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A rolling-horizon algorithm is proposed for optimizing the operating schedule of a given cogeneration energy system while takin
variable loads, tariffs and ambient conditions, as well as yearly fiscal incentives. The presented algorithm is based on the M
Programming (MILP) model developed by the authors for optimizing the daily schedule of cogeneration systems and networks of heat

First the MILP model is extended to optimize the weekly operation schedule to better manage the heat-cold storage systems. H
account for the European qualification framework for high efficiency cogeneration, as well as for country-specific incentive polici
consider average yearly-basis energy saving indexes, thus requiring to tackle the problem for the whole year. Since the extension of t
one day to seven days already increases remarkably the computational requirements, a simple application of the same optimization 
year would be practically unfeasible; therefore, this work proposes a rolling-horizon algorithm in which a sequence of weekly MILP 

while considering production and consumption estimates based on demand profiles from historical data. The results obtained for a real-world test case are 
re-ported and discussed.
1. Introduction

1.1. Combined heat and power (CHP) and fis
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 Heat and Power (CHP), 

respect to the separate generation of electric power, heat and/or 
cooling effect. Thanks to their energy and environmental friendli-
ness, cogeneration systems are also favored by the incentive pol-
icies adopted in several countries like European Union [2] and 
United States of America [3] and are acknowledged being impor-
represents an efficient and cost-effec
time primary energy consumption 
y to reduce at the same tant in other countries like Russian Federation where a large share 

and carbon dioxide emissions 

[1]. CHP makes a rational use of primary energy (fuel) which is 
of the installed thermal power, about one third [4], is cogenerative. 
In this paper we will focus on the European Union policy frame-
converted simultaneously in electric/mechanical power and heat 
for a set of users; refrigeration effect can also be produced as in a 
cascade process, either utilizing electricity or heat, being labeled 
Combined Cooling, Heat and Power (CCHP). For a properly designed 
and operated system, this yields a quite significant primary energy 
saving e with advantages also in terms of CO2 emissionse with
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work for the qualification of high efficiency CHP systems, valid for 
all the member states, then focusing on the Italian legislation which 
allows the high efficiency cogeneration to obtain incentives called 
“white certificates” [5,6]. Several types of prime movers are 
suitable for cogenerative applications, ranging from micro-turbines 
and internal combustion engines to gas-steam turbine combined 
cycles [7]. The prime movers can be classified on the basis of their 
number of independent operative variables, here called “degrees of 
freedom”. Heat can be recovered from the above-mentioned prime 
movers at different temperature levels, depending on both 
customer requirement and plant design. Other systems such as
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heat pumps, refrigeration units and conventional boilers can be 
also included in a CHP system. In addition, heat storage systems can 
be adopted and, in presence of different heat recovery circuits, high 
temperature heat can be downgraded from high to low 
temperature.

As discussed in a previous article [8], the operation of CHP 
systems poses a number of challenges due to the fact that in many 
instances electric power, heat and - nowadays increasingly -
refrigeration power demands do not follow the same time profile 
and different units can be used to satisfy the user demands. As an 
additional challenge, the above-mentioned cogeneration incentives 
are typically granted on a yearly basis, i.e. based on the evaluation 
of energy performance indexes which are calculated over the 
whole operating year. Indeed, according to the European [2] and 
the Italian [5,6] regulation, each of the i-th cogeneration units has 
to record the electric energy and useful heat generated during the 
year and then evaluate its own yearly-basis first principle effi-
ciency1 hI;i, Eq. (1), and Primary Energy Saving index (PESi), Eq. (2):

hI;i ¼
�
hel;cog;i þ hth;cog;i

�
� bh0

I;i (1)

PESi ¼ 1� 1h
hel;cog;ibhel;ref ;i$pi

þ hth;cog;ibhth;ref ;i

i � dPES0i : (2)

;i and bhth;refwhere the efficiencies hbel;ref ;i are the reference values
for separate electric and thermal power generation, and pi is the 
factor which keeps into account the grid losses. These values 
represent the values which are utilized as benchmark to quantify 
whether there are energy savings; all refer to the national [5,6] and 
EU legislation [2]. They are unit specific depending on type of fuel 
and unit age; therefore, they could be different for units belonging 
to the same pool and especially pi is complex to evaluate being 
dependent on the grid connection voltage as well as on the fraction 
of electric energy which has been locally consumed or sold to the 
grid. It is worth pointing out that Eq. (1) and Eq. (2) can be 
expressed as linear constraints in terms of production and fuel 
consumption variables (see Section 4.2).

If hI;i and PESi are greater than the given threshold values bh0
I;i anddPES0i (e.g., bh0

I;i ¼ 75% or 80% depending on the unit, and dPES0i ¼ 0%
or 10%, depending on the size), the i-th cogeneration unit receives
cogeneration credits, denoted as CCi. These credits are equal to the
amount of primary energy saved multiplied by their cost, ccc:

CCi ¼
Eel;cog;ibhel;ref ;i$pi

þ Eth;cog;ibhth;ref ;i � Efuel;i

!
$ccc (3)

Besides, also the costs of natural gas and the prices of electricity 
typically depend on the total monthly or yearly consumptions. As 
an example, in Italy [9] excise taxes on natural gas and electricity 
vary depending on respectively yearly and monthly thresholds of 
consumption which are reached.

Taking into account cogeneration credits makes the operation 
planning problem extremely challenging as the whole operating 
year should be optimized at once imposing the constraints of Eq. (1) 
and (2). A straightforward extension of the MILP optimization 
model from weekly to yearly operating horizons would not be
 
 
 
 

1 Electric and thermal efficiencies of the CHP unit, hel;cog;i and hth;cog;i , are
respectively defined as the electric energy generated (both sold and self-consumed)
by the CHP unit (Eel;cog;i) divided by the fuel energy it consumes (Efuel;i ) and the
useful thermal energy generated (without heat dissipations) by the CHP unit
(Eth;cog;i) divided by the fuel energy it consumes (Efuel;i ).
viable computationally. Therefore, an ad hoc approach is needed to
find close-to-optimal yearly operation schedules in reasonable
computational time.

1.2. Rolling-horizon algorithms

The basic idea of rolling-horizon algorithms is to split the whole
time horizon and operation problem into multiple slots which are
solved in sequence as different subproblems. When optimizing the
operation of each time slot, the operation in the current time slot is
modelled in detail while past and future time slots are taken into
account with simplified (also called “aggregate”) models. This yields
to a considerable saving of computational time while still
accounting for the relations between the different time slots. Since
beginning of the nineties [10] this group of methods have been
utilized in many fields of logistics, chemical, process and energy
engineering and several decomposition techniques for its resolu-
tion have been developed spanning from time to units and from
tasks to resources decomposition and/or aggregations testing
different heuristic approaches [11].

Rolling horizon algorithms are typically adopted to solve either
operation problems affected by the uncertainty of the input data
forecasts or large-scale optimization problems [12]. In the first case,
rolling horizon algorithms are used within a model predictive
control strategy for the optimal operation, control and scheduling of
systems. At each time step, the optimization of the operation is
repeated taking into account also future time slots, but only the
operating solution for the current time step is implemented. In this
way, the data of the optimal operation problem are updated with
the current system conditions and the latest (and more accurate)
forecasts. In the second class of operation, the scheduling problem is
intractable due to the high number of variables; therefore, such
time based decomposition techniques are utilized to find a solution
that is not guaranteed to be optimal, but yielding a good compro-
mise between computational time and solution quality.

The rolling-horizon approach has been used in many fields to
tackle uncertainty ranging from financial studies, where long term
interests are pursued without being sure of the future prices [13], to
yearly strategies for water management [14]. Other examples are
the optimization of reserves with spot market random prices [15],
networks of compressors for cryogenic air separation [16], as  well
as gas markets [17] and the yearly delivery program of liquefied
natural gas [18]. Recently rolling horizon algorithms become very
important in the operation of energy systems because the optimal
operation must account for the uncertainty of weather conditions,
consumers' activities and power generation from intermittent
renewable energy sources. The rolling-horizon approach is utilized
in order to update the load information once it becomes available
while optimizing units scheduling, e.g. updated renewable forecast
[19] and sophisticated strategies for reducing uncertainty of
dispatch adjustment based on joint optimization of unit commit-
ment and reserve policies, adjusted future forecast uncertainty and
some binaries relaxation (these not implemented yet while re-
optimizing) [20]. Loads and renewables disturbances may arise at
different time-scales, thus challenging the frequency stability and
bringing to more frequent dispatch with faster time scales [21].
Rolling horizon techniques have been utilized for joint optimization
of generation and consumption, when the latter are active con-
sumers [22]. Following this path, more complex studies can be
carried on addressing the unit commitment of CHP units integrated
with district heating network and heat storage systems [23] as well
as combining heat market and both day ahead and balancing
electric market where CHP units are considered as a unique virtual
power plant together with wind farms [24].

As previously mentioned the rolling-horizon decomposition can



2 According to the Italian regulation, if the unit cannot meet constraint (g) rep-
resented by Eq. (1), a virtual unit could be defined. It is a virtual cogeneration unit 
smaller than the real one, but capable to fulfill both the constraints of Eqs. (1) and 
(2). The virtual unit is entitled to receive a fraction of the white certificates 
(cogeneration incentives) which would be taken by the full unit. In this paper, 
virtual units have not been included in the model both for sake of simplicity and 
because the virtual unit is of less practical interest. Indeed, plant operators, in order 
not to lose dispatch priority, want to meet all constraints (g).
also be utilized in order to find an approximated solution of real-
world problems which are too large to be solved at once. This has 
also been adopted in different fields of resource task networks [25], 
going from production scheduling [26] to energy related problems 
[27] and optimal design and scheduling of energy systems where 
several days periods need to be tackled [28].

In the presented paper, a rolling-horizon heuristic is developed to 
optimize the scheduling problem of systems of CHP units with yearly 
basis constraints on the achievement of cogeneration incentives and 
monthly fiscal constraints on electricity prices. To the authors' 
knowledge, this is the first time that such approach has been utilized 
for such purpose. The presented rolling-horizon method is based on 
the extension of the multi-period MILP scheduling model proposed 
in Ref. [8] and it is tested on a real-world case study.

2. Problem statement

The operation scheduling problem of combined heat and power
plants which can benefit from cogeneration credits can be stated as
follows.

Given:

- one and/or two-degree of freedom generation units with fixed
size, performance curves, ramp-up and -down rates, and warm-
up times;

- heat and cooling load storage tank with fixed capacity and
constant loss rate;

- time-dependent demands of low and high temperature thermal
power;

- time-dependent price of electricity;
- time-dependent ambient temperatures;
- commodities prices based on the achievement of monthly
thresholds of electricity consumption and yearly thresholds of
natural gas;

- national regulation on cogeneration incentives with minimum
required values on the first law efficiency and primary energy
saving index of each cogeneration unit (on a yearly basis);

determine for each time period t of a time horizon T:

- the set of units to be switched on;
- the value of the operative variables of each unit;
- the storage tank level;

so as to minimize the operating cost, while satisfying the demands
of low and high temperature heat during all the time periods.

The problem constraints can be grouped into the following
categories:

a) Balance equations of electricity, high temperature heat, low 
temperature heat and cooling power (imposing that the 
customer demands must be satisfied in each time step);

b) maximum and minimum allowed load of each unit;
c) upper limit on the number of start-up per day;
d) energy balance and maximum capacity of the heat storage 

tanks;
e) periodicity of the storage level (imposing to have the same 

level at the beginning and end of the time horizon);
f) nonlinear performance curves of the installed units;
g) yearly-basis constraints Eqs. (1) and (2) on the achievement 

of the cogeneration credits.

It is important to remark that, according to the Italian regulation 
for cogeneration units [6], all the constraints (g) must be satisfied. 
Indeed, if the cogeneration unit does not meet one of the
constraints (g), the cogeneration credits will be zero (or just related 
to a smaller part of the consumed fuel 2) and the electric energy 
generated by the unit will not be prioritized in the electricity 
market. In other words, the production units have to participate in 
the electricity market without any guarantee to produce. For this 
reason, typically plant operators, in order not to lose dispatch pri-
ority, want to meet all constraints (g).

3. Weekly mathematical model description

Our rolling-horizon method applies to an extension of the 
Mixed Integer Linear Programming (MILP) model we proposed and 
extensively described in Ref. [8] for optimizing the daily operational 
schedule of CCHP systems without cogeneration incentives, con-
straints (g). Let us recall the model, adjusted for the weekly oper-
ational schedule.

3.1. Sets

We first introduce the sets used for model characterization 
because of this set based framework suitability for the imple-
mentation in the modeling language. The set T of hours of the week:
T ¼ f1; 2; 3; 4; …; 168g with the subscript t indicating the vari-
able or parameter corresponding to the t-th period of the week.
Units were classified according to following criteria:

The useful effect they generate:

- P: set of units which produce electricity,
- HT: set of units which produce high-temperature heat,
- LT: set of units which produce low-temperature heat,
- Cold: set of units which produce cooling load;

The type of energy they utilize and degrees of freedom:

- I ¼ I1∪I2: set of units which consume fuel (Prime Movers and
Auxiliary Boilers):
I1: Subset of units with 1 of freedom,
I2: Subset of units with 2 of freedom,
- El: set of units consuming electricity,
- Th: set of units consuming heat.

Using this classification, units (i.e., cogenerative internal com-
bustion engines, boilers, heat pumps, etc.) can be described in
terms of the set(s) to which it belongs.

3.2. Parameters

The following parameters have a different value for each time
period t being affected by fluctuations of the market prices, energy
demands and ambient temperature:

- bT0;t: ambient temperature in time period t, with t2T ,
- belt: required electric energy in time period t, with t2T ,
- bqhigh;t: required high temperature heat in time period t;
with t2T ,



- bqlow;t: required low temperature heat in time period t,
with t2T ,

- bqcold;t: required cooling load in time period t, with t2T ,

- bcfuel;i;t: fuel cost for the unit consuming fuel i, with i2I t2T ,
- bcel;purch;t: purchased electric energy cost in time period t,
with t2T ,

- bcel;sold;t: sold electric energy cost in time period t, with t2T ,

- bfmin
i;t , bfmax

i;t : minimum and maximum limits of consumed fuel for
the unit consuming fuel i, with i2I, t2T ,

- belmin
i;t , belmax

i;t : minimum and maximum limits of consumed

electricity for the unit consuming electricity i, with i2El, t2T ,

- bqmin
low;i;t, bqmax

low;i;t: minimum andmaximum limits of consumed low
temperature heat for the unit consuming heat i, with i2Th, t2T ,

Parameters that are constant are listed below:

- bcO&M;cons;ioperation and maintenance cost proportional to the
amount of fuel, heat or electricity utilized by each unit, with
i2I∪El∪Th;

- bcO&M;time;i: operation and maintenance cost proportional to the
number of hours each unit is working, with i2I∪El∪Th;

- bcO&M;on=off ;i: operation and maintenance cost proportional to
the number of start-up operations, with i2I∪El∪Th;

- bN i: maximum number of daily start-ups for each unit, with
i2I∪El∪Th;

- bcfuel;start;i: start-up cost proportional to the amount of fuel uti-
lized by each unit, with i2I;

- bcel;start;i: start-up cost proportional to the amount of electricity
utilized by each unit, with i2ðEl∩ColdÞ∪ðEl∩ThÞ;

- bclow;start;i: start-up cost proportional to the amount of low
temperature heat utilized by each absorption unit, with i2Th;

- bllow;stor;max :maximum low temperature heat storage level
depending on the storage tank size;

- blcold;stor;max :maximum cooling load storage level depending on
the storage tank size;

- bulow;los: low temperature heat storage loss, assumed as a fixed
percentage of the hourly heat storage level and depending on
the storage tank characteristics like size and thermal insulation:

- bucold;los: cooling load storage loss, assumed as a fixed percentage
of the hourly cooling load storage level and depending on the
storage tank characteristics like size and thermal insulation:

- belabs;i: amount of electricity consumed by the absorption units
per unit of cooling load, with i2Th∪El ∩Cold
3.3. Continuous (real) variables

- fi;t2ℝ: fuel energy input for unit i in time period t, with i2I,

t2T and fmin
i;t � fi;t � fmax

i;t ;

- yi;t2ℝ: the second operative variable, in addition to the fuel
consumption, for the units with two degrees of freedom, with
i2I2, t2T and 0 � yi;t � ymax

i;t with the upper bound ymax
i;t which

may not be constant and depend on the first operative variable;
- eli;t2ℝ: electric energy consumed by unit i in time period t, with

i2El∪Th, t2T and belmin
i;t � eli;t � belmax

i;t ;

- qlow;i;t2ℝ: low temperature heat consumed by the absorption
unit i in time period t,with i2Th, t2T andbqmin
low;i;t � qlow;i;t � bqmax

low;i;t;
- qhigh;i;t2ℝ: high-temperature thermal energy generated
(auxiliary boiler) or cogenerated (prime mover) by the unit i at
time t, with i2I , t2T and qhigh;i;t � 0;

- qlow;i;t2ℝ: low temperature thermal energy generated (auxil-
iary boiler) or cogenerated (prime mover) by the unit i in time
period t, with i2I∪El∪Th, t2T and qlow;i;t � 0;

- qcold;i;t2ℝ: cooling load generated by the unit i in time period t,
with i2El∪Th , t2T and qcold;i;t � 0;

- llow;t2ℝ: level of low temperature heat accumulated in the
storage tank at the beginning of time period t, with t 2T ;

- lcold;t2ℝ: level of cooling load accumulated in the storage tank
at the beginning of time period t, with t2T;

- qdeg;t2ℝ: thermal energy degraded from high temperature
down to low temperature at time t, with t 2T and qdeg;t � 0;

- qhigh; diss;i;t2ℝ: high-temperature thermal energy dissipated by
the unit i at time t, with i2I , t2T and qhigh;diss;i;t � 0;

- qlow;diss;i;t2ℝ: low temperature thermal energy dissipated by
the unit i in time period t, with i2I∪El, t2T and qlow;diss;i;t � 0;

- elpurch;t2ℝ: electric energy purchased from the grid in time
period t, t2T and elpurch;t � 0;

- elsold;t2ℝ: electric energy in excess sold to the grid in time
period t, with i2I, t2T and elsold;t � 0.

- eli;t2ℝ: electric energy generated by prime mover i in time 
period t, with i2I, t2T and eli;t � 0;
3.4. Binary variables

- zi;t2f0;1g: binary variable describing the on/off status of each
unit; with i2I∪El∪Th and t2T .

- Di;t 2 f0;1g: binary variable utilized to keep into account
whether the unit has been switched on at the beginning of time
period t, with i2I∪El∪Th and t2T .
3.5. Objective function

The objective function of the original model is the weekly
operating cost:

X24,7
t¼1

Cf ;tot;t þ
X24,7
t¼1

CO&M;tot;t þ
X24,7
t¼1

Con=off ;tot;t þ
X24,7
t¼1

Elpurch;t

�
X24,7
t¼1

Elsold;t (4)

where Cf ;tot;t denotes the cost of the total fuel amount consumed
by all the units during the t time period, and CO&M;tot;t denotes the
sum of the operation and maintenance costs of all the units during
time t. Con=off ;tot;t denotes the total cost of the extra fuel or electric
power or heat required by all the units during the t time period in
order to start the unit up to production of its useful effect. Elpurch;t
denotes the cost of electricity purchased from the grid while Elsold;t
denotes the revenue due to the electricity export to the electric grid
during the t time period.

The cost of the fuel consumed in each period t is given by the sum
of theamountof fuel eachdevice is utilizingmultipliedby its specific
cost. Note that the fuel may be different depending on the unit.

Cf ;tot;t ¼
X
i2I

bcfuel;i$fi;t (5)



The operation and maintenance costs depend on three factors.
The first factor is the consumption rate of the units (i.e., the load),
and it was assumed to be a linear function of the energy input (fuel,
electric power or heat, depending on the unit type). The second
factor is the number of operative hours. The third factor takes into
account the O&M penalties related to the start-up operations. As a
result, the O&M costs which will be taken into consideration, are
formulated as below:

CO&M;tot;t ¼
X
i2I

bcO&M;cons;i$fi;t þ
X
i2El

bcO&M;cons;i$eli;t

þ
X
i2Th

bcO&M;cons;i$qlow;i;t þ
X

i2I∪El∪Th

bcO&M;time;i$zi;t

þ
X

i2I∪El∪Th

bcO&M;on=off ;i$Di;t;

(6)

and the extra cost associated to the start-up procedure, is calculated
as in Eq. 7.

Con=off ;t ¼
X
i2I

bcfuel;start;i$Di;t þ
X
i2El

bcel;start;i$Di;t

þ
X
i2Th

bcheat;start;i$Di;t: (7)

In Eq. (4), Elpurch;t and Elsold;t are calculated multiplying the
amount of electric energy hourly purchased by the grid, elpurch;t,
and sold to the grid, elsold;t, by the respective price 3:

Elpurch;t ¼ elpurch;t$bcel;purch;t; (8)

Elsold;t ¼ elsold;t$bcel;sold;t: (9)

3.6. Constraints

Electric energy. The electric energy which is either sold to the
grid or bought from the grid at time t is given by the sum of all the
electric energy produced by the prime movers at time t (belonging
to the set I) minus the electric energy absorbed by the electrically
driven units (belonging to the set El), and the electric energy
required by the customers ðbeltÞ.
elsold;t � elpurch;t ¼

X
i2P

eli;t �
X
i2El

eli;t � belt ; c t2T : (10)

Heat and cooling. The constraint on the high temperature 
thermal power (Eq. (11)) imposes that the customer high-
temperature heat requirements need to be fulfilled by the high-
temperature heat produced, both considering the cogenerated and 
not cogenerated (e.g. auxiliary boiler, not cogenerative post firing). If 
an amount of high-temperature heat larger than required is pro-
duced, this can be either wasted via heat exchangers dedicated to 
dissipate heat qhigh;diss;i;t or downgraded to low-temperature heat 
qdeg;t, as:X
i2I

qhigh;i;t �
X
i2I

qhigh;diss;i;t � qdeg;t ¼ bqhigh;t;c t2T : (11)

The constraint on the low temperature thermal power (Eq. (12)) 
ensures that customer requirements of low-temperature heat are
3 This formulation implies that the selling price should always be lower than the
purchase price.
always fulfilled by both cogenerated and not cogenerated heat (e.g.
auxiliary boiler, not cogenerative post firing), together with the
extra high-temperature heat available at low temperature after a
downgrade. Low-temperature heat can also be consumed by ab-
sorption units. In addition, the thermal storage can be used either
to fulfill the customer requirements, in case heat has been previ-
ously accumulated, or it can be filled with heat, when the low-
temperature heat production exceeds the customer requirements
for that specific hour, t. Furthermore excess heat can be dissipated
in the environment via dedicated heat exchangers, qlow;diss;i;t. Such
logic is formulated with the following constraint:X
i2I∪El

qlow;i;t �
X
i2Th

qlow;i;t �
X

i2I∪El
qlow;diss;i;t þ qdeg;t

þ �llow;t � llow;tþ1
�� llow;t$bulow;los ¼ bqlow;t; c t2T:

(12)

In the proposed formulation, it is important to quantify the 
dissipation of each unit because it is necessary to calculate hI;i and 
PESi (Eqs. (1) and (2)) respectively) for each CHP engine. Indeed, the 
dissipated heat actually reduces the value of Eth;cog and conse-
quently the value of hth;cog .

The level of accumulated heat has to be non-negative and not 
larger than the maximum storage value allowed (Eqs. (13) and 
(14)):

llow;t � 0;ct2T ; (13)

bllow;t � llow;max; ct2T : (14)

Similarly to the HT and LT heat, also the cooling load balance has 
to be always fulfilled (Eq. (15)). The generated cooling load, both by 
compression and absorption units, needs to fulfill the customer 
requirements for each hour t. Thermal storage can be used with the 
same logic of the low temperature heat balance:X
i2Cold

qcold;i;tþ
�
lcold;t � lcold;tþ1

�� lcold;t$bucold;los � bqcold;t; ct2T:

(15)

Both for low-temperature heat and the cooling load, the level of 
thermal storage at the end of the day must be equal to that at the 
beginning of the day.

Technical limits. Each unit has a minimum and maximum value 
of electric energy (Eq. (16)), high temperature heat (Eq. (17)), low 
temperature heat and cooling load it can produce in each hour (Eqs.
(18) and (19)). These technical limits are imposed by the following 
constraints, which also impose the values of electric and thermal 
power being zero in case the device is shut down, thanks to binary 
variables zi;t:

zi;t$belmin;i;t � eli;t � zi;t$belmax;i;t;with; i2I; andct2T ; (16)

zi;t$bqhigh;min;i;t �qhigh;i;t � zi;t$bqhigh;max;i;t

;with i2I∪El and c t2T ;
(17)

zi;t$bqlow;min;i;t �qlow;i;t � zi;t$bqlow;max;i;t;

with i2I∪El and c t2T;
(18)

zi;t$bqcold; min;i;t �qcold;i;t � zi;t$bqcold; max;i;t;

with i2Cold and c t2T :
(19)

Start-ups. The “start-up” constraints are used in order to set a



maximum number of start-up procedures that can be tolerated by 
each process unit on a daily basis, in order to avoid damages. These 
values depend on the characteristics of each single unit (Eq. (20)).X
T

Di;t � bNs;i; with i2I∪El∪Th: (20)

To ensure that the variableDi;t has value 1 at time t if, and only if,
unit i was off at time t � 1 (zi;t�1 ¼ 0) and is on at time t, we
introduce the following constraints for each i2I∪El∪Th and t2T
(Eq. (21)e(23)):

Di;t � zi;t � zi;t�1; (21)

Di;t � 1� zi;t�1; (22)

Di;t � zi;t: (23)

Note that we impose that at the end of the day, the state of the
system has to be exactly the same as the beginning of the day.
Therefore, for t ¼ 1, the previous time period (t � 1) is to be
considered t ¼ 24.

3.7. Linearization of performance maps

For each unit of the system, the input variables (consumed fuel
and electricity) are related to the output variables (generated heat,
electricity, cooling) by means of the performance curves gi;t , which
have been computed by carrying out a polynomial regression of the
available data provided by the manufacturers. The following gen-
eral performance curves are considered for each type of unit:

� Heat pumps, i2El∩LT
- qlow;i;t ¼ gi;tðeli;t Þ

� Low-temperature auxiliary boilers, i2I1∩LT
- qlow;i;t ¼ gi;tðfi;t Þ

� High-temperature auxiliary boilers, i 2I1∩HT
- qhigh;i;t ¼ gi;tðfi;t Þ

� Prime movers with one degree of freedom (e.g. internal com-
bustion engines and gas turbines without post-firing),
i2I1∩HT∩LT∩El
- qlow;i;t ¼ g0i;tðfi;tÞ
- qhigh;i;t ¼ g

00
i;tðfi;tÞ

- eli;t ¼ g
000
i;tðfi;tÞ

� Prime movers with two degrees of freedom (e.g. gas turbines
with post-firing), i 2I2∩HT ∩LT ∩P
- qlow;i;t ¼ g0i;tðfi;t ; yi;tÞ
- qhigh;i;t ¼ g

00
i;tðfi;t ; yi;tÞ

- eli;t ¼ g
000
i;tðfi;t ; yi;tÞ

� Compression chillers, i2El∩Cold
- qcold;i;t ¼ gi;tðeli;t Þ

� Absorption chillers, i2Th∩El∩Cold.
- qcold;i;t ¼ gi;tðqlow;i;tÞ

The nonlinear performance curves of the generation units are 
approximated by using PieceWise Linear (PWL) functions accord-
ing to state-of-the-art techniques, see e.g. Ref. [29]. The PWL ap-
proximations could deal with non-smooth functions and yield
4 The MILP gap is computed as the (normalized) difference between the value of
the best solution and the best lower bound found by CPLEX. This clearly provides an
upper bound on the actual distance from optimality.
accurate estimates of the optimal objective function values already 
with 10 interval approximations. Computational results show that 
close-to-optimal solutions (relative MILP gap 4 9E-3%) can be found 
in short computational times (at most 5 min) even for challenging 
networks of units. The model has been extensively tested and 
qualitatively validated versus heuristic models [30,31] as well as 
non linear formulations [32].

When trying to account for the annual cogeneration incentives, 
the main challenge is the excessive computational requirements to 
tackle yearly MILP formulations with state-of-the-art solvers such 
as CPLEX [33]. If, for example, the MILP model is applied to the
optimization of a single week (24 � 7 periods), the number of 
variables (both integer and real) and constraints already increases
by a factor of 7 compared to a the daily problem. Looking at the test 
case presented in the upcoming Sections, the model for the daily 
operation problem has 864 integer variables, 1944 real variables 
and 2863 constraints while that for the weekly operation problem 
has 6048, 13608 and 20035 respectively. Setting a gap of 0.1% on the 
MILP solution, the optimization of the daily operation problem 
takes tens of seconds while the weekly problem may take even 
thousands of seconds. This indicates that it is clearly impractical to 
extend the time horizon of the MILP formulation from 7 to 365 days 
(it is worth noting that the yearly problems could easily feature the 
order of magnitude of one hundred thousand binary variables and 
one million continuous variables).
4. Rolling-horizon optimization algorithm

This Section describse the ad-hoc rolling-horizon heuristic al-
gorithm devised to optimize the scheduling with yearly-basis 
incentive constraints. The idea is to subdivide the overall problem 
into a sequence of smaller subproblems, i.e., weekly scheduling 
problems, and optimize each subproblem in sequence including 
aggregate information for the other periods.
4.1. Extended MILP model

The basic building block of the algorithm is the MILP formula-
tion that is used to model in detail a weekly operational planning 
problem. The formulation is based on the daily MILP model we 
proposed in [8], that is extended in Chapter 3 to optimize a whole 
week of operation.

Observe that, if the system includes heat storage, it is important 
to consider reasonably long time horizons to fully exploit the 
storage system. However, a longer time horizon T means a larger 
size (and complexity) of the MILP to be solved. For the heat storage 
systems typically used in industrial and residential applications, the 
time horizon T of one week appears to be a reasonable compromise 
between computational complexity and solution quality. Besides, 
the weekly horizon has the advantage of coinciding with the typical 
periodicity of the heat demand profile and electricity prices. 
Although significantly increased with respect to the daily problem,
the computational time needed for a whole week (24 � 7 periods) 
is acceptable and allows for the use of the MILP model within the
algorithm.

Compared to the MILP model presented in [8], the modified 
MILP model also includes:

1) extra variables for each unit in order to quantify the thermal
power which is actually supplied to the end user (which is taken
into account in the calculation of the plant thermal efficiency,
first law efficiency and PES); this allows to determine the ther-
mal power generated by each unit which is dissipated;



2) yearly-basis constraints, Eq. (1) and Eq. (2), on the minimum 
values of the performance indicators required to obtain the 
incentives;

3) a different objective function which keeps into account of rev-
enues from primary energy saving and fiscal terms:

X24,7
t¼1

Cf ;tot;t þ
X24,7
t¼1

CO&M;tot;t þ
X24,7
t¼1

Con=off ;tot;t þ
X24,7
t¼1

Elpurch;t

�
X24,7
t¼1

Elsold;t þ
X24,7
t¼1

Exh;t þExforf � Inc

(24)

In Eq. (4), the first three terms represent the cost of fuel, oper-
ations and maintenance (O&M) and startup/shutdown. Exh;t de-
notes the hourly excise which needs to be paid per kWh of 
electricity consumed, both purchased and cogenerated. In fact, 
according to the Italian legislation [9], the consumed electricity 
needs to pay an excise, no matter whether it is self-produced or 
purchased. If the electricity consumption is above a certain 
threshold, the excise is no longer applicable on an hourly basis, and 
is replaced by a monthly forfeit. For simplicity, we split this
monthly forfeit to derive a weekly one, Exforf . The last term, Inc, 
represents the so-called white certificates equal to the summation
of the cogeneration credits CCi, Eq. (3), per all the cogenerative 
units and weekly time period. Gas price depends on yearly 
thresholds according to the Italian legislation [9]. For all the excises 
and prices depending on thresholds values, a reasonable guess is 
made and then it is verified and updated after each rolling horizon 
loop (spanning the whole year).

Note that constraints Eq. (1) and Eq. (2) concern the whole year, 
since they involve efficiencies that are computed with the cogen-
erated heat and electricity, and consumed fuel, of each week of the 
year. Then, even in the optimization of the operation scheduling of 
a single week, we must take into account the contribution of all the 
other weeks of the year.

4.2. Description of the algorithm

The block-flow diagram of the algorithm is shown in Fig. 1 and 
its pseudo-code is reported in Fig. 2.

First, in the initialization step (described in Sub-Section 4.2.1), 
the load input data are processed, a few typical weeks represen-
tative of the whole year are defined and their scheduling is opti-
mized. Then, the iterative procedure is started. In the first rolling-
horizon loop, the whole year is optimized utilizing the typical 
weeks' results to forecast the future energy consumptions (see Sub-
Section 4.2.3). Afterwards, a second rolling horizon loop is per-
formed using the results of the previous RH loop to accurately es-
timate the future energy consumptions (see Sub-Section 4.2.4). If at 
the end of the second rolling horizon loop the yearly constraints on 
the incentives are not satisfied (due to a too optimistic estimate of 
the future energy consumptions), the estimate for the future en-
ergy consumption is increased and the RH loop is repeated. It is 
worth noting that the use of the typical weeks in the initialization
Input
RH Loop, L = 1

Year
Optimization

«Rolling Horizon»
by typical Weeks

F

Initialization

Fig. 1. Block-flow diagram of the
step yields an optimistic estimate of the energy consumption (see 
the motivation in Sub-Section 4.2.1) which is progressively 
increased across the RH loops.

4.2.1. Initialization: estimating the energy consumption of the 
typical weeks

The use of a set of typical periods for representing a year pro-
vides an efficient method for decreasing the number of data 
describing the energy demand profile, and consequently the 
number of parameters, variables and constraints of the multi-
period optimization model. We assume that a year, as well as its 
portions, can be approximated by a properly defined set of few 
representative periods. This approach has already been exploited 
by Fazlollahi et al., 2014 [34], Dominguez-Munoz et al., 2011 [35], 
Elsido et al. [36] which used the “k-means algorithm” [37] to 
determine the typical periods (days, weeks) for the optimal design 
of CHP systems and networks.

The problem for the selection of the typical weeks can be stated 
as reported below.

Given:

- the expected hourly profiles of heat and electricity demands
over a time horizon of the future weeks of the year (iþ1,…, 52),
derived from historical data;

- the expected hourly profiles of ambient temperature of the
installation site over the future weeks of the year (iþ1, …, 52),
derived from historical data;

The k-means algorithm determines a set of Nw representative
weekly periods, and in particular:

- partition the futureweeks of the year (iþ1,…, 52) inNw clusters,
each represented by one typical week;

- determine the representative hourly profiles of heat and elec-
tricity demands of each typical week;

- determine the representative hourly profiles of ambient tem-
perature of the installation site of each typical week,

so as to minimize the overall within-cluster distances (i.e., the
sum of the distances between each original week and its typical 
week in all clusters).

In this work, the typical weeks are used so as to estimate the 
primary energy consumption and energy production of the CHP
units in the future weeks (iþ1, …, 52) under the incentive con-
straints. Indeed, the k-means algorithm partitions the future weeks
in clusters, each one represented by an average typical week. Thus, 
it allows to associate each week of the year with the most repre-
sentative typical week, as shown in Fig. 3.

Moreover, since the heat load profiles of future weeks can be 
replaced by those of the associated typical weeks, the whole year 
can be represented as a proper combination of typical weeks. In the 
example of Fig. 3, the year can be represented as a sequence of the 
three typical weeks using 17 typical weeks of type 1, 17 of type 2 
and 18 of type 3. Keeping this simplified representation of the year
Optimized
Solution

Yearly Constraints
Satisfied

No
Yes

RH Loop, L = 2..n
Year

Optimization
«Rolling Horizon»
by Loop L-1 Weeks

orecasted energy consumption adjustment

rolling-horizon algorithm.



Initialization (first estimate of the energy consumption/production of future weeks)
- Cluster the future weeks in 3 typical weeks (k-means algorithm)
- solve the scheduling of the year made by typical weeks forcing incentive constraints
( optimistic estimate of energy consumption of each future week)

RH Loop 1: Run the rolling-horizon algorithm where the energy consumption of the future
weeks is estimated with the corresponding typical weeks

RH Loop L (> 1): Run the rolling-horizon algorithm where the energy consumption of the
future weeks is taken from the previous rolling-horizon loop (L-1)

Check the yearly constraints on incentives
If not satisfied

increase the estimate of the energy consumption of the future weeks
set L = L+1 and go back to RH Loop L

Else
Stop

Fig. 2. Pseudo-code of the rolling-horizon algorithm.
(or just for the future weeks of the year), it is possible to optimize 
the scheduling of the three typical weeks in a single MILP which 
covers the whole year and include the yearly basis constraints, Eq.
(1) and Eq. (2). For the test case reported in Section 4, the sched-
uling MILP features about 18000 binary variables 40000 real vari-
ables, 60000 constraints (corresponding to the sum of scheduling 
variables and constraints of the three typical weeks plus the 
incentive-related constraints) and its solution to a MILP gap below 
0.1% takes a computational time of about 15 min.

The output of the initialization step can be used as first estimate 
of the primary energy consumption and energy production of the 
CHP units for each future week of the year, utilizing for each future 
week the results of the optimized typical week belonging to the 
same set. It is worth noting that such an estimate of energy con-
sumption is typically optimistic because the energy demand pro-
files of the typical weeks are smoother, with lower peaks, than the 
actual profiles. The reason is the fact that the profiles of the typical 
weeks are obtained as averages of the profiles of the actual weeks 
of the cluster.

4.2.2. Rolling-Horizon (RH) loop
The rolling horizon loop structure is shown in Fig. 4. Let us as-

sume that we are at the end of the i-th week of the year, so the 
energy consumption and efficiency values of the cogeneration units 
over the past weeks 1, ,i are known. Our aim is determining the
optimal schedule for the future weeks iþ1, …, 52, while satisfying 
the annual incentive constraints, Eq. (1), and Eq. (2). The rolling-
horizon algorithm consists in solving a sequence of weekly MILP 
sub problems (described in Section 3), corresponding to the weeks
k¼iþ1, …, 52. In Fig. 4 the algorithm is shown in three different 
steps: (i) when optimizing the week k immediately after the cur-
rent week, labeled with k ¼ iþ1; (ii) when optimizing a future week 
k in the middle of the year, with k > iþ1 and < 52; (iii) when 
optimizing the last week of the year, denoted with k ¼ 52.

4.2.3. First loop: solving weekly subproblems with aggregated 
estimates from typical weeks

In the first phase, we solve sequentially the subproblem k, with
1 2 3 4 5 6 7 8 9 10 11 12 13 14

27 28 29 30 31 32 33 34 35 36 37 38 39 40

Fig. 3. Example of assignments weeks e typical week
k¼iþ1, …, 52, (from the next week to the end of the year) to get a
starting solution. When solving the k-th weekly subproblem, in the
global constraints, Eq. (1) and Eq. (2), the variables corresponding
to week k have to be optimized, while the values of the variables
corresponding to the weeks 1, …, k-1 are already known (either
because these are past weeks of the year or because their sched-
uling has been already optimized in the rolling-horizon loop), and
aggregated estimates of the contribution of the future weeks kþ1,
…, 52 not yet optimized are considered. In particular, to estimate
the contribution of the future weeks not yet passed or optimized
(kþ1, …, 52), we use the results of the “typical weeks” previously
determined. Since each week has been associated to a typical week
set in the initialization step, the energy consumption and energy
production of the CHP units (heat and electricity relevant to the
global constraints Eq. (1) and Eq. (2)) of the future weeks (kþ1, …,
52) can be reasonably approximated by looking at those of the
associated typical weeks.

Clearly the solution obtained using estimates based on the
“typical weeks” does not necessarily satisfy the yearly-basis con-
straints because the estimate of the primary energy consumption of
the typical weeks may be too optimistic due to the efficiency con-
straints imposed in the initialization step. In addition, the actual
load profiles may have profiles significantly different and featuring
larger load variations that those of the typical weeks, and this may
significantly underestimate the efficiency penalties occurring in on/
off operations of the CHP units. For these reasons, the yearly
scheduling solution obtained at the end of the first loop must be
revised.
4.2.4. Second phase: iteratively solving weekly subproblems with
aggregated estimates from previous solutions

At each iteration of the second phase we repeat the rolling-
horizon algorithm by solving a k-th weekly subproblem for all the
weeks with k¼ iþ1,…, 52. Here, in the k-th weekly subproblem, we
consider as an estimate of the contributions of the weeks kþ1, …,
52 the results (operation schedules) obtained in the previous iter-
ation. At the end of each iteration, that is, after the 52nd subproblem
has been solved, we need to recompute the incentives (e.g., the
15 16 17 18 19 20 21 22 23 24 25 26
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s (colored lines) found by the k-means algorithm.
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Fig. 4. Schematic representation of the rolling horizon loop starting in week iþ1 and running till the end of the year.
credits according to Eq. (3)) on the basis of the obtained solution. 
The second phase iterations allow to improve the quality of the 
estimates of the contributions in Eq. (1) and Eq. (2) of the future
weeks (kþ1, …, 52). The RH Loop algorithm is repeated until the 
value of the objective function (total annual operating cost) re-
mains constant across the iterations. In practice, we have observed 
that this typically occurs after few iterations.

Note that, if Eq. (1) and Eq. (2) are not satisfied, the rolling-
horizon algorithm must be repeated trying to force constraints 
related to Eq. (1) and Eq. (2) for all the cogeneration units. In-
feasibilities with respect to Eq. (1) and Eq. (2) may arise when the 
estimate of the contribution of the weeks yet to be optimized is too 
optimistic in terms of energy consumption and efficiency of the 
cogeneration units. In this case, earlier weeks of the year would be 
optimized mainly for the minimum operating cost, since the annual 
constraints appear to be easy to satisfy in the future. Such a 
schedule, especially for the weeks with high electricity prices and 
low thermal loads, has a poor PES index and efficiencies as it tends 
to run the cogeneration units at full load wasting thermal power 
(i.e., like an electric power plant). Thus Eq. (1) and Eq. (2) may not 
be satisfied at the end of the year. This can be avoided by increasing 
the estimate of primary energy consumption of the cogeneration 
units in the future weeks, so as to mitigate the effects of over-
optimistic estimates and find a more conservative schedule satis-
fying Eq. (1) and Eq. (2).

It is also worth noting that solving the weekly MILP sub-
problems is usually much faster in the second phase than in the 
first phase. Indeed, to solve any k-th weekly subproblem, we can 
use the “warm start” option of the MILP solver giving as starting 
point the solution obtained in the previous iteration (which is 
usually quite close to the subproblem optimal solution).
5. Test case

A schematic representation of the heat and power distribution
network considered for the test case is shown in Fig. 5. It is based on
an existing hospital distribution system composed of three net-
works designed for the electric energy (el), high and low temper-
ature thermal energy (qhigh and qlow). The High Temperature (HT)
heat network represents the steam demand e.g. for sterilization
purposes, while the Low Temperature (LT) heat network models
the district heating network. Finally, the heat dissipated by each
unit (qdiss) has been included in the model.

The considered electric and thermal loads were derived from an
accurate reconstruction of real measured data, so they are different
through the whole year. For the sake of simplicity, Fig. 6 shows LT
heat, HT heat, and electricity daily user's demands for three average
weeks together with ambient temperature profiles. Fig. 6a) and b)
and c) show the winter, mid-season and summer season, respec-
tively. On the left side (Figs. 6 and 1), the working days (i.e.
Monday) are reported, while on the right side (Figs. 6 and 2) the
non-working days (Sunday). Fig. 7 shows the annual load duration
curve of the ambient temperature and the energy demands, high-
lighting their yearly variability.

HT heat demand corresponds to steam at 134 �C used for ster-
ilization purposes. It has a flat hourly profile and is requested only
during day hours. The corresponding load duration curve (Fig. 7, c)
does not have a smooth profile but reflects an on-off operating
strategy. The LT demand shows a significant yearly variation
(around a factor of five) as consequence of the room heating de-
mand as in Fig. 7, d); under this term both the domestic hot water
and hot water for space heating are taken into account at temper-
atures respectively of 50e60 �C and 70 �C. The electric demand is
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higher during day time, because of ambulatory activities, and in 
summer, because of the air conditioning which is made by electric 
chillers. For each season, a significant difference in loads between 
week and week end days can be observed because of ambulatory 
services are performed only from Monday to Friday.

The electricity and thermal demand of the hospital is supplied 
by two internal combustion engines (ICE) as prime movers, two 
auxiliary boilers (AB) at HT and two at LT. The engine performance 
curves as function of the load (a) and ambient temperature (b) are 
shown in Fig. 8. Heat is recovered from the intercooler, then from 
the oil circuit (which is at 75e80 �C), from the engine cooling water 
at 80e100 �C, and finally from the engine exhausts which leave the 
engine at about 400 �C. The thermal power from the oil circuit, 
cooling water and intercooler are recovered as LT heat, while that 
from the exhaust gases as HT heat. In Fig. 8, c), the non-dimensional 
characteristic curves of the auxiliary boilers as func-tion of the load 
are presented. No significant differences can be outlined between 
HT and LT, while the nominal values are re-ported in Table 1.

Finally, economic assumptions considered in this analysis are 
summarized in Table 2. About electricity prices, they are taken from 
the Italian electric market which divides the day in three different 
slots corresponding to high peak (9e19 h), base (24-7 h) and in-
termediate hours (7e9 h and 19e24 h). The Reverse-Metering-
Factor 5 (RMF) depends as well on the hour of the day. Peak hours 
show the lowest RMF. In order to show the effectiveness of the 
proposed rolling horizon algorithm and the impact of the cogene-
ration incentives on the optimal operation strategy of the engines, 
five different scenarios have been considered:
5 The Reverse-Metering-Factor is defined as the ratio between the sale and the
purchased price of electricity.
- S1, the system without thermal storage with operation strategy
optimized using the rolling horizon algorithm proposed in this
work so as to obtain the cogeneration incentives,

- S2, the systemwithout thermal storage operated with operation
strategy optimized on a weekly basis with the MILP model
described in Section 3 without including neither the constraints
on first law efficiency and primary saving index nor cogenera-
tion incentives,

- S3, the system with thermal storage operated with the rolling
horizon algorithm so as to obtain the cogeneration incentives,

- S4, the system without thermal storage with operation opti-
mized on a weekly basis with the MILP model described in
Section 3 including the constraints on first law efficiency and
primary saving index. This case obtains the cogeneration in-
centives, but the scheduling is more conservative than case S1
because efficiency constraints are imposed on each week of the
year,

- S5, the system with thermal storage with operation optimized
on a weekly basis with the MILP model described in Section 3
including the constraints on first law efficiency and primary
saving index. This case obtains the cogeneration incentives, but
the scheduling should be more conservative than case S3
because efficiency constraints are imposed on each week of the
year.

The thermal storage system has a capacity of 12,000 kWhth (low
temperature heat).

6. Results

This Section summarizes the optimization results for the three
considered scenarios. Results refer to the sixth iteration (n ¼ 6) in
the overall algorithm described in Section 4, applied to the whole
year, from week 1e52.
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Fig. 6. User's demand of low temperature (LT) heat, high temperature (HT) heat, and electricity during the day. The ambient temperature profile is also reported. a), b) and c) refer
to the winter, mid-season and summer weeks, while 1) and 2) represent the working and non-working days.



Fig. 7. Annual load duration curve, a) ambient temperature, b) electric energy; c) high temperature heat; d) low temperature heat.
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Fig. 8. Normalized performance curves of the considered CHP engines, as function of the load (a) and ambient temperature (b). Part-load maps of the HT and LT auxiliary boilers are
shown in (c).

Table 1
Nominal values utilized to define the performance curves of the units.

Prime mover (ICE)

Electric efficiency hel 0.424
Heating thermal efficiency hth,HT 0.126
Heating thermal efficiency hth,LT 0.296
Nominal electric output (kWel) 3393
Nominal HT heat output (kWth) 1008
Nominal LT heat output (kWth) 2367
Startup fuel penalty (kWfuel) 801

Auxiliary boiler

HT boiler nominal power (kWth) 2035
HT boiler thermal efficiency hth,AB,HT 0.9
HT Startup fuel penalty (kWfuel) 226.1
LT boiler nominal power (kWth) 6000
LT boiler thermal efficiency hth,AB,LT 0.92
LT Startup fuel penalty (kWfuel) 652.2
The whole year problem consisted in 52 weeks with 20,035
constraints, 13,608 continuous and 6,048 binary variables each. The
number of variables depends on the number of intervals of the PWL
adopted to model the characteristic curves of the units. In these test
cases, five intervals have been considered. The tests were carried
out on an Intel Xeon with E3125@3.30GHz CPUs and 16 GB of RAM,
with two cores and a time limit of 5,000 s (to solve each MILP
weekly subproblem). The computational time required to optimize
the whole year of operation without heat storage is about 77,000 s.
The first phase which optimized 52 weekly subproblems takes
about 1,300 s in average; this average value is due to a few weeks
which require an amount of time one to two orders of magnitude
larger than the others. The refinement phase takes in average about
32 s thanks to the warm start option of the MILP solver. The relative
MILP gap for the subproblems was set below 0.1%. The test case
with heat storage (S3) reached the time limit for a most of the
weekly subproblems and the first optimization (initialization
phase) of the whole year required more than two days. However
the MILP gap reached values below 1% in about 1 min, indicating
the possibility of considerably decreasing the computational time
by setting a higher MILP gap. The increase of computational time
compared to the test cases without heat storage is due to fact that
the heat storage system greatly increases the number of possible
operational solutions to be considered by the MILP solution
algorithm.

The objective function, units capacity factor, first principle



Table 2
Fuel, O&M, electricity cost assumptions.

Fuel cost, PM (€/kWhth, ref. LHV) 0.061
Fuel cost, AB (€/kWhth, ref. LHV) 0.061
O&M cost, PM (€/kWhel) 0.0055
O&M cost, AB (€/kWhth) 0.0001

Electricity pricesa 1-7, 24h 8,20-23h 9-19 h

Working Day
purchase (€/kWhel) 0.1114 0.1272 0.1621
sale (€/kWhel) 0.0817 0.0964 0.0994
Saturday
purchase (€/kWhel) 0.1114 0.1272 0.1272
sale (€/kWhel) 0.0817 0.0964 0.0964
Sunday
purchase (€/kWhel) 0.1114 0.1114 0.1114
sale (€/kWhel) 0.0817 0.0817 0.0817
a The consumed electricity, both purchased and produced, is subject to an excise 

tax which is calculated iteratively based on monthly consumption thresholds ac-
cording to [9]. It goes from a monthly forfeit of 7320 euros for consumptions above 
1,200,000kWhel to 0.0125 euro/kWhel.
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efficiency and primary energy saved 6 for the 52 weeks of the year
are summarized in Fig. 9 while yearly aggregated values for all the
cases presented in the paper are shown in Table 3.

The total annual costs of the solutions investigated are the
following: 3,472,798V in the rolling horizon case (S1) with almost
10% increase in the case of no incentives (S2) which reaches
3,816,746V. It is worth noting that the difference between the tota
annual operating cost of the case without incentives and the S1 is
essentially the value of the cogeneration credits received. The main
differences between the S1 and S2 operation strategies occur in the
winter and mid-season because, to meet the yearly incentive con-
straints, S1 tends to operate the CHP engines at higher loads (higher
capacity factors) so compensate the low thermodynamic perfor-
mance (i.e., primary energy saving) of the summer weeks (see Fig. 9
a and ,c). Therefore, we can conclude that the incentives policy does
appreciably affect the optimal operation strategy especially during
cold seasons pushing the CHP units towards higher utilization. In
addition, the incentives policy has a strong impact on the
profitability of cogenerative solutions, pushing it towards saving
primary energy (Fig. 9, d).

Comparing cases S1 with S3, it is possible to note that the
addition of a thermal energy storage system will allow a reduction
of almost 5% of operative costs going down to 3,313,637V. This is
due to the fact that the smart use of the thermal energy storage
reduces the heat dissipations experienced mainly during summer
and mid-season weeks (due to the small heat demand compared to
the engines size, see Fig. 9, c), and it allows utilizing the engines at
high efficiency (higher loads) for a larger number of hours during
winter and mid-season (see the capacity factor values in Fig. 9, b
which features an yearly average increase of 12.4%). Summarizing
thermal energy storage improves the optimization strategies
leading to a 6.7% increase of PES on yearly bases. Compared to S1
(no thermal storage), 40% of the overall cost reduction is due to the
extra incentives, while the remaining 60% is due to lower fue
consumption and higher revenues from the electric market. The
latter factor plays an important role with a 21.8% increase in the
electricity sold and 11.3% increase in the electric energy purchased
Indeed, the presence of the storage allows the CHP engines to in-
crease the loads during hours with high electricity selling prices.
6 Figs. 9 and 11 show the amount of primary energy saved in MWh, which is 
therefore proportional to the incentives that are going to be received, while the 
value of Primary Energy Savings (PES) of the constraints, Eq. (2), is expressed in 
relative terms as a %.
Fig. 10 shows the optimal scheduling for a winter working day 
found with the three cases S1, S2 and S3. In all cases, with the 
assumed electricity prices, the heat demand drives the operating 
conditions of the prime movers. Compared to case S2 (no in-
centives, no efficiency constraints), the introduction of incentives 
and efficiency constraints (case S1) causes an increase of the load of 
the CHP engines also during off-peak hours. In peak hours, in-
centives have no impact because the higher cost of electricity 
drives the operating conditions (i.e., no difference between S1 and 
S2): both ICEs operate from 9 to 19. In intermediate hours, the 
operating conditions depend on the thermal load: ICEs work at full 
load at 8 and 20, then it reduces between 21 and 22, and finally it 
turns off from 23. The addition of the thermal storage system (S3) 
allows to turn on both internal combustion engines from the early 
morning and then considerably decrease the use of boilers. Indeed 
in case S3 the capacity factor of the ICE increases from 80 to 95% in 
compar-ison to S1.

In order to show the advantages of the proposed rolling horizon 
algorithm, the same yearly problem has been tackled by means of a 
more conventional approach imposing the efficiency constraints, 
Eqs. (1) and (2), on each week. Then, weeks are independently 
optimized in sequence without adopting a rolling horizon 
approach. Case S4 refers to the system without thermal storage 
while case S5 refers to the system with thermal storage. No sig-
nificant time savings can be noted with respect to the test case with 
yearly constraints. On the other hand, results for case S4 are sub-
stantially different from S1 as shown by aggregated data in Table 3. 
Indeed, the yearly objective function is almost 3% worse because 
the efficiency constraints must be met on weekly basis (which is a 
much tighter constraint than the yearly basis requirement of the 
incentive regulation). It is possible to notice in Fig. 11 how the 
rolling horizon case S1 follows the same path as the case with 
weekly constraints S4 in the cold season but, during summer time, 
S1 features much higher revenues because it is economically ad-
vantageous to generate electricity and dissipate heat. While strat-
egy S1 can decide to dissipate some heat during summer and then 
recover efficiency during winter, strategy S4 cannot. As shown in 
Fig. 11, b), in case S4 the units are not operated during the summer 
weeks with low thermal load otherwise heat would be wasted and 
the efficiency constraints would not be met. This brings at much 
higher electricity generation, about 7%, which in case of higher 
electricity prices may affect deeper the abovementioned 3% dif-
ference in the objective functions.

When the thermal storage systems is available (cases S3 and 
S5), the rolling horizon algorithm (S3) and the simplified sequential 
solution of the weekly problems with efficiency constraints (S5) 
find very similar solutions. The difference in objective function 
values reported in Table 3 is within the milp gap of the solver. This 
is due to the fact that strategy S3 already meets the efficiency 
constraints on a weekly basis as, thanks to the presence of the 
storage, only a small amount of heat is wasted and engines are 
always operated at high loads. This result highlights at the same 
time the importance of thermal energy storage as well as the 
importance of using an efficient tool for optimizing the manage-
ment of storage systems.

7. Conclusions

This paper discussed the development of a rolling horizon MILP
algorithm for energy system scheduling. The computational re-
sults indicate that the proposed algorithm is an effective tool for
optimizing the operation scheduling of cogeneration systems
subject to yearly-basis efficiency constraints, as required by the
European regulation for high efficiency cogeneration. The algo-
rithm consists of two phases: an initialization phase, where we



Fig. 9. Weekly objective functions (a), capacity factors (b), first principle efficiencies (c) and primary energy saved (d). Blue empty diamonds denote case S1 calculated with the
rolling horizon algorithm proposed in this work for the systemwithout thermal storage. Green dots denote case S2 without incentives and efficiency constraints. Red squares denote
case S3 featuring a Low Temperature (LT) heat storage and scheduling optimized with the proposed rolling horizon algorithm. The weekly objective functions for the S1 and S3 case
are also displayed without incentives as continuous blue and red line in (a). (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)



Table 3
Yearly aggregated results for the presented test cases.

Objective Function [V] White certificates [V] Capacity factor [%] hI [%] PES [%]

Rolling horizon and incentives (S1) 3,472,798 367,499 46.0 79.0 22.5
Weekly efficiency constraints and incentives (S4) 3,571,179 348,130 41.3 82.0 23.5
Neither efficiency constraints nor incentives (S2) 3,816,746 0 34.8 79.1 22.0
Thermal storage with rolling horizon and incentives (S3) 3,313,637 429,517 51.7 83.4 24.0
Thermal storage with weekly efficiency constraints and incentives (S5) 3,310,199 430,380 51.0 83.5 24.0

Fig. 10. Plot of the Electric (a), High Temperature (HT) heat (b) and Low Temperature (LT) heat (c) balances for the second Monday of the year. (1) denotes the scheduling of the
base-case S1 with the proposed rolling horizon algorithm. (2) denotes the scheduling of the case S2 without incentives and without efficiency constraints. (3) denotes the case S3
with rolling horizon algorithm and using the low temperature thermal storage.
solve weekly subproblems with aggregated estimates from typical
weeks, and a main phase where we solve weekly subproblems
with aggregated estimates from previous (optimized) weekly so-
lutions. Thanks to the decomposition of the operating year into
weekly subproblems, the computational time required to optimize
the whole year of operation on hourly base with a tight relative
MILP gap is not impracticable, from 1 day up to 3 days time,
making the algorithm an effective scheduling and control tool of
cogeneration systems. Indeed, it can be used every week to
determine the optimal operation strategy of the installed units. It
was also observed that the computational time required to solve
the MILP weekly subproblems greatly increases with the presence
of storage systems as a consequence of the dependency between
time periods. On the other hand, the computational time can be
decreased of two orders of magnitude if a slightly larger MILP gap
(e.g., 1%) is adopted. Although the optimality cannot be guaran-
teed, the analysis of the solutions indicates that the returned
operation scheduling is sound from both the economic and
thermodynamic point of views.
It is worth highlighting the importance of incentives policy and

their impact on the Combined Heat and Power optimal operation.
Incentives will reduce the operating costs, objective function, of
about 10% and increase the capacity factor of cogenerative units,
especially in cold seasons, leading towards higher savings of pri-
mary energy in absolute terms. The proposed yearly rolling horizon
optimization strategy allowed an improvement of objective func-
tion of almost 3% in comparison to standard weekly constrained
optimization strategies, due to its higher flexibility allowing ful-
filling the efficiency constraints on yearly bases and not forcing it
per each single week. This implied a larger usage of cogeneration
units with 7% increase in electric energy generation; higher impact
on objective function is expected for higher electricity prices.
Finally, thermal energy storage deployment and smart manage-
ment allowed to achieve both the best economic i.e., about 5%
lower operating costs, and thermodynamic indicators.



Fig. 11. Weekly objective functions (a), capacity factors (b), first principle efficiencies (c) and primary energy saved (d) calculated for the rolling horizon case (S1 ¼ blue empty
diamonds) or with weekly basis efficiency constraints (S4 ¼ dotted blue line), and for the case with thermal storage optimized with the rolling horizon (case S3 ¼ red squares) or
with weekly basis efficiency constraints (case S5 ¼ red dotted lines). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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Nomenclature
Abbreviations and notations
AB, Aux Boiler Auxiliary Boiler
c specific cost, [V/kWh]
C Cost, [V]
CC Cogeneration Credits, [V]
CHP Combined Heat and Power
CCHP Combined Heat, Cooling and Power
Cold units producing a cooling load.
E Energy [kWh]
el, El Electricity; Units consuming electricity
Ex Excise, [V]
f fuel, [kW]
g units performance curves
HT High Temperature
ICE Internal Combustion Engine
i week index
I units consuming fuel
I1 units consuming fuel with one degree of freedom
I2 units consuming fuel with two degrees of freedom
Inc Incentives, [V]
k current week index.
l storage level, [kWh]
L rolling-horizon loop number
LT Low Temperature
MILP Mixed Integer Linear Programming
n final yearly loop number
Nw Number of representative weekly periods
p grid losses factor, [�]
P units producing electricity
PES Primary Energy Savings
PWL Piece Wise Linear
q heat, [kW]
RH Rolling Horizon
RMF Reverse-Metering Factor
T hours of the week, [h]; Temperature, [⁰C]
Th units consuming heat
u heat storage losses, [%]
y second operative variable
z units on/off status

Greek symbols
D start-ups number
h efficiency, [�]

Subscripts and superscripts
abs absorption
cog cogenerated
cold cooling load
cons constant
cust customer request of heat or electricity
diss dissipated heat
deg degraded heat from high to low temperature
el electric energy
f, fuel fuel, [kW]
forf forfeit
h hourly
high high temperature heat
i i-th unit
I first principle thermodynamics
low low temperature heat
min minimum
max maximum
N maximum Number of sart-ups
O&M Operation and Maintenance
On/off start up operation
purch purchased electricity
ref reference value for separate electric and thermal

generation
sold sold electricity
stor storage heat
t, T time period, time horizon
th thermal energy
time number of hours
tot valid for the total number of units
0 ambient condition, threshold value
^ parameters
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