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Abstract—A proactive energy management strategy for a
stand-alone hybrid renewable energy system is presented. The
study was motivated by the system built in Lambton College
(Sarnia, Ontario, Canada) which includes photovoltaic arrays,
wind turbine, battery, electrolyzers, hydrogen storage tanks,
and fuel cells. The control architecture consists of two levels
of hierarchy: (1) an optimal predictive scheduling at the
supervisory level; (2) system unit control at the low level. A
“day-ahead” approach is followed at the supervisory level and a
bidirectional communication between the supervisory, proactive
control, and the low level control layer. The proposed energy
management strategy accounts for external (i.e. weather and
demand) and internal disturbances.

I. INTRODUCTION

Pressing environmental issues, security of energy supply
sites, and nuclear power safety concerns drive research
and development towards renewable energy sources (RES)
worldwide. A key attribute of RES, such as wind and solar
resources, is intermittency. RES are not dispatchable, they
exhibit large fluctuations, and are uncertain. Consequently,
only 3% of the total electricity is currently generated from
non-hydro RES [1].

The intermittency of RES can be absorbed by the hybrid
combination of different RES, and distributed resources such
as energy storage, programmable loads and smart appliances
[2]-[5]. The choice of different RES (e.g. wind and solar) as
well as storage devices (hydrogen, compressed air, pumped
hydroelectric systems, batteries, supercapacitors) depends on
the location, the hybrid energy system’s operational mode
(stand-alone vs. grid-connected) and its size. In order to
realize such a system‘s full benefit, resources have to be
coordinated to efficiently and reliably provide services (e.g.
power, hydrogen) in the face of uncertainty that arises from
renewables and consumers [6], [7].

To address the issues associated with RES, there has been
a growing interest in the development of energy management
algorithms for islanded and grid-connected hybrid energy
systems. The problem is that of finding the optimal (or
near optimal) unit commitment and dispatch of renewable
energy so that certain objectives are achieved. A commonly
pursued objective for a stand-alone mode of operation is
to economically supply a local load, whereas under a grid-
connected mode the maximization of profit is typically sought
[8]. Additional objectives such as the minimization of green-
house gas emissions by applying heuristic and multi-objective
optimization techniques have been reported [9]. The majority
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of existing studies have reported algorithms that are reactive
in nature, i.e. acting in response to power imbalances between
generation and demand [6], [10], [11]. Recent research has
sought to encorporate predictions to deliver proactive unit
commitment. Significant cost savings have been demon-
strated when load predictions and weather/ambient condition
forecasts are included [12], [13]. Similarly, grid-connected
configurations have been shown to benefit from proactive unit
commitment that includes electricity price predictions [14].
However, only a few of these, either reactive or proactive,
algorithms have been implemented in real time due to the
high capital cost associated with renewable energy systems
[15], [16].

Our previous study concerned a hybrid system built in
Sarnia, Ontario, Canada and focused on the development of
rigorous process models and local controllers for each sys-
tem’s unit [17], [18]. We also developed a power management
structure, which consisted of two layers: supervisory and low-
level control. Although the supervisory controller offered fast
execution, it was reactive in nature as it addressed only power
imbalances between generation and demand. Moreover, the
strategy did not have the capability of handling large-scale
hybrid systems which may consist of multiple units. In
this study we use the previously developed computational
platform (the dynamic model and local controllers) and
employ a dynamic real-time optimization (D-RTO) layer as
the supervisory controller. The aim is to exploit the forecasted
exogenous disturbance trends in an optimal way, reject inter-
nal (to the system) disturbances, enable increased flexibility
through modular design and increase the units’ lifetime by
minimizing the number of startups and shutdowns. A key
feature of the proposed strategy is a bidirectional communi-
cation between the D-RTO and low level control layers to
account for internal as well as exogenous disturbances. A
case study, demonstrating the effectiveness of the proposed
control structure, is presented.

II. CONTROL ARCHITECTURE

The hybrid energy system of interest in this study con-
sists of the following subsystems: wind and solar energy
conversion units, three electrolyzers, low and high pressure
hydrogen tanks, hydrogen compressor, two fuel cells and a
battery subsystem. The generated power from the RES can be
used directly to meet the load demand, to generate hydrogen
(through the electrolyzers), or to charge the battery. Hydrogen
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generated by the electrolyzers is stored in the low pressure
hydrogen tank, which then can be used either to run the fuel
cells or be compressed and sent to the high pressure tank.
On the other hand, when power generated from the RES is
not sufficient to meet the load demand, the power deficit can
be corrected by either discharging the battery or activating
the FC stacks which consume previously stored hydrogen in
the low or high pressure tank and convert it to electricity.
The fuel cell activation occurs only if there is a sufficient
supply of hydrogen in the storage tank. The overall system
and control architecture are shown in Fig. 1.

Over a time horizon t", an optimal plan for the controllable
units is calculated by the D-RTO layer and sent to the
local controllers, which enforce the optimal profiles to the
respective units. The optimal profile consists of the unit
commitments (binary controls) and its corresponding power
setpoints (continuous controls) according to the expected
RES, demand profiles and storage status for the next t".
The updated demand and RES power profiles as well as the
current states of the system are sent from the low-level back
to the supervisory controller at each optimization interval,
At,pe. Thus, the optimization problem is solved in a closed-
loop manner by updating the current states and forecasts on
a moving horizon window. The units are operated always
at their rated power to ensure that the system achieves its
maximum efficiency. The supervisory controller development
was carried out in GAMS while the local controllers and
the dynamic model were developed in MATLAB. The con-
nection between the two layers was established using the
MATLAB/GAMS interface [19]. The optimization layer uses
a discretized model, with a relatively large time discretization
step to minimize computational demand. Any mismatch with
the real-time simulations of the overall process is dealt
with by the local controller and a dynamic storage system
(batteries) which serves to buffer power. Although its setpoint
is determined by the supervisory D-RTO layer, it is further
refined and adjusted on a smaller sampling interval according
to the balance between generated and used power.
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Fig. 1. Control Architecture

For the case study, the bidirectional update interval be-
tween the supervisory and low level control layer, (Atqpt),

is established on as 1 hr, while the moving horizon, th, is
set to 24 hr. The battery‘s setpoint is determined on a one-
second basis. Battery charging/dischanging, pb® is calculated
through the balance of the utilized wind u"““d and solar
energy ™, the electrolyzer power consumption, fuel cell
power generation and power demand D, according to the
following equation:

solar

pgau wmd + Z Dt + Z Pit — D, ()
jedJe jeJf

The high resolution update of the battery setpoint allows
for quickly addressing any internal disturbances, arising from
a malfunction of any of the system units, as well as the model
mismatch between the supervisory and low-level control
layer. Similarly, the low pressure hydrogen tank setpoint
determined by the supervisory layer can be overwritten in
the event that the hydrogen level in the tank is not sufficient
to meet the demand. In that case, a remainder is taken from
the high pressure hydrogen tank.

The hierarchical nature of the proposed power manage-
ment strategies allows to account for external and internal
disturbances, while minimizing communication between the
different layers and computation time required for planning.

III. D-RTO FORMULATION

Our real-time optimization layer solves a dynamic opti-
mization problem from the current time t° over the time
horizon 7 € [t°,¢% 4 ¢"], and has the general form:

04 ¢h
/t o ((7), u(r), () dr

W e -
subject toZ—T f(z(7),u(r), x(7)) (2b)
g (2(1), u(r), x(7)) (2¢)

h (2 ( ), u(T), Xx(7)) (2d)

(to) 20, vr e [t°,40 + "] (2e)

where z(7) are the state variables, u(7) are the controlled
variables and x(7) are the disturbances. The dynamic model
of the system is expressed in (2b,c) with operating constraints
in (2d), and initial states in (2e).

We transform (2) into the following linear/nonlinear pro-
gram (depending on the functional form of f, g and h) by
discretizing the time horizon into time periods ¢ € {1,...,7T}
with uniform duration At = ¢ /T

At (2(t),ult), x(¢)

At-f(2(t),u(t), x(t) + z(t — 1) (3b)

min

3a)
u(t) (

subject to z(t) =

0=g (Z(t)7 u(t)’ X(t>) (3¢)
0> h(z(t),u(t), x(t)) (3d)
2(0)=2" vte{1,...,T} (3e)

The dynamic model of our hybrid energy system arrises
from mass and energy conservation equations, which de-
termine the trajectory of state variables (i.e. storage level
for hydrogen and energy) as a function of the controlled
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variables (e.g. wind and solar utilization, power and hydrogen
usage/generation for each unit) and the disturbances (e.g.
wind and solar availability, and energy demand). We consider
a set of process units J indexed by j, which includes subsets
for water electrolyzers J¢, hydrogen fuel cells J/ and gas
compressors J°. A set of tanks for hydrogen storage I
indexed by i includes subsets for low pressure I' and high
pressure I".

A. Objective function

Multiple objective functions are of interest in the context
of the energy system optimization in hybrid energy systems.
In this particular case we choose to maximize the utilization
of renewable resources (u}" and u{°"%"), and the amount
of stored hydrogen (%3'?), and to minimize the number of
startups and shutdowns. (yj,¢) of all of the system’s units:

max
B i

u;vmd solar

Z (Cwu\tNind + Csu;olar + Chhzt(t)re _ ny(;}t)
jed iel
“)
C¥,C*,C", CY are the weight factors associated with the
objectives addressed in this optimization formulation.

B. Constraints

Power demand D is satisfied in each time period through
a balance of utilized wind »}™ and solar u°* resources,
electrolyzer power consumption, fuel cell power generation
and battery charging/dischanging pba":

ijt+ ijt_ batt

jEJE jeJ’f

wmd + usolar

=D, VYVt (5)

Utilized wind and solar resources cannot exceed the
amounts harvestable:

Wmd < med V¢ (6)

u;olar < RiOIaI, Yt (7)

Each unit can be on for some fraction f;; of each time

period. If unit 5 is on at any point during ¢, then the binary

variable a;; = 1:

fragy < fie < aje, Vit ®)

ng],tgla v]7t (9)

aje € [0,1], Vj,t (10)

where fjr.“i“ is the minimum time that unit j can be operated.

The binary variable y;; = 1 if unit j turns from off

to on during time period . This is accomplished with the
constraints:

Yjt = Qi — Gj—1, V1 (11)
yj,t S aj,tv v]at (12)
ajo = aj, Vj (13)

where a is the initial state of each unit.

If a umt was previously operating and continues to be on
into the next time period, two scenarios can occur. Either the
unit is shut down briefly (i.e. f;;: < 1, y;+ = 1) or the unit

operates for the whole time period (i.e. f;; = 1, y;+ = 0).
This is enforced by:

fit = ajt-1+aje+ a1 —2—yje, Vi, t (14)

Once turned on, the unit quickly reaches power setpoint
SY™" and hydrogen setpoint Shydmge“ The amount of gen-
erated/consumed power and hydrogen during the time period
is then:

__ qpower
Pt =55 [t

gen __ qhydrogen )
h] t — S f J;t

15)
(16)

Hydrogen produced by the electrolyzers is sent to low pres-
sure tanks. Low pressure hydrogen can then be compressed

and sent to high pressure tanks, or sent to fuel cells. Hydrogen
in high pressure tanks can also be sent to fuel cells.

hje =Y BT, Vjedet (17)
i€ll
R DD D i
jEeJe i'eIh jeJe
= R, Vielt (18)
jeIf
hjp= Y KR, Vi€l (19)
i€l i’/ eIh
;t(zre — storel + Z hfozmg .
i€l jeJe
= h, Viel't (20)
jedf
hji = Z hem, Ve 37t 1)

Power can be stored or discharged from the battery as
needed:

bstore _ bstore + batt Vt (22)

Hydrogen storage and battery storage are bounded and
have initial conditions:

HM™ < B9 < HM™, Vit (23)
Bmin < bslore < Bmax Wt (24)
1o = HY, Vi (25)

b;}m =B’ (26)

IV. CASE STUDY

The hybrid system units and their corresponding power
ratings are summarized in Table I. The presented simulation
results are based on average weather data (wind velocity and
solar irradiance) for the month of July in the Sarnia, Ontario
region, and a typical load demand (D;) of the hybrid system
(see Fig. 2).

We present the system’s performance for 34 hours. At each
optimization interval At,,;, D-RTO estimated the optimal
setpoint trajectories for the controlled variables (u) and
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TABLE I
HYBRID ENERGY SYSTEM DESIGN

Unit Name Rating Power (kW) | Number of Units
Wind System 8 1
Solar System 22 1
Electrolyzer 1 2.3 1
Electrolyzer 2 1.1 2
Fuel Cell 1.1 2
Compressor 2.3 1
Battery 2 1

passed them to the low level controllers. The sampling time
for the local controllers was set to one second. The esti-
mated controlled variables by the D-RTO layer were the unit
commitments for the electrolyzers, fuel cells, and compressor
(ajt), the fraction of the time period that units were on
(f;,+), the unit power setpoints (S; ), the battery charge and
discharge power (pt) as well as the output hydrogen flow
rates from the low and high pressure hydrogen tanks (h;%%).
Although, the D-RTO calculated the “day-ahead” optimal
trajectories, only the interval (t°+ At,,;) was enforced before
the next optimization interval. The current and forecasted
demand (D;) and the RES power profiles (R}'™ and R{°'®),
as well as the amount of stored hydrogen in tanks (h}'5?),
battery charge status (b5'") and the unit status (binaries) were
sent from the low level control layer back to the D-RTO at
each At,,; for the estimation over the next t" horizon. Note
that the hierarchical scheme introduced in this article relies
on credible forecasts. Without this assumption the proactive
actions cannot be guaranteed to be effective and the system
performance would degrade.
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Fig. 2. Average Demand, wind velocity and solar irradiance data

To illustrate the proactiveness and robustness of the control
strategy, we present the optimal setpoint trajectories for the
selected units after the first, fifth and ninth optimization
interval (Opty 510) in Fig. 3. The initial plan based on the
daily optimization (shown by the dashed lines) was altered in
the future optimization intervals as a result of the feedback
from the low level control layer. The updated states were used
as initial conditions for the calculation of the next optimal
trajectory, and the future weather and demand trends were

revised, which consequently altered the optimal plan for the
next 24 hrs. For example, in the Opt5 scenario, as a result of
the decreased demand at 25hr, the high capacity electrolyzer
(ELFE7) was activated. The Opt1g scenario (shown by the
solid lines) started from the rated power for the electrolyzers
and fuel cell. This indicates that these units were on in the
previous interval (Optg), and their previous state was used
as the initial condition in the current (Optyp) optimization
interval. Also, Opt; and Opts did not predict the activation
of the fuel cells within their horizon, however, at Opt the
D-RTO estimated the fuel cell activation once.

The continuous update of the system’s states as well
as the change in weather and demand trends affected the
optimization solutions. It is also important to note that due
to the fractional variables in the optimization formulation,
the units (e.g. the fuel cell, compressor) could be on for only
a fraction of the optimization interval , which allowed us to
have a relatively infrequent calculation of optimal trajectories
(set to 1 hr).
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Fig. 3. Estimated power setpoint for each subsystem calculated by D-RTO
at t=0 (Opty1), t=4hr (Opts) and t=Shr (Opti0)

Fig. 4 depicts the realized dynamics of the system to
illustrate the model dynamics as well as the control action at
the low level control layer. The figure inset shows in detail
the real-time setpoint tracking for the electrolyzer.

Fig. 5 shows the battery dynamics and its variation from
the setpoints determined by the D-RTO layer. As mentioned
previously, the battery serves as a buffer at the low level
control layer. Although the realized battery’s state of charge
(SOC) followed the overall trend determined by the D-RTO,
it differed from it within the one-hour optimization interval.

The low and high pressure hydrogen tanks act as a short
term and long term hydrogen storage, respectively. The tanks
fill percentages are presented in Fig. 6. From the depicted
profiles, it can be seen that the low pressure tank served as
the main supply of hydrogen for the fuel cells due to the high
RES availability during this period. Also, when it reached its
maximum capacity, its content was sent to the compressor
and subsequently to the high pressure tank. The tanks’ output
flowrates (S;’ydroge“) were estimated by the D-RTO algorithm.
During the presented 34hr period, hydrogen from the high

2672



14 16 18 20 22 24 26 28 30 32 34
T T T T T T

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34
_ 2000 . . . —
g
& £ 1000 —
e 0 A S S

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34
5 3000 —
g
S5 2000
2% 1000
s o C . N |

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34

Time (hr)

Fig. 4. Realized power for hybrid energy system components

90~  ——Expected
""""" Realized

State of Charge -SOC
(%)

P e e S R R SR
8 10 12 14 16 18 20 22 24 26 28 30 32 34
Time (hr)

Fig. 5.

Expected and realized battery state of charge

pressure tank was not used to supply the fuel cels, which was
expected considering that there was a cost associated with
storing hydrogen in the high pressure tank (the compressor
had to be activated and power used). Note that the compressor
and the high pressure tank in this system are purposely
oversized, as the strategic plan of Lambton College is to
expand the hybrid energy system and use generated hydrogen
for other purposes too. Consequently, a large amount of
power was needed to run the compressor, which was the main
reason for the short time intervals that the compressor was
on. The flowrates from the low and high pressure hydrogen
tanks could be overwritten at the low level control layer in
the event that pressure in the tank was not sufficient to meet
the fuel cells’ demand. The low-level flow controller received
the D-RTO’s flowrate setpoints as well as the updated tank
content on a one-second basis. If the amount of hydrogen in
the tanks was sufficient to meet the fuel cells’ demand, the
calculated flowrates were enforced. Otherwise, the flowrate
controller rejected the D-RTO decision and determined the
flowrates according to the tanks’ current status. A priority
was still given to the low pressure tank, and the remainder
was fulfilled with hydrogen from the high pressure tank. This
change in the tank storage level was communicated to the D-
RTO layer in the next optimization interval.

T T T T T T T
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Tank Fill Percentage
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Fig. 6. Low and high pressure Hydrogen tank fill percentage

Fig. 7 depicts the realized power trends of all the system’s
components, and illustrates the overall performance of the
hybrid energy system. Each component except the battery
(which serves as a power buffer) is shown by the stacked
area. The power generators are stacked above and power
users below zero. The difference between the two should
equate to the battery’s power (shown by the solid line). The
graph shows that the RES were utilized efficiently through
either meeting the demand or storing hydrogen. The battery’s
dynamic also illustrates that it successfully provided the
power balance between the power generators and power users
in the system.
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Fig. 7. Power balance of the hybrid energy system

V. CONCLUSIONS

The concept of a hybrid energy system which corre-
sponds to the coordinated operation of load, renewable power
generators and energy storage systems, is quite appealing
due to its flexibility, controllability and energy management
capabilities. In order to provide uninterrupted power supply,
such a system has to economically meet the demand on
an instantaneous basis. This paper has proposed a proac-
tive hierarchical energy management strategy for the hybrid
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energy system built in Lambton College, Sarnia, Canada.
Although the study was motivated by this particular system,
the proposed control strategy is applicable for optimal oper-
ation of future buildings capable of accommodating multiple
units in standalone operation. The proposed strategy consists
of long term resource scheduling by the dynamic real-time
optimization (D-RTO) supervisory control layer and fast
response to any unforeseen internal or external disturbance
(demand or supply). The optimization formulation estimated
the activating of the system’s units for a fraction of the opti-
mization interval, which consequently decreased the number
of required optimizations. The feedback from the low to the
D-RTO control layer allowed for incorporation of changes
in the system states as well as any internal disturbances
arising from a malfunction of system units. At the low
level control layer, the fast dynamic energy storage served
to buffer power and respond to the fast dynamic changes
in the system. The performance of the control strategy was
demonstrated through a case study with hydrogen and battery
as storage systems. The D-RTO layer added a proactive
feature to the overall control architecture with a high level
of flexibility to integrate various operational, economical and
safety objectives.
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