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Abstract: This paper presents a novel distributed double-consensus algorithm to solve the optimal
energy management problem for multiple energy hubs interconnected with each other. The objective
is achieved by establishing two interactive and paralleled consensus procedures modified by their
corresponding feedback terms. Meanwhile, a novel projection operation method is proposed
to map the infeasible values into the feasible operating region. The proposed algorithm can
effectively handle the coupled variables problem existing in the objective function and constraint
limits. Moreover, the optimality and convergence analysis are performed strictly under strong
connectivity conditions only. Simulations performed on standard test cases are provided to illustrate
the effectiveness of the proposed distributed algorithm.
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1. Introduction

The energy crisis and environmental pollution are regarded as a major challenge all over
the world. To address these issues, multiple energy systems, aiming at integrating conventional
independent energy service networks such as power and natural gas systems, could provide a
promising solution [1,2]. As one type of multiple energy system, the concept of the energy hub
has gained significant attention recently [3,4]. An energy hub focuses on feeding different energy loads
through multiple energy inputs and outputs, acting as an interface between various energy producers
and consumers. It could provide the desired effects of reconstructing traditional decoupled energy
supplies, adding operational flexibility of energy services, improving overall efficiency and reliability,
reducing pollutant emissions, etc.

The EMP is a fundamental and key topic in different energy and building systems. L. Tronchin et al. [5]
made an outstanding contribution in reviewing and analyzing the works related to energy management,
from models to technologies, such as the effects of different components [6], cost and performance
analysis [7,8], technology evolution [9], etc. In this paper, we focus on investigating EMP within the
context of energy hub-based multiple energy systems, which is typically formulated as an optimization
problem. Several research works have been reported on this topic, which can be classified into
two categories. The first mainly aims at achieving the internal resource management of individual
energy hubs, with the objective of maximizing the energy allocation profits or minimizing the energy
cost [10-12]. To further enhance the system robustness and energy efficiency, the other tries to
investigate the cooperative energy management problem of multiple energy hubs, where the energy
hubs interact with each other to determine the global optimal operations. For instance, a multiagent
genetic algorithm was proposed in [13] to solve the economic dispatch problem for multi-hubs with
the consideration of uncertain renewable energy resources. In [14], a probabilistic optimization
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approach was introduced for renewable-based residential energy hubs, in which the interactions
between the electricity and natural gas were taken into consideration. In [15], a self-adaptive learning
with time varying acceleration coefficient-gravitational search algorithm was proposed to address
multi-objective economic dispatch problem for energy hubs. Moreover, the underlying energy flow
optimization [16,17], and the reliability of energy demands [18] and criteria [19] have been further
taken into consideration and studied in the energy management problem. It is worth noting that the
approaches mentioned above for solving the energy management of energy hubs are implemented
centrally. However, as the scale of the system expands, centralized approaches may face several
challenges, which can be summarized as follows:

(1) The centralized approaches rely on a powerful central controller to process a huge mass of data
and require two-way and high-bandwidth communication to work on the information gathered
for the whole system [20,21]. Thus, solutions based on centralized approaches are costly to
implement and are prone to single-point failures and modeling errors.

(2) Despite the plug-and-play and peer-to-peer nature of distributed energy resources, both the
physical and associated communication topologies tend to be subject to topology variabilities,
which may undermine the efficacy of the centralized approaches [22,23].

As an alternative, the distributed approaches, which have some advantages compared to
centralized approaches, e.g., enhanced reliability and robustness [24], fast computation and reduction
in communication [25], are more suitable for accommodating a mass of units. Not surprisingly,
only a small number of results have been documented. In [26], the authors proposed the
concept of smart energy hubs and formulated the interaction among smart energy hubs as a
noncooperative game. Therein, a distributed algorithm was introduced to find the Nash equilibrium.
Furthermore, the interaction among smart energy hubs was further modeled as an ordinal potential
game in [27], where a distributed algorithm was proposed to solve this problem. Considering the
autonomy and self-interest among energy hubs, their cooperative interaction was formulated as
a bargaining cooperative game in [28], where an alternating direction method of multipliers was
applied to find the optimal solutions. It is worth noting that the existing game-theoretic-based
distributed approaches can achieve a partial shift from a centralized manner to a distributed
manner. However, they also require a cloud computing center, a central price coordinator, or a virtual
coordinator to obtain the optimal operations, which may not be regarded as fully distributed methods.
Since there are some global supply—demand balance constraints and strong coupling relationship
among variables, it is also a challenge to design an algorithm to solve the EMP of multiple energy hubs
in a fully distributed manner.

To address these issues, a novel distributed algorithm, referred as the DDC algorithm, is presented.
By introducing the consensus concept and designing a new projection operation method, our proposed
approach can make the global computation process divided into each energy hub. As a result,
each energy hub can locally calculate its optimal operation. Compared to the existing literature,
the major contributions of the presented distributed algorithm are summarized as follows:

(1) By making use of some change of variables, the strongly coupled form between variables in global
equality constraints are transformed to the local function and inequality constraints. With this
effort, the EMP is formulated as a kind of distributed coupled optimization problem.

(2) The proposed DDC algorithm, which does not require a price coordinator or a leader to collect
global parameters, can solve the EMP in a fully distributed fashion. In contrast to centralized
algorithms, the proposed algorithm is more flexible, reliable and robust, etc. To the best
knowledge of the authors, there still exist very few papers concerned about solving the EMP for
multiple energy hubs in a fully distributed fashion.

(3) The strong coupling problem, existing in the objective function and constraint limits, can be
effectively solved by implementing the proposed DDC algorithm. Moreover, the rigorous
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optimality and convergence analysis are presented only under strong connectivity conditions,
which is more reasonable and general, and possesses less conservatism.

The rest of this paper is organized as follows. In Section 2, the system model and optimal
conditions are briefly introduced. In Section 3, some basic knowledge is firstly introduced.
Then, the proposed DDC algorithm and the projection operation method are presented. In Section 4,
several case studies are presented to show the effectiveness of the proposed DDC algorithm.
Section 5 concludes the paper.

2. Problem Formulation

2.1. Energy Hub Model

The energy hub is a concept coupling various energy carriers, such as electricity, gas and
heat, etc., which can be converted to various forms of energy to provide diversified loads.
Here, for each hub, we consider electricity and natural gas as energy inputs, while electricity and
heat are considered as energy outputs. The converter devices consist of a transformer, boiler and CHP
unit. The conversion relationship between inputs and outputs is defined as the coupling matrix form
given in Appendix A-(a).

2.2. EMP of Multiple Energy Hubs

In this paper, we consider the EMP of interconnected energy hubs to achieve the global optimal
energy configuration. Here, the anticipated structure of the multiple energy hubs system is shown
in Figure 1. Compared to existing multiple energy hubs systems, it has one important difference,
which is the paradigm shift from a traditional centralized manner to a distributed manner. Under this
distributed structure, the work of each agent that does not rely on a centralized controller is based
only on local communication and calculation to find the optimal operating point and dispatch factor.
The considered EMP can be formulated as a distributed optimization problem with a global objective
function and a set of constraints.

(1) Objective: The total objective function is to cooperatively minimize the aggregated energy costs
(i.e., the electricity and natural gas consumption costs associated with the individual energy
hub) and the emissions penalty from electricity and heat power generation. The mathematical
expression of this objective function can be seen in Appendix A-(b).

(2) Constraints: Energy hubs collectively make decisions on their own subject to global and
local constraints. Accordingly, the set of local constraints for each energy hub is listed in
Appendix A-(c). Moreover, the global constraints imply the supply-demand balance constraints.
Specifically, the total electricity and heat power generation, i.e., Y./ _ Ej , and Y/ _4 Ekout,
should be equal to the total respective electricity and heat load demands, i.e., }_/_ ;I and
Yo llh, respectively. In terms of the defined coupling matrix, we can further establish the
relationship between the input variables and load demands as follows:

n n

,ch
Y (B, 0 ToES,) = Y I (1a)

i=1 i=1

"k ' 1
Y, (oS, (1= p)ES) = Y I (1b)
i=1 i=1

It is worth noting that Equations (1a) and (1b) are non-affine constraints caused by the coupled
product of variables p; and E$

iin’
algorithm. To address this issue, we employ the following change of variables.

which is not beneficial to the design of the distributed optimization
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where Ef’p and Elg,l—p are the natural gas consumed by CHP unit and boiler, respectively. In this novel
coordinate system, the above optimization can be re-written in the following form by some operations.

) (af (ES)* + BEES)

min F =
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2 (3)
£ 2 A—p 0 A—p 0 /1*{7

i

I M=

—_

subject to

n n
L O+, FUES) = ) K (4a)
1= i=1

n
h,chp -8, il -81—
O T EF ) = Y0 (4b)
=1 i=1

1
and
EC ml?’l < EC < Ee ,max (Sa)

i,in

ESMN < ESP L ESTP < B8 (5b)

1,in ,in
0<ES,0<ESP (50)

where oczig = a + wf (neChp) +wh(y hChp) ﬁg = a + w; (nbo’l) and ’)/Z- Zag—O—th;yZhChpnf"”’

..... Energy hub L)) Centralized
E, { NE Agent n controller |—
out +7, .
A () —{ |} S - T
] .

E% ‘4—: .

AgenV

Eh

T OO 0

out 4
NG e
.

!

Centralized
Agent 1 Fashion

Paradigm Shift

Enhanced robustness 4 Agent 1 ‘
Improved flexibility 4 ‘

Plug-and-play 4 \\ ----------- Agent 3@

N [N

Cost-effectiveness . -------- ,.'*
Distributed | Agent 2
Fashion

-

Main coe <
supply
— = = — @ ¢ N

i Power Gas Heat Communication Transformer CHP  Boiler

Figure 1. Structure of a multiple energy hubs system.

For convenience, Equations (5b) and (5c) can equally be expressed in the following form

B mESP 4 & S P 4 fin > 0,(m = 1,2,3,4) ©6)

Remark 1. By means of the coordinate transformation in Equation (2), the coupled product form between
variables, i.e., p;E l i and (1 — pi)Efin for the global equality constraints, can be transformed into one, i.e.,

'yg Eg’p Eg’ P for the local objective function. As a result, the non-affine constraints (1a and 1b) are converged to
aﬁ‘me ones, i.e., Equations (4a) and (4b).
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Next, the Lagrange multiplier theory can be used to analyze the problem in Equations (3)—(6).
Inspired by the Lagrange multiplier theory, a fully distributed algorithm will be introduced in Section 3.
The Lagrange function and the corresponding KKT conditions are shown in Appendix A-(d).

3. Distributed Algorithm

3.1. Basic Knowledge

(1) Graph theory: We consider a directed graph G = (V,E,A) with a set of vertices
V = (v1,vy, -+ ,0n),asetof edges E = (v;, v]'} C V x V and an adjacency matrix A = [alﬂ.
The in-neighbors and out-neighbors of ith node are denoted by N;* = {j € V — {i}: (j,i) € E}
with cardinality d” and N© = {j eV —{i}:(i,j) € E} with cardinality d;, respectively.
Each node can receive information from its in-neighbors and send information to its out-neighbors;
meanwhile, it can be also assumed to communicate with itself.

(2) Basic definitions: With regard to problem Equations (3)—(6), there are three variables that need to
be calculated. To this aim, we define two strongly regular graphs G; and G,. The first consists
of n nodes, where each node represents the statement related to Eig’l*'O . The second is built by
dividing each node of graph G; into two nodes which represent the statements related to E; and
E3*, respectively. Furthermore, we define two matrices R = [f;;] and S = [5;,] associated
with G1; meanwhile, let T = 1/31-+ ifj e Nj_, T = Oifj ¢ N?_, and Sij = 1/3; ifi € Nj_,
§,; = 0ifi ¢ N; . Itis not difficult to verify that R is row stochastic and S is column stochastic.
Similarly, we define two matrices R = [r;;] and S = [s;;] for Gy; meanwhile, letr;; = 1/d;" if
j €N, rij = 0ifj ¢ N, and 5ij = 1/d; ifi e N]f,sl-,j = 0ifi ¢ N]f.

(3) Consensus algorithm: Based on the definitions discussed above, we consider two different
discrete-time systems—shown in Appendix B-(a)—which will be employed in the design of our
proposed algorithm.

3.2. DDC Algorithm without Inequality Constraints

In this section, none of the inequality constraints are taken into consideration; the consideration of
inequality constraints will be discussed in the next section. Based on the KKT conditions, we can obtain
the relationship between the optimal solutions and the Lagrange multipliers (see Appendix B-(b) for
details). This indicates that the optimal Ef, E?’p and Eig’1 " can be obtained if the optimal A and Ag can
be calculated. Please note that A. and A4 are both global decision variables. In contrast to centralized
approaches, there is no central controller to correct the global information to calculate the optimal A,
and A, and send the solution to each component. On the contrary, the challenge of this paper is to
obtain the optimal A, and A, by using only local information and messages exchanged with neighbors.
Meanwhile, A, and A, are interactive with each other. Inspired by the feature of (P1), the basic concept
is to establish two different consensus protocols, in which the one is to make all A;, (k) and A;, c(k)
run a common value and the other is to make all A; ¢ (k) run another common value. Meanwhile a
feedback term is added into the corresponding consensus protocol to obtain the optimal A, and A,.
Therein, the feedback term uses local estimation of the electricity and heat power mismatches to ensure
power and heat supply-demand balances. Then, the designed DDC algorithm, mainly consisting of
three parts, is given by:

(1) The united updating rules for energy hubs’ coordination to estimate the electricity and heat
multipliers are designed for

Alk+1) = RA(k)+ny(k) (7)
_ | RO _ | Rpp Rpe _ T AT AT 1T _ 7 T 7T
where R = 0 R ‘| /R = ch Ree A= [Ae,p/ /\E,C/ Ag,c] and y = [ye,p/ Ye,cr ]/g,c]
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(2) Based on the relationship between the optimal solutions and Lagrange multipliers, the updating

rules for energy hubs to estimate the optimal E, Ef’p and Elg’lfp are designed for

x(k+1) = AAMk+1)+B ®)
E(k+1) = x(k+1) )
AP0 0 .
where A = 0 AF -OF° |,B = {B;’ Bgc'B}H X = [XET,ngpT,xg,lpr]T and
0 —Oh Al

E = [ET,E8¢T,E81-PT]". Therein, AP = diag(a’), AP = diag(al), A = diag(@"®),

OF = diag(aP"), 0 = diag(d"), BT = [8]",BL, = (5] and B, = A

(3) Please note that the electricity and heat power supply—demand balance constraints, i.e.,
Equations (4a) and (4b), are global constraints. Similar to the solving method for A, and
/\g, the concept of local estimation of the mismatch between demand and total generations,
obtained by using only neighbors’ information, is used to solve the two global constraints in
a distributed manner. Inspired by the features of (P2), the updating rules for the energy hubs’

coordination to estimate the electricity and heat power mismatches are designed as follows:

y(k+1) = Sy(k) — (E(k+1) — E(k)) (10)
S 0 S Sye
where S = lo S],S— lsf}’: SI:C ]

With regard to the determination of initializations, they are shown in detail in Appendix B-(c).

Remark 2. The coordinative updating rules of Equations (7) and (10) show that each component only requires
the information received from its in-neighbors to update its corresponding A and y. In addition, the updating
of E is implemented by each energy hub’s own information. Therefore, the DDC algorithm is fully distributed,
only requiring local communication and calculation among neighbors, without a central controller.

Lemma 1. (Perron-Frobenius, [29]) Let P be a primitive nonnegative matrix with left and right eigenvectors w

and v, respectively, satisfying Pv = v, w'P = w’,and vTw = 1. Then lim P* = ovw.

k—o0
Theorem 1. If the problem of Equations (3) and (4) is feasible, there exists a positive value ¢ such that for all
values of 0 < 4 < g, the fixed points of the DDC algorithm determined by Equations (7)—(10) satisfy the KKT
conditions of optimality.

The proof of Theorem 1 is provided in Appendix C.

3.3. DDC Algorithm with Inequality Constraints

For variable Ef, the corresponding inequality constraints in Equation (5a) can be taken into
consideration by introducing the following well-known projection operations.
e,min - e,min
E;, if xf(k) < Ej

E?(k) = xf(k), if El?/rl,’Zi” < Xf(k) < Femax an

i,in
ECM i 2t (k) > ECI

iin / i,in

Different from Ef, Ef’p and Ef’lf‘o are coupled by a set of linear inequality constraints,
which greatly increases the solving difficulty. To address this issue, the basic concept is to establish a
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projection operation method that can map the solution without considering inequality constraints onto
one point of the feasible operating region determined by Equation (6); meanwhile, the values of this
point must satisfy the corresponding KKT conditions. Please note that the new solution may be inside
the feasible operating region corresponding to no active constraints, on boundaries corresponding to
one active constraint, or at the corner point of boundaries corresponding to two active constraints.
Then, according to optimality conditions, we establish the identification conditions for the above three
cases, which can be seen in Appendix B-(d).

Furthermore, the projection operations for E;-g'p and Elg’l_p, to take Equation (6) into account,
are given by
x$P(k), if (24)satisfied

ESF (k) = ¢ x5, if (25)satisfied (12)
xf,’gé, if (26)satisfied

xlg’l*p(k), if (24)satisfied

ESTP(k) = { 2%, *, if (25)satisfied (13)

X170 if (26)satisfied

i
Theorem 1 can be expanded to solve the problem Equations (3)-(6) by only replacing Equation (9),
in Theorem 1, with Equations (11)-(13). For clarity, the flowchart of the proposed DDC algorithm is

Set initial value of each variate based on (23)

summarized in Figure 2.

l«
v

Receive the last information from in-neighbors and
broadcast the last information to out-neighbors

'

Perform dynamic (7) to update A(k +1)
Perform dynamic (8) to update x(k +1)

Exceed
inequality constraints?

Choose projection operations o
based on (11), (12), and (13) Perftorm ?ZHZTIIL ©
to further get E(k+1) o get E(k+1)

[ T

Perform dynamic (10) to update y(k +1)

Exceeds the
maximum iteration number?

No

Figure 2. Flowchart of the proposed DDC algorithm.
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Remark 3. The coupled variables problem can be effectively solved by implementing the proposed DDC
algorithm. Firstly, we express Elg’p and Eig’l_p without inequality constraints as the linear combination of A,

and Ag. Then, the direct calculation of E?’pand Ef’lfpcan be transformed into the indirect calculation of A, and
Ay, which can effectively handle the coupled variables existing in the objective function. Furthermore, along with
the KKT conditions and the solution without inequality constraints, the proposed projection operation method
maps infeasible values into the feasible operation region, which can further effectively handle the coupled variables
existing within the inequality constraint limits.

4. Application Examples

In this section, several simulations have been studied to verify the effectiveness of the proposed
algorithm. The first case is used to show the effectiveness of the proposed DDC algorithm via
comparison to a centralized algorithm. The second case shows the performance of the proposed
algorithm under time-varying demand. The third case demonstrates the plug and play properties of
the proposed algorithm. The configuration and communication structures of the test system with five
energy hubs are shown in Figure 3. The energy transformer efficiencies 7%, 7%, 57 and %" are
selected as 0.98, 0.35, 0.4 and 0.9, respectively. The cost parameters and constraints of each hub are
listed in Table 1.

fPowerline Heat line  Power load Heatload Communication ]ine§

Figure 3. Structure of multiple energy hub system.

Table 1. Parameters of the test system.

Number Hubl Hub2 Hub3 Hub4 Hub5

a¢ 0.12 0.08 0.09 0.05 0.13
b 12.0 13.0 12.5 13.5 11.5
a8 0.033 0.023 0.042 0.033 0.012
b8 5.8 6.0 5.5 6.3 8.6
w® 0.011 0.012 0.009 0.012 0.008
wh 0.021 0.023 0.031 0.025 0.026
Ee,min 0 0 0 0 0
E¢/max 200 150 175 210 200
E8/min 0 0 0 0 0

Eemax 200 275 150 175 375
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4.1. Comparison with Centralized Algorithm

This case study focuses on verifying the effectiveness of the proposed DDC algorithm by
comparing it to the centralized algorithm [30]. The power and heat load demands for each power
and heat load are initialized at 150 kW and 140 kW, respectively. By running the DDC algorithm,
the estimated electricity and heat Lagrangian multipliers, mismatches and energy inputs are shown in
Figure 4. After the algorithm converges, it can be observed that the electricity multipliers converge
to a common value, A, = 27.0354 cents/kWh, and the heat multipliers converge to another
value, A, = 19.3652 cents/kWh; meanwhile, the electricity and heat mismatches converge to zero,
which means that the power and heat supply-demand equality constraints are satisfied. In addition,
the final electricity and gas inputs of each hub are within their corresponding inequality constraints, as
shown in Table 2. Therefore, the optimization goal has been fulfilled. Furthermore, the performance
of the proposed DDC algorithm is compared with a centralized algorithm. The simulation results
provided by the two approaches are shown in Table 2. It can be seen that all of the solutions are very
similar, which also verifies the effectiveness of the proposed algorithm.

300 ! .
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= Z 0
5 = 7
] 5 100
Z =1 ~
@ 2 (b) & 2007, 20 30 40 50
= g 0
k] o
= 151
E T -100 T Vg T Yage T Yage T Vage T Vg
=
10 20 30 0 50 200 . . . .
200 200 400 600 800 1000 0 200 400 600 500 1000
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§ 30 . : ! : 20
=
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400 600 800
Iterations
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Figure 4. Comparison with centralized algorithm: (a) the electricity mismatch; (b) the heat mismatch;
(c) the electricity multiplier; (d) the heat multiplier; (e) electricity input; (f) gas input.

Table 2. Comparison with centralized algorithm.

DDC Algorithm Centralized Algorithm
Number

E*¢ E8 E* E8
Hubl 62.6477 168.2670 62.7895 168.2715
Hub2 87.7216 233.4601 87.7325 233.4569
Hub3 80.7525 135.3102 80.7861 135.3133
Hub4 135.3545 159.9385 135.3687 159.9256
Hub5 59.7517 326.7947 59.7336 326.8010
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4.2. Time-Varying Demand

This case study focuses on testing the capability of the proposed DDC algorithm to handle changes
in load demand. The initial conditions are the same as those in case study 1, and the load demand
changes 2 times during the simulation. At#; (k =1000), the total power and heat load demands decrease
by 20%, while at ¢, (k = 2000), they are increased by 20%. The simulation results are shown in Figure 5.
It can be observed from Figure 5a,b that neither the electricity nor heat mismatch can be maintained at
a zero state after t1, because of the reduced power and heat load demands. By continually running the
proposed DDC algorithm, each energy hub gradually reduces its electricity and gas inputs to meet the
new supply-demand balance, as seen in Figure 5e,f; meanwhile, the electricity and heat multipliers
decrease in response to the change seen in Figure 5c,d. After about 300 iterations, i.e., at k = 1300,
the electricity and heat mismatches converge to zero again, and not only the electricity Lagrangian
multipliers, but also the heat Lagrangian multipliers, converge to new common values. This implies
that the new supply-demand balance and the optimization goal have been fulfilled. Furthermore,
the balance is broken at f, due to the increased load demands. From Figure 5a—f, it can be seen that
after about 300 iterations, i.e., at k = 1300, the electricity and heat mismatches go to zero, both the
electricity and heat multipliers increase and converge to new optimal values, and each hub increases
its energy input to compensate for part of the increased load, finally converging to the new solutions.
Based on the aforementioned discussion, it can be concluded that the proposed DDC algorithm can
respond automatically to converge to new optimal solutions after each load change. This also means
that the proposed DDC algorithm works properly under time-varying demand.

200 : . . 300 . . .
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Figure 5. Time-varying demand: (a) the electricity mismatch; (b) the heat mismatch; (c) the electricity
multiplier; (d) the heat multiplier; (e) electricity input; (f) gas input.

4.3. Plug and Play Capability

This case study focuses on testing the plug and play performance of the proposed algorithm.
The initial conditions are the same as those in case study 1. At t; (k = 1000), hub3 is removed from the
test system and the variables related to them are set to zero. As a result of this change, the original
balance is broken, and the electricity and heat mismatches go to a non-zero state, as seen in Figure 6a,b.
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By continually running the proposed DDC algorithm, it can be observed from Figure 6¢—f that the
remaining energy hubs have to increase their electricity and gas inputs to generate more electricity
and heat to further compensate for the amount of electricity and heat previously generated by hub3;
the corresponding electricity and heat Lagrangian multipliers increase, as well, to meet this change.
After about 300 iterations, i.e., at k = 1300, the electricity and heat mismatches converge to zero again;
meanwhile, the electricity and heat Lagrangian multipliers, as well as the electricity and heat inputs,
converge to their corresponding optimal values. As a result, the new supply—demand balance can
be satisfied after removing hub3. Then, at ¢, (k = 2000), hub3 is plugged back into the system again.
Of course, hub3 gradually increases its electricity and heat generation, while the others decrease their
generations to accommodate for hub3. After about 300 iterations, i.e., at k = 2300, it can be seen from
Figure 5a—f that the algorithm converges to the new optimal solution in response to the new topological
change. Additionally, the final convergence values for all variables are the same as those prior to
disconnection. Therefore, the results clearly show that our proposed algorithm can provide good plug
and play capability.
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Figure 6. Plug and play capability: (a) the electricity mismatch; (b) the heat mismatch; (c) the electricity
multiplier; (d) the heat multiplier; (e) electricity input; (f) gas input.

5. Conclusions

In this paper, we have presented a novel DDC algorithm to solve the EMP for multiple energy hubs,
which is formulated as a class of distributed coupled optimization problem by properly converting
some system coordinates. The consensus concept in multiagent systems has been explored and
embedded in the design of our distributed algorithm. With this effort, the total computation process
can be completely assigned to each individual energy hub without the requirements of a cloud
computing center, a central price coordinator or a virtual coordinator. Thus, our proposed algorithm
can improve the existing game-theoretic-based distributed approaches, which further solves the EMP
for multiple energy hubs in a fully distributed fashion. In addition, a novel projection operation method
has also been proposed to address the issue of coupled variables existing in the objective function
and constraint limits. Furthermore, we have proved that the proposed algorithm can converge to the
optimal solution under strong connectivity conditions only. In the simulation part, several examples
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were presented to illustrate the effectiveness of the DDC algorithm and to demonstrate the correctness
of the theoretical result. In future work, the rate of convergence and underlying energy flow control
will be studied.
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Nomenclature

EMP Energy management problem

DDC Distributed double-consensus

CHP Combined heat and power

KKT Karush-Kuhn-Tucker

i, energy hub indices

n Number of energy hubs

m Linear inequality constraint indices
Ef, Eg Inputs of electricity and natural gas powers
E; l’:l“”, P Lower and upper bounds of El in
Ef;T”, ;gl:'lmx Lower and upper bounds of E$ Sin

ES S Outputs of electricity and heat powers

The transformer efficiencies of transformer, CHP unit from gas to

ﬂee ﬂe,chp Uh,chp ,]boil
’ ’ ’ electricity, CHP unit from gas to heat and boiler

0 Dispatch factor
Gi(Ef m) C; (E;g in) Electricity and natural gas cost functions
Wi(n, ES m) Penalty function
as, a? bs, bf Cost coefficients
ws, wlh penalty coefficients
Iz, llh Local electricity and natural gas loads connected to ith energy hub
-~ Coefficients of mth linear inequality constraint for variables Ef’p and
di,m/ €ims fi,m Eg,lfp
Aeand Ag Eiectricity and heat multipliers for the equality constraints
uf’mm, ui™e, u‘lg, " Lagrangian multiplier for inequality constraints
Xir Xi State variables of agent i
w’ Normalized left eigenvector of R associated with the eigenvalue 1
)( Column stack vector of x;
Niep(k), Aig,c(K) Estimated electricity multipliers
Aige(k) Estimated heat multiplier
Yiep(k), Yiec(k) Estimated electricity power mismatches
y,,g, (k) Estimated heat power mismatch
E¢(k), ES*(k), E;.g’l*p (k) Estimated of optimal Ef, E{* and E;-g’lip
)\e,p, Aecr Ager Yeps Yeer Yg,o Column stack vectors form of A; .y, Ajecs Aiger Yieps Yiee a0 Yig e

x¢, x8P, x81-P E¢ E8&P, E&1-P Column stack vectors of x¢, xf’p, xf’l_p, Ef, Ef’p and E;q’l_p
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Appendix A. Constraints and Optimality Conditions

(a) The conversion relationship between inputs and outputs can be expressed as the following coupling
matrix form,

Efut 7 "o E,
h - h,ch boil g (AD)
Eout 0 Ul o PP +7 o (1 - P) Ein
where the dispatch factor p € [0,1] is introduced to specify the share of natural gas by the CHP unit

and boiler.
(b) The total objective function of the EMP for multiple energy hubs is modeled as the following form,

n

min F =} (Gi(Ef;,) + Gi(ES,) + Wiy, ES,,) (A2)
1=
where
C (Eizn) = I(Elem) + bleE;ln
2
C (EZgZ‘Vl) = l (E;gm) ng;gm (Aa)

ch 2 y 2
(17’ 1171) = wle(ﬂfc ppl lll’l) +CL} (ﬂchpl 11n+’7b011( 101) 11;1)

(¢)  Thelocal constraints arise from the limitations of the energy hubs’ capability and the dispatch factors, which
are expressed as

B < B, < B (ada)
g,min g g,max

El in Ez in — Ei,in (A4b)

0<p <1 (A5)

(d) The Lagrange function for problem (3)—(6) is expressed as the following equation:

n n n n
L= F—A, Z (ﬂeeEeJr,?echpEgp) y llg} _Ag|: 3 (WhChPESP_’_UbotlEgl Y-y I
. . i=1 i=1

= i=

n . n
_l ;1 ue mln(Ei Ez,ir:llln) _ l El uf maX(E:zlr:ax Ef) (A6)

4 9.0 g1 ~
g zm( lmE +etm E ’ +fi,m)/

I m:

i=1m

The optimal operating point is determined by the following KKT conditions:

aF/aEg _ )Lerlgg + ue,mm _ ue,max

1

BF/aE;g' _ /\eWCChp"’/\gUZ Chp+ Z u?,mN'

gl-p _ boil
JF /9E; = Agn/" + Z ulm

(A7)
MLE mm (Ez Ele,;:;””) — 0 ue,mﬂ’C(Elﬁl}ZﬂX Ele) — 0
un(dszg/p"'ezmtEgl +ﬁ,m) =0
u;z,mm >0, ulg,max >0, u;'gim >0,
and Equation (4a) along with Equation (4b).
Appendix B. Consensus Algorithm, Initializations and Projection Conditions
(@) The two different discrete-time systems considered are as follows:
(P1) xi(k+1) = Y rijxj(k) (A8)

jEN;
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(b)

(©)

(d)

@

@)

(P2) xi(k+1) = Y sijx;(k) (A9)
JEN;

Since R is row stochastic, P1 forms the first-order consensus protocol. Each node reaches the final common

value x;(c0) = wTx(0). Since S is column stochastic, the summation of all state variables is a constant, i.e.,
Lxi(k) = £Xxi(0).
We let ™" = u{™*™ = uf = 0. Then, according to the first three equations of Equation (12), the optimal

solution of Ef, Ef’p and Eig’1 P of each energy hub can be determined by the unique Lagrange multipliers A,
and A,, given by

= 7P
Ef = llf)\g _bi
EP = @A~ A —B° (A10)
Egl P @y — T, — bhc

where @ = 5%/2a¢, B = b¢/2a¢, @ = 2857 /0,57 = (ySyboil —2pSy ) 10, B = (2p50F —
2b8) /9,00< = ')/g17”hp/19 @ = (2adybol ygth’”’ /9,b; e = (26585, —1Sb8) /8,and 0 = 4aS B8 — (1)’
E£(0), Ef’p (0) and E;g’l f(0) can be designed as any admissible values, and the other variables are

initialized as
y,ep(O) I£/2 — EE(O)

Yiec(0) = If/2— EF*(0)

- (A11)
Yige(0) = IF = EF7(0)
zep(o) zec( ) = )‘,g,( ) =0

To map the infeasible values into the feasible operating region, the cases for no active constraints, one
active constraint and two active constraints are separately discussed to further give the corresponding
identification conditions as follows:

None of the constraints are active constraints, i.e., the optimal solutions before and after considering the
inequality constraints have the same values. The identification condition of this case is if xg’p (k) and

81—p
x;7 P (k) satisfy B o~ B
di 35" (k) + €2y P (k) + fim >0 (A12)
then there are no active constraints; otherwise, the optimal solution belongs to another case.

Only one inequality constraint is an active constraint. Let & represent any one inequality equation.

The identification condition of this case is that if there exist solutions x‘frf x?h and u? 5= 0 satisfying

2u; gxg,p + bg + i gng P = /\mc(k)ne chp
h,
+Ai,g,c(k)77 chp +uj ﬁd

28855, P 0 + S = Aig (k) + b
Bis Vi i,g,c(); ihCih (A13)

T80 5 8l-p 7T
d,-,ﬁxl-,h +ei,hxi/ﬁ +fiﬁ =0
T80 5 81-p | F

dim X5y + €mX;n, + fim >0

(m = {1, 4}~ h)

then 7 is the only active constraint; otherwise, the optimal solution belongs to another case.




Appl. Sci. 2018, 8, 1412 15 of 17

(3) Two inequality constraints are active constraints. In this case, let  and ¢ represent two adjacent constraints
(e.g., 2 and 3) and the corner point determined by them be defined as (xfhp 0 x‘lgh1 [‘O ). The identification
condition of this case is that if there exist solutions u‘lg 5 = 0and ulq ;20 satisfying

0 IS 1-p e,chp
208350, + b5 + 7i8x5, T = Ajec(k)y;

1

hch ~ ~
Jr/\i,g,c(k)ﬂl‘ chp + M‘ig’ﬁd,',r,, + M(ig’[di/

. (A14)
2Bi8xs, "4 bY + vy, = Aige(k)n”
+”§hgi,h + ”fgévi,[
then,  and ¢ are the two active constraints; otherwise, the optimal solution belongs to another case.
Appendix C. Proof of Theorem 1
T Ryp Rpc 0 0 0 07
ch Rec 0 0 0 0
0 0 R 0 0 0
M = , (Al5a)
AP(I—Rpp)  —APRy 0 Spp Spc 0
—AP*Rep AP(I—Ree) —OF(I-R) Sep See O
L O"Rg —Ohe(I—=Ry) A(I-R) 0 0 S |
[0 0 O I 0 0 [0 0 1 0 1
000 0 I 0 vl 1" o 0o 1 0
000 0 0 I v 0 0 0 1
A = Vo= = . . . (Al5b)
0 0 0 —A7 0 0 V1T v, 0 —xPPy, xPy,
0 0 O 0 —APc OF¢ VlT ve 0 —«xPPou.  xP.
00 0 0 OF Ak | L 0 T kP75, KT
wi 17Ar aTare —1Tore 1T 1T o 00 0 0
oW of  —1Tor  1TAke o of 1T 00 0 0
4% = ,Q = (A15c¢)
Wi N wl o” o7 o of 1 0 —«xPP k€
Wl o7 o’ wl o o of 0 1 kP

The eigenvalue perturbation approach is employed to analyze the convergence properties of the presented
algorithm. Along with Equations (7)—(10), we get

O(k+1) = (M+7A)O(k) (A16)

where ® = [ACTJ,,/\ETIC,/\;C,yeT,p,yzc,y;C]T.

Due to the definition of R, R, S and S, it is not difficult to verify that R, R, Sand S are all primitive with
the maximum eigenvalue 1. Based on Lemma 1, there exist four vectors wT, v, @ and 7, satisfying wIR = wT,
Sv = v, W' R = W' and ST = Tmeanwhile w1 = 1,170 = 1,@'1 = 1and 175 = 1. Therein, 1 denotes a
vector with all its elements being 1. To facilitate the analysis, w” and v are expressed in the corresponding block

T
vectors form, i.e., w! = {w;, wCT ] andv = [Uz;, vz] . Furthermore, M is a lower block triangular matrix whose

eigenvalues are the union of R, R, Sand S, so M has four maximum eigenvalues 1 = ¢ = 3 = 4 = 1while
the other eigenvalues lie in the open unit disk on the complex plane. Then, the eigenvalue perturbation approach
is used to analyze the eigenvalue changing of M after perturbing by yA. Let k?? = Y a? + Y. aP*, xP¢ = Y oP*,
kP = Y o"vand k" = Y @". On this basis, V and W7 are defined as the right and left eigenvectors of M,
respectively. In this way, WTV = I. Then, along with A, V and WT, the matrix WTAV can be mathematically
represented as follows:

WTAV = Q (A17)
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Since the object function is a convex function, it is not difficult to verify k”°xP < x"xPP. According to
Q, we have the four eigenvalues of WT AV satisfying dy; /dy = dp/dy = 0,dps3/dy < 0and dypy/dy < 0,
which means ¥; and ¢, do not change against #, and 13 and ¢4 become smaller when 7 > 0. Thus, there exists
an upper boundary ¢ such that 0 < n < ¢. Except for ¢y = ¢ = 1, the remaining eigenvalues lie in the

open unit disk. Moreover, it can be verified that [17,17,07,07,07,07,07] T and [oT,07,17,17T, 07, 07| T are the
two independent eigenvectors of M corresponding to 17 and ¢, respectively. That means that, as k — oo, all of
Yiep(k), Yiec(k) and y; o . (k) converge to 0, i.e., the electricity and heat power supply-demand balance constraints

are satisfied. At the same time, A;,,, (k), A; (k) converge to a common value, while A; ¢ (k) converges to another
common value. Therefore, the optimality conditions (KKT conditions of optimality) are satisfied.
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