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Abstract

With the popularity of different power generators in an electric micro-grid system, their operation scheduling
as the load demand changes becomes an important task. Besides satisfying load balance constraint and
generator’s rated power, several other practicalities, such a limited use of grid power and restricted ramping
of power output from generators, arise and must be considered during the operation scheduling process. In
this paper, we consider the operation scheduling from a two-objective (cost and emission) point of view and
advocate the use of heuristics in updating the optimized solutions for better speed of search, consistency
and practicalities. Our procedure proposes to develop knowledge bases from a series of prior demand-wise
optimization runs and then utilizes them to modify optimized solutions. Results on island and grid connected
modes and several pragmatic formulations of the micro-grid operation scheduling problem clearly indicates
the merit of the proposed procedure.

Keywords: Multi-objective optimization, NSGA-II, Micro-grid operation scheduling, Heuristics based
search

1. Introduction

A micro-grid system usually contains different
power generators, such as micro-turbines, fuel cells,
wind turbines, photo-voltaic generators, etc. Often,
there are provisions for drawing power from a grid
or selling to a grid. Each generator is associated
with a running cost and emits harmful emission to
the environment, both of which must be consid-
ered for an operation scheduling optimization pro-
cess. Moreover, the resulting optimization prob-
lem is constrained, as any feasible operation sched-
ule (or dispatch) must satisfy power balance equa-
tion and the associated rated power of generators.
Furthermore, a dynamic optimization for a vary-
ing load demand also requires ramp restriction for
power generator units so that too fast an increase
in power output is not feasible. Thus, both eco-

nomical and ecological considerations, added with
practicalities, make micro-grid system optimization
problem challenging and intriguing.

Due to above challenges, a straightforward ap-
plication of an optimization algorithm is not ex-
pected to produce consistent dispatch schedules
time after time in a dynamic situation, due to
their inherent convergence issues in dealing with
non-linear and non-convex optimization problems.
Moreover, the issue of two conflicting objectives
make the search more difficult. In this paper,
we suggest a heuristics based evolutionary multi-
objective optimization procedure that handles the
above-mentioned challenges and is capable of find-
ing consistent dispatch schedules. The procedure
has two steps. In the pre-optimization step, ba-
sic and advanced knowledge bases are developed by
optimizing several demand-wise dispatch schedul-



ing problems. The optimized solutions are then an-
alyzed to extract valuable data and rules that are
characteristics of the optimized solutions. These
knowledge bases are then used to update the op-
timization solutions to make them more consistent
and practically viable.
In the remainder of this paper, we have dis-

cussed the micro-grid system optimization proce-
dure by specifying controllable and uncontrollable
distributed generators (DGs) in Section 2. The pro-
posed heuristics based optimization methodology
is presented in Section 3. Thereafter, we present
pre-application simulation results for building the
knowledge bases in Section 4. In Section 5, the pro-
posed methodology is applied to several pragmatic
scenarios arising due to limitations in available grid
power or ramping in power output of DGs. The ref-
erence point based NSGA-II procedure for finding
trade-off cost-emission solutions is described with
simulation results in Section 6. Finally, the conclu-
sions of the study is made in Section 7. The ap-
pendix contains parameters of different generators
used in this study.

2. Micro-Grid System Optimization

A micro-grid (MG) system can have various
power generation resources. In this paper, we con-
sider an MG consisting of photo-voltaic (PV) ar-
rays, wind turbines (WT), fuel cells (FC), micro-
turbines (MT), and possibility of drawing power
from a grid. It is assumed that the output power
of PVs and WTs is uncontrollable by the operator
and they do not have any running cost or harmful
emission. On the other hand, the power generated
by WTs and FCs are controllable with a maximum
upper bound and they do involve a running cost
and eject harmful emissions.

2.1. System Component Models

A micro-grid system may contain uncontrollable
and controllable power generators. We describe the
power generators considered in this study.

2.1.1. Uncontrollable DGs

A 10kW photo-voltaic arrays and 10kW wind
turbines are selected for our study. The output
power models and parameter settings of PVs and
WTs are taken from elsewhere [11] and are repro-
duced in the appendix.
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Figure 1: Curves of cost functions of the controllable DGs.

2.1.2. Controllable DGs

For our study, we have also considered two 65kW
micro-turbine and two 40kW fuel cells. The respec-
tive fuel cost models and their associated parameter
values are expressed in [11]. The efficiency of MT
and FC can be described respectively as

ηMT = am · (pMT

65
)3 + bm · (pMT

65
)2

+cm · (pMT

65
) + dm, (1)

ηFC = af · pFC + bf , (2)

where pMT , pFC are the output power of MTs and
FCs, respectively. We refer to MTs and FCs as
controllable generators as DGs here. Both MT and
FC have a few different options and the values of the
coefficients for each option are shown in Table A.4
in the appendix. The curves of cost functions of
the controllable DGs are shown in Figure 1. It is
clear that as more power is withdrawn from any
of the DGs, monotonically more cost is involved.
However, as shown in Figure 2, the price per unit
power (inkW) reduces with more power output.
Interestingly, MT2 costs more than MT1 and FC2
cost more than FC1. This makes an obvious choice
between the two MTs and two FCs, if cost is a
major consideration.

2.2. Optimization Problem

In this section, we discuss the formulation of the
optimization problem which will be used in our
study.
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Figure 2: Average price curves of the controllable DGs out-
put power.

2.2.1. Objective Functions

As alluded in the previous section, minimization
of the cost of power is one of the major goals of
our study. The cost function has four components:
fuel cost, maintenance cost, depreciation cost, and
electricity exchange cost with the grid, which can
be expressed as follows:

minC(P) =

N∑
i=1

(CG,i (Pi) +OMi(Pi)

+ CDP,i(Pi)) + CGrid(PGrid),(3)

where

N : The amount of all the DGs in
the MG;

CG,i(Pi) : Fuel cost of i-th DG;
OMi(Pi) : Maintenance cost of i-th DG;
Pi : Power output of i-th DG;
P : Decision variable vector;
CDP,i(Pi) : Depreciation cost of i-th DG;
PGrid : Power exchanged with the grid;
CGrid(PGrid) : Cost of purchased power if

PGrid > 0,
or the income of sold power if

PGrid < 0;

The maintenance cost and depreciation cost func-
tions and parameter settings can be found in [13]
and Table A.4 in the Appendix. The variable of the
optimization problem is power output vector P.
In a micro-grid operation, in addition to cost

minimization, minimization of total harmful emis-
sion is another important objective. In this paper,

we consider carbon emission which is a function of
power output, taken from reference [14], as follows:

minE(P) =

N∑
i=1

(αiP
2
i + βiPi + γi), (4)

where the values of emission factors are given in
Table A.4. The curves of emission functions of the
controllable DGs are shown in Figure 3. Again,
the emission increases with the power output in a
polynomial manner.
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Figure 3: Characteristics of emission functions of the con-
trollable DGs.

A careful look at Figures 1 and 3 will reveal that
there is a trade-off between the two MTs and two
FCs. Although MT1 is cheaper to produce power,
it produces more emission than MT2. Similarly,
FC1 is cheaper but is worse in emission than FC2.
Such a behavior is practical and we introduce this
trade-off here to observe the effect of optimization
algorithms in solving multi-objective version of the
problem.

2.2.2. Constraints and Variable Bounds

A micro-grid optimization problem involves a
number of constraints. Here we simplify the prob-
lem by considering a single essential constraint in-
volving controllable DGs. All the output powers in-
cluding the power exchanged with the grid should
meet the load demand (PL), which can be expressed
as follows:

N∑
i=1

Pi − PL = 0. (5)
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All the output power of DGs should not be exceed
their rated lower and upper bounds, which can be
described as follows:

Pmin
i ≤ Pi ≤ Pmax

i . (6)

where, Pmin
i is the minimum power output of i-th

DG, which we have considered to be zero in this
study and Pmax

i is the maximum power output of
i-th DG.
We shall introduce more pragmatic constraints

later in Section 4.

3. Proposed Optimization Method

3.1. Core Optimization Method

When a real-world system needs to be optimized
for many different inter-linked variables, having
constraints and having a dynamic changes in sys-
tem parameters (such as load demand here), cus-
tomization of an optimization algorithm becomes
essential [6]. Moreover, due to the presence of
variable bounds, non-linear interaction among vari-
ables, and multiple conflicting objectives, we pro-
pose to use an evolutionary optimization [8, 9] pro-
cedure here. In the following, we make a brief
description of the proposed elitist non-dominated
sorting genetic algorithm (NSGA-II [3]).
The NSGA-II procedure begins with a population

(P0) of N randomly created solutions. Thereafter,
each population member is evaluated to determine
its feasibility and if found feasible, the respective
M objective values are computed. The popula-
tion members are then sorted according to non-
domination levels determined by using the partial
ordering of conflicting objective values and classify-
ing all non-inferior members into a separate level.
This process requires O(MN2) computations. Af-
ter this operation, two randomly chosen solutions
are picked from the population and the superior so-
lution is chosen based on the following hierarchy:

1. Feasibility: A feasible solution is preferred to
an infeasible solution.

2. Non-domination level: A feasible solution at
a better non-domination level is preferred to
another feasible solution which lies on a worse
non-domination level.

3. Crowdedness: A feasible solution having less
crowding in its neighborhood is preferred to a
crowded non-dominated and feasible solution.

Two infeasible solutions are evaluated based on the
smaller constraint violation value of each solution,
determined as the cumulative normalized constraint
violation for all constraints [3, 4]. The crowdedness
is computed using a straightforward objective-space
diversity measure from objective-wise distance from
neighboring points [3]. The above pair-wise selec-
tion procedure is continued until N parents are cho-
sen. Note that this mating pool is likely to have
more than one copies of better population members
and no copy of worse solutions. The mating pool is
then recombined by taking two members at a time
and performing a blending operation using the sim-
ulated binary crossover (SBX) [2] and a solution-
wise perturbation operation using the polynomial
mutation operator [5]. The created offspring pop-
ulation Q0 (of size N) is then combined with the
parent population P0 to form a combined popula-
tion R0 of size 2N . The combined population is
then sorted according to non-domination level and
bestN members are selected for the next generation
population P1. Again the same hierarchical criteria
(feasibility, non-domination level, and then crowd-
edness) as described above is used for selecting P1.
This completes one generation of NSGA-II. This
procedure is repeated generation-wise for creating
a new population Pt+1 from Pt through the process
of creating an offspring population Qt and then re-
ducing the combined population Rt = Pt ∪ Qt to
Pt+1 of size N . Most often, a NSGA-II run is ter-
minated when a pre-defined number of generations
are elapsed or a performance metric (such as hyper-
volume metric [15]) does not change significantly
over a predefined number of generations. The rea-
son for NSGA-II’s popularity in practice is due to
its simplicity, modular approach, and requirement
of no additional tunable parameters [1].

3.2. Proposed Customized Optimization Method

The above-mentioned NSGA-II is a generic
multi-objective optimization algorithm. For solv-
ing a practical problem, the basic NSGA-II proce-
dure must be customized using problem informa-
tion so that a faster execution is achieved. For
the operation scheduling of micro-grid system prob-
lem, we develop and use a self-correcting module
mainly consisting of a basic knowledge database
and an advanced knowledge database, which stores
the knowledge and data to assist in correcting the
NSGA-II optimization results. We describe these
customized procedures next.
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3.2.1. Basic Knowledge Rulebase

In the basic knowledge rulebase, the knowledge
is extracted from a demand-wise optimization of
generators of certain type alone. For example, an
optimization involving different MTs can be per-
formed for different load demands and for cost and
emission separately. The obtained optimized values
can then be analyzed to form a knowledge rulebase.
Such a rulebase is expected to capture the trends
and values of each power generator keeping in mind
the associated bound of the generator, as the load
demand increases. The basic knowledge rulebase
then remains as the foundation of the whole repair
process for the a real-world optimization of a micro-
grid system.

3.2.2. Advanced Knowledge Database and Rulebase

The advanced knowledge database and rulebase
is obtained by performing individual optimization
of different power generators (such as MTs and
FCs) and then analyzing the optimized results to
obtain clear rulebases and databases for different
load demand requirements. Since the optimized
results can be different, we perform this task two
times – one for an island mode, in which no power
from grid is considered and for a grid mode, in
which rules related to FCs and MTs are extracted
from an optimization involving grid power as a vi-
able possibility.

3.3. Optimization Procedure

The overall optimization procedure is described
in Figure 4 and is outlined below.

Step 1 The basic knowledge rulebase is first devel-
oped. To achieve this, several static versions
of the dynamic operation scheduling prob-
lem for a fixed load demand are optimized
one at a time. To make the repetitive opti-
mization process faster, a parameter tuning
of genetic algorithms (such as population
size, recombination and mutation parame-
ters, etc.) is made. Thereafter, advanced
knowledge rulebase and database are devel-
oped.

Step 2 The NSGA-II procedure with its constraint
handling feature is applied to solve the MG
optimization problem for a given load de-
mand variation and obtain optimized solu-
tions for each load demand. NSGA-II is ter-
minated after some pre-defined number of
generations are elapsed.

Step 3 The solutions are checked for constraint vi-
olation, if any. If any constraint is vio-
lated, NSGA-II is run for more generations
by moving to to Step 2, otherwise, go to
Step 4.

Step 4 The knowledge stored in the basic knowl-
edge rulebase (BK rules, to be described
later) is used to check if the optimized solu-
tions can be improved. If any basic knowl-
edge rule is violated, then NSGA-II is run
further by moving to Step 2, if not, go to
Step 5.

Step 5 First, the load demand for the control-
lable DGs (only FCs and MTs) is calcu-
lated and the obtained NSGA-II solutions
are checked against the advanced knowledge
database. If obtained solutions violate any
advanced knowledge database, solutions are
checked against advanced knowledge rule-
base in Step 6; otherwise, the control goes
to Step 9.

Step 6 If the NSGA-II results violate the advanced
knowledge rulebase (AK rules, to be dis-
cussed later), go to Step 8; otherwise, go
to Step 7.

Step 7 At this step, NSGA-II solutions do satisfy
advanced knowledge rulebase. The satisfied
rules are used simplify the problem (may be
to reduce the problem size) and simplified
problem is re-optimized by moving to Step
2.

Step 8 Since both advanced knowledge rulebase
and database are violated here, the results
are analyzed further and more information
from experts may be gathered, and the
problem may be re-optimized by moving
Step 1.

Step 9 Output the final solutions.

Since the basic and advanced knowledge-bases
were developed for cost and emission objectives sep-
arately and NSGA-II simulation in Step 2 is ex-
pected to generate a set of trade-off cost-emission
solutions, the use of knowledge-bases will make ad-
equate repairs on the two extreme NSGA-II solu-
tions. Later, we shall discuss a reference point
based NSGA-II (R-NSGA-II [7]) procedure for han-
dling intermediate trade-off solutions.
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Figure 4: Flow chart of MG optimization process.

4. Simulation and Analysis

In this section, first we describe the establishment
process of building the databases. Then, the pro-
posed optimization method is applied as described
in Section 2.

4.1. Database Establishment

In this paper, the heuristic-based databases are
first developed to understand the effects of different
DG combinations on the cost and emission objec-
tives under different scenarios. NSGA-II is used
in all the optimization processes, whose parameter
values are given in Table A.4 in the Appendix. Each
optimization procedure is run for 10 times and the
maximum allowed number of generations is set to
200 initially, and then increased as a part of the
algorithm described in the previous section.

4.1.1. Basic knowledge Rulebase establishment Un-
der Identical DGs

To obtain basic knowledge rulebase, we first ob-
tain optimized solutions using NSGA-II and then
analyze them to create the rulebase.

Creation of Optimized Solutions:. First, two MTs
with the same model (given in Table A.4) are se-
lected to optimize the combinations under a given
load demand varying from 5kW to 130kW. This

step aims at studying the performance of every sin-
gle DG output with the increase in load demand.
The optimized combination bars for two Model 1
MTs for minimum emission and minimum cost, ob-
tained by independent optimization runs, are shown
in Figure 5(a) and Figure 5(b), respectively.
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Figure 5: Optimization results of two Model 1 MTs for (a)
minimum emission and (b) minimum cost optimizations.

It can be seen from Figure 5(a) that the two MTs
should always be used with the equal power out-
put to get the minimum emission, while Figure 5(b)
shows that when the load demand is under around
80kW, only one MT should be used to get the min-
imum cost unless it reaches the rated power. This
is because the cost parameters are so chosen that
it is cheaper to run one MT with double capacity
than running two MTs with half the capacity each.
To show a typical NSGA-II result with two

Model 1 MTs alone, we consider a load demand
of 40kW and show the variation both optimized
MT power generations in Figure 6. A population
of size 50 is used in the run. Final 50 NSGA-II so-
lutions are shown in the figure. The extreme left
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Figure 6: Optimization results of two Model 1 MTs when
load demand is 40kW.

solution is the minimum cost solution and the ex-
treme right solution is the minimum emission so-
lution. These two solutions match with the results
shown in Figures 5(a) and 5(b). It can be seen
that with a decrease in cost objective (for a better
emission result), the complete load of 40kW must
be shared between two MTs. The second MT be-
comes more and more important providing an in-
creased emission characteristics. However, when
the load demand is increase to a value of about
80kW, the output power of the two MTs become
equal to about 40kW each, both objectives are not
in conflict and there is only one Pareto-optimal so-
lutions (each MT requiring to generate half of the
load demand). This can be explained from Figure 7,
in which the derivative of both cost and emission
objectives are plotted for different power genera-
tions. It can be observed that up to about 40kW
of power generation by each MT, the cost objec-
tive has a negative gradient, whereas the emission
objective has a positive gradient, thereby provid-
ing the conflict in them. But after about 40kW of
power generations, the sign of derivatives are iden-
tical, thereby indicating no trade-off between the
two objectives. An exactly similar behavior is also
observed for Model 2 MTs. For brevity, the results
are not shown or analyzed again here.

Next, we consider two Model 1 FCs for our
NSGA-II optimization task. The derivate curves
of cost and emission objectives for the Model 1 FC
power generator is shown in Figure 8. Using the
above analysis, it can be concluded that the two
Model 1 FCs should always produce a single Pareto-
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Figure 7: The derivate curve of cost and emission objectives
for Model 1 MTs.
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of Model 1 FCs.

optimal solution with be used with the equal power
output to get both minimum emission and cost. We
have observed a similar behavior for Model 2 FC as
well.

Creation of Basic Knowledge Rulebase:. In this
step, a basic knowledge rulebase (BK) is obtained
by generalizing the above results, as follows:

BK1 The conflicts between cost and emission of
a single DG can be explained simply by the
derivatives of the objective functions.

BK2 When two MTs are of the same model, for
a higher priority in emission objective, the
difference between power generations of two
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MTs should be as small as possible. How-
ever, for a higher priority in cost objective,
the difference between power generations of
two MTs should be as large as possible, when
the load demand is under a certain critical
value, and as small as possible, when the load
demand is above the critical value.

BK3 When two FCs are of the same model, the
difference between power generations of two
FCs should be as small as possible for any
combination of emission and cost.

4.1.2. Basic knowledge Rulebase establishment Un-
der Different DGs

The second step is to study the combinations of
MTs (or FCs) with different models under various
load demands. The scenario setting is just the same
as that in the above subsection, except that the two
DGs now come from different models.

Creation of Optimized Solutions:. The optimized
solutions for Model 1 and 2 MTs under mini-
mum emission and minimum cost are shown in Fig-
ure 9(a) and Figure 9(b), respectively. It can be
seen from Figure 9(a) that the two MTs should al-
ways be used simultaneously to get the minimum
emission, which is supported by basic knowledge
rulebase BK1. The reason for MT2 output to be
more than that of MT1 under every load demand
is due to the fact that the chosen emission param-
eters of MT2 is lower than that of MT1 when both
have identical power output (Figure 3). Figure 9(b)
shows that MT1 is used first to get the minimum
cost, as the cost of MT1 is always lower than MT2
when their output powers are equal, as shown in
Figure 1. When the load demand is higher than
the rated power of 65kW, MT2 should be intro-
duced. However, when the load demand is higher
than 85kW, the output power of MT1 decreases
(while still higher than that of MT2). This can be
explained by our obtained rule BK1.
Figure 10 shows the trade-off solutions for dif-

ferent cost and emission combinations for a fixed
load demand of 40kW. The variation of two power
output is similar in principle to that obtained using
the same Model 1 MTs in Figure 6, except that near
minimum emission results. The difference between
two power outputs is now more than for the same
model MTs.
Figure 11(a) and Figure 11(b) shows the NSGA-

II obtained power generations for Model 1 and 2
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Figure 9: Optimization results of Model 1 and 2 MTs for (a)
minimum emission and (b) minimum cost.

FCs for minimum emission and minimum cost, re-
spectively. For FCs, the results are similar to those
of MTs, except that when the load demand is higher
than 20kW, FC2 needs to be introduced to obtain
the minimum cost. The required output power of
the two FCs should increase with the increase in
load demand before they reach their rated power.
This can be explained by using obtained rule BK1.
Figure 12 shows the 50 Pareto-optimal solutions
obtained by NSGA-II for a fixed load demand of
40kW. Interestingly, FC1 must produce less power
and FC2 should produce more power for an in-
creased priority in emission and vice versa, These
outcomes can also be explained using our derived
rule BK1.

Creation of Basic Knowledge Rulebase:. Using the
above results, we now obtain a basic knowledge
rulebase (BK4-BK5), as follows:
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Figure 10: Optimization results of Model 1 and 2 MTs when
load demand is 40kW.

BK4 When two MTs are from different models, the
difference in power generations should be as
small as possible to obtain lower emission,
while MT2 should always produce more power
than MT1 and the difference depends on the
load demand. However, to obtain a lower cost
set-up, the use of MT1 alone to produce the
entire load demand is better up to a certain
load demand. For a higher load demand, MT1
should produce more power than MT2.

BK5 When two FCs are different models, FC2
should produce more power than FC1 for bet-
ter emission results, whereas FC1 should pro-
duce more power for better cost. For any load
demand, it is always beneficial to produce
power from both FCs, but with the above-
mentioned characteristics.

4.1.3. Advanced Knowledge Database and Rulebase
Establishment

Here, the advanced knowledge data and rulebases
are developed for different modes of operation: is-
land and grid connected modes. The initialized
modes only have the power bounds (equation 6)
and power load balance constraints (equation 5).
Basic knowledge rules (BK1 to BK5) can be used
directly in the advanced knowledge data and rule-
base establishment, since they have already been
found to exist as inherent properties of the optimal
solutions in the previous subsection.
In the island mode, there is no grid, so there are

four variables for the optimization process: the out-
put power of MT1, MT2, FC1, and FC2. Differ-
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Figure 11: Optimization results of two FCs with Models 1
and 2 for (a) minimum emission and (b) minimum cost.

ent models are used for MTs and FCs. The load
demand is varied from 5kW to 210kW. The opti-
mized output variation of the four DGs for min-
imum cost and minimum emission objectives are
shown in Figure 13(a) and Figure 13(b), respec-
tively. In Figure 13(a) and Figure 13(b), it can
be seen that some of the results violate rules BK4
and BK5. For example, in Figure 13(a) when load
demand is 105kW or 150kW, the output of MT1
is slightly higher than MT2. This illustrates that
NSGA-II with the current parameter settings is not
able to reach the optimal solution for this scenario
up to the designated number of 200 generations.
Thus, NSGA-II is run for an additional 1,300 gen-
erations to search for more accurate solutions. Up
to a load demand of 120kW, these additional gen-
erations are able to fix the above discrepancies with
the obtained BK rules.

For load demand greater than 120kW, although
additional generations would fix the discrepancies,
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Figure 14: Columns from left to right: (a) The optimization results under 150kW load demand. (b) The optimization results
under 175kW load demand. (c) The optimization results under 200kW load demand. Rows: (1) The optimization results
using NSGA-II with 600 generations. (2) The optimization results using NSGA-II with 1000 generations. (3) The optimization
results using NSGA-II with 3000 generations. (4) The optimization results using the proposed method.
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Figure 12: Optimization results of two FCs in different mod-
els when load demand is 40kW.

we note from Figure 13(a) that both FC1 and FC2
have almost identical values. Thus, in principle,
this basic knowledge can also be used during our
repair task on the obtained solutions. The Pareto-
optimal fronts on cost-emission space obtained for
three different load demands (150kW, 175kW and
200kW) after 300, 1,000, 1,500 and 3,000 genera-
tions are shown in Figures 14(a) to 14(i). It is evi-
dent that a generic NSGA-II is unable to converge
well even after 3,000 generations. The use of fur-
ther rules (such as FC1 and FC2 being equal for
load demand of 120kW or more, for example) can
then be used to help the convergence of NSGA-II
faster.

Next, we use three variables (FC2, MT1 and
MT2) and kept FC1=40kW (its rated power) and
solve the same two-objective optimization problem
using NSGA-II. The Pareto-optimal front after 200
generations under the same three typical load de-
mands are shown in Figures 14(j) to 14(l). This il-
lustrates that the optimization process can be more
efficient and accurate by using a basic knowledge.
This method can also be used to find the opti-
mal combination to get minimum emission when
the load demand is higher than 115kW and min-
imum cost when the load demand is higher than
55kW. The modified output variation of the four
DGs for minimum cost and minimum emission ob-
jectives are shown in Figure 15(a) and Figure 15(b),
respectively. Now, no BK rules are violated for any
of the load demand values.
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Figure 13: Results using NSGA-II for (a) minimum emission
and (b) minimum cost for island mode optimization.

4.1.4. Advanced knowledge Rulebase establishment

Now, we develop the advanced knowledge rule-
base (AK), as follows:

AK1 In the island mode, NSGA-II does not per-
form well for the four-variable-two-objective
version of the micro-grid optimization prob-
lem. The results can be obtained quickly and
more accurately with an increase in number of
generations.

AK2 NSGA-II’s search can also be made more ef-
ficient by reducing the number of decision vari-
ables, if possible and also by re-specifying the
lower and upper bounds on the DG variables.
For this purpose, the critical load demand val-
ues at which each DG starts to have a positive
value are always of importance to be studied.

Now, we turn to a system having a grid connected
mode, in which the amount of grid power is an ad-
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Table 1: The electricity price settings in a typical summer day.

Price ($/kW)
Period of use Time(h) Sold Purchased

Peak Period 10:00-15:00;18:00-21:00 0.10 0.15
Normal Period 7:00-10:00;15:00-18:00;21:00-23:00 0.06 0.08
Valley Period 00:00-7:00;23:00-24:00 0.02 0.03

Table 2: Rule AK3: Status of prices between DGs output and the power exchanged with the grid.

DGs Peak Period Normal Period Valley period

MT1
AP>SP AP>SP AP>SP

AP<PP, when output is higher than 30.1kW
AP>PP, when output is lower than 30.1kW

AP >PP AP>PP

MT2
AP>SP AP>SP AP>SP

AP<PP, when output is higher than 38.5kW
AP>PP, when output is lower than 38.5kW

AP >PP AP>PP

FC1
AP<SP AP>SP AP>SP

AP<PP
AP<PP, when output is lower than 19.8kW
AP>PP, when output is higher than 19.8kW

AP>PP

FC2
AP<SP AP>SP AP>SP
AP<PP AP>PP AP>PP

Note:AP stands for the average price of the output power of DGs; SP stands for the sold price of the grid; PP

stands for the purchased price of the grid.

ditional variable. We assume here that the grid
power does not cause any emission for our analysis.
Also to make it realistic somewhat, the sold price
and purchased price of grid power vary with time.
Table 1 shows the prices for different periods in a
typical day in summer. Since the power from the
grid has no emission, it is only necessary to study
the effects on cost objective alone. Compared to
Figure 2, the running state of each DG for different
periods can be calculated, as shown in Table 2. We
denote the rules mentioned in the table as advanced
knowledge rule AK3. The table indicates that in
the valley period, all of the DG average prices are
higher than the purchased price of the grid power,
meaning a beneficial operation with entirely grid
power. However, in normal period, all DG average
prices are higher than the purchased price of grid
power, except for FC1, of which it is lower when
the output power is smaller than 19.8kW.

Figure 16 shows the NSGA-II optimization re-
sults with cost objective alone in the normal period
with the load demand varying from 0 to 210kW. It
can be seen from Figure 16 that with an increasing
of load demand, the output FC1 power is always
9.83kW. We try to explain this result by formulat-

ing the cost objective for the normal period:

Costnormal = PpriceFC1(pFC1) · pFC1

+Pgridpur · (L− pFC1), (7)

which can be also rewritten as follows:

Costnormal = [PpriceFC1(pFC1)− Pgridpur ] · pFC1

+Pgridpur · L, (8)

where pFC1 is the power output of FC1,
PpriceFC1(pFC1) is the average price of FC1 when
power output is pFC1, Pgridpur is the purchased
price of grid power, and L is the load demand,
which is considered fixed in every optimization pro-
cess. Then, the minimum cost solution can be easily
obtained and verified by using the derivative-based
optimality condition of Costnormal with the satisfac-
tion of load balance equality constraint. From these
facts, we extract the following advanced knowledge
rule:

AK4 In normal period of grid connected mode
with DGs, only FC1 is non-zero, which always
outputs 9.83kW and the rest load demand will
be met by the grid.

AK5 When there is power needed to be bought
from or sold to grid, and the running state (on

12
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Figure 15: Optimization results using proposed method for
(a) minimum emission and (b) minimum cost for the island
mode.

or off) of the DGs in the MG are known, the
output power for each DG is constant.

Figure 17(a) shows the NSGA-II optimization re-
sult (up to 200 generations) for the peak period
under the load demand from 0kW to 260kW. The
negative grid power in the figures mean selling the
generated power to the grid. In the peak period,
according to AK3, FC1 and FC2 will start to op-
erate first as they generate power cheaply than the
power bought from the grid. Furthermore, MT1
and MT2 must be started up when FC1 and FC2
reach their rated power and the remaining load de-
mand is higher than 30.1kW or 38.5kW. It can be
seen that from 0 to 70kW, FC1 outputs around
40kW and FC2 outputs around 31.5kW. Accord-
ing to AK5, it can be calculated that FC1 and FC2
should be exactly 40kW and 31.40kW to get the
minimum total cost when the load demand is un-
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Figure 16: Optimization results using NSGA-II for minimum
cost in the normal period.

der 70kW. When the load demand is between 80kW
and 110kW, or 150kW and 190kW, or 210kW and
260kW, the same method can be used to repair the
power outputs of each DG. However, when the load
demand is from 110kW to 140W, it can be seen that
the power from grid is around 0kW, and the output
of FC2 and MT1 changes irregularly. It is known
that the average prices of MT1, FC1 and FC2 are
lower than the purchased price of grid power, so the
power from grid should be less than 0kW, which
means the MG only sells power to grid or does not
exchange power with the grid. Then the problem
is simplified according to AK2 (MT2 power output
is set to be 0kW), and NSGA-II is run for a total
of 500 generations. Figure 17(b) shows the modi-
fied results. Then the result shows that the power
from the grid is always 0kW under this load de-
mand range. When the load demand is between
70kW and 80kW, or 190kW and 210kW, the con-
clusions are the same.
The advanced knowledge rulebase for the peak

period can now be described as follows:

AK6 In peak period of grid connected mode, all
operating DGs must be increased to their rated
power to meet the load demand rather than
buying from the grid.

5. Application to a Micro-Grid System

With the above initial optimization runs and de-
velopment of basic and advanced knowledge data
and rulebases, we are now ready to demonstrate
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Figure 17: Optimization results using NSGA-II and pro-
posed method for minimum cost in the peak period.

the use of the proposed methodology to micro-grid
operation scheduling problems for economic and en-
vironmental considerations.

In addition to MTs and FCs, we also consider
two other uncontrollable DGs – wind turbine (WT)
and photo-voltaic (PV) systems. During operation,
these two additional power generation sources are
assumed to incur no cost and cause no emission.
The data of wind speed, irradiance, and air tem-
perature in a typical day in summer can be found
in [10]. The availability of grid power will also be
considered in this study. For this specific appli-
cation, we assume an half-an-hourly load demand
variation for a day, as shown in Figure 18. Two
modes – island in which grid power is considered
unavailable and grid connected mode in which ad-
ditional grid power is considered available at a cost
and sell-able at a price. To demonstrate the work-
ing of our proposed method, we consider three dif-
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Figure 18: Variation of load demand in every 30 min for two
modes of a micro-grid problem.

ference operating scenarios.

5.1. Scenario One

In Scenario 1, two MTs, two FCs, one WT system
and one PV system are available to meet the chang-
ing load demand shown in Figure 18. Two modes
– island mode (no grid power) and grid mode (un-
limited grid power) are assumed separately. Load
balance and bound constraints are set as in the pre-
vious section, so the obtained BK and AK rulebases
are considered in repairing the optimized solutions
as before.
First, we discuss the island mode results. Fig-

ures 19(a) and 20(a) show the two extreme NSGA-
II obtained solutions for minimum emission and
minimum cost, respectively, after 200 generations.
As the demand changes, MTs and FCs take most
of the share of the load demand. The power output
from WT and PV systems depend on the environ-
mental parameters and cannot be achieved as an
outcome of the optimization process. The load de-
mand at every time step is reduced by the available
WT and PV values and NSGA-II is run to achieve
the remaining load by MT and FC generators. As
reported in Table 3, the minimum cost NSGA-II
solution after 200 generations requires a total cost
of operation of $ 569.09 and the minimum emission
solution causes an emission of 75.21 kg.
It is clear that 200 generations are not enough for

the solutions to exhibit all the knowledge (BKs and
AKs) gathered before. We now apply the BK and
AK rules obtained for island mode and re-optimize
the same problem. The rules involve fixing FC1 to
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Table 3: NSGA-II and re-optimized solutions for the application problem.

Method
Scenario 1 Scenario 2 Scenario 3

Min. cost ($) Min. emission (kg) Min. Min. Min.
Island Grid Island Grid cost ($) emission (kg) cost ($)

NSGA-II (200 gen.) 569.09 491.33 75.21 0.09 519.19 43.03 536.42
NSGA-II (500 gen.) 568.62 487.19 73.11 0.06 517.60 40.29 533.69
NSGA-II (1000 gen.) 568.34 485.15 72.23 0.06 516.83 40.15 533.59

Proposed 568.29 483.12 71.84 0.00 516.13 32.10 532.86

its rated power for higher load demand values or
MT1 power is equal or more than MT2 power, etc.
Figures 19(b) shows the corresponding result for the
minimum emission solution. It is clear how the two
MTs and two FCs are found to have almost identi-
cal values in achieving the remaining load demand
from one time step to another. Over 24 hours dura-
tion, the minimum emission solution emits 71.84 kg
of harmful material, which is and a total emission of
71.84 kg, which is 4.5% smaller than the NSGA-II
optimized solution. The advantage of the knowl-
edge bases obtained from a prior study and their
use in an application study clearly demonstrates the
usefulness and practicalities of the proposed proce-
dure. A similar improved minimum cost solution is
found and is shows in Figure 20(b). Here, MT1 is
consistently found to produce equal or more power
than MT2 across all time steps. A similar obser-
vation is made for FC1 over FC2. The minimum
cost solution incurs a total cost of $ 568.29, which
is 0.14% better than the NSGA-II optimized solu-
tion.

Next, we consider a grid connected mode with
the availability of a grid with an unlimited power
source. Figure 21(a) shows the minimum cost
NSGA-II solution after 200 generations. It can be
seen that for some time steps, the minimum cost
solution demands a large amount of power must be
drawn from the grid.Also, the power output from
MTs and FCs fluctuate over time steps. The to-
tal cost for the 24 hour duration is $ 491.33. After
the knowledge-bases are used to re-optimize the so-
lutions, Figure 21(b) is obtained. This solution is
more regular and pragmatic than the NSGA-II opti-
mized solution and costs $ 483.12, a saving of 1.7%.
Although minimum emission solution is not shown
for brevity, NSGA-II optimized solution causes an
emission of 0.0893 kg and after re-optimization us-
ing knowledge-bases it reduces to 0 kg.

5.2. Scenario Two

To make the scenario more realistic, next we con-
sider a upper bound on the available grid power. In
Scenario 2, we consider that a maximum of 50kW is
available from the grid. This requirement is used an
additional constraint in the NSGA-II optimization
process. Only the grid connected mode of load de-
mand (Figure 18) is considered here. The obtained
solution is shown in Figures 22(a) and Figure 23(a)
for minimum emission and minimum cost solutions.
It is evident that no more than 50kW of grid power
is drawn at any time step. Since grid power is con-
sidered emission-free, it is interesting to note that
NSGA-II is able to allocate almost 50kW of allow-
able grid power to the solution. The total emis-
sion is 43.04 kg for this solution. The use of prior
knowledge-bases improve the solution, as shown in
Figure 22(b). For NSGA-II solutions reaching the
maximum grid power limit, the knowledge-bases
from the island mode study are used and for other
solutions the knowledge-bases from the grid mode
are used. The total emission for this improved solu-
tion is 32.10 kg, a 25.4% saving in harmful emission.
Figure 23 shows the minimum cost solution us-

ing NSGA-II. The grid power is limited to 50kW.
Interestingly, even for a large load demand, such
as during 14-th hour, for example, not much power
is now drawn from the grid to reduce the cost of
operation. This is unlike the solution for minimum
emission solution. The total cost for this NSGA-II
solution is $ 519.19. A re-optimization with ob-
tained knowledge-bases has reduced the cost to $
516.13, a 0.6% saving. It can be seen that in valley
period, the power from grid is used at its fullest ex-
tent and this is according to the rule AK3. When
the complete load demand cannot be met by the
grid and uncontrollable DGs together, the dispatch
strategy gets shaped by rules AK1, AK2, and Fig-
ure 15(b). In the normal period, the power from
FC1 and grid are used according rule AK4. When
the power from grid reaches 50kW, the dispatch
pattern gets shaped by island mode rules AK1,

15



0 6 12 18 24
0

50

100

150

200

250

Time(h)

P
ow

er
(k

W
)

 

 
Load demand
PV
WT
MT1
MT2
FC1
FC2

(a)

0 6 12 18 24
0

50

100

150

200

250

Time(h)

P
ow

er
(k

W
)

 

 
Load demand
PV
WT
MT1
MT2
FC1
FC2

(b)

Figure 19: Optimization results using NSGA-II and pro-
posed method for minimum emission for island mode in Sce-
nario 1.

AK2, and Figure 15(b). In the peak load, since
the power from grid cannot be more than 50kW,
the problem can be solved using AK5 and AK6, as
derived from Figure 17(b).

5.3. Scenario Three

It is observed from solutions in Scenarios 1 and
2 that the DGs (such as MTs and FCs) can be
started quickly and reached at 50kW or power de-
livery from one time step to next. This may not be
feasible in reality. Thus, in Scenario 3, we consider
a ramp for increase in power generation on control-
lable DGs. The allowable ramp rates used in this
study are presented in Table 3. Since a limit on
ramp rate requires dispatch schedule for previous
time steps, the problems becomes a dynamic op-
timization problem. The optimization results us-
ing NSGA-II alone are shown in Figure 24(a). It
can observed that the increase in MT power output
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Figure 20: Optimization results using NSGA-II and pro-
posed method for minimum cost for island mode in Sce-
nario 1.

is now more gradual than in those in Scenario 2.
Due to the ramp rate constraint, the total cost for
this minimum cost solution is $ 536.42, a 3.3% in-
crease from Scenario 2. A re-optimization using
knowledge-bases finds a slightly improved minimum
cost solution having $ 532.85, a 0.7% improvement.
The solution is shown in Figure 23(b).
Furthermore, it can be seen from Figure 22(b)

that all of the controllable DGs never violate the
ramp rate constraints for the minimum emission so-
lution. Hence, there is no need for performing any
more optimization run for obtaining the minimum
emission solution. The solution in Figure 22(b) re-
mains a viable solution for Scenario 3.

6. Finding Intermediate Trade-off Solutions

The above heuristics-based procedure is conve-
niently applicable for extreme trade-off solutions
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Figure 21: Optimization results using NSGA-II and pro-
posed method for minimum cost for grid connected mode
in Scenario 1.

obtained by NSGA-II, as the BK and AK rules were
derived from minimum cost and minimum emission
cases only. An identical rule extraction procedure
can be applied for any other intermediate trade-off
solution, but a prior knowledge of their trade-off in-
formation is needed. For example, for an NSGA-II
trade-off front, the ideal point can be obtained and
a suitable achievement scalarization problem can
be formulated for every trade-off objective point
Z = (Z1, Z2, . . . , ZM )T :

ASF(x) = max

(
fi(x)− zideali

Zi − zideali

)
. (9)

An minimization of the above ASF formulation sub-
ject to given constraints and variable bounds will
correspond to an appropriate Pareto-optimal so-
lution close to the current NSGA-II solution Z.
Figure 25 illustrates the idea for a specific NSGA-
II point Z. Other multi-criterion decision-making
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Figure 22: Optimization results using NSGA-II and pro-
posed method for minimum emission for grid connected
mode in Scenario 2.

(MCDM) methods [12] can also be used. How-
ever, this procedure will be tedious, as BK and
AK knowledge-bases need to be developed for each
NSGA-II solution.
Here, we suggest a simplified procedure involving

a human decision-maker, which is based on a recent
concept of reference-point based NSGA-II [7]. The
procedure is described below:

Step 1: Run NSGA-II for T generations to find
a set of trade-off solutions for cost and emis-
sion objectives and then update the minimum
cost and minimum emission solutions using
knowledge-bases.

Step 2: Record the extreme cost and emission ob-
jective values: (Cmin, Emax) and (Cmax, Emin).

Step 3: Calculate dc as follows:

dc = Cmax − Cmin.
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Figure 23: Optimization results using NSGA-II and pro-
posed method for minimum cost for grid connected mode
in Scenario 2.

Step 4: The decision-maker decides on any inter-
mediate cost value within dc as follows: L =
n · dc, where n is a value in [0,1]. A better
illustration can be found in Figure 26. Find
the nearest trade-off NSGA-II point having a
smaller cost value than L. Let us say that y-
coordinate value Eref . If no trade-off solutions
exist having a smaller value than L, choose
Emax as Eref .

Step 5: Then, the upper bound for choosing a ref-
erence point is set as the point B with a co-
ordinate: (n · dc, Eref). Then, the vertical size
of rectangular region for the reference point is
identified by computing de as follows:

de = Eref − Emin.

The horizontal size of the rectangular region
is defined by a parameter dt (defined by the
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Figure 24: Optimization results using NSGA-II and pro-
posed method for minimum cost for grid connected mode
in Scenario 3.

decision-maker).

Step 6: A reference point is now randomly created
in the rectangular region of size 2dt × de, as
shown in the figure.

This procedure is run an additional TR generations
to obtain the respective Pareto-optimal solution.
This process is repeated a few times, by choosing
different n factor to generate a set of Pareto-optimal
solutions.

6.1. Simulation Results

To illustrate the above-proposed R-NSGA-II pro-
cedure for the island mode problem, we consider a
specific load demand of 175kW. NSGA-II is run first
for T = 200 generations and then R-NSGA-II is run
for eight different n values, each for TR = 1, 000
generations. Figure 27 shows the NSGA-II solu-
tions in blue circles. The respective Pareto-optimal
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Figure 26: The proposed R-NSGA-II procedure is illus-
trated.

front was obtained before in Figure 14(k) with a re-
duced number of variables using NSGA-II. We re-
produce the Pareto-optimal front here. The two ex-
treme points are updated using previously derived
knowledge-bases. Since they cover the true range
of Pareto-optimal front, the choice of n in [0,1] will
enable finding Pareto-optimal points in the entire
trade-off range. The results with R-NSGA-II pro-
cedure are shown in red stars. The corresponding
reference points in their respective rectangular area
are shown with open circles. It can be observed that
the proposed R-NSGA-II procedure, despite work-
ing with all original variables, is able to find a near
Pareto-optimal point in each of the eight cases.

A systematic choice of n in [0,1] can be used to
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Figure 27: R-NSGA-II results to find intermediate trade-off
solutions.

make the proposed R-NSGA-II more convenient or
a biased initialization of n near the preferred values
of cost-emission trade-off can be provided to obtain
more preferred solutions. For example, if cost is
valued to be more important than emission for a
problem, small values of n may be used. Never-
theless, this procedure provides a way to incorpo-
rate decision-maker’s preference in finding preferred
trade-off solutions in a multi-objective micro-grid
optimization problem.

7. Conclusions

In this paper, we have suggested a heuristics-
based optimization methodology for finding opti-
mal solutions for cost-emission trade-off in a micro-
grid system operation problem. We have considered
different power generation systems including the
possibility of buying or selling grid power. By first
studying the optimal dispatch of different DGs for
individual load demand values, basic and advanced
knowledge bases have been first developed. A re-
cent multi-objective optimization method based on
evolutionary algorithms has been used for finding
an approximated trade-off solutions. Thereafter,
the developed knowledge bases have been used
to update the NSGA-II solutions to obtain near-
optimal results. The procedure has been applied
to simulate different pragmatic scenarios – no grid
power availability, unlimited grid power availabil-
ity, limited grid power availability and a restricted
ramp in DG power increase.
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Finally, a reference-point based optimization-
cum-decision-making procedure is suggested to find
near-optimal intermediate trade-off solutions. The
overall study has clearly demonstrated the advan-
tage of using derived knowledge-bases in the opti-
mization process.
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Appendix A. Problem and Algorithmic Pa-
rameters

Table A.4 presents data involved in different
power generators used in this study. Table A.5
presents NSGA-II parameters used throughout this
study.
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Table A.4: Parameter settings of MTs and FCs.

parameters
MT FC

Model 1 Model 2 Model 1 Model 2

am 0.0753 0.0692 - -
bm -0.3095 -0.2904 - -
cm 0.4174 0.3752 - -
dm 0.1068 0.1090 - -
af - - -0.0023 -0.0026
bf - - 0.6735 0.5821

K ($/kWh) 7.58 × 10−3 9.35 × 10−3 16.12 × 10−3 17.74 × 10−3

αi (kg/kW) 4.09 × 10−4 2.54 × 10−4 5.33 × 10−4 4.87 × 10−4

βi (kg/kW) −5.55× 10−4 −6.05 × 10−4 −3.55 × 10−4 −4.23 × 10−4

γi (kg/kW) 6.49 × 10−4 5.64 × 10−4 3.38 × 10−4 2.46 × 10−4

Ramp rate (kW/min) 0.67 0.67 0.50 0.50

Table A.5: Parameter settings of NSGA-II.

Population size SBX operators Polynomial mutation operators
pc ηc ηm pm

50 0.9 10 20 1/n

Note: n stands for the number of decision variables.
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