,z(t) = βzsf,z(t)smx,z(t) (Θout(t)− θz(t)) (20)

Inside temperature of the storage facility must be kept
within a range specified by a minimum and a maximum
temperature, and average inside temperature over the schedul-
ing horizon must be within a tighter pre-defined temperature
range. These requirements are represented by the following
constraints:

Θl
z ≤ θz(t) ≤ Θu

z ∀t ∈ T (21)

Θl0
z ≤

∑
t∈T

θz(t)/NT ≤ Θu0
z (22)

where Θl0
z and Θu0

z represent the lower and upper limits of
the average inside temperature, respectively.
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3) Operational constraints: The operational constraints of
the cooling system in the optimization model are as follows:

0 ≤ si,z(t) ≤ 1, ∀i ∈ A ∀t ∈ T (23)
0 ≤ sr,z(t) ⊥ sht,z(t) ≥ 0 ∀t ∈ T (24)
0 ≤ sh,z(t) ⊥ sdh,z(t) ≥ 0 ∀t ∈ T (25)(

Θout(t)−Θmin
out

)
sf,z(t) ≥ 0 ∀t ∈ T (26)

sf,z(t) ≤ smx,z(t) ∀t ∈ T (27)

Constraint (23) states that the mechanical refrigeration and
heating system, fans, mixer, humidifier, and dehumidifier can
be controlled continuously. The nonlinear constraints (24)
and (25) ensure that the refrigeration and heating system,
and humidifier and dehumidifier, respectively, do not operate
at the same time. The nonlinear constraint (26) states that
when outdoor temperature is less than a pre-specified value,
Θmin
out , fans do not circulate very cold air into the storage

room, and (27) forces the fan to be off when the mixer
hatches are closed, because the fan must not operate when
the hatches are closed, since this may damage the fans due
to lack of air circulation. However, this equation also imposes
an additional constraint in the fan operation with respect to
the mixer, forcing it to be smaller, which is not necessary in
principle. Nevertheless, since the power consumption of the
fan is much greater than the mixer and the objective is to
minimize overall power/energy consumption, a feasible and
optimal solution will have to meet this constraint anyway,
and hence this constraint will not change the outcome of
the optimization model. In the implementation of the model,
each complementarity constraint is reformulated as a set of
constraints enforcing the product of the complement terms to
be equal to zero, while each term is forced to be greater than
or equal to zero.

VI. NUMERICAL RESULTS

Several case studies have been conducted to examine the
performance of the developed mathematical model for storage
facilities with single and multiple storage spaces, of which the
most relevant ones are presented in this section. In these case
studies, the mathematical model is run for a typical storage
facility, where parameters and device ratings are suitably
chosen and realistic data inputs for outside temperatures,
illumination levels, electricity price and demand charges have
been used. Current FRP, TOU and RTP tarrifs for electricity
and demand charges in Ontario-Canada are used to calcu-
late total electricity costs. AMPL [18], a modeling language
for mathematical programming, has been used to implement
the developed mathematical models of the storage facility,
and IPOPT [19], a popular solver based on interior point
methods, has been used to solve the developed Non-Linear
Programming (NLP) problem. The solutions reported for all
case studies are obtained using the IPOPT solver, which yields
local optimal solutions of the optimization model in less than
5 seconds on an Intel 1.8 GHz, 8 GB RAM computer. It
should be mentioned that since this is a non-convex NLP
problem, one can only guarantee the solution to be a local
minimum, which for practical applications, as demonstrated by

the results reported in this section, yields reasonable savings.
Furthermore, since the proposed supervisory controller is not
expected to perform real-time control actions, providing only
optimal settings (trajectories) to the existing local climate
controls, and considering that most climate control equipment
in modern storage facilities can be continuously controlled, the
proposed mathematical optimization model assumes continu-
ous control settings of devices. Nevertheless, since the model
is not intended for real-time but supervisory control, even in
the case of some equipment requiring discrete controls, the
outputs of the proposed supervisory control could be rounded-
off to the nearest available discrete control setting for the
real-time controls, thus yielding at least sub-optimal operating
conditions.

A. Case Study

Information of an actual storage facility is taken from [20]
and modified to carry out the case study simulations. The
storage facility has a total capacity of 5000 metric tonnes,
composed of six large storage bins, which can operate in-
dependently in pairs, thus resulting in three separate climate
control zones. The temperature set points for Zone 1, 2, and 3
are assumed to be 5 ◦C, 6 ◦C, and 7 ◦C, respectively, and the
maximum allowed temperature deviation is set to ±0.5 ◦C.
The total volume of the storage facility and of each bin
are 15510 m3, and 1255 m3, respectively. The rest of the
storage facility’s space is comprised of the loading areas and
ventilation canals. Temperature and humidity of each pair
of bins are controlled simultaneously through a distribution
canal providing ventilation air for both bins. Three 3.7 kW
fans provide 87,000 m3/h, and a humidifier system with a
total capacity of 9.5 l/h. Mixing chambers are equipped with
air intake louvers to adjust the ratio of fresh incoming air
and circulated air. Two 20 kW electrical heaters are installed
to supplement heat or for drying fresh incoming air when
dehumidification is required. The cooling capacity of the
refrigeration system is assumed to be 209 kW.

B. Simulation Scenarios

The following four simulation case studies that illustrate
the capabilities and performance of the developed model are
presented in this section. In Case 0, the objective is to find
a feasible solution for the model while all constraints on
operation of the devices, inside temperature, and humidity are
met, which is considered here to be a realistic “base case” to
establish a reference for comparison purposes. In Case 1 and
Case 2, the models minimize total costs of energy consumption
and demand charges of all devices, respectively, while the
inside temperatures can vary within the same ranges defined
in Case 0. Case 3 is Case 1 and Case 2 combined, where total
costs including energy and demand charges are minimized.

Optimal solutions generated by the model for Zone 2 in
multi-zone operation (all zones are optimized simultaneously)
of the storage facility in summer are presented in Fig. 3. In
these figures, decision variables for all devices and the result-
ing inside temperatures and relative humidities are presented.
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(a) Base case (Case 0)
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(b) Minimize energy costs (Case 1)

50

100

0 24 48 72 96 120 144 168

φ z
 (
%
)

Time (h)

0

0.5

1

S
h
t

0

0.5

1

S
r

0

0.5

1

S
f

0

0.5

1

S
m
x

0

0.5

1

S
h

0

0.5

1

S
d
h

5.5

6

6.5

θ z
(℃
)

50

100

0 24 48 72 96 120 144 168

φ z
 (
%
)

Time (h)

0

0.5

1

S
h
t

0

0.5

1

S
r

0

0.5

1

S
f

0

0.5

1

S
m
x

0

0.5

1

S
h

0

0.5

1

S
d
h

5.5

6

6.5

θ z
 (℃
)

50

100

0 24 48 72 96 120 144 168

φ z
 (
%
)

Time (h)

0

0.5

1

S
h
t

0

0.5

1

S
r

0

0.5

1

S
f

0

0.5

1

S
m
x

0

0.5

1

S
h

0

0.5

1
S
d
h

5.5

6

6.5

θ z
 (℃
)

(c) Minimize total costs (Case 3)

Fig. 3. Optimal solution generated by the model for Zone 2 in multi-zone operation of the storage facility for RTP in a summer week.

Figure 3a depicts the optimal solution obtained from mini-
mizing temperature deviations from their set points; observe
that the model keeps the inside temperature very close to the
set point and maintains the inside humidity within the defined
ranges by utilizing the refrigeration system, dehumidifier, and
fans. Figure 3b depicts the optimal solution obtained from
minimizing energy costs; in this case, while the inside temper-
ature and relative humidity vary within the predefined ranges,
the model reduces costs by operating the refrigeration system,
dehumidifier, and fans during lower energy price periods. The
optimal solution obtained from minimizing total costs, i.e.,
energy and demand charges, are presented in Fig. 3c; in this
case, while the inside temperature and relative humidity vary
within the predefined ranges, the model reduces total costs by
operating the devices during lower energy price periods and
by lowering the peak demand of the facility.

The power consumption of each zone and corresponding
inside temperatures for multi-zone operation of the storage
facility in summer are shown in Fig. 4. Observe that the model
minimizes temperature deviations from the set points in Fig.
4a, while all the three zones’ peak powers occur at the same
time, resulting in high peak demand for the facility. In the
minimization of energy costs, depicted in Fig. 4b, the model
operates the devices in each zone during low energy prices
and keeps the inside temperatures and humidities within the
predefined ranges; observe that although the model operates
the devices of each zone during low energy price periods,
the total cost is the highest because of high demand charges.
By minimizing total costs, depicted in Fig. 4c, the model
allows temperature variations within the pre-defined limits
while changing the operation of devices for each zone to

reduce both total peak demand and energy charges; thus, peak
demand of the storage facility is reduced from 294 kW in
Case 0 to 114 kW, yielding significant reductions in demand
charges.

A comparison of energy charges, demand charges, and total
costs in multi-zone operation of the storage facility in summer
for different pricing schemes is presented in Table I. FRP,
TOU, and RTP tariffs in Ontario-Canada have been used to
carry out these simulations. It can be observed that energy
charges using FRP are higher than those obtained with TOU
and RTP tariffs for all cases. By minimizing energy charges,
the energy costs are reduced significantly for all three pricing
schemes, whereas the demand charges increase as compared to
the base case. In Case 2, demand charges are the least among
all cases and energy costs are reduced compared to Case 0;
however, total costs are higher as compared to Case 3. Total
charges are the least in the minimization of total costs case
for all pricing schemes, obtaining more than 44% reductions
in total costs as compared to the base case.

C. Monte Carlo Simulations

MCS are run to further validate and test the proposed
approach, as well as get a better sense of the performance
of the proposed supervisory controller in achieving costs
savings considering weather and energy price uncertainties.
Thus, multiple open-loop simulations were run over different
sets of input data to calculate expected savings for typical
weeks in summer and winter. The sets of input data were
generated randomly based on actual data of outdoor temper-
ature, humidity, and HOEP. Random values of energy prices
for each hour are generated using a uniform distribution with
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(a) Base case (Case 0)
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(c) Minimize total costs (Case 3)

Fig. 4. Simulation results for multi-zone operation of the storage facility for RTP in a summer week.

TABLE I
COMPARISON OF ENERGY CHARGES, DEMAND CHARGES, AND TOTAL
COSTS FOR MULTI-ZONE OPERATION OF THE STORAGE FACILITY FOR

DIFFERENT PRICING SCHEMES IN SUMMER.

Item 
Pricing 
scheme 

Energy 
charges ($) 

Demand 
charges ($) 

Total 
charges ($) 

Savings w.r.t. 
Case 0 (%) 

Case 0 

FR 1810.40 1564.97 3375.38  

TOU 1532.73 1564.97 3097.71  

RT 847.532 1564.97 2412.51  

Case 1 

FR 875.84 2049.85 2925.69 13.3 

TOU 702.90 2049.85 2752.75 11.1 

RT 379.01 2145.27 2524.28 -4.6 

Case 2 

FR 1260.09 800.06 2060.15 38.9 

TOU 1043.28 800.06 1843.34 40.4 

RT 584.88 800.06 1384.94 42.5 

Case 3 

FR 1029.88 862.47 1892.36 43.9 

TOU 913.95 850.54 1764.49 43.0 

RT 502.86 821.13 1323.98 45.1 

 

associated lower and upper limits for each hour obtained
from actual data over each season; this models highly volatile
prices, and hence represents a worst case scenario. Also, for
temperature and humidity, random values are generated using
normal distributions with mean values and standard deviations
obtained from actual data for each hour over each season.
Minimum, maximum and mean values of outdoor temperature
and real time prices for summer used in these simulations are
shown in Fig. 5.

For each MCS, the same sets of input data are used to
run Case 0 (base case) and Case 3, with the only difference
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Fig. 5. Minimum, maximum, and mean values of outdoor temperature and
real rime prices in summer used in the MCS.

being the selected objective functions; thus, Case 0 represents
a non-optimized operation strategy, i.e., the PID controllers are
assumed to follow the set points generated using a min. set-
point deviation objective function, and Case 3 is the optimized
operation strategy obtained with the objective of minimizing
total costs. Since both cases use the same perfect-forecast data
as inputs, the results of the MCS should provide a reasonable
basis to demonstrate the value of using the proposed optimal
supervisory control approach versus non-optimal operation.

The MCS results are shown in Fig. 6 for summer. This
figure depicts the total costs of the storage facility in multi-
zone operation mode for each MCS iteration, and the average
of the total costs at each MCS iteration for Cases 0 and
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multi-zone operation in summer.

3. It can be observed in these plots that the total costs’
average value converges to within a 5% tolerance in about
50 MCS iterations. It can also be observed that even when
considering large variations in weather and energy price inputs,
the model yields significant costs savings (27% expected total
cost savings). The total costs best fit a Log-Logistic (3P)
probability density function (pdf) for the base case with a
wide profile corresponding to α = 56.584, β = 1953.1, and
γ = 2560.3 [21], and a much narrower Chi-Squared pdf with
a ν = 3278 for the proposed optimal supervisory control.

VII. CONCLUSIONS

Mathematical models for optimal operation of climate con-
trol systems of storage facilities in the context of smart grids
were presented. The developed models incorporate weather
forecasts, electricity price information, and the end-user pref-
erences to optimally operate existing climate control systems
of produce storage facilities. The model considers important
characteristics of these storage facilities such as inside temper-
ature and humidity, which are kept within user-defined ranges,
to schedule the operation of various devices to minimize total
energy costs and demand charges. The simulations results
obtained show that significant cost savings can be achieved
using the proposed model for various weather conditions and
energy price variations.
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