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Abstract—This paper proposes a real-time economic
scheduling algorithm for distributed microgrids based on
bionics, combining the Sparrow Search Algorithm (SSA)
with the multi-cluster reservoir Deep Echo State Network
(MRDESN), to address the problems of slow response
speed and insufficient accuracy of traditional iterative
algorithms in complex microgrids. The algorithm
simulates the behavior of sparrow colonies, optimizes
network parameters through the discoverer-participant
mechanism, and simultaneously adopts a hierarchical
reserve pool structure to enhance the nonlinear fitting
ability, achieving real-time balance of power load and
power generation demand. The research constructs the
MRDESN model, and utilizes SSA to optimize key
parameters such as the pool size, sparsity, and spectral
radius, thereby enhancing training efficiency and global
search capability. The experiment takes six distributed
generating units as the objects and uses the load data of
North American cities to verify the performance of the
algorithm. The results show that the absolute errors of the
optimized SSA-MRDESN network in the two sets of test
data are controlled within ± 0.25kW and ± 0.2kW
respectively, the relative errors reach the order of 10 ⁻ ³ ,
and the mean absolute error (MAE) and root mean square
error (RMSE) are significantly reduced compared with the
traditional methods. This algorithm, by integrating
biological bionic mechanisms with deep networks,
effectively enhances the real-time performance and
accuracy of microgrid dispatching, providing a new
solution for economic operation in high-volatility
scenarios.

Keywords—Biomimetic; Economic dispatch; Microgrid;
Echo network

I.I. INTRODUCTION

A microgrid [1] is a small-scale power generation,
distribution and consumption system [4] composed of
distributed power sources [2], energy storage
systems [3], energy conversion devices, monitoring
and protection devices, loads, etc. At present, the
dispatching systems of microgrids are divided into
centralized and distributed types. A centralized
system [5] refers to a system with a single allocation
node, while a distributed system is a system structure
that ensures the smooth operation of the system
through mutual communication among nodes.

Generally, the iterative algorithm [7] is adopted to
solve the economic dispatching problem of
microgrids [6]. However, as the structure of
microgrids becomes more complex and the volume
of data increases, the iterative process of the iterative
algorithm will consume more time. Since the power
system requires that the power load and power
generation be equal in real time, if the control signal
is delayed, it will not meet the demand of the power
grid. Therefore, this paper constructs a neural
network model [8] to solve the economic dispatching
problem of microgrids, in order to improve the
response speed of controllable units and achieve real
-time balance between power load and power
generation. The neural network model adopted in this
paper is the echo state network [8], and the data
fitting effect is significantly improved by optimizing
the network structure.

II.II. TIMELY RESPONSE ECONOMIC DISPATCH ALGORITHM

FOR DISTRIBUTED MICROGRID

A.A. Problem description

The research content is the tertiary control in the
hierarchical and graded control system [9].
Considering the power generation range and
operation mode of each power generation equipment,
an optimization objective is set, and the optimization
objective is achieved through simulation experiments.
In the fully distributed power grid studied in this
paper, the processing and analysis of data are
contained within each power generation equipment
unit. Therefore, the simplified system structure
diagram of the smart microgrid can be shown in
Figure 1. The black solid line represents the power
transmission line, that is, the physical layer. The
dotted lines represent the information transmission
lines, that is, the communication layer, and the arrows
indicate the direction of signal transmission.



Fig. 1. Simplified diagram of the microgrid structure.

This paper studies the economic scheduling
problem of microgrids. Microgrids can be
represented by multi-agent systems, and the
economic scheduling problem of microgrids is
described as Formula (1). Among them: C represents
the global power generation cost, C

i
is the power

generation cost of the i power generation device, x
i
is

the power generation capacity of the i generator, x
i

and xi are the upper and lower bounds of the power
generation capacity of the i power generation device
respectively, N is the number of power generation
devices in the network, and D is the total power
demand.

min C =

N

∑
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C
i(xi)

s.t x
i
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i
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Among them, the power generation cost C
i
of the i

power generation equipment is expressed as
Equation (2) :

C
i(xi) = aix

2

i
+ b

i
x
i
+ c

i
(2)

Among them, a
i
, b

i
and c

i
are respectively

parameters of power generation equipment, which
are related to the type of power generation
equipment.

B.B. Echo state network

ESN networks are a variant of RNN[10]S,
consisting of an input layer, a hidden layer, and an
output layer. Among them, the hidden layer is also
known as the reserve pool. A large number of
neurons in the reserve pool are randomly connected
to store and process data. Let the number of nodes in
the input layer, the reserve pool and the output layer
be K, N and L respectively. At time t, the input node
state, the reserve pool neuron state and the output
node state of the network are respectively denoted as

I(t) = [i1(t),i2(t),⋯,iK(t)]
T
, S(t) = [s1(t),s2(t),⋯,sN(t)]

T
,

O(t) = [o1(t),o2(t),⋯,oL(t)]
T
. W

in
∈ ℛ

N×K
represents the

connection weight matrix from the input layer to the
reserve layer N×K, W

res
∈ ℛ

N×N
indicates the internal

connection weight matrix of the reserve pool N×N,

and W
out
∈ ℛ

L×N
represents the connection weight

matrix from the reserve pool to the output L×N. W
in

and W
res
remain unchanged after random initialization,

while onlyW
out

is obtained through supervised
learning algorithm training. At time t, the update
formula for the internal state of the ESN pool is
Equation (3), and the update equation for the network
output is equation (4) :

S(t) = f(Win
I(t)+W

res
S(t−1)) (3)

O(t) = f
out

(W
out
S(t)) (4)

Here, f represents the activation function of the

reserve pool neuron, and f
out
represents the activation

function of the output unit.

Advantages of the echo state network: ①
Simplified training process and fast training speed; ②
Strong generalization ability[11]. The specific training
steps of the ESN network are as follows[12]:

Step 1: Initialization. For the given learning task,
first initialize the parameters of ESN appropriately,
including the number of input, reserve pool and
output nodes K, N and L, as well as the connection
weights W

in
and W

res
. Among them, W

in
and W

res
are

random numbers that follow a uniform distribution
and remain unchanged throughout the entire training
and testing process. Calculate the length l

tr
of the

training samples.

Step 2: Calculate the state S(t) of the reserve pool.
Its calculation formula is Equation (3).

Step 3: Determine the relationship between t and
l
tr
. If t<l

tr
, proceed to Step2; If t≥l

tr
, convert to Step 4.

Step 4: Collect the status of the reserve pool and
construct the reserve pool status matrix Q, as shown
in Equation (5). Among them,
S(t) = [s1(t),s2(t),⋯,sN(t)]represents the states of all the

divine scripture elements in the storage pool at time t.

Q = [
s
1
(1) s

2
(1) ⋯ s

N
(1)

s
1
(2) s

2
(2) ⋯ s

N
(2)

⋮

s
1(ltr)

⋮

s
2(ltr)

⋮

⋯
⋮

s
N(ltr)] (5)

Step 5: Construct the expectation matrix. Collect
the expected signals corresponding to the input
signals at each moment and construct the expected
matrix, as shown in Equation (6). Here,
d(t) = [d1(t),d2(t),⋯,dL(t)]represents the expected

output signal at time t.
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⋮

d
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⋮
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⋮

⋯
⋮

d
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Step 6: Calculate the output weight matrix. The
objective of ESN training is to calculate W

out
so that

the actual output O(t) of the network approaches the
expected value d(t), that is:

d(t) ≈ O(t) = W
out
S(t) (7)

Therefore, its calculation method is to minimize
the mean square error between O(t) and d(t) in the
training stage, that is:

min MSE
train

=
1

l
tr

∑
l
tr
t=1(W

out
S(t)−d(t))

2
(8)

This problem can be transformed into a least
squares problem for solution.

C.C. Multi-cluster reservoir deep echo state network

The neurons of the ESN network reserve pool
described in the previous text are randomly
connected, which may lead to strong coupling among
the neurons. Therefore, a cluster structure is
constructed to solve this problem. Its structure is as
follows: neurons with the same function are more
closely connected, while those with different
functions are more loosely connected. This section
first clusters the neurons in the reservoir to construct
a clustering structure network, and then builds a multi
-cluster reservoir deep echo state network. The
generation process of the clustered structure network
and the internal weight generation process are as
follows:

Step 1: Initialize the network parameters. This
includes the network scale, that is, the number of
neurons in the reserve pool N, the connection weight

W ∈ R
N×N

, the time window size γ, and the number of
pioneer nodes, that is, the number of clusters within
the reserve pool N

1
.

Step 2: Calculate the coordinates of the pioneer
neurons. The specific calculation process is Equation
(9). Taking the ρ precursor neuron as an example,
ρ = 1,2,⋯,N

1
.

(xp,yp) = (
p

N
1
+1
,1−

p

N
1
+1) (9)

Step 3: Randomly generate neuron c whose state
is [0, 1].

Step 4: Calculate the connection probability P
conn

between neuron c and the existing neurons. Take c

and d as examples, the calculation formula for their
connection probability is Equation (10) - Equation (11) :

P
conn

(c,d) = P
dist(pcd)×P

W
c

time
(t)×P

W
d

time
(t) (10)

P
dist(pcd) = δ×e

−O×p
cd (11)

Among them, p
cd

is the Euclidean distance

between neuron c and neuron d; δ is the density
coefficient; O is the distance coefficient; P

dist
is the

connection probability that depends on the Euclidean
distance; P

time
is the connection probability that

depends on the time window.

Step 5: Randomly generate a constant b ∈ (0,1),
and compare the magnitude relationship
between P

conn
and b. If P

conn
(c,d) ≥ b, then establish a

connection between neurons c and d and let
W(c,d) = p, where p is the index of the precursor
neuron closest to neuron c. If P

conn
(c,d) < b, then

neuron c is removed from the network.

Step 6: Determine the relationship between the
number of neurons i and the total number N. If i < N,
return to Step 3; Otherwise, the clustering ends.

After clustering is completed, a connection matrix
W will be obtained. If there is a connection between
neuron c and neuron d, then W(c,d) = p; If there is no
connection, then W(c,d) = 0. According to the values
of the connection matrix, after rearranging and
recombining the neurons belonging to the same
cluster, W can be expressed as Equation (12). The
connections within the same cluster are relatively
close, and as the distance increases, the connection
probability decreases.

W = [
W

1
Q

1

⋱
Q

N
1

W
N
1
] (12)

Among them, W
p
is the intra-cluster connection

matrix of the p cluster, and Q
p
is the connection

matrix between the p cluster and other clusters. The
advantages of using this method are as follows: ① In
clustered networks, information exchange between
clusters only occurs through pioneer neurons, which
can effectively reduce the coupling among a large
number of neurons; ② Communication between
different clusters is relatively simple, reducing the
computational load of the reserve pool. ③ The
clustering process can be carried out before network
training, which can reduce the real-time
computational load during the training process.

The ESN network [13] mentioned earlier is a single
-layer network. To enhance the nonlinear fitting
ability of the model [14], an MRDESN network is
constructed to better address the economic
dispatching issue of microgrids. The network
structure is shown in Figure 2. The input of the first
layer of the reserve pool is the external input of the
neural network, and the inputs of the other reserve
pools are the outputs of the reserve pools connected
to them.



Fig. 2. Multi-cluster reservoir depth echo state network structure.

Suppose each layer of the reserve pool contains
Nneurons of the same number, and there are a total

of K layer reserve pools. s
(l)
∈ R

N
is the output state of

the l layer of the reserve pool, where l = 1,2,⋯,K. Then
the output state of the first layer of the reserve pool
at time t is Equation (13), where i(t) is the input signal,
W

in
is the input connection matrix, W

l
is the internal

connection weight matrix of the l layer of the reserve

pool, φ is the activation function, and s
(l)
(t) is the state

of the l layer of the reserve pool at time t.

s
(l)
(t) = φ(W

T

in
i(t)+W

l
s
(l)
(t−1)) (13)

The state of the remaining reserve pools is
Equation (14).

s
(l)
(t) = φ(Wl−1,l

s
(l−1)
(t)+W

l
s
(l)
(t−1)) (14)

Among them, 1 ≤ l ≤ K, W
l−1,l

is the connection

weight matrix between the l−1 layer reserve pool and
the l layer reserve pool.

The final output is Equation (15).

O(t) = W
T

out
S(t) (15)

Among them, W
out

is the output weight matrix,

S(t) = (s
(1)
(t),⋯,s(K)(t)) is the output state matrix of all

reserve pools.

The output weight matrix W
in
, the internal link

matrix W
l
of the reserve pool, and the connection

matrix W
l−1,l

between the reserve pools are all

randomly generated. Only the output weight matrix
W

out
is obtained through training.

D.D. Sparrow optimization algorithm

The Sparrow Search algorithm [15] is an
optimization algorithm based on the predatory
behavior of sparrows. The sparrows in the population
are divided into discoverers and participants. The
fitness value is set in the model to distinguish the
discoverer from the participant, and the one with a
higher fitness value is the discoverer. A safety value is
set in the model to determine whether the area is
safe. When sparrows spot predators, they issue an
alarm. When the alarm value is higher than the safety
value, the population moves its position. The specific
design concept is:

The sparrow population is shown in Equation (16) :

X = [
x
11

x
12

⋯ x
1d

x
21

x
22

⋯ x
2d

⋮

x
n1

⋮

x
n2

⋮

⋯
⋮

x
nd
] (16)

Here, n represents the number of sparrows, d is
the dimension of the variable to be optimized, and the
fitness value of the sparrows is expressed by equation
(17), where f is the fitness function.

F
X
= [

f([x11 x
12

⋯ x
1d])

f([x21 x
22

⋯ x
2d])

⋮

f([xn1 x
n2

⋯ x
nd])] (17)

The formula for the generation of dangerous
sparrows is Equation (18) :

X
t+1

ij
= {

X
t

best
+β∙|X

t

ij
−X

t

best|,fi>fg

X
t

ij
+K∙ |

X
t

ij
−X

t

worst|
(fi−fw)+ε

,f
i
=f

g

(18)

Among them, X
best

represents the current global

optimal position; β is the step size control parameter,
which is a random number that follows a normal
distribution with a mean of 0 and a variance of 1. K is

a random number and K ∈ [−1,1]; f
i
is the fitness of the

i sparrow; f
g
represents the current global optimal

fitness. f
w
represents the current global worst fitness.

ε is a very small constant; Avoid situations where the

denominator is zero; K is the step size control
parameter, representing the movement direction of
the sparrow. f

i
> f

g
indicates that the sparrow is in a

position vulnerable to attack; f
i
= f

g
indicates that the

sparrow is aware of the danger.

The discoverer has a larger search range,
providing foraging directions for the population. Its
position update formula is equation (19) :

X
t+1

ij
= {

X
t

ij
∙exp(−

i

α∙iter
max),R2

<ST

X
t

ij
+Q∙L ,R

2
≥ST

(19)

Here, t represents the number of iterations,
j = 1,2,⋯,d, iter

max
represents the maximum number of

iterations, and X
ij
indicates the position information of

the i sparrow in the j dimension. α ∈ (0,1] is a random
number, R

2
∈ [0,1] represents a warning value, and

ST ∈ [0.5,1] represents a safety value. Q is a random
number that follows a normal distribution. L

represents a 1×d matrix where all elements are 1.
R
2
< ST indicates that the foraging environment is

safe. R
2
≥ ST indicates that sparrows have issued an

alarm and the population needs to be transferred.

The responsibilities of the participant: To detect



predators, issue warnings, and search for foraging
directions to enhance their own adaptability and join
the discoverer. The position update formula is
Equation (20) :

X
t+1

ij
= {

Q∙exp(
X
worst

−X
t

ij

i
2 ), i>

n

2

X
t+1

P
+|X

t

ij
− X

t+1

P |∙A
+∙L ,i≤n

2

(20)

Among them, X
P
is the current optimal position

occupied by the discoverer, and X
worst

is the global

worst position. A is 1×d matrix with all elements being

1 or -1, and it satisfies A
+
= A

T(AAT)
−1
, i >

n

2
indicates

that the i entrant has a low fitness and is in a state of
hunger, requiring a position update.

E.E. Correction of the value of small mismatch
between generation and demand

The universal approximation law of neural
networks: For any continuous function f(∙):Rn

→R
m
, a

neural network with a sufficient number of neurons
can make Equation (21) hold on a compact set
Ω

z
⊂ R

n
.

‖f(∙)−yout(z)‖
sup

z∈Ω
z

≤ ε (21)

Among them, z ∈ R
n
is the input signal of the

neural network; y
out
(z) ∈ R

m
is the output of the neural

network; ε is a normal book. Therefore, f(∙)can be

further expressed as:

f(∙) = (w
∗
)
T
h(z) + ε

∗
(22)

Here, ε
∗
∈ R

m
represents the approximation error.

When the number of neurons N in the hidden layer of
the neural network is sufficient, the approximation
error can be arbitrarily small and satisfy ‖ε

∗
‖ ≤ ε,

w
∗
∈ R

N
is the optimal output weight, that is:

w
∗
= arg min

w∈R
N { ‖f(z)−wT

h(z)‖
sup

z∈Ω
z } (23)

Theoretically, neural networks can fit any function.
However, in practical operation, due to the limited
number of neurons in the hidden layer and the
imperfect weight setting function and other
conditions, there are often errors in their fitting. In
this chapter, the error correction method is adopted
to correct the fitted data. The specific method is as
follows:

Step 1: Calculate the global mismatch value δ(n)of
the microgrid. The calculation formula is Equation (24)
:

δ(n) =
∑Ni=1P

∗

i
(n)−P

d

N
(24)

Here, n represents the number of iterations; N
represents the number of power generation
devices;P

∗

i
represents the network fitting optimal

power generation of the i power generation device.
P
d
represents the total electricity demand.

Step 2: Iterate over P
∗

i
. The iteration steps are as

shown in Equation (25) :

P
∗

i
(n+1) = P

∗

i
(n) + δ(n) (25)

Step 3: Consider the power generation constraint,
namely Equation (26) :

P
∗

i
(n+1) = {

P
max

i
P
∗

i
(n+1)>P

max

i

P
∗

i
(n+1) P

min

i
≤ P

∗

i
(n+1)

P
min

i
P
∗

i
(n+1)<P

min

i

≤P
max

i }(26)
Step 4: Determine the relationship between the

error δ(n) and 0. If δ(n) > 0, return to Step 1;
otherwise, proceed to Step 5.

Step 5: Output the corrected optimal power
generation. Let the final number of iterations be n

s

times, then P
∗

i
= [P

∗

1(ns),P
∗

2(ns),⋯,P
∗

N(ns)].

III.III. EXPERIMENT AND ANALYSIS

A.A. Experimental setup

To facilitate the verification of the accuracy of
network data, the selected microgrid topology is
shown in Figure 3.

Fig. 3. Case simulation microgrid topology diagram.

The parameters of the six power generation
devices in Figure 3 are shown in Table 1. Among them,
α
1
, β

1
and γ

1
are the parameters in the power

generation cost coefficient respectively, and P
max

i
and

P
min

i
are the maximum and minimum power

generation of the i power generation equipment
respectively.

TABLE I. SIMULATION CASE: PARAMETERS OF POWER GENERATION

EQUIPMENT.

DG 1 2 3 4 5 6

α
I[$/kW

2
h] -37.5 -17.5 -62.5 -83.4 -25 -0.25

β
I
[$/kWh] 2 1.75 1 3.25 3 3

γ
I
[$/h] 0 0 0 0 0 0

P
min

i
[kW] 0 0 0 0 0 0

P
max

i
[kW] 120 100 50 35 80 40



The load data required for training adopts two sets
of data from two cities A and B in North America.
Each set of data has 1,000 data points. The first 70%
is used as the training set and the last 30% as the test
set[16].

B.B. Parameters optimized by SSA

The parameters optimized in this SSA are: the
scale of the reserve pool N, the sparsity α of the
internal connection weight matrix of the reserve pool,
and the spectral radius ρ of the internal connection
weight matrix of the reserve pool. To verify the
generalization ability of the model, only one
parameter optimization was conducted in this
experiment. The final optimization results are as
follows: the pool size N = 532, the sparsity α=0.03 of
the internal connection weight matrix of the pool ,
and the spectral radius ρ=0.02 of the internal
connection weight matrix of the pool. Parameter
Settings for the SSA algorithm: The population size is
10, the maximum number of iterations is 10, and the
dimension is 3, namely the pool size N, the sparsity α
of the internal connection weight matrix of the pool,
and the spectral radius ρ of the internal connection
weight matrix of the pool. The warning value is 0.6,
the proportion of discoverers is 0.7, and the
proportion of sparrows sensing danger is 0.2.

C.C. Evaluation index

The evaluation indicators adopted in this paper
mainly include the following types. Among them, the
absolute error and relative error are plotted, and the
other evaluation indicators are calculated. Plot and
calculate the six power generation devices in each set
of data respectively. In the formula, P

A
represents the

actual load, P
F
represents the predicted load, and N

represents the number of data.

Absolute Error (AE):

δ
AE
= |PA

−P
F| (27)

Relative error (RE):

δ
AE
=
|PA

−P
F|

P
A

(28)

Mean Absolute Error (MAE):

δ
MAE

=
1

N
∑Ni=1|PAi

−P
Fi| (29)

Average relative error (MRE):

δ
MRE

=
1

N
∑Ni=1

|PAi
−P

Fi|
P
Ai

(30)

Mean Square Relative Error (MSRE):

σ
MSRE

=
1

N
∑Ni=1

|PAi
−P

Fi|
P
Ai

(31)

D.D. Simulation analysis of economic dispatch of
microgrid based on SSA-MRDESN model

Figure 4 shows the fitting error of the SSA-

MRDESN network for the first set of data. Figure 4 (a)
shows the absolute error of the output power of each
power generation device. From the figure, it can be
seen that most of the errors are within (-0.25, 0.25)
kW, the data fluctuation between 250 and 275 has
intensified, but the maximum error does not exceed
1kW, and the fluctuation of the error has increased.
Figure 4 (b) shows the relative errors of the output
power of each power generation equipment, all of
which are at the order of 10-3. The fitting situation is
good and the changing trend is similar to that of the
absolute error. The other evaluation indicators for
fitting the first set of data are MAE = 4. 25×10-3, MRE
= 5. 25 × 10-5, RMSE =0.17022. The data of the
evaluation indicators has declined. From the
perspective of evaluation indicators, the data fitting
effect is relatively good, but from the perspective of
data volatility, the fitting effect has decreased
somewhat.

Fig. 4. A city of SSA - ESN network fitting error.

Figure 5 shows the fitting error of the SSA-
MRDESN network for the second set of data. Figure 5
(a) shows the absolute error of the output power of
each power generation device. From the figure, it can
be seen that most of the errors are within (-0.2, 0.2)
kW, it is reduced by 0 compared with part D 0.3kW.
The absolute value of 0.6kW has decreased by 0
compared to part D 0.4kW. Therefore, it can be
considered that the fitting effect has been improved.
From the perspective of power generation equipment,
the absolute value of the error of power generation
equipment 1 is still significantly larger than that of
other power generation equipment. Considering that
the power generation range of power generation
equipment P

1
is larger, the variation range of the

absolute error is also larger. Figure 5 (b) shows the
relative errors of the optimal output power of each



power generation equipment, all of which are at the
10-3 level. This indicates that the SSA-MRDESN
network fits the second set of data well, similar to the
changing trend of the absolute error. The relative
error of P

1
is relatively large. Other evaluation

indicators for the optimal power generation fitting of
the second group of data are MAE=6. 622 × 10-3,
MRE=6.23×10-5, RMSE=0.10569, compared with part
D, there is a significant decrease. In conclusion, it can
be considered that the improved ESN network
optimized by SSA has significantly enhanced the
fitting effect of the optimal power generation for the
second set of data.

Fig. 5. B city improved SSA-ESN network fitting error.

IV.IV. CONCLUSION

To enhance the dispatching effect of distributed
microgrids, this paper studies an economic
dispatching algorithm for distributed microgrids with
timely response based on bionics. This performance
is based on bionic algorithms and designs a multi-
cluster reserve pool deep echo state network.
Combined with the bionic sparrow search algorithm,
a scheduling algorithm is designed. Meanwhile,
through experimental analysis, it can be concluded
that the SSA-MRDESN network with parameter
correction by SSA plays a role in improving accuracy
and has a significant effect in reducing error volatility.
Therefore, the accuracy of data fitting for data groups
with high volatility can be improved through
parameter correction.
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