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Abstract. This paper addresses the economic dispatch problem with privacy protection
in a smart grid. The smart grid consists of traditional generators (GTs), wind turbines
(WTs), and photovoltaic stations (PVs). The objective is to meet energy demand and
minimize the total cost while ensuring the security of users’ data. To achieve this, an
optimization method based on the alternating direction method of multipliers (ADMM)
is proposed. Firstly, the cost functions for GTs, PVs, and WTs are established, taking
account of both static and dynamic constraints of distributed energies. Next, the algorithm
is utilized to solve the optimization problems, and the Newton method is applied to finding
the zero points of functions that cannot be easily separated into variables. Additionally,
differential privacy is employed to protect the cost functions from potential attackers
attempting to steal them. Finally, the effectiveness of the optimization method and the
confidentiality of the system are verified through simulations.
Keywords: Smart grid, Distributed consensus, Economic dispatch, ADMM, Differential
privacy

1. Introduction. In recent years, with the rapid development of power technology, smart
grids, as an important tool under the background of energy transformation, have attracted
widespread attention. Economic dispatch, as one of the core technologies of smart grids,
is crucial for the economic and stable operation of smart grids [1]. Most current research
on economic dispatch in smart grids is conducted under static constraints [2]. However,
with the implementation of the national new energy strategy, the integration of renew-
able energy sources such as wind and solar energy has become an important development
direction for smart grids. Considering the operational safety of smart grids and the un-
predictability of renewable energy sources, dynamic constraints spanning multiple periods
are more suitable for implementation in smart grids. In addition, the economic dispatch
process of smart grids involves the transmission of a large amount of user information.
Therefore, ensuring the security of users’ private data is also an urgent issue that needs
to be addressed in economic dispatch.

The centralized algorithm has been extensively employed in economic dispatch, encom-
passing both traditional and intelligent algorithms. [3] presented an economic dispatch
framework that integrates with a finite-time domain optimization model. In [4], the mod-
el predictive control technique was utilized to determine the optimal operation of the
smart grid by extending the evaluation and recourse horizon. [5] proposed a deep learn-
ing method that facilitates resource allocation coordination among equipment. However,
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the centralized algorithm is not suitable for smart grids with decentralized energy well
[6].
Compared to centralized algorithms, distributed economic dispatch algorithms have

received more attention. [7] introduced a distributed primal-dual consensus algorithm to
address the economic dispatch problem involving quadratic cost functions. [8] proposed a
distributed dispatch strategy specifically designed for smart grids that incorporate wind
energy. The algorithm proposed in [9] combined ADMM and consensus algorithms to solve
the problem of economic dispatch with distributed sources. In [10], the authors utilized
ADMM and consensus theory to address the dynamic economic dispatch problem. In
[11], the paper proposed a distributed control method to develop PV generators-energy
storage coordination. [12] proposed a fixed-time event-triggered distributed secondary
voltage controller to achieve fixed-time restoration of voltage to the reference value. The
above literature studied the distributed economic dispatch problem of smart grids under
various operating conditions. However, the aforementioned distributed algorithms do not
take privacy protection into consideration.
Privacy protection technology is an emerging technology in smart grids that caters to

user needs. In the privacy protection strategy for economic dispatch, differential privacy
is the most common and relatively mature privacy protection method. Differential priva-
cy mainly involves adding appropriate noise to the data that needs to be communicated
to encrypt the data while ensuring the accuracy of the economic dispatch algorithm. In
[13], the authors proposed a fully distributed algorithm based on bias tracking to handle
constrained economic dispatch problems. This algorithm protects the differential privacy
of the cost function by using decaying Laplace noise to mask the state and direction. The
algorithm is applicable when the cost function is strongly convex. Wang et al. proposed
an economic dispatch algorithm based on heterogeneous privacy-preserving consensus,
which consists of two stages in [14]. The first stage protects consumer demand through a
differential privacy algorithm. The second stage involves a privacy-preserving incremental
cost consensus process, which protects the privacy of power output and price sensitivity.
In [15], on the basis of complete decentralization, random noise was added to the trans-
mitted data, and combined with an event-triggered mechanism, privacy protection for
the economic dispatch process was achieved. In [16], the authors designed a distributed
economic dispatch method suitable for time-varying topologies, also adopting the method
of adding noise to protect privacy. Xu et al. established a privacy-preserving distributed
optimization algorithm by combining sub-gradient consistent iterations [17]. This algo-
rithm not only protects the privacy of the optimization but also guarantees the optimality
of the solution with certain bias bounds. In [18], under a consistency framework, state de-
composition and Laplace noise are embedded into the distributed optimization algorithm
to enhance privacy protection capabilities. Subsequently, through Lyapunov stability the-
ory and stochastic analysis, sufficient conditions for the consistency coupling strength of
the algorithm and the convergence accuracy caused by noise are revealed. Zhao et al. de-
veloped an economic dispatch method for time-varying directional communication, also
considering line loss issues [19]. Further consideration of stricter communication conditions
adds conditional noise to auxiliary variables, thereby achieving privacy protection effects.
However, research on privacy protection in economic dispatch of smart grids mostly con-
siders cost functions that are strongly convex or real-time economic dispatch problems
without time-coupled constraints. There is also limited research on problems involving
renewable energy sources.
This paper considers generating nodes in smart grids including photovoltaic (PV), wind

turbines (WT), and traditional generators (GT). While addressing the dynamic economic
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dispatch problem, we also pay attention to privacy protection during the information
transmission process. The contributions of this paper can be summarized as follows.

• The research object of this paper is a smart grid with distributed renewable energy
sources, which closely reflects the actual situation. Unlike previous studies, the cost
function in this paper is not limited to being quadratic.

• In this paper, the cost of environmental protection is introduced when dispatch
distributed energies, and dynamic constraints are also taken into account.

• In the process of information transmission, we add Laplace noise to the information
sent by neighbors to prevent attackers from inferring the cost function based on
stolen information.

The remaining sections of the paper are organized as follows. In Section 2, we present
a model of a smart grid with distributed energy, including the cost functions and con-
straints associated with each energy source. In Section 3, we propose an economic dispatch
algorithm based on ADMM, which incorporates distributed privacy protection and a pro-
jection method. In Section 4, we validate the effectiveness of the optimization method
and examine the confidentiality of communication between neighboring nodes through
simulations. Finally, Section 5 concludes the paper.

2. Problem Statement. In this section, we first give the cost model of photovoltaic
power generation and describe the wind power model. Finally, the energy dispatch model
of smart grid with photovoltaic wind power is presented.

2.1. The model of PVs power. The cost of photovoltaic power generation includes
direct cost and deviation cost. The direct cost model of photovoltaic power generation in
a dispatch period is as follows:

FPVd =
T∑
t=1

n∑
i=1

CPVd · P t
PVi (1)

CPV d represents the direct operating cost of unit electric energy generated by grid con-
nected photovoltaic power plants. PPV i is the actual power of photovoltaic power station
i. When the power grid dispatch plan is formulated one day in advance, it is necessary to
predict the dispatch power in the T period of the next day. The forecast cost of photo-
voltaic power generation is shown as follows:

FPVp =
T∑
t=1

n∑
i=1

CPVo

(
P t
PVi − P t

PVpi

)2
(2)

In Formula (2), CPVo is the deviation cost, and P t
PVpi is predictive value. Then, F t

PV =
F t
PVp + F t

PVd .

2.2. The model of wind power. Wind power output is closely related to wind speed,
and Weibull distribution can better describe the randomness of wind power. The Weibull
model of wind speed is as follows:

fV (v) =
κ

c

(v
c

)(κ−1)

exp
(
−
(v
c

)κ)
(3)

where κ and c represent scale parameters and shape parameters of Weibull distribution,
and v represents wind speed. The randomness of wind speed causes the randomness of
wind power output. Define the available power of the jth turbine in the t dispatch period
as P t

Wja. The cost model of wind power can be expressed as

F t
Wj = CWjd · P t

Wj + CWjoEWjo + CWjuEWju (4)
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where P t
Wj is actual dispatch power of the jth turbine. CWjd is the direct cost coefficient

for wind power generation. CWju and CWjo are the penalty cost that the dispatched wind
energy is greater or less than the actual wind energy at the current time. Define average
of the gap between dispatched power and actual power:

EWjo =

∫ PWjr

P t
Wj

(
pt − P t

Wj

)
fpt
(
pt
)
d
(
pt
)

EWju =

∫ P t
Wj

0

(
P t
Wj − pt

)
fpt
(
pt
)
d
(
pt
)

(5)

where pt is P t
Wja. fpt(p

t) is the probability of P t
Wja at the current time, and PWjr is rated

power. Therefore, the cost of wind power is

FW =
T∑
t=1

m∑
j=1

F t
Wj (6)

2.3. The model of generators. This paper studies the smart grid including wind power,
light power and traditional generators. Considering a total load demand of smart grid,
we suppose that there are n PVs, m WTs and l GTs and demand is Dt. The complete
model is as follows.
For traditional generators:

F t
Gq = cq + bqP

t
Gq + aq

(
P t
Gq

)2
(7)

where aq, bq and cq are cost parameters. Considering pollutant emission of GTs units, the
environmental protection costs:

F t
GEq = γq + βqP

t
Gq + αq

(
P t
Gq

)2
(8)

where γq, βq and αq are pollutant emission coefficients of the node q. Total cost of GTs is

FG =
T∑
t=1

l∑
q=1

(
F t
Gq + F t

GEq

)
(9)

The constraints of P t
Gq include power constraints and climbing constraints:

Pmin
Gq ≤ PGq ≤ Pmax

Gq

−∆P u
Gq ≤ P t

Gq − P t−1
Gq ≤ ∆P o

Gq (10)

where ∆P u
Gq and ∆P o

Gq are two climbing constraints, which limit the scope of growth and
decline.
Based on the above description, define the vector of output power of all units in the

dispatch period: P =
[
P T
PV 1, . . . , P

T
PV n, P

T
W1, . . . , P

T
Wm, P

T
G1, . . . , P

T
Gl

]
. The total cost of

the system is defined as follows: F t (P t) = F t
PV + F t

W + F t
G.

3. Model Optimization. In this section, define the following two closed convex sets:

Ω1 =

{
(PPV , PW , PG)

∣∣∣∣∣
n∑

i=1

P t
PV +

m∑
j=1

P t
W +

l∑
q=1

P t
G = Dt

}
(11)

Let X =
[
P T
PV , P

T
W , P T

G

]T
. In order to use ADMM, define variables Y =

[
P T
YPV , P

T
YW ,

P T
Y G

]T
, vector X and vector Y are equal. Vector Y belongs to set:

Ω2 = {(PYPV , PYW , PY G) |0 ≤ PPV i ≤ Pmax
PV i , i = 1, . . . , n;

0 ≤ PWj ≤ PWjr, j = 1, . . . ,m; Pmin
Gq ≤ PGq ≤ Pmax

Gq , q = 1, . . . , l;
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−∆P u
Gq ≤ P t

Gq − P t−1
Gq ≤ ∆P o

Gq, ∀t = 2, . . . , T
}

(12)

To adapt to the ADMM algorithm, we transform the previously mentioned coupling con-
straints and local constraint sets into indicator functions and incorporate the obtained
indicator functions into the objective function. In order to simplify the notation, we rep-
resent F t(P t) by F (X) in the following formula:

minF (X) + δΩ1(X) + δΩ2(Y )

s.t. X = Y (13)

where δΩ1(X) and δΩ2(Y ) are the indicator functions of sets Ω1 and Ω2. If X ∈ Ω1,
δΩ1(X) = 0; else, δΩ1(X) = ∞. Similarly, if Y ∈ Ω2, δΩ2(Y ) = 0; else, δΩ2(Y ) = ∞.

Then, use ADMM to solve the above problems:

X t
k+1 = argmin

Xt

(
F t
(
X t
)
+ δΩ1

(
X t
)
+

ρ

2

∥∥X t − Y t
k + ut

k

∥∥2
2

)
(14a)

Y t
k+1 = PΩ2

(
X t

k+1 + ut
k

)
(14b)

ut
k+1 = ut

k +X t
k+1 − Y t

k+1 (14c)

where PΩ2 is projection operator and ut is extension function of dual variable.

3.1. X internal circulation. This section will focus on handling Formula (14a). Rewrite
Formula (14a) into the following optimized form:

min
Xt∈RN

F
(
X t
)

s.t. 1TX t = Dt (15)

where F(X t) = F t(X t) + ρ
2

∥∥X t − Y t
k + ut

k

∥∥2
2
.

Then, the function of each agent in one period:

Fi

(
X t

i

)
=


F t
PV i +

ρ

2

(
P t
PV i + uk,t

i − P k,t
YPVi

)2
, ∀i ∈ ΩPV

F t
Wi +

ρ

2

(
P t
Wi + uk,t

i − P k,t
Y Wi

)2
, ∀i ∈ ΩW

F t
Gi +

ρ

2

(
P t
Gi + uk,t

i − P k,t
Y Gi

)2
, ∀i ∈ ΩG

(16)

where ΩPV , ΩW and ΩG represent respectively set of PVs, WTs and GTs.
Assuming that there are N nodes in the smart grid, the total energy demand of the

smart grid at time t is Dt, and the energy demand of each node is Dt
i = Dt/N . Define a

new form:

min
Xt∈RN

F
(
X t
)

s.t.
N∑
i=1

X t
i =

N∑
i=1

Dt
i (17)

For optimization problem (17), the first-order optimal condition can be expressed as
follows:

∇F
(
X t,∗) = λ∗

N∑
i=1

X t,∗
i =

N∑
i=1

Dt
i (18)

where λ∗ is the optimal Lagrangian multiplier, and the above formula means that under
the optimal power allocation, the first derivative of all node cost functions tends to be
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the optimal Lagrangian multiplier, and the optimal power allocation satisfies supply and
demand constraints.
The differential privacy method refers to adding random noise to the original data to

ensure the utility and privacy of the data. This means that adding noise should not affect
the normal use of user data in the system while controlling the risk of data leakage for any
individual user. In this section, privacy protection is achieved by adding Laplace noise
to the broadcasted information. According to the first-order optimal condition shown in
Formula (18), based on the Laplace noise mechanism and distributed consensus algorithm,
X t

i updates according to the following:

λt
i(k + 1) =

N∑
j=1

wijz
t
λj(k)− αθti(k) (19a)

P t
PV i(k + 1) =

ρ
(
P t
YPVi(k)− ut

i(k)
)
+ 2CPV oP

t
PV pi − CPV d + λt

i(k + 1)

2CPV o + ρ
(19b)

P t
Gi(k + 1) =

ρ
(
P t
Y Gi(k)− ut

i(k)
)
− βi − bi + λt

i(k + 1)

2(ai + αi) + ρ
(19c)

CWid + CWioĖWio + CWiuĖWiu + ρP t
Wi(k + 1) = λt

i(k + 1)− ρ
(
ut
i(k)− P t

Y Wi(k)
)

(19d)

θti(k + 1) =
N∑
i=1

wijz
t
θj(k) +X t

i (k + 1)−X t
i (k) (19e)

where wij is an element in a doubly random matrix. Double random matrices can be
randomly generated based on the topology. And ztλj = λt

j(k) + ζtj(k), z
t
θj = θtj(k) + ηtj(k).

In the above update methods, the updates of Formulas (19a) and (19e) are distributed,
so it is necessary to encrypt the communication information during the update to ensure
its privacy. ζtj(k) and ηtj(k) represent the added Laplace random noise, which is mutually
independent between agents and between iterations. Meanwhile, from Formulas (19a)
and (19e), it can be seen that in order for λt

i and θti to converge accurately, the noise
added in communication needs to ensure convergence to 0. Therefore, the noise ζtj(k) ∼
Lap (0, bζj,t(k)), scale parameter bζj,t(k) = γζj,t/(k

pζj,t), noise ηtj(k) ∼ Lap(0, bηj,t(k)),
bηj,t(k) = γηj,t/(k

pηj,t), and parameters γζj,t, pζj,t, γηj,t, pηj,t used in this paper are greater
than 0. As the number of iterations increases, the scale parameter will gradually reach 0.
In Equation (19d), for differential variables ĖWiu and ĖWio:

ĖWiu = exp

(
−vκout

cκ

)
− exp

(
−
vκj
cκ

)
ĖWio = 1 + exp

(
−vκout

cκ

)
− exp

(
−
vκj
cκ

)
(20)

where vj = vin + (vr − vin)P
t
Wi/PWir, vin, vr and vout are respectively cut-in speed, rated

speed and cut-out speed. According to Formula (19d), variable P t
Wi cannot be separated.

What is more, it is easy to get that

ËWiu = ËWio =

(
κvκ−1

j

cκ

)(
vr − vin
PWir

)
exp

(
−
vκj
cκ

)
> 0

from ËWiu we can cover Formula (19d) form Φ (P t
Wi (k + 1)) = 0. It can be transformed

into the problem of finding zero point of Φ (P t
Wi(k + 1)). Newton iterative method can

solve the problem above. For Φ(x), define initial value x0, and the maximum number of
iterations imax:



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.20, NO.3, 2024 813

Step 1. xk+1 = xk − Φ(xk)

Φ̇(xk)
;

Step 2. If xk+1 − xk < e−3 or k > imax, break; else, return to Step 1.

3.2. Y and u-update. After obtaining the optimal X value, continue Formula (21) to
update Y . Before that, we analyze the convex set in Formula (12) firstly. Since GTs have
climbing constraint, the power constraints of thermal power units are not fixed, in the
adjacent dispatch period. The update process of Y is described as follows:

Y t
i (k + 1) =


X t,min

i , X t
i (k + 1) + ut

i(k) ≤ X t,min
i

X t
i (k + 1) + ut

i(k), X t,min
i ≤ X t

i (k + 1) + ut
i(k) ≤ X t,max

i

X t,max
i , X t

i (k + 1) + ut
i(k) ≥ X t,max

i

(21)

For the convenience of description, we define X t,min
i and X t,max

i :

X t,min
i =

{
max

(
Pmin
G , P t−1

Gi +∆P u
Gq

)
, i ∈ ΩG

0, i ∈ ΩPV , i ∈ ΩW

X t,max
i =


min

(
Pmax
G , P t−1

Gi +∆P o
Gi

)
, i ∈ ΩG

PWir, i ∈ ΩW

PPV pi, i ∈ ΩPV

After X t
i (k+1) and Y t

i (k+1) are obtained, ut
i(k+1) can be obtained by Formular (14c).

The update of Y and u takes advantage of local information instead of distribution.

4. Case Study. This section will verify the effectiveness of the above algorithm through
case simulations. The case study tests a power system with five generating nodes, as
shown in Figure 1. The generating units consist of three traditional generators GTs1,
GTs2, GTs3, one photovoltaic generator PV1, and one wind turbine system WT1. The
total dispatch time T = 24. Given some specific parameters, such as the direct cost CPV d

and deviation cost CPV o of the photovoltaic generator, the rated wind speed vr, cut-in
speed vin, cut-out speed vout, rated power PWjr, direct cost CWjd, and deviation costs CWjo

and CWju of the wind turbine, all are 6.1. The ramping constraints of the wind turbine
are both 30. In addition, define ρ = 0.8, Y (0) = 0 and u(0) = 0. For the parameters of
the traditional generator, the predicted power of the photovoltaic generation, the energy
demand of the total dispatch time, and the wind power prediction parameters κ and c
within the total dispatch time are shown in Table 1 and Table 2.

Figure 1. Power system topology

In the case simulation section, we first conduct a simulation example of the alternating
direction multiplier method at time t = 1. Figure 2 shows the iteration results of the
primal-dual residual. After 30 iterations, both the primal and dual residuals converge
to 0, verifying the convergence of the economic dispatch algorithm. Figure 3 displays
the dispatch results for the four selected time periods, showing the optimal allocation
of power output from generating nodes while meeting the demand. Due to power con-
straints, in subplot (a), the power output of the GTs3 generating node is constrained to
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Table 1. Generator parameters

Parameters GTs1 GTs2 GTs3

αq 0.03 0.05 0.07

βq 3.5 3 2.5

γq 90 70 50

aq 0.01 0.01 0.01

bq 1 1 1

cq 10 10 10

Pmin
Gq 17 15 18

Pmax
Gq 40 35 30

∆P u
Gq 16 14 15

∆P o
Gq 16 14 15

Table 2. Running parameters

Period Demand c κ PV i
1 90 8 2 0
2 85 7 2.05 0
3 70 7 2.1 0
4 80 7.5 2.15 0
5 95 7.5 2.12 0
6 100 6.5 2.07 3
7 110 5 2.1 6
8 105 5.5 2.11 9
9 110 4.5 2.13 11
10 110 4.8 1.95 13
11 120 4 1.8 14
12 120 4 1.85 16
13 115 4.5 2.05 17
14 110 3.6 2.15 18
15 105 3.6 2.07 16
16 95 3.6 2.1 10
17 110 4.3 2.13 6
18 110 4.5 2.1 3
19 120 5.1 2.2 0
20 100 5.1 2.17 0
21 110 6.2 2.15 0
22 100 7.4 2.11 0
23 90 8 2.10 0
24 90 7 2.06 0

18. Subsequently, a simulation analysis of the economic dispatch for the entire time peri-
od is conducted. Figure 4 shows the economic dispatch results for 24 time periods, with
subplot (a) displaying the optimal power allocation of generating nodes in each period.
Due to power constraints, at multiple times, GTs1 is constrained to the maximum power
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Figure 2. Primal and dual residual iteration

(a) Dispatch result at t = 1 (b) Dispatch result at t = 8

(c) Dispatch result at t = 15 (d) Dispatch result at t = 22

Figure 3. Economic dispatch result for four time periods
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(a) Power dispatch at 24 periods (b) Total cost at 24 periods

Figure 4. Economic dispatch results during 24 periods

Figure 5. Laplace noise curve

(a) X-value update at t = 6 (b) λ-value update at t = 6

Figure 6. Update status of X at t = 6
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(a) X-value noise error at t = 6 (b) λ-value noise error at t = 6

Figure 7. Update status of noise error at t = 6

of 40, GTs3 is constrained to the minimum power of 18, and wind and photovoltaic power
are also limited to the minimum power. Subplot (b) shows the total cost of dispatch for
the 24 time periods, with the bars representing the optimal dispatch cost for each peri-
od. Finally, the effect of adding noise is validated. Figure 5 shows the iteration graph of
the added Laplace noise, with the amplitude of the noise decreasing as the number of iter-
ations increases. A randomly selected X-update at time t = 6 is shown in Figure 6, where
subplot (a) shows the iteration results of the power variables under the effect of Laplace
noise in the update. Subplot (b) displays the iteration graph of the Lagrange multiplier
after adding Laplace noise. Figure 7 shows the iteration of error in the power values and
Lagrange multipliers with and without added noise. Both noise errors eventually tend to
0, indicating that the convergence accuracy can be guaranteed after adding noise. These
case studies verify the effectiveness of adding noise.

5. Conclusions. This paper introduces an algorithm for economic dispatch problems
that considers privacy protection in smart grid. We use the proposed method to dispatch
the output of distributed energy resources to minimize total costs while meeting demand.
In simulations, we validate the effectiveness of the algorithm. In the future, more practical
smart grids models will be considered, such as smart grids with energy storage devices
and diverse distributed energy resources. It is also necessary to research more effective
privacy protection algorithms.
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