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Abstract-- Nowadays, the expansion of electric systems in 
traditional way faces difficult barriers to meet the growing 
demand, driven mainly by environmental concerns and fossil fuel 
depletion. In this context, the microgrids present a safe and 
reliable option to integrate Distributed Energy Resources (DERs) 
in distribution networks. In order to obtain the maximum benefit 
of DERs it is necessary the use of optimization tools that allow to 
supply demand efficiently. Thus, this paper presents a cost 
optimization model for DERs investment and operation, including 
CHP and renewable generation. The uncertainty of renewable 
sources is represented by a scenario tree. Potential benefits and 
drawbacks of DERs installation were explored through 
simulations for several case studies. The results show that the 
developed tool can provide support in the decision-making 
process. As a feature to highlight, the model allows to perform 
analyzes respect to the impact of DERs integration in a medium-
term uncertain horizon. 
 

Index Terms-- Distributed Energy Resources; Renewable 
Energy; Microgrids; Optimization model. 

I.  NOMENCLATURE 
Sets 

m Months of the year (January to December) 
t Types of days (week, weekend) 
h Hours of days (1 a 24 hs) 
hfp Peak times (18hs a 21hs) 
hp Off-peak times (1 a 18hs and 21 a 24hs) 
i Distributed generation technologies  
j Heat recovery and direct gas-fired technologies  
u Types of demand (electricity, heat, cooling) 

Parameters 

��� Electricity purchase rate [R$/kWh] 
���� Demand  charge at peak times [R$/kW] 
����� Demand  charge at off-peak times [R$/kW] 
���	
�� Investment annualization factor 
� Variable operation & maintenance costs [R$/kWh] 
���
���� Investment costs for technologies [R$] 
�� Fixed operation & maintenance costs [R$/year] 
�������

 
Gas purchase price [R$/kWh] 

��� Electricity sale price [R$/kWh] 

β 
Useful energy obtained in kWh for each kWh of gas burned  
[kWh/kWh]  

γ 
Useful energy obtained in kWh for each kWh of heat recovered  
[kWh/kWh] 

�����
 

Demand of the consumers[kW] 
α Heat recovered in kWh for each kWh of electricity generated 
���� Rated power for distributed generation [kW] 
����� Rated power for heat recovery-burning gas technologies [kW] 
����� Interest rate [%] 
�� Lifetime of technologies [years] 

Variables  

��� Continuous positive variable to electricity purchase [kWh] 

��� 
Continuous positive variable that represent demand charge 
at peak time [kW] 

���� 
Continuous positive variable that represent demand charge 
at off-peak time [kW] 

�� 
Binary variable for investment in heat recovery-burning gas 
technologies 

�� 
Continuous positive variable that represent local generation 
for sale [kW] 

� 
Continuous positive variable that represent local generation 
for meet demand [kW] 

����� Binary variable for investment in distributed generation 
���� Continuous positive variable that represent purchased gas [kW] 
�� Continuous positive variable that represent heat recovered [kW] 

II.  INTRODUCTION 

owadays, modern society is largely dependent on 
electricity. Despite improvements in energy efficiency of 

conversion technologies, the electricity consumption continues 
to grow. In addition, the expansion of electric systems in 
traditional way faces difficult barriers to meet this growing 
demand, driven mainly by environmental concerns and fossil 
fuel depletion [1]. In this context, microgrids may provide an 
option to meet electric demand in a decentralized way, 
integrating technologies known as distributed energy resources 
(DERs), making active the distribution networks. Basically, 
microgrids are composed by a set of loads, microgeneration and 
storage units, which operate as a single electricity and heat 
provider system. These networks are characterized by intensive 
use of information and communication technologies to perform 
monitoring and control network. Several benefits can be 
achieved using DERs, such as power quality and reliability, 
integration of renewable resources and trigeneration. However, 
despite the environmental benefits that can be achieved by 
integrating renewable energy, there are also challenges to be 
faced, mainly due to the intermittent nature of these sources 
[2]–[4]. 

In order to obtain the maximum benefit of DERs it is 
necessary the use of optimization tools that provide support in 
the decision-making process and energy management. Thus, 
several authors propose optimization models for DERs 
investment and/or operation in microgrid context. In reference 
[5] the authors propose a model that minimizes the operation 
cost of DERs connected in a residential microgrid. The horizon 
covered is one year. This model considers, at the same time, 
investment and operation. Cogeneration technologies are also 
included, but uncertainties are not taken into account. Paper [6] 
presents a mathematical model to perform the integrated energy 
management in a microgrid, with the objective of supply 
demand at lowest cost. This mixed integer linear model 
includes trigeneration, photovoltaics (PVs), thermal storage and 
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demand response capabilities. The time horizon considered is a 
month. On the other hand, [7] proposes a nonlinear model that 
optimizes the operation of resources in a microgrid, which is 
composed by heat recovery technologies, renewable generation 
and energy storage units. The model provides an optimal 
combination of resources to minimize costs with demand and 
give the scheduling operation for a day. The work in [8] 
presents a model to achieve the optimal energy management in 
a microgrid. By combining artificial intelligence techniques and 
multiobjective linear programming, demand supply costs and 
environmental emissions are minimized simultaneously. The 
uncertainties in renewable generation and demand are treated 
by fuzzy logic. In another work, [9] presents a two-stage 
stochastic model for DERs investments and operations with 
renewable energy. Uncertainty in operation are represented by 
a scenario tree approach. This model analyzes investments in a 
long-term horizon. 

The above works analyze long-term DERs investment and 
operation, or short-term DERs operation. So, the main 
contribution of this paper is to analyze the potential benefits of 
optimal DERs investment and operation in a medium-term 
uncertain horizon. 

III.  PROBLEM DESCRIPTION 

In this work, a microgrid that is supplied by utility, and that 
may incorporate DERs for met demand, is represented through 
an economic dispatch model. Three types of simultaneous 
demands (electricity, heat and cooling) are considered in a year. 
To avoid a very large model, each type of demand is represented 
by two representative days for each month, one day for 
weekdays and other for weekend. Each representative day 
contains 24 hours and is separate in peak and off-peak times. 

DERs include generation and cogeneration technologies. 
Cogeneration technologies can operate with heat recovery 
and/or burning gas to meet thermal demands. Electrical demand 
can be supply by utility or through local generation. 
Furthermore, it is possible to sell electricity from microgrid to 
the distribution system. Additionally, if renewable generation is 
included, the uncertainty is represented by a scenario tree. 

IV.  MATHEMATICAL FORMULATION 

Firstly, this section presents a deterministic mixed integer linear 
model to determine the optimal DERs investment and 
operation. Subsequently, to capture the uncertainty in 
renewable generation, a two-stage stochastic model based on 
the previous deterministic model is conformed. Both models 
consider an annual horizon and minimize the cost resulting 
from meeting demands. The deterministic model is described 
below. 

A.  Deterministic model 

The objective function is shown in equation (1), in which 
each term represents an annual cost. This equation includes 
annualized investments of technologies, costs related to 
operation and maintenance, and costs of purchasing electricity 
and fuels. The revenues from electricity sale are subtracted 
from these costs. 
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The first term in equation (1) is the annual cost of purchased 
electric energy from utility. The second and third terms 
represent the cost of demand charges in peak and off-peak 
times, respectively. The four term is the fixed maintenance and 
operation cost, plus annualized investments, of generation 
technologies. The energy production cost of this technologies is 
considered in the fifth term. The six term represents fixed 
maintenance and operation costs, plus annualized investments, 
of cogeneration technologies.  The cost of purchased gas from 
these technologies is represented in the seventh term. Finally, 
the eighth term determines the revenue from electricity sale, 
which is subtracted from the total cost. The factor used to 
annualize investment costs is shown in equation (2). The annual 
interest rate taken in this work is 10%. 

���	
��, = �����
1 − %�����'./0  (2) 

    1)  Constraints 
The problem constraints include issues such as supply-

demand balance, simultaneous purchase and sale of electricity, 
and operational limits of technologies. These are presented 
below. 

��� + � + 1. ���� + 2. �� = ����� (3) 
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5�6 + 5�� = 1 (8) 

��789:9; = 0 (9) 

���� + �� ≤ �����. �� (10) 

=�78;>:?@       = 0
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=���A8AB      ≤ ���   
���A8ACB    ≤ ����  (12) 

Equation (3) represents energy balance, ensuring that 
generation meets demand. Equations (4) and (5) define 
operational limits for heat recovery and local generation, 
respectively. Equations (6) (7) and (8) do not allow the 
simultaneous purchase and sale of electricity. Equation (9) 
indicates that heat recovery is not used to meet electricity 
demand. Equation (10) limits the power rating of cogeneration 
technologies. Note that these technologies can operate with heat 
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recovery or/and burning gas. Equations in (11) indicates that 
electricity is not used to meet heat demand (this demand is only 
meet by heat recovered or burning gas). Equations in (12) are 
to ensure adequate demand charges at peak and off-peak times. 

B.  Stochastic model 

A two-stage stochastic model was developed to represent the 
intermittency of the renewable generation. Decisions on 
investment and demand charges are done in the first stage. Next, 
in the second stage the operation cost subject to uncertainties is 
represented by a scenario tree approach. The objective function 
takes the compact form illustrate in equation (13). 

�����	���	��	����  �%,' " �DE%,,			G'H (13) 

Were c(x) represents decisions of the first stage which are 
independent of scenarios. Therefore, these decisions are 
common for all scenarios in the second stage. E[q(x, s)] 
represents the average operation cost over all scenarios.   

In this paper, each scenario has the same probability of 
occurrence given by ps. Furthermore, all scenarios are assumed 
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Finally, every scenario is subject to restrictions (3) to (12). 
The model implementation was done in GAMS (General 
Algebraic Modeling System). For solve the proposed linear 
models CPLEX solver was used [10]. 

V.  SIMULATIONS  

To illustrate potential applications for the model, this section 
present simulation results for several case studies. In all cases 
the microgrid operates in grid-connected mode. The 
simulations that include wind generation were performed using 
100 scenarios and the wind profiles for each scenario were 
obtained through monthly Weibull probability distributions. 
The first case analyzes the economic impact of DERs 

investment including gensets with CHP, wind generation, and 
the combination of both. In the second case, the effect of the 
variable capacity factor on the operation cost is examined. The 
third case analyzes the sensitivity of the operation cos, respect 
to the average wind speed and standard deviation, when a high 
level of renewable generation is integrated. 

A.  Input data 

Input data consist of electrical and thermal demand profiles, 
tariffs for purchase and sale of electricity, gas purchase price, 
and technical-economic information of the technologies. 
Annual demands are represented by two representative days for 
each month, as described in section III. The Fig. 1 illustrates 
demand profiles for a representative weekday in January. 

The characteristics of DERs are shown in Table I. To 
calculate the power output of the wind turbines were used 
power curves provided by manufacturers [11]. Real wind speed 
data was taken of SONDA [12]. Tariffs of electricity and gas 
are found in the appendix. 

B.  Case 1 

The first case examines the impact of DERs investment on 
annual supply cost and demand charges. The baseline for 
comparison is the microgrid operating in grid-connected mode 
without DERs connected. In this scenario, electrical demand is 
supplied by utility and heat demand from burning gas. Cooling 
demand can be supplied from utility and/or burning gas. Three 
investment options are available. Option A include CHP as 
candidate for investment, option B two wind turbines, and 
option C combine CHP and wind generation. 

The results depicted in Table II show that investments in 
distributed generation can reduce the total annual cost respect 
to baseline. For all investment options, the reduction in the 
operation cost is greater than the sum of annualized 
investments, resulting in an attractive annual total cost 
reduction. 

 
Fig. 1. Load profiles.

TABLE I. DISTRIBUTED ENERGY RESOURCES [5]–[13] 

Technologies 
Gmax

 
[kW] 

TECinvest
 

[R$] 

Tf
 

[R$/year] 

Tv
 

[R$/kWh] 

VU
 

[years] 

α 

[kW/kW] 

γ
 

[kW/kW] 
β 

[kW/kW] 

I1: Genset 1500 213400 5830 0.47 – 0.52 20 0.93 - - - - 
I2: Wind Turbine 1500 1019100 22790 0 20 - - - - - 
I3: Wind Turbine 1000 1872000 53000 0 20 - - - - - 
J1: Chiller CHP-Gas 500 2800000 200 0.39 – 0.43 20 - 0.8 0.13 0.8 0.13 

J2: Chiller CHP-Gas 500 3420000 500 0.39 – 0.43 20 - 0.8 0.13 0.8 0.13 

J3: Chiller Gas 100 562500 600 0.45 – 0.48 20 - - - 0.8 0.13 
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TABLE II.  SIMULATION RESULTS 

Investment option Baseline 
A 

CHP 

B 

Wind Gen 

C 

CHP+Wind Gen 

Optimal DERs selection 
 

J1, J2, 

I1 

J1, J2, 

I2 

J1, J2 

I1, I2 

J1, J2 

Capital investment [R$] 2.088.900 4.890.600 13.701.600 16.503.300 

Annualized capital investment [R$/year] 245.361 574.448 1.609.384 1.938.471 

Annual operation cost [R$] 7.026.155 5.939.316 5.221.062 4.160.144 

Total annual cost* [R$] 7.271.516 6.513.764 6.830.446 6.098.615 
Reduction in the total annual cost respect to 
baseline scenario [%]  10.4 6.1 16.2 

Demand charges [kW] 
Off-peak time 1.846 884 1.768 391 

Peak time 1.951 451 1.951 451 
*Total annual cost = annualized capital investment + operational annual cost. It corresponds to objective function in the model.  

 
Comparing options A and B, the renewable generation shows 

a greater reduction in the operation cost at the same rated power, 
but the high annualized investment makes this option less 
attractive that CHP generation. On the other hand, note that 
despite the high penetration level of renewable generation in 
options B and C (approximately 76% respect to the maximum 
demand charges on baseline), the wind turbine does not 
guarantee low annual demand charges, mainly in peak-times. 
Thus, only the genset guarantees a significant reduction in 
demand charges. However, it is important to note that 
renewable generation produces electricity without production 
cost, with a significant reduction on the annual operation cost 
and without polluting the environment. 

C.  Case 2 

In this case we consider three wind turbine investments and 
two wind profiles, to evaluate if the variability of the capacity 
factor (CF) has large influence on the operation cost variability. 
To avoid scale problems, the coefficient of variation as 
percentage is used for comparison.  

The results in Table III shows that the variability in the 
operation cost is much smaller than the FC variability. 
Therefore, for these operating conditions the integration of high 
levels of renewable generation does not produce large 
fluctuations in the operation cost. Note that this can be very 
attractive for the microgrid operator, since it integrates a non-
polluting technology generation with a negligible production 
cost. 

D.  Case 3 

The third case perform sensitivity analysis of the operation 
cost respect to parameters of wind data set. For each scenario, 
the wind profiles are created through Weibull probability 
distributions, with scale and shape parameters depending on the 
average and standard deviation of the wind speed data set. The 
Fig. 2 shows that variations in the average wind speed, keeping 
the standard deviation constant, affect significantly the 
operation cost. The sensitivity is negative because an increase 
in wind speed leads to greater utilization of the wind turbine. 

On the other hand, in Fig. 3 it is possible to observe that the 
operation cost is not very sensitive to variations in the standard 
deviation, when the average wind speed is keeping constant. 
The sensitivity is positive because a greater dispersion without 

change of mean value shifts leftward the maximum value of 
Weibull distribution. 

That way, the results show that the operation cost is more 
sensitive to changes in the average wind speed. 

 
TABLE III.  COEFFICIENT OF VARIATION AS PERCENTAGE 

Turbine model Capacity factor Operation cost 

WT 1 – 1.5 MW 5.52 5.19 1.79 1.83 

WT 2 – 1.0 MW 4.81 5.39 0.95 1.05 

WT 3 – 0.9 MW 5.12 5.42 0.86 0.9 

 

 
Fig. 2. Operation cost face average wind speed changes. 

 
Fig. 3. Operation cost face standard deviation changes. 
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VI.  CONCLUSIONS 

A model for optimal DERs investment and operation in a 
microgrid that can include renewable generation was presented. 
This model allows one to represent costs of investment in 
distributed generation and heat recovery technologies, and also 
estimate the annual operation cost of the microgrid. Constraints 
related to energy balance for each type of demand, technical 
constraints related to technologies, and the uncertainties were 
taken into account. The mathematical formulation constitutes a 
mixed integer linear programming model that was implemented 
in GAMS and solved by CPLEX solver. In order to obtain the 
maximum benefit of DERs the model can provide support in 
decision making process and energy management. Simulations 
for several case studies were performed with the aim to show 
potential application for the model. The results show the ability 
of this tool to analyze the impact of DERs integration in a 
medium-term uncertain horizon. 
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IX.  APPENDIX  
TABLE IV. ELECTRICITY TARIFFS. 

Tariffs 
Week Weekend 

Peak Off-peak Peak Off-peak 
Purchase [R$/kWh] 0.6 0.42 0.42 0.42 
Sale [R$/kWh] 0.4 0.3 0.4 0.3 
Demand Charges [R$/kW] 40.63 16.24 16.24 16.24 

TABLE V. GAS PURCHASE PRICE [R$/kWh] 

Jan Feb May Apr May Jun Jul Aug Sep Oct Nov Dec 

0.17 0.16 0.18 0.17 0.17 0.17 0.18 0.16 0.15 0.16 0.17 0.17 
 


