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Abstract— On the one hand, natural gas-fired dispatchable 

distributed generation (DG) units and batteries can be used in 

microgrids (MG) to cope with the intermittency of renewable 

energy resources such as wind turbines and photovoltaic units. 

On the other hand, the uncertainties in MG influence the gas 

system through the gas-fired DG units, making these systems' 

optimal operation interdependent. As a result, firstly, a novel 

mixed-integer nonlinear model for optimal integrated operation 

of gas and MG networks is proposed. Then, the model is 

linearized, guaranteeing the optimality of solutions and 

enhancing the model's tractability. Finally, a two-stage 

stochastic mode is proposed to include the uncertainties linked 

to electricity price, wind power speed, solar irradiation, and 

demand. In contrast, the value of the stochastic solution 

measurement is calculated to justify the use of the stochastic 

approach. The results indicate that the total cost of the 

integrated system decreased by 17.82% using the stochastic 

model compared to the deterministic approach. 

Keywords—energy management, gas distribution network, 

microgrid, renewable energy, stochastic programming  

I. INTRODUCTION  

Climate change and its damaging consequences are 
threatening the future of humankind on Earth. As a result, to 
mitigate greenhouse gas (GHG) emissions, the European 
Commission aimed to reach net zero GHG emissions and a 
climate-neutral state by 2050. Furthermore, at the global level, 
the Paris Agreement was signed by 194 members of the 
United Nations Framework Convention on Climate Change in 
2015, endeavoring to restrict global warming below 1.5◦C [1]. 
Therefore, the sustainable development of renewable energy 
resources is critical to reducing GHG emissions and 
accomplishing these stated objectives [1]. Microgrids (MGs) 
are considered an efficacious solution for renewable energy 
transition and GHG reduction by providing infrastructures for 
the integration of renewable energy-based distributed 
generation (DG) units such as wind turbines and photovoltaic 
units as well as electric vehicle charging stations [2]. 

However, renewable-based DG units’ power generation is 
inherently intermittent and uncertain because of renewable 
energy dependence on weather conditions. Integrated 
electricity-gas distribution networks are proposed in the 
literature since the integrated network indicates more 
operational flexibility than the separated ones [3] to moderate 
the adverse effects of renewable generation uncertainty. In 
addition, according to previous studies, integrating gas and 
electricity networks can enhance the resiliency of the systems 
against extreme events [4], [5]. Uncertainties play decisive 
roles in the optimal operation of MGs as the optimality and 
feasibility of the solutions depend on the value of forecasted 
parameters. Scenario-based stochastic programming is 
deployed in this study to address uncertainties linked to wind 
speed, solar irradiation, and energy demand. Due to its 
effectiveness and applicability, stochastic optimization has 
been used widely to address uncertainties in the integrated gas 
and electricity networks in the literature [6]. However, quality 
matrices such as the value of the stochastic solution (VSS) [7] 
are not considered in the previous works so as to justify using 
the stochastic approach compared to the deterministic one. 

II. NOVELTY AND CONTRIBUTION 

This paper proposes a novel nonlinear model for the 
coordinated operation of integrated gas and MG networks. 
The nonlinear formulation is sequentially linearized to 
guarantee the solution's optimality and decrease the 
computational burden. Finally, the deterministic linear model 
is transformed into a stochastic one to include uncertainties, 
and VSS is calculated to justify using the stochastic method 
adequately. Hence, the major contribution of this study can be 
summarized as: 

• A novel nonlinear optimization model for the 
coordinated optimal operation of integrated natural 
gas distribution and MG networks 

• Extracting mixed-integer linear programming 
(MILP) model via proper linearization to assure the 
optimality of the solutions  

• Developing a scenario-based stochastic model to 
include uncertainties, while the value of the 
stochastic solution is embraced  to justify stochastic 
model utilization  

III. UNCERTAINTY MODELING AND SCENARIO GENERATION 

This section presents the proper probability functions for 
modeling uncertainties linked to solar irradiation, wind speed, 
and energy demands. Also, it is explained how these 
probability density functions (PDFs) can be used to generate 
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7 scenarios. Moreover, the output power of PV and WT units 
according to solar irradiation and wind speed is modeled. 

A. Wind Turbine and Weibull PDF 

In the literature, Weibull PDF is used widely for modeling 
uncertainty related to wind speed. The Weibull PDF for 
variable � is presented in (1), in which � and � are shape and 
scale indices, and they can be calculated based on (2), where �  and �  denote standard deviation and expected value [8]. 
Moreover, the relationship between wind speed (���) and the 
generated power by WT units (	��) can be presented as (3), 
in which �
���, �
���, �
���, and 	
���  are cut-out speed, cut-in 
speed, nominal speed, and nominal capacity of the WT unit, 
respectively [8].  

	����� = ����
�� �� �������  (1) 

� = ������.� !  &  � = �#��$%��   (2) 
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��� 0��� − �
����
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���2   +, �
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B. Photovoltaic Unit and Beta PDF 

The Beta PDF can be utilized to model the solar irradiance 
distribution [8]. The Beta PDF is presented in (4), where 4 
and 5 (i.e., shape parameters) can be calculated according to 
(5). Furthermore, the relationship between the output power 
of PV units and solar irradiation is presented in (6), in which 678 , 978 , Φ78 , and ;<  are associated with conversion 
coefficient of PV unit, array area of PV unit, solar irradiance, 
and outdoor temperature [8].  

	����� = =�4 + 5�=�4�=�5� �?���1 − ��A��  (4) 

5 = �1 − �� ��������B − 1�  &  4 = �A���   (5) 

	78 = 678978C78D1 − 0.005�;< − 25�G (6) 

C. Electric Load, Gas demand, and Guassian PDF 

Including uncertainties corresponding to electric load and 
gas demand is straightforward and Gaussian PDF is 
commonly used for this purpose [8], which is presented in (7).  

	����� = 1�√2I �������BJ�B   (7) 

D. Scenario Generation 

The aforementioned PDFs can be used for scenario 
generation to create the stochastic programming model. In this 
paper, the PDF of each uncertain parameter (�) is estimated 
by considering a few number of intervals [9]. The probability 
of each scenario (K�) is obtained according to (8), where L�,
N 
corresponds with the respective probability [8], [9]. It is 
noteworthy that similar to references [8] and [9], the number 
of scenarios are considered 7 in this paper and the intervals are 
considered based on deviation in the forecasted values 
(i.e.,−3�, −2�, −�, 0, �, 2�, 3�).  

L�,
N = P �	�����Q��RST
�UVWXV   (8) 

IV. MATHEMATICAL FORMULATION 

In this section, firstly, a mixed-integer nonlinear 
programming model for the optimal coordinated operation of 
gas and MG networks are presented. Then, the model is 

linearized, and MILP model is extracted. It is noteworthy that 
in the deterministic approach, it is assumed that all the 
parameters are crisp numbers and uncertainty is neglected. 
Finally, the respective MILP model is extended by 
considering different scenarios for uncertain parameters and 
the two-stage scenario-based stochastic model is created. 

A. Deterministic Model 

The objective function of this model is presented in (9) 
including cost minimization for both natural gas distribution 
network and MG. First term models the cost related to energy 
which is exchanged between MG and the main grid, where YZ[\ is the electricity price and 	Z[\ is the power exchanged 
between the MG and the main grid, and ]Z  corresponds to 
time interval. The second term is associated with quadratic 
cost of power generated by DG units, in which Y^_̀, Y^_a , and Y^_
  are cost coefficients. b^_,Zc[  is the binary variable to 
indicate the commitment of DG units and 	̂ _,Zc[  is related to 
power generation of DG units. The third term is involved to 
model the cost of load shedding, where 	d,Zc , ed,Zfghc , and Yfghcare electric load demand, the proportion of load that is 
shed, and cost of load shedding. The last term is related to cost 
of natural gas distribution network, in which Y[if, �_,Zf , and �_,Zc[ are associated with price of natural gas, flow of inserted 
gas in the gas network, and the amount of gas exported to MG 
to be used by gas-fired DG units. Constraints (10)–(13)  are 
embraced to model steady state power flow in MG. 
Constraints (10) and (11) ensure the active and reactive power 
balances in the MG, where 	�d,Z , 	jk,Z78 , 	lZ,Z�� , and 	am,Znf  are 
active power flowing in line �o (from bus � to bus o), power 
generated by PV units, power generated by WT units, and 
power of batteries (charging/discharging). Similarly, p�d,Z , pZ[\ , p^_,Zc[ , and pd,Zc  are associated with reactive power 
flowing from bus �  to bus o , reactive power exchanged 
between the main grid and the MG, reactive power generated 
by DG units, and reactive power demand. Parameters qd
 
and rd
 correspond to resistance and reactance of line oK. In 
addition, sd
,Zmtu  is associated with square of current flowing in 
line oK . Constraint (12) shows the relationship between 
voltage of buses and active power, reactive power, and current 
flowing in lines of the MG. �d,Zmtuand vd
  are the square of 
voltage magnitude at bus o and impedance of line oK. The 
relationship between the current and active power, reactive 
power, and voltage of buses are included via constraint (13). 
The physical limitation linked to voltages and currents in MG 
is modeled via constraints (14) and (15), where �  (upper 
bound of voltage), � (lower bound of voltage), and s (upper 
bound of current) are used to indicate the acceptable range of 
voltages and currents. Technical restrictions linked to DG 

units are considered via (16)–(19), in which 	̂ _c[ and 	^_c[
 are 

lower and upper bounds for power generated by DG units and w^_c[ denotes power factor of DG units. Constraints related to 
operation of batteries are presented in (20)–(26), where 	am,Znf$ 
and 	am,Znf�  are nonnegative variables to model charging and 
discharging power of batteries. In addition, xam,Z$  and xam,Z�  are 
binary variables defined to avoid concurrent charging and 
discharging as considered in (23). Moreover, yzamnf, yam,Znf , 6amnf, 5amnf, ynf, and ynf

are associated with initial energy, energy 
stored, efficiency, self-discharge rate, and minimum and 
maximum capacity of batteries. The low-pressure distribution 
gas network is modeled via constraints (27)–(31). In (27), the 



relationship between gas pressure and gas flow in low-
pressure gas network (i.e., less than 75 mbar) is presented, 
which is known as Lacey’s equation [10], where variables I_,Z[if  and �_{,Z  are the gas pressure at node | and gas flow 
from node |  to node ℎ  in gas pipeline |ℎ . In addition, 
parameters ,, 9[if, ~7�, and �7�  are associated with friction 
factor, specific gravity, length of pipeline, and diameter of 
pipeline. In (28), the natural gas flow balance is considered, 
where �_,Zc  is the gas demand and in (29), the relationship 
between the natural gas and power generated by respective 
gas-fired DG units is modeled, in which Θc[ corresponds to 
gas-to-power coefficient. Furthermore, the physical limits 
linked to pressure and gas flow are embraced in (30) and (31), 

where I[if ,  I[if , �_{[if , and �_{[if
 denote the lower and 

upper bounds for gas pressure at nodes and gas flowing in 
pipeline |ℎ. In (9)–(31), a deterministic and nonlinear model 
for coordinated optimal operation of integrated natural gas and 
MG networks is presented. To approximate the nonlinear 
model by an MILP model, the objective function and 
constraints (13) and (27) must be linearized via piecewise 
linearization approach [11].  In (32), the linearized objective 

function is presented, where 	̂ _,Zc[ J
 is approximated by the 

product of slope (o^_,�c[ ) and discretization variable (∆	̂ _,Z,�c[ ) 
for DG generation. The rest of limits related to linearization of 	̂ _,Zc[ J

 are presented in (33) and (34), in which ∆	^_c[
 and o^_,�c[  can be calculated according to equations (35) and (36), 

where � is the number of pieces. Similarly, constraints (13) 
and (27) are replaced by (37) and (38), respectively [11]. In 
addition, constraints (39)–(47) must be added to complete the 
linearization of the objective function. In a similar way, 
variables 	d
,ZJ  and pd
,ZJ  are approximated by the product of od
,�7�  (slope) and ∆	d
,Z,� (discrete block of active power) 
and ∆pd
,Z,� (discrete block of reactive power). Parameters �
,Z�mZ , od
,�7� , and ∆pd
,Z,�  can be calculated according to 
(48)–(50). Similarly, �_{,ZJ  is linearized, the value of 

parameters ∆�_{ and o_{,�7�  are calculated via (51) and (52). 

min�.��� = �� ]ZYZ[\	Z[\
Z

+ �� � Y^_̀b^_,Zc[ + ]Z	̂ _,Zc[ Ya
Z^_

+ 	̂ _,Zc[ JY
�
+ � � Δ�	d,Zc

Z ed,Zfghc
d Yfghc�

+ �� � Y[ifD�_,Zf − �_,Zc[GZ_ � 

(9) 

 

� 	�d,Z�d − �D	d
,Z + qd
sd
,Zmtu Gd
 + 	Z[\ + � 	̂ _,Zc[
^_|aT��d+ � 	jk,Z78

jk|a���d + � 	lZ,Z��
lZ|a�V�d= 	d,Zc D1 − e
,ZfghcG+ � 	am,Znf

am|a�U�d ; ∀o, � 

(10) 

� p�d,Z�d − �Dpd
,Z + rd
sd
,Zmtu Gd
 + pZ[\
+ � p^_,Zc[

^_|aT��d = pd,Zc ;  ∀o, � 
(11) 

�d,Zmtu − �
,Zmtu = 2Dqd
	d
,Z + rd
pd
,ZG+ vd
J sd
,Zmtu ;  ∀oK, � (12) 

�
,Zmtusd
,Zmtu = D	d
,ZJ + pd
,ZJ G;  ∀oK, � (13) 

�J ≤ �
,Zmtu ≤ �J;  ∀K, � (14) 

0 ≤ sd
,Zmtu ≤ sJ;  ∀oK, � (15) 

	̂ _,Zc[ ≥ b^_,Zc[ 	̂ _c[; ∀Q|, � (16) 

	̂ _,Zc[ ≤ b^_,Zc[ 	^_c[  ; ∀Q|, � (17) 

p^_,Zc[ ≤ 	̂ _,Zc[ tanDcos��Dw^_c[GG ; ∀Q|, � (18) 

p^_,Zc[ ≥ −	̂ _,Zc[ tanDcos��Dw^_c[GG ; ∀Q|, � (19) 

0 ≤ 	am,Znf$ ≤ 	amnfxam,Z$ ;  ∀� , � (20) 

0 ≤ 	am,Znf� ≤ 	amnfxam,Z� ;  ∀� , � (21) 

	am,Znf = 	am,Znf$ − 	am,Znf�;  ∀� , � (22) xam,Z$ + xam,Z� ≤ 1; ∀� , �  (23) 

yam,Znf = yzamnf + Δ� 0	am,Znf$6amnf − 	am,Znf�6amnf − yam,Znf 5amnf2 ; ∀� , �|�
= 1 

(24) 

yam,Znf = yam,Z��nf + Δ� 0	am,Znf$6amnf − 	am,Znf�6amnf
− yam,Znf 5amnf2 ;       ∀� , �|� ≥ 1 

(25) 

ynf ≤ yam,Znf ≤ ynf;  ∀� , � (26) 

I_,Z[if − I{,Z[if = 10 ,9[if~7��_{,ZJ5.72J��7��¢ ;  ∀|ℎ, � (27) 

� �_{,Z_{∈¤¥¦
+ �_,Zc + �_,Zc[ = �_,Zf ;  ∀|, � (28) 

	̂ _,Zc[ = �_,Zc[Θc[; ∀� (29) 

I[if ≤ I_,Z[if ≤ I[if;  ∀|, � (30) 

�_{[if ≤ �_{,Z ≤ �_{[if;  ∀|ℎ, � (31) 

min�.��� = �� ]ZYZ[\	Z[\
Z

+ �� � Y^_̀b^_,Zc[ + ]Z	̂ _,Zc[ Y^_a
Z^_

+ �Do^_,�c[ ∆	̂ _,Z,�c[ G� Y^_
 �
+ � � Δ�	d,Zc

Z ed,Zfghc
d Yfghc�

+ �� � Y[ifD�_,Zf − �_,Zc[GZ_ �  

(32) 

	̂ _,Zc[ = � ∆	̂ _,Z,�c[
� + b^_,Zc[ 	c[; ∀Q|, � (33) 

∆	̂ _,Z,�c[ ≤ ∆	^_c[;  ∀Q|, �, � (34) 

∆	^_c[ = �	^_c[ − 	̂ _c[� �§ ; ∀Q| (35) 

o^_,�c[ = �2� − 1�∆	^_c[; ∀Q|, �  (36) 



�
,Z�mZsd
,Zmtu = � od
,�7� D∆	d
,Z,� + ∆pd
,Z,�G� ; ∀oK, � (37) 

I_,Z[if − I{,Z[if = 10 ,9[if~7� ∑ Do_{,�© ∆�_{,ZG�5.72J��7��¢ ;  ∀|ℎ, � (38) 

	d
,Z = 	d
,Z$ − 	d
,Z� ;  ∀oK, � (39) 

pd
,Z = pd
,Z$ − pd
,Z� ;  ∀oK, � (40) 

�D∆	d
,Z,�G� = 	d
,Z$ + 	d
,Z� ;  ∀oK, � (41) 

�D∆pd
,Z,�G� = pd
,Z$ + pd
,Z� ;  ∀oK, � (42) 

∆	d
,Z,� ≤ ∆9d
;  ∀oK, �, � (43) 

∆pd
,Z,� ≤ ∆9d
;  ∀oK, �, � (44) �_{,Z = �_{,Z$ − �_{,Z� ;  ∀|ℎ, � (45) 

�D∆�_{,Z,�G� = �_{,Z$ + �_{,Z� ;  ∀|ℎ, � (46) 

∆�_{,Z,� ≤ ∆�_{;  ∀|ℎ, �, � (47) 

�
,Z�mZ = ��J + �J� 2§ ; ∀K, � (48) 

∆9d
 = D�sd
G �⁄ ; ∀oK (49) 

od
,�7� = �2� − 1�∆9d
;  ∀oK, � (50) 

∆�_{ = ��_{[if − �_{[if� �§ ; ∀|ℎ     (51) 

o_{,�7� = �2� − 1�∆�_{;  ∀|ℎ, � (52) 

B. Stochastic Model 

The stochastic model is presented in (53)–(86). It is worth 
noting that commitment of DG units are considered the first 
stage (here-&-now) decisions, while the charging and 
discharging of batteries, generation of DG units, power 
exchanged between the main grid and MG, and natural gas 
injection gas injection are selected as the second stage (wait-
&-see) variables. 

min�.��� = � � Y^_̀b^_,Zc[ +Z^_ � Πm �� ]ZYZ,m[\	Z,m[\
Zm

+ �� � ]Z	̂ _,Z,mc[ Y^_a
Z^_

+ �Do^_,�c[ ∆	̂ _,Z,�,mc[ G� Y^_
 �
+ � � ]Z	d,Z,mc

Z ed,Z,mfghc
d Yfghc�

+ �� � Y[ifD�_,Z,mf − �_,Z,mc[ GZ_ � 

(53) 

� 	�d,Z,m�d − �D	d
,Z,m + qd
sd
,Z,mmtu Gd
 + 	Z,m[\
+ � 	̂ _,Z,mc[

^_|aT��d + � 	jk,Z,m78
jk|a���d+ � 	lZ,Z,m��

lZ|a�V�d= 	d,Z,mc D1 − e
,Z,mfghcG+ � 	am,Z,mnf
am|a�U�d ;   ∀o, �,   

(54) 

� p�d,Z,m�d − �Dpd
,Z,m + rd
sd
,Z,mmtu Gd
 + pZ,m[\
+ � p^_,Z,mc[

^_|aT��d = pd,Z,mc ; ∀o, �,   
(55) 

�d,Z,mmtu − �
,Zmmtu = 2Dqd
	d
,Z,m + rd
pd
,Z,mG+ vd
J sd
,Z,mmtu ; ∀oK, �,   (56) 

�
,Z,m�mZ sd
,Z,mmtu = � od
,�7� D∆	d
,Z,� + ∆pd
,Z,�G� ; ∀oK, �,   (57) 

�J ≤ �
,Z,mmtu ≤ �J;  ∀o, �,   (58) 

0 ≤ sd
,Z,mmtu ≤ sJ;  ∀oK, �,   (59) 

	̂ _,Z,mc[ ≥ b^_,Zc[ 	̂ _c[;  ∀Q|, �,   (60) 

	̂ _,Z,mc[ ≤ b^_,Zc[ 	^_c[  ; ∀Q|, �,   (61) 

p^_,Z,mc[ ≤ 	̂ _,Z,mc[ tanDcos��Dw^_c[GG ; ∀Q|, �,   (62) 

p^_,Z,mc[ ≥ −	̂ _,Z,mc[ tanDcos��Dw^_c[GG ; ∀Q|, �,   (63) 

0 ≤ 	am,Z,mnf$ ≤ 	amnfxam,Z,m$ ;  ∀� , �,   (64) 

0 ≤ 	am,Z,mnf� ≤ 	amnfxam,Z,m� ;  ∀� , �,   (65) 

	am,Z,mnf = 	am,Z,mnf$ − 	am,Z,mnf� ;  ∀� , �,   (66) 

xam,Z,m$ + xam,Z,m� ≤ 1; ∀� , �,    (67) 

yam,Z,mnf = yzamnf + Δ� 0	am,Z,mnf$ 6amnf − 	am,Z,mnf�6amnf
− yam,Z,mnf 5amnf2 ;  ∀� , �,  |� = 1   

(68) 

yam,Z,mnf = yam,Z��,mnf + Δ� 0	am,Z,mnf$ 6amnf − 	am,Z,mnf�6amnf
− yam,Z,mnf 5amnf2 ; ∀� , �,  |� ≥ 1 

(69) 

ynf ≤ yam,Z,mnf ≤ ynf;  ∀� , �,   (70) 

I_,Z,m[if − I{,Z,m[if = 10 ,9[if~7� ∑ Do_{,�© ∆�_{,Z,mG�5.72J��7��¢ ; ∀|ℎ, �,   (71) 

� �_{,Z,m_{ + �_,Z,mc + �_,Z,mc[ = �_,Z,mf ;  ∀|, �,   (72) 

	̂ _,Z,mc[ = �_,Z,mc[ Θc[;  ∀�,   (73) 

I[if ≤ I_,Z,m[if ≤ I[if; ∀|, �,   (74) 

�_{[if ≤ �_{,Z,m ≤ �_{[if;  ∀|ℎ, �,   (75) 

	̂ _,Z,mc[ = � ∆	̂ _,Z,�,mc[
� + b^_,Zc[ 	c[; ∀Q|, �,   (76) 

∆	̂ _,Z,�,mc[ ≤ ∆	^_c[;  ∀Q|, �, �,   (77) 

	d
,Z,m = 	d
,Z,m$ − 	d
,Z,m� ;  ∀oK, �,   (78) 

pd
,Z,m = pd
,Z,m$ − pd
,Z,m� ;  ∀oK, �,   (79) 

�D∆	d
,Z,�,mG� = 	d
,Z,m$ + 	d
,Z,m� ;  ∀oK, �,   (80) 

�D∆pd
,Z,�,mG� = pd
,Z,m$ + pd
,Z,m� ;  ∀oK, �,   (81) 

∆	d
,Z,�,m ≤ ∆9d
;  ∀oK, �, �,   (82) 

∆pd
,Z,�,m ≤ ∆9d
;  ∀oK, �, �,   (83) 

�_{,Z,m = �_{,Z,m$ − �_{,Z,m� ;  ∀|ℎ, �,   (84) 

�D∆�_{,Z,�,mG� = �_{,Z,m$ + �_{,Z,m� ;  ∀|ℎ, �,   (85) 



∆�_{,Z,�,m ≤ ∆�_{;  ∀|ℎ, �, �,   (86) 

C. Value of the stochastic solution 

The value of the sstochastic solution is measurement to 
economically evaluate the performance of stochastic 
optimization over the deterministic one. The VSS can be 
calculated according to (87), where vf∗ is the optimal value of 
stochastic problem. To calculate vc∗ , firstly a deterministic 
model based on average value of scenarios is solved and first 
stage solutions are obtained. Then, the two-stage problem is 
solved for each scenario separately, while fixing the first stage 
decision variables to the solution of the aforementioned 
deterministic model [7]. 

�99 = vc∗ − vf∗ (87) 

V. TEST AND RESULTS 

To evaluate the proposed deterministic and stochastic 
models for the coordinated optimal operation of gas and MG 
networks, a modified IEEE 33-bus test network along with 11-
node distribution natural gas network forming an integrated 
system as shown in Fig. 1. Moreover, the scenarios for electric 
load, electricity price, solar irradiation, and wind speed are 
illustrated in Fig. 2–Fig. 5. The data on MG components is 
presented in Table I and Table II, the data associated with gas 
distribution network can be found in [10]. It is worth noting 
that AMPL and CPLEX were used for modeling and solving 
the optimization models [12], and the models are run on a 
system with an Intel i5-1135G7 processor and 16 GB RAM.  

A. Case I: Deterministic 

In this case study, a deterministic model for the 
coordinated operation of integrated gas and MG networks 
without considering uncertainties is solved. The costs of the 
gas network and MG are $4790.4 and $2848.62, respectively, 
meaning that the total cost of the integrated system is 
$7639.02. The scheduling of DG units and batteries is 
visualized in Fig. 6, showing that DG unit 3 is committed for 
the whole day, while DG unit 1 and DG unit 2 are committed 
partially. The power exchanged between MG and the main 
grid is depicted in Fig. 7 (positive value for buying and 
negative value for selling), indicating that when the electricity 
price is lower, the MG buys the power from the grid, and when 
the price is higher MG tries to not buy from or even tries to 
sell the power to the main grid. As aforementioned, the 
scheduling of MG should not violate any technical constraints, 
including voltage limits. Thus, Fig. 8 is shown to verify that 
the voltage magnitudes among all the buses during the entire 
day stay in the acceptable range (­5%). 

B. Case II: Stochastic 

This subsection presents the results associated with the 
proposed stochastic programming model for the optimal 
coordinated operation of integrated gas and MG networks. At 
the same time, the uncertainties are included via scenarios. 
The cost of the gas network and MG are obtained at $3398.85 
and $2878.18, so the total cost of the integrated system 
reaches $6277.03, indicating a 17.82% reduction in the total 
cost of the system compared to the deterministic approach. 
Furthermore, as mentioned before, VSS measurement can be 
used to economically justify using stochastic programming 
compared to the deterministic approach. Hence, the VSS for 
this study is $1274.2 (vc∗ = 7551.3), showing a 16.87% 
decrease. Albeit the generation of DG units and charging and 

discharging of batteries are considered second-stage decision 
variables and their values depend on realization of 
uncertainties, it is still possible to show the average value of 
scheduling of DGs and batteries as depicted in Fig. 9, 
indicating changes in scheduling specifically for DG unit 3. 
The power exchanged between MG and the main grid is 
presented in Fig. 10, including all the realizations. The range 
of voltage considering all the scenarios and buses is depicted 
in Fig. 11, showing that the voltage limitation is satisfied. 

 
Fig. 1. Integrated gas distribution and MG networks 

TABLE I.  DATA ON DISTRIBUTED GENERATION UNITS 

Characteristic DG unit 1 DG unit 2 DG unit 3 

Bus 10 24 30 	^_c[
(kW) 900 1000 1500 	̂ _c[(kW) 100 100 100 w^_ 0.8 0.8 0.8 ¯^_($) 27 25 26 �^_($/MWh) 87 87 81 �^_($/MWh2) 0.0025 0.0035 0.184 

TABLE II.  DATA ON BATTERIES 

Characteristic Battery 1 Battery 2 Battery 3 

Bus 6 12 25 9amnf
(kW) 

200 200 200 

yamnf
(kWh) 1200 900 900 yamnf(kWh) 200 150 150 6am°{ & 6amc�m 0.95 0.94 0.96 5am 0.002 0.002 0.004 



 
Fig. 2. Scenarios for electric demand 

 
Fig. 3. Scenarios for Electricity price  

 
Fig. 4. Scenarios for solar irradiance 

 
Fig. 5. Scenarios for wind speed 

 
Fig. 6. Scheduling of DG units and batteries in deterministic model 

 
Fig. 7. Main grid power exchange in deterministic model 

 
Fig. 8. Range of voltage magnitude in deterministic model 

 
Fig. 9. Scheduling of DG units and batteries in stochastic model 

 
Fig. 10. Main grid power exchange in stochastic model  

 
Fig. 11. Range of voltage magnitude in stochastic model 
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VI. CONCLUSION 

Microgrids can effectively accommodate renewable 
energy-based distribution generation units such as wind power 
and photovoltaic units; nonetheless, the output of such 
generation units is intermittent and can adversely affect the 
energy management of microgrids. As a result, batteries and 
gas-fired dispatchable distributed generation can be used to 
cope with such fluctuations and mitigate their adverse effects 
on the operation of microgrids. Therefore, this paper proposed 
a mixed-integer linear programming model for the optimal 
coordinated operation of integrated natural gas distribution 
networks and microgrids. At the same time, photovoltaic and 
wind power units were included. In addition, uncertainties 
were considered via the scenario generation approach, and the 
value of stochastic solution measurement was obtained, 
showing the superiority of the stochastic model over the 
deterministic approach. The proposed model was tested on the 
integrated 11-node distribution network and a 33-bus 
microgrid. The results showed that the total cost of the 
integrated system decreased significantly in the stochastic 
model compared to the deterministic one. 
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