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Abstract—In this paper, the equivalent CO2 emission models
for fossil-fuel-based distributed generator (DG) units are devel-
oped considering their individual emission characteristic and
fuel consumption. These models are then integrated within a
microgrid Energy Management System (EMS) model. Constant
energy, demand shifting load models are further integrated in the
EMS to examine the possible impact of Demand Response (DR)
on the total system emissions and economics of a microgrid. Thus,
the impacts of including the developed emission models on the
operation of an isolated microgrid, equivalent CO2 emissions,
and costs are examined considering five different operating
strategies. The proposed operating strategies are validated on a
modified CIGRE medium voltage benchmark system. The results
obtained highlight the effectiveness of the proposed EMS and also
demonstrate the impact of DR on emissions and costs.

Index Terms—Demand response, emission model, energy man-
agement systems, microgrids, sustainability.

NOMENCLATURE

Indices, Sets and Superscripts
g Distributed generator (DG) unit
Gi Set of DG units connected to bus i
i, j Bus
k Time-step [min]
n Energy Storage System (ESS) unit
Ni Set of ESS units connected to bus i
p Pollutant type (CO2, CO and NOx)
t Time [min]
c Commercial
r Residential

Parameters
a Quadratic term of cost function of DG unit

[$/(kWh)2]
aem Quadratic term of emission function of DG unit

[tonne/(kWh)2]
A1 Aspiration level for operating cost [$]
A2 Aspiration level for emission cost [$]
b Linear term of cost function of DG unit [$/kWh]
bem Linear term of emission function of DG unit

[tonne/kWh]
c Constant term of cost function of DG unit [$/h]
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Cem−sdn CO2 emission associated with shut-down of DG
unit [tonne]

Cem−sup CO2 emission associated with start-up of DG unit
[tonne]

cem Constant term of emission function of DG unit
[tonne/h]

CLC Load curtailment cost [$/kWh]
Csup, Csdn Start-up and shut-down cost of DG unit [$]
PD Active power demand [kW]
PW Wind turbine output [kW]
PESS Charging/discharging power limit of ESS unit

[kW]
PV Photo-Voltaic (PV) unit output [kW]
Rsv Spinning reserve factor
Rup, Rdn Ramp-up and ramp-down rate of DG unit [kW/h]
Tup, T dn Minimum-up and -down time of DG unit [h]
w Weight applied to D1 and D2

α Emission Factor for a pollutant of DG unit
[tonne/MBTU]

β Global Warming Potential Index
∆t Absolute time between time steps [h]
ηch, ηdch Charging and discharging efficiency of ESS unit
γ Social cost of CO2 emissions [$/tonne]

¯
,¯ Minimum, maximum variable limits˜ Normalized variable

Variables
D1, D2 Deviations from aspiration level for operating and

equivalent CO2 emission costs, respectively [$]
E Pollutant p emission from DG unit [tonne]
ECO2 Equivalent CO2 emission of pollutant from DG

unit [tonne]
Jcp Normalized distance function
Jem Equivalent CO2 emission cost [$]
Jgp Weighted sum of D1 and D2 [$]
Joc Sum of Jop and Jem [$]
Jop Operating cost [$]
L Fuel consumption of DG unit [MBTU]
P Active power from DG unit [kW]
P ch, P dch Charging and discharging power of ESS unit [kW]
PLC Load curtailed [kWh]
S Shut-down decision of DG unit (1 = shut-down,

0 = otherwise)
SOC State of charge of ESS unit
U Start-up decision of DG unit (1 = start-up, 0 =

otherwise)
W ON/OFF decision of DG unit (1 = ON, 0 = OFF)
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I. INTRODUCTION

INCREASING concerns on green house gas (GHG) emis-
sions and continuous reductions in the cost of renewables

based generation resources are encouraging the penetration
of Distributed Energy Resources (DERs) and demand side
management options in electrical systems [1]. For a successful
integration of DERs, the concept of microgrids has evolved
[2], [3], where microgrid is defined as a group of intercon-
nected loads and DERs such as distributed generators (DG),
energy storage systems (ESS), and controllable loads, within
a clearly defined electrical boundary that can act as a single
controllable entity with respect to the grid. Microgrids can be
permanently connected to the grid, isolated from the grid, or
can shift from one mode to the other. There are many remote
communities worldwide which are not connected to the grid,
and meet their electricity demand mainly from fossil fuel based
DG units in isolated microgrids (e.g., [4]).

The Energy Management System (EMS) of microgrids de-
termines the optimal dispatch and schedules of the DERs and
are hence responsible for their economic and reliable operation
[2], [3], [5]. These isolated microgrids rely on fossil-fuel-
based DG units to meet the electricity demand, and are known
to be high emitters of GHGs; for example, amongst the 280
remote communities in Canada, more than 50% of installed
capacity are diesel-based DG units [4]. High level of diesel-
based generation in isolated communities raises environmental
and other socio-economic concerns. Therefore, there is a need
to explore options other than energy supply from fossil fuels,
through the use of renewable-based DG units to balance the
demand and supply in these microgrids to reduce the impact
on the environment [4]. Furthermore, Demand Response (DR)
is another viable option for isolated microgrids for emissions
and cost reductions, since is readily implementable and avail-
able, as well as environmentally friendly and cheaper than
investments in generation resources [6].

Customer participation in energy management via DR pro-
grams by curtailing and/or shifting controllable demand has
been shown be effective in distribution feeder operation [7],
[8]. The positive impact of DR on the operation and costs
of isolated microgrids has been analyzed in the literature
[6], [9]–[11]. However, the impact of DG units and DR on
equivalent CO2 emissions in microgrids need to be quantified
and better examined. Hence, this paper proposes DG CO2-
emission models for microgrid EMS formulations to study the
impact of DG and DR in emissions and operating costs.

In [12], a Unit Commitment (UC) based microgrid EMS is
proposed, which comprises a multi-objective function seeking
simultaneous minimization of fuel consumption and pollutant
emissions, and considers dispatchable and non-dispatchable
DG units and ESS; the pollutant emissions from the DG units
are considered to be nonlinear functions of the power output
of the DG unit, based on the specific emission and a global
warming potential of each pollutant. An Optimal Power Flow
(OPF) based EMS with multi-objective function considering
simultaneous minimization of operation cost, emission, and
use of ESS is proposed in [13] for isolated microgrids. The
pollutant emissions from DG units are modeled as linear

functions of the power output of the DG unit. It is important
to note that none of these works consider demand manage-
ment schemes to account for customer participation in energy
management.

As part of various demand side management (DSM) and DR
schemes, customers can participate in energy management by
shaving and/or shifting loads during the peak load hours or
system contingencies which in turn increases the reliability
of the system and benefits both customers and utilities [7],
[8]. Thus in [7], a short-term power scheduling model, si-
multaneously considering the linearized power flow and UC
constraints, is proposed for distribution systems with fossil-
fuel-based DG units; the demand is considered to respond to
real time pricing (RTP) and is expressed by price elasticity
coefficients in the energy management problem; however, the
proposed EMS considers only fossil-fuel-based generators nor
renewable-based DG units. In [9], to analyze the impact of
different DR options on an isolated microgrid operation, peak
shaving and load shifting schemes are modeled using associ-
ated cost and price elasticity coefficients that are integrated in
the EMS; the results indicate potential reductions in operation
costs in the presence of DR since fewer thermal units are
committed.

In [14], five different objectives including energy costs, non-
delivered energy, power purchase/sell to the grid, peak loading,
and emissions are considered along with their weighted sum
to determine the optimal dispatch of the DERs in a grid-
connected microgrid. The emissions from the DG unit are
modeled as quadratic functions of the DG power output,
considering fuel consumption and the corresponding pollutant
emission; moreover, load curtailment is considered with asso-
ciated costs of energy curtailment. Heuristic based UC models
are presented in [15] and [16] for day-ahead operation of
grid-connected microgrids. In [15], the operating and emission
costs are minimized to obtain the optimal dispatch of DERs
including ESS and electric vehicles as controllable demand,
considering predetermined emission characteristic of the DG
units from [17] and generation from renewable sources. In
[16], the operating and emission costs are minimized in a grid-
connected microgrid considering curtailable demand, vehicle-
to-grid, and DG units, with their respective predetermined
emission characteristics from [18]; ESS and generation from
renewable sources are not considered. The formulated UC-
based dispatch algorithms for grid-connected microgrids in
[14]–[16] do not take into account start-up and shut-down op-
eration costs and associated pollutant emissions, nor consider
forecast deviation of renewables and demand.

Isolated microgrids have to manage their energy needs
using available resources, and if the renewables based DG
units contribute significantly to the dispatch, the deviation in
the forecast of renewables can adversely affect the reliable
operation of the microgrid. Thus, dispatch decisions must
be made considering forecast deviations, which is frequently
done by adopting certain control techniques such as a Model
Predictive Control (MPC) [19]. A UC with MPC is proposed in
[6], [10], [19] for renewable-based microgrids. Furthermore,
in [6], load shifting is included in the EMS to account for
customer’s participation, while load shaving is considered in
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the EMS proposed in [10]. In [11], an integrated UC and
OPF EMS with an MPC approach is presented, considering
controllable demand as a function of ambient temperature,
time-of-use electricity price, demand limit, and time of the
day. However, these papers do not take into account emissions
from DG units in the EMS formulation.

There is no reported attempt to develop a detailed UC
model for isolated microgrid with all DER related constraints
that includes pollutant emission models, while accounting for
deviations in the forecast of the renewable and DR schemes.
Hence, this paper presents a mathematical model of such a
comprehensive UC, which simultaneously minimizes operat-
ing costs and pollutant emissions considering demand-shifting
load models. In addition, an MPC approach is used to consider
the deviations in the forecast of renewables and electricity
demand. Thus, the contributions of this work are as follows:

• Equivalent CO2 emission models of DG units are pro-
posed, considering their individual emission characteristic
and fuel consumption. These models are then integrated
within the microgrid UC model.

• Demand-shifting load models are integrated into the UC
to examine the possible impact of DR on the total system
emissions and costs.

• A multi-objective UC model is developed to study the
impact of microgrid operation on emissions and costs
for different operating strategies, while considering the
deviation in the forecast of renewables and demand
through an MPC approach.

The rest of the paper is organized as follows: Section II
presents the emission models, different objective functions,
and the mathematical UC model and its implementation for
microgrid dispatch. Section III presents the test system and
case studies considered, and presents some of the more rele-
vant results obtained with the proposed UC models, discussing
their main features. Finally, Section IV highlights the main
conclusions and contributions of this paper.

II. MATHEMATICAL MODELING

A. Emission Model of Generators

The emission models of fossil-fuel-based DG units are
proposed here, representing the mathematical relationship be-
tween the loading level of DG units and the associated amount
of pollutant emissions, namely, carbon dioxide (CO2), nitrogen
oxide (NOx) and carbon monoxide (CO). The emissions at
different loading levels of DG units can be obtained as follows:

Ep,g(Pg) = αp,g(Pg)Lg(Pg) ∀p, g (1)

where all variables and parameters in this and other equations
are defined in the Nomenclature section. The amount of
pollutant emissions per unit fuel combustion αp,g can be found
in [20].

The equivalent CO2 emission from each pollutant can be
determined by multiplying the Global Warming Potential
Index (GWPI), of the pollutant βp, given in [21], with the
respective pollutant emissions, as follows:

ECO2
p,g (Pg) = βpEp,g(Pg) ∀p, g (2)

The equivalent CO2 emission from a DG unit can then be
determined by summing the equivalent CO2 emissions of each
pollutant as follows:

ECO2
g (Pg) =

∑
p

ECO2
p,g (Pg) ∀g (3)

Therefore, ECO2
g (Pg) can be expressed using (1) and (2) as

follows:

ECO2
g (Pg) =

∑
p

βpαp,g(Pg)Lg(Pg) ∀g (4)

where it can be observed that the emission from a DG unit is
directly dependent on its loading level.

The equivalent CO2 emission from a DG unit operating at a
given loading level at time t can also be expressed in general
form as follows [12]:

ECO2
g,k (Pg,k) = (aemg P 2

g,k∆tk + bemg Pg,k + cemg Wg,k)∆tk

+ Cem−sup
g Ug,k + Cem−sdn

g Sg,k ∀g, k (5)

which is a generic quadratic function depicting the relationship
of equivalent CO2 emissions with the DG loading level. Note
also that (5) includes equivalent CO2 emissions associated with
DG unit start-up and shut-down, where the start-up emission
coefficient Cem−sup

g denotes the amount of CO2 emission
during the DG unit start-up, which is assumed equivalent to
5 min of full load operation of the DG unit, while the shut-
down coefficient Cem−sdn

g denotes the CO2 emission during
shut-down operation, which is assumed equivalent to 2.5 min
full load operation of the DG unit [12]. From (4) and (5),
the coefficients aemg , bemg , andcemg can be determined using
a simple curve-fitting technique. Hence, the mathematical
model for CO2 emission from a DG unit given by (5) can
be integrated into the microgrid UC model as discussed next.

B. Microgrid UC Model

The model is developed from the perspective of the operator,
who seeks to minimize the operating costs of the microgrid,
including generation costs, and start-up and shut-down costs.
Such objective can be expressed as follows,

Jop =
∑
g,k

[(agP
2
g,k∆tk + bgPg,k + cgWg,k)∆tk

+ Csup
g Ug,k + Csdn

g Sg,k] (6)

In addition, the following constraints can be defined to repre-
sent the operational constraints of the microgrid:

• Demand Supply Balance: These constraints ensure that
total the generation meets the total demand of the micro-
grid at each time step:∑

g

Pg,kWg,k+
∑
i

(PVi,k+PWi,k)+
∑
n

(P dch
n,k −P ch

n,k)

=
∑
i

[PDc
i,k + PDr

i,k + PDrs
k ] ∀k (7)

It is assumed that a part of the residential load PDrs
k is

controllable and hence is an optimization variable, as it
can be shifted to other hours. The rest of the load, which
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is uncontrollable, can be obtained using a forecasting
engine.

• Reserve Constraints: These constraints ensure that the
spinning reserve requirement is met by the dispatched
generators, as follows:∑

g

(P̄g − Pg,k)Wg,k ≥ Rsv
∑
i

[PDc
i,k + PDr

i,k

+ PDrs
k + PVi,k + PWi,k] ∀k (8)

• DR Constraints: The controllable demand PDrs
k is a

power-shifting demand that can be shifted and at least
paid back within the same day, considering the maximum
and minimum limits of the shiftable demand. This can be
modeled as follows:∑

k

PDrs
i,k∆tk ≥ 0 ∀i (9)

PDrs
i ≤ PDrs

i,k ≤ PD
rs

i ∀i, k (10)

• UC Constraints: These constraints include active and
reactive power generation limits, ramp-up and ramp-down
constraints, minimum up-time and down-time constraints,
and coordination constraints, as discussed in detail in
[11].

• Energy Storage System: The ESS model comprises the
energy balance equation, a constraint to restrict simulta-
neous charging and discharging, and a constraint to limit
the SOC and charging-discharging power, as discussed in
detail in [11].

C. Operating Strategies

The next five different operating strategies are considered
to study the optimal dispatch of microgrid DG units and the
role of DR in system emissions and costs.

1) Operating Cost Minimization (Case 1 or Base Case):
The operating costs of the microgrid includes generation cost,
start up and shut down costs as given in (6). This case
represents the current EMS practice in isolated microgrids, and
is not sustainable from a long-term perspective. The next four
cases include the proposed emission models, thus representing
sustainable models.

2) Emission Cost Minimization (Case 2): The equivalent
CO2 emission cost for fossil-fuel based DG units is obtained
by multiplying the social cost of equivalent CO2 emissions
γ with the total equivalent CO2 emissions from generation,
start-up and shut-down operations, as per (5), and is given by:

Jem = γ
∑
g,k

[(aemg P 2
g,k∆tk + bemg Pg,k + cemg Wg,k)∆tk

+ Cem−sup
g Ug,k + Cem−sdn

g Sg,k] (11)

3) Minimization of Emission and Operating Costs (Case 3):
In order to consider the pollutant emissions and the operating
cost of DG units simultaneously in the formulation of the EMS
objective function, one of the strategies is to minimize the
algebraic sum of equivalent CO2 emission costs and operating
costs. The key feature of this multi-objective strategy is that
it does not require prior knowledge of the aspiration levels

of these conflicting objectives, their minimum or maximum
values, nor the weights associated with them to obtain an
optimal dispatch. Such an objective function can be expressed
as follows:

Joc = Jop + Jem (12)

4) Pareto-optimality of Operating and Emission Costs
(Case 4): In this case, the objective function is formulated
considering both the operating costs and emission costs as
a normalized function to obtain the Pareto-optimal solution
between the two objectives, as follows:

Jcp =

√(
Jop −

¯
Jop

J̄op −
¯
Jop

)2

+

(
Jem −

¯
Jem

J̄em −
¯
Jem

)2

(13)

5) Minimization of Deviation of Operating and Emission
Costs (Case 5): In this case, the objective function seeks to
minimize the weighted sum of two quantities: the deviations in
the operating costs from its aspiration level, and the deviation
in the equivalent CO2 emission costs from its aspiration level,
as follows:

Jgp = wD1 + (1− w)D2 (14)

where
D1 = Jop −A1 (15)

D2 = Jem −A2 (16)

and A1 and A2 are the aspiration levels of operating and emis-
sion costs, respectively. The aspiration levels are the desired
target values of the objective function such as operating cost
or emissions, which are set by the system operator, planner,
or policy maker. In the present work, the aspiration level
of the operating cost A1 is considered to be the minimum
operating cost obtained from Case 1, while the aspiration
level of emission cost A2 is set at the minimum emission
cost obtained from Case 2. These are stiff targets to achieve
simultaneously, and represents the ”ideal” solution, which the
model “aspires” to attain.

D. Scheduling Time Horizons and MPC

The forecasts of demand and generation from renewables
are more accurate for a shorter look-ahead window, with
the forecast errors increasing as the look-ahead window is
broadened [11], [19]. Furthermore, since a uniform 5 min
time resolution over a 24-hour look-ahead window requires
large computational resources to solve the UC problem, a
scheduling horizon with non-uniform time resolution is used,
with short few times steps first and increasing time steps after,
as discussed in [11], [19]. The considered scheduling horizon
is shown in Fig. 1.

In isolated microgrids, the generation from renewables
contribute a significant share to the energy supply mix. Hence,
the optimal dispatch of the controllable DERs rely on the
forecast of generation from renewables, which varies over
the time horizon. Thus, an MPC approach is adopted here,
where the dispatch problem is re-solved considering updated
forecast of the generation from renewables at every 5 minute
re-calculation time interval, as explained in [11], [19]. The
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Fig. 1. Scheduling time horizon.

Fig. 2. Modified CIGRE microgrid benchmark [11], [19].

obtained UC dispatch of DERs is valid only for the next time
interval. Moreover, in order to balance the shiftable demand
over a day and also to maintain the SOC level at the end of
the day, the time horizon is considered to be receding at every
re-calculation iteration, in which the initial time step is shifted
forward by one time interval, while the last time step is kept
fixed, as depicted in Fig. 1.

III. RESULTS AND DISCUSSIONS

The proposed operating strategies for the proposed EMS
model are tested here on the CIGRE medium voltage bench-
mark network depicted in Fig.2 [19], which has been modified
to consider 25% more ESS capacity, and a total installed
capacity of 9,216 kW from all DG units [11]. The DER costs
are extracted from [19], and the social cost of equivalent CO2
emissions γ is assumed to be 37 $/tonne [22].

As discussed in Section II.A, based on the emission data
sheet of the respective generators and their emission factors

Fig. 3. Emission characteristics of DG units.

[20], [23], the obtained equivalent CO2 emission character-
istics of the five DG units are shown in Fig. 3, and the
corresponding co-efficients of the equivalent CO2 emission
functions are shown in Table I. Note from Fig.3 that DG
unit G13 accounts for the highest equivalent CO2 emission
in tonne/kWh, and its emission level is significantly higher
compared to the other DG units; units G3, G1, G9 and G2
follow suit in decreasing order of emissions.

TABLE I
PARAMETERS OF THE DG EMISSION CHARACTERISTICS

DG units G1 G2 G3 G9 G13
P̄g , MW 2.5 1.4 0.8 0.31 0.5
aemg 1.2228 0.0234 4.3792 0 0.0088
bemg -0.48236 0.8114 -0.4755 1.8849 8.9722
cemg 1.4235 0.1505 0.3449 -0.0087 0.0594

Cem−sup
g 0.0712 0.1075 0.0165 0.0479 0.3788

Cem−sdn
g 0.0356 0.0537 0.0082 0.0239 0.1894

As discussed in Section II.C, five distinct operating strate-
gies (UC objective functions) are considered to examine
the microgrid EMS model performance. In order to study
the impact of DR on pollutant emissions, all these cases
are also discussed here without considering DR by forcing
PDrc

i,k = 0,∀i, k.
All the models were coded and solved in GAMS [24], on an

Intel(R) Xeon(R) CPU L7555, 1.87 GHz 4-processor server.
In Cases 1, 2, 3 and 5, the objective functions are quadratic
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Fig. 4. Solar PV and wind generation profiles.

functions, and hence these are Mixed Integer Quadratic Pro-
gramming (MIQP) problems, which can be solved using the
CPLEX solver [25]. On the other hand, Case 4 has a non-linear
objective function, and hence is a Mixed Integer Non-Linear
Programming (MINLP) problem, which can be solved using
the DICOPT solver [25]. All case studies, with and without
DR, were simulated for 24 hours of system operation using
the MPC approach, with a re-calculation time of 5 minutes.
A warm start was used in the solution process, in which
a previously obtained feasible solution was applied as the
starting point for the next solution. In case of in-feasibility
in the solution process, the optimization model was re-solved
by initializing the binary decision variables to the ON state
[11].

The wind and solar PV profiles shown in Fig.4 were used
here, based on actual measured data from wind and solar plants
in the Kasabonika Lake First Nation community microgrid
[26]. The demand profiles were the same as those used in [19].
Normal probability density functions of day-ahead and 1-hour
ahead forecasting errors were used to simulate wind, solar and
demand power forecasts in the EMS model. Every 5 minutes,
renewable generation and load forecasts were computed based
on a linear approximation of the difference between the 24-
hour and 1-hour ahead forecast errors, with respect to time.
This approach to generate renewables and demand forecast is
discussed in more detail in [11].

Table II presents the EMS results obtained without and with
DR, including the total equivalent CO2 emissions in each
case and its % reduction with respect to Case 1. Figures
5 and 6 presents plots of normalized operating costs J̃op
versus normalized emission costs J̃em for all the cases without
and with DR, respectively, where these normalized costs are
defined as follows:

J̃op =
Jop −

¯
Jop

J̄op −
¯
Jop

(17)

J̃em =
Jem −

¯
Jem

J̄em −
¯
Jem

(18)

Figures 7 and 8 present the share of individual DG units in the
microgrid EMS dispatch without and with DR, respectively.
Finally, Figures 9 to 13 depict stacked area plots of the

TABLE II
SUMMARY OF MICROGRID EMS OPERATING STRATEGIES

Cases 1 2 3 4 5

W
ith

ou
t

D
R Jop [$] 15,198 18,996 17,547 16,730 16,707

Jem [$] 10,351 5,422 6,538 7,869 7,276
Emissions
[Tonne] 279.8 146.6 176.7 212.7 199.6

Reduction in
emissions [%] 0 48 37 24 29

Increase in
op. costs [%] 0 25 15 10 10

Average
CPU

time per MPC
iteration [s]

6.67 22.7 36.25 8.12 5

W
ith

D
R

Jop [$] 14,971 18,906 17,862 16,394 16,491
Jem [$] 10,593 5,103 5,982 7,865 7,443

Emissions
[Tonne] 286.3 137.9 161.7 212.6 201.2

Reduction in
emissions [%] 0 52 44 26 30

Increase in
op. costs [%] 0 26 19 9.5 10

Average
CPU

time per MPC
iteration [s]

13.75 43.12 47.08 8.12 17.29

Fig. 5. Normalized operating costs vs. normalized emission costs without
DR.

Fig. 6. Normalized operating costs vs. normalized emission costs with DR.

equivalent CO2 profiles for each DG unit, for all cases, without
and with DR. The following observations can be made for
Table II and Figures 5-13:

• Case 1 yields the least operating cost dispatch but incurs
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Fig. 9. Case 1 emission profiles of DG units without and with DR.

Fig. 7. Dispatch contribution of DG units without DR.

the highest emission cost, which is to be expected, since
in this case emissions are not considered. On the other
hand, and as expected, Case 2 yields the least emission
cost dispatch with the highest operating cost, both with
and without DR. These cases account for the two extreme
points in Figures 5 and 6.

• In Case 1 with DR, observe that operating costs are
reduced by 1.5%, while emission costs increase by 2.3%
(Table II) with respect to Case 1 without DR. This is

Fig. 8. Dispatch contribution of DG units with DR.

because the shiftable demand is dispatched at off-peak
hours so that the dispatch share of the cheapest unit
G1 is increased while the dispatch from G2, which has
least emissions (Fig.3), is reduced (Figures 7 and 8).
The major changes in emissions with DR for Case 1 are
highlighted in Fig.9, where the emissions during off-peak
hours (hours 0 to 6) and also during on-peak hours (hours
18 to 20) are increased, while a reduction in emissions
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Fig. 10. Case 2 emission profiles of DG units without and with DR.

is observed between hours 7 to 10.
• In Case 2 with inclusion of DR, the emission and oper-

ating costs are reduced by 5.8% and 0.5% respectively
(Table II) with respect to Case 2 without DR. The reason
for this significant reduction is that the dispatch share of
low emission units G2, G1, and G9 are increased, whereas
unit G13, which has the highest emission (Fig.3), is not
committed, as the controllable demand is shifted to off-
peak hours (Figures 7 and 8). These observations can
also be made in Fig.10, during the highlighted off-peak
hours, which shows reduction in emissions from G3 due
to a reduced dispatch of this unit at these hours due to
DR.

• In Case 3, note that the introduction of DR reduces the
sum of operating and emission costs, as compared to the
case without DR, with the operating costs increasing by
1.8%, while the emission costs decrease by 8.5% (Table
II). This can be attributed to the reduction in dispatch
of G13, which has the highest emissions and the least
operating costs, when DR is introduced. This is also
depicted and highlighted for hours 18 to 21 in Fig.11.

• Case 4 yields a dispatch to minimize deviations from
the optimal operating and emission costs. Observe in
Figures 5 and 6 that normalized operating costs are 0.4
and 0.36, and normalized emission costs are 0.49 and
0.5, without and with DR, respectively. Note in Table
II that with DR, both operating and emission costs are
reduced by 2% and 0.1% with respect to Case 4 without
DR, respectively, because the dispatch share of G1 and
G9 is increased, since G1 is the cheapest unit while
G9 is a low-emission unit (Figures 7 and 8). On the
other hand, the dispatch share of unit G3, which has
high emissions (Fig.3), is reduced in coordination with

the shifting of the controllable demand (Figures 7 and
8). The reduction in emissions due to less use of G3
is also highlighted in Fig.12. The reason for the higher
reduction in operating cost as compared to the emission
cost is that, in the objective function, 1

J̄op−
¯
Jop

is larger
than 1

J̄em−
¯
Jem

, which are the multiplication factors for
each cost component in (13).

• In Case 5, the best combination of weights for least
operating and emission cost is obtained by running the
microgrid EMS model with different values of w. The
variations of normalized operating and emission costs
with respect to w are depicted in Figures 14 and 15, where
the curves intersect at w = 0.54 and w = 0.535. With
these values, observe Figures 5 and 6 that the normalized
operating and emission costs are closest to that obtained
in Case 4, for both without and with DR. Note also that
with DR for w = 0.535, the operating cost is reduced
by 1.2% while emission cost is increased by 0.8% with
respect to the case without DR (Table II), due to the
increase in dispatch share of unit G13, which has the
highest emission but least operating cost (Fig.8). The
increase in emissions with DR due to dispatch of G13
is also observed in Fig.13.

• It is important to note from Table II that with the
consideration of the equivalent CO2 emission model, the
total equivalent CO2 emissions are reduced from 24%
to 48% without DR and from 26% to 52% with DR
compared to Case 1, which does not include the emission
function of DG unit, demonstrating the environmental
benefits of the proposed EMS models. However, there is
an increase in operating cost in Cases 2 to 5, from 10% to
25 % without DR, and 9.5% to 26% with DR, compared
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Fig. 11. Case 3 emission profiles of DG units without and with DR.

Fig. 12. Case 4 emission profiles of DG units without and with DR.

to the operating costs in Case 1, reflecting the impact
of emission reductions in operating costs in the test
system. Observe that among all operating strategies, Case
4 provides the dispatch with least increase in operating
cost with significant reduction in emissions compared to

Case 1, also showings the positive impact on both cases
of DR.

• The average computation (CPU) times per iteration of the
MPC algorithm to obtain the 24 hour UC dispatch for all
the cases, with and without DR, are shown in Table II.
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Fig. 13. Case 5 emission profiles of DG units without and with DR.

Fig. 14. Variation of J with weight w without DR

Observe that the CPU time increases in most of the cases
when DR is included; however, the average computation
time per MPC iteration is less than the required 5 min
re-calculation time, and hence the proposed approach can
be implemented in practical applications.

IV. CONCLUSIONS

In this paper, equivalent CO2 emission functions were
developed for DG units based on their emission factors and
the GWPI of pollutants, and these equivalent CO2 emission
models were included in a microgrid EMS formulation; de-
mand shifting loads were also included in the EMS model. To
study the impact of equivalent CO2 emission and operating
costs simultaneously in microgrid dispatch, different operating

Fig. 15. Variation of J with weight w with DR.

strategies were developed, validated, and tested on a CIGRE
microgrid benchmark system by using an MPC approach,
considering the deviations in the forecast of demand and
renewable generation.

The obtained results demonstrate that, with inclusion of DR,
equivalent CO2 emissions depend on the operating strategy,
as the impact of DR on operating costs and equivalent CO2
emission costs is different. From the presented studies, it can
be concluded that the operating strategy that corresponds to
Pareto-optimality of operating and emission costs provides the
best possible compromise between the operating and equiva-
lent CO2 emission costs, reducing both costs with inclusion
of DR. The operating strategy which minimizes the sum
of both costs indeed yields the least total costs; however,
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inclusion of both costs in the objective function does not
guarantee reduction of these costs with DR. On the other
hand, the operating strategy which minimizes the deviations
in the aspiration levels of the two costs, with best possible
weights, yields the dispatch solution closest to the Pareto-
optimal solution.
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[4] M. Arriaga, C. A. Cañizares, and M. Kazerani, “Northen lights: Access
to electricty in Canada’s northern and remote communities,” IEEE Power
Energy Mag., vol. 12, no. 4, pp. 50–59, Jul/Aug 2014.

[5] IEEE-PES Task Force on Microgrid Control, “Trends in microgrid
control,” IEEE Trans. Smart Grid, vol. 5, no. 4, pp. 1905–1919, Jul.
2014.

[6] R. Palma-Behnke, C. Benavides, F. Lanas, B. Severino, L. Reyes,
J. Llanos, and D. Saez, “A microgrid energy management system based
on the rolling horizon strategy,” IEEE Trans. Smart Grid, vol. 4, no. 2,
pp. 996–1006, Jun. 2013.

[7] A. Safdarian, M. Fotuhi-Firuzabad, and M. Lehtonen, “Integration of
price-based demand response in discos short-term decision model,” IEEE
Trans. Smart Grid, vol. 5, no. 5, pp. 2235–2245, Sep. 2014.

[8] I. Sharma, K. Bhattacharya, and C. Cañizares, “Smart distribution
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