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Abstract: The existing small-signal stability constrained optimal power flow (SC-OPF) generally
needs to deduce the sensitivity analytical expression of the small-signal stability index to parameters,
which requires a large amount of formula derivation and mathematical computation. In order
to overcome the complex problem of sensitivity, this article proposes an approximate sensitivity
calculation method based on the back propagation (BP) neural network algorithm in the SC-OPF
model. First, the minimum damping ratio of the system is taken as the small-signal stability index,
and the algebraic inequality composed of the minimum damping ratio is used as the small-signal
stability constraint in this model. Second, the BP neural network is introduced into the SC-OPF to
analyze the mapping relationship between the generator power, node power, line power and the
minimum damping ratio of the system, and then the numerical differentiation method is used to
calculate the approximate first-order sensitivity of the minimum damping ratio in the correction
equation. Finally, a series of simulations on the WSCC-9 bus and IEEE-39 bus systems verify the
correctness and effectiveness of the proposed model.

Keywords: BP neural network; optimal power flow; small-signal stability; damping ratio; sensitivity

1. Introduction

With the scale of the power grid constantly expanding, the large-scale grid connection
and grid interconnection have brought great challenges to the power quality and the
stability of the power systems [1,2]. The low frequency oscillation is a typical small-signal
stability problem that occurs frequently and endangers the safe operation of the grid [3].
The small-signal stability analysis of the power systems mainly studies the ability of the
system to maintain synchronization after suffering small disturbances [4]. The power
systems stabilizer (PSS) is used to improve system damping [5], but it is not sufficient
to ensures that the system is free from the low frequency oscillation due to the changes
in system operating conditions [6]. Therefore, the SC-OPF model that applies power
generation rescheduling technology [7,8] is proposed.

Nowadays, the research of SC-OPF has attained some developments. The literature [9]
considered the small-signal stability constraint that the real part of eigenvalue was less than
0, and used the original dual interior point algorithm. The disadvantage of this method is
that the calculation is too complicated to obtain the eigenvalue sensitivity quickly. In [10],
the real part sensitivity of the eigenvalues was calculated by the numerical method. In [11],
a nonlinear semi-definite programming (NLSDP) model was presented to deal with the
small-signal stability, which was converted into nonlinear programming and obtained by
the inner point method. Li et al. [12] presented a Sequential Quadratic Programming (SQP)
approach for SC-OPF to solve the difficulty of convergence. It improved the convergence
of the solution by sampling in the vicinity of the iteration point of each iteration. The
literature [13] proposed a sequential approach using sub-problems to handle the original
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optimization problem. Deepak et al. [14] developed two different convex relaxation ap-
proaches, addressing the non-convexity of optimization issues owing to the presence of the
nonlinear constraint.

According to the above literature, the gap in the existing research on SC-OPF is major
in it is difficult to obtain the small-signal stability index quickly and easily through the
system operating parameters in the optimization. The conventional SC-OPF method has
to derive the eigenvalue sensitivity calculation formula. It is very difficult for complex
systems to directly derive and use the formula during the iterative process, which takes
up massive memory and time throughout the optimization. With the development of
Artificial Intelligence (AI), AI algorithms have been widely used in power system opti-
mization techniques to efficiently process data and implement complex calculations. The
literature [15] combines the cuckoo search (CSA) with sunflower optimization (SFO) to
improve the performance of OPF solutions. The literature [16] adopts deep reinforcement
learning (DRL) to derive rapid and effective OPF decisions. In [17], a Convolutional Neural
Network (CNN) is established to solve OPF problem in the distribution networks. The
literature [18] proposes a Deep Neural Network (DNN) method to ensure the feasibility of
the OPF-generated solution. Through the successful application of AI techniques in OPF,
we believe that the combination of AI and SC-OPF has broad prospects, so we try to add
AI in SC-OPF to fill the gap of existing study.

The Back Propagation (BP) neural network is one of the most extensively used AI algo-
rithms [19,20]. It has received considerable attention, and various efforts have focused on it
since the 1980s [21,22]. Now, the BP algorithm has good generalization, strong robustness
and rich theoretical basis, and does well in nonlinear problems exceeding other algo-
rithms [23,24]; therefore, it can accurately obtain the non-linear fitted relationship between
the system variables and the key eigenvalues in assessing small-signal stability [25,26].
The traditional eigenvalue analysis methods require a large number of derivations and
tedious calculations, in contrast, the advantage of the BP method is reducing the complexity,
because there is no derivation of the eigenvalue formula, and the corresponding sensitivity
is obtained directly after training. Therefore, we creatively propose to incorporate a BP
neural network into SC-OPF, where the BP algorithm is used to calculate the first-order
eigenvalue sensitivity during the iteration. This method is abbreviated as BP-SCOPF. The
main contributions of this work is listed as follows:

• To overcome the shortcomings of the traditional algorithm that the derivation of small-
signal stability index is complicated and computationally intensive, the AI algorithm
is introduced to solve the SC-OPF issue in this study;

• To determine the minimum damping ratio and the first-order eigenvalue sensitivity
from the optimal system, the BP neural network is successfully employed;

• The simulation cases on the WSCC-9 bus and IEEE-39 bus test system validate that the
BP-SCOPF can achieve optimal solutions;

• The results are compared to previous power flow calculation and economic scheduling
linear programming method, which shows the superior performance of the BP-SCOPF
in dealing with small-signal stability constraint.

The remainder of the paper is as follows. The basic knowledge of SC-OPF model and
BP neural network is described in Section 2. The key structure and process of BP-SCOPF
model is introduced in Section 3. In Section 4, simulations are built to verify the validity
and superiority of BP-SCOPF. Finally, the conclusion part is in Section 5.

2. Basic Models
2.1. SC-OPF Model

This section provides a detailed description of the objective function and all constraints
in the SC-OPF model.



Sustainability 2022, 14, 13386 3 of 14

• Objective function

The minimum sum of generator active output is selected as the objective function.

min f (x) = ΣPGi (1)

where PGi represents the active power of generator.

• Power flow equality constraints

The power flow equations for optimization conditions are:
PGi − PLi −Vi ∑

j∈SN

VjYij cos θij = 0

QGi −QLi −Vi ∑
j∈SN

VjYij sin θij = 0
i ∈ SN (2)

where QGi represents the reactive power of generator, PLi and QLi respectively represent the
active and reactive output of load, Vi and Vj, respectively, represent the voltage amplitude of
nodes i and j, θij represents the difference of phase-angle between nodes i and j, Yij represent
the admittance between nodes i and j, and SN is the union of power system nodes.

• Inequality constraints

The power production is limited by the capacity of the generator, and voltages magni-
tudes throughout the system should be inside the working limits. Moreover, the power
flow through all lines of the grid should be below the thermal restriction.

Pmin
Gi ≤ PGi ≤ Pmax

Gi i ∈ SG
Qmin

Gi ≤ QGi ≤ Qmax
Gi i ∈ SG

Umin
i ≤ Ui ≤ Umax

i i ∈ SN
Pmin

ij ≤ Pij ≤ Pmax
ij i, j ∈ SCL

(3)

where Ui represents bus voltage, Pij represents the transmission power of line between
nodes i and j, SG represents the generator set, SCL is the set of power lines.

• Small-signal stability constraint

The maximum eigenvalue real portion and the minimum damping ratio are usually
used to measure the small-signal stability of power systems. In the state matrix, the
eigenvalue is described as follows:

λi = σi + jωi (4)

where σi and ωi, respectively, represents eigenvalue real part and imaginary part.
The corresponding minimum damping ratio can be shown as:

ζi =
−σi√

σ2
i + ω2

i

(5)

In this article, we choose the minimum damping ratio as the inequality constraint of
small-signal stability index. It can be expressed as:

ζmin ≥ ζT (6)

where ζmin represents the minimum damping ratio for recalibration rather than a particular
value corresponding to a certain frequency. ζT represents the lower limit of small-signal
stability constrained inequality.
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2.2. BP Neural Network Model

The training process of the BP algorithm is a procedure of correcting the weight
coefficient while the error is propagated backward [27]. The model consists of three parts:
input layer, hidden layer and output layer [28]. Figure 1 is the structure of the BP model.
This model can accurately solve the nonlinear fitting problem through the multi-layer
neural network.
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In the whole learning process, the training sample set is X, the expected value set is D,
the actual output is Y. The input of the jth neuron corresponding to the hidden layer is:

netj = ∑n
i=1 ωijXj − θj (7)

where n is the set of input layer neurons, ωij is the connection weight, and θj is the threshold
of the jth hidden layer neuron.

The output of the jth hidden layer neuron is expressed as:

oj = f
(
∑n

i=1 ωijXj − θj

)
(8)

where f is the activation function of the hidden layer. The activation function uses the
Sigmoid function in this study.

The output value of the rth neuron in the output layer of the network is:

yr = ∑k
j=1 ωjroj + θ2

r (9)

where k is the number of hidden layer nodes, ωjr is the connection weight, and θ2
r is the

threshold of the rth output layer neuron.
The quadratic error function of the input pattern for each sample is:

JP =
1
2 ∑P

O=1(dr − yr)
2 (10)

The weighting coefficient increment formula of the kth output layer neuron in the
sample is:

WN+1
jr = WN

jr + ξδkOk (11)

where δk is the partial derivative of the error function to each neuron in the output layer.
In evaluating algorithm performance, the root mean square error (RMSE) and mean

absolute percentage error (MAPE) are normally treated as the indicator function. The
formulas are defined as:
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yRMSE =

√√√√∑n
i=1

(
yact(i)− ypred(i)

)2

n
(12)

yMAPE =
1
n

n

∑
i=1

∣∣∣∣∣yact(i)− ypred(i)
yact(i)

∣∣∣∣∣× 100% (13)

where n represents test set outputs, yact(i) implies the actual value, and ypred(i) is the
predicted value.

3. Construction Scheme of BP-SCOPF MODEL
3.1. BP Neural Network Architecture

The whole model is programmed in MATLAB2021b. The input and output of the BP
model are expressed as the following set.{

x =
[
PGi QGi PLi QLi Pij Qij

]
y = [ζmin]

(14)

where x is the input collection of the grid parameters and can reflect the topology of the
system; y is the corresponding critical minimum damping ratio.

3.2. Small-Signal Stability Constraint Handling

The small-signal stability inequality is demonstrated as following in the iterative
process:

Q(x) ≥ QT (15)

where Q(x) is the updated critical damping ratio; QT is the constraint of the minimum
damping ratio.

The generator power and node voltage are coupled with each other in the power
flow equation. In addition, the power generation rescheduling technology is operated to
directly adjust the generator output by operation. Therefore, this paper only considers the
sensitivity of the critical damping ratio to the generator output, while the second-order
sensitivity is simplified as in the literature [29]. The approximate sensitivity is calculated
by the numerical differentiation method. The detail is as follows:

∂Q(x)
∂V = 0

∂Q(x)
∂PGi

= ∂ζmin
∂PGi

∂Q(x)
∂QGi

= ∂ζmin
∂QGi

∇2
xQ(x) = 0

(16)

where, V is the node voltage, ∂PGi and ∂QGi, respectively, represent finite variation in the
form where the output of each generator varies 0.001 Pu. ∂ζmin is the difference of the
minimum damping ratio obtained by BP, and it is expressed as:

∂ζmin = ζ ′min − ζmin (17)

where, ζ ′min is a variable calculated by each minor change in PGi or QGi, and ζmin is the
updated value in each round iteration process.

The constraint of the damping ratio is added in the solving process, and the approxi-
mate sensitivity of the minimum damping ratio to generator output is used to predict the
direction and magnitude of generator output variation, according to generation reschedul-
ing methods [29], so that the constraint on the degree of variation of operating parameters
can be obtained without crossing the boundary and converging after several iterations.
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3.3. BP-SCOPF Operation Steps

This article uses the BP neural network to optimize calculation of eigenvalue sensitivity
in the SC-OPF. The specific realization steps are as follows:

1. Read the system operation data from text files;
2. Change the generator output under the principle of system power balance to obtain

the input and output of the BP model, as Equation (14);
3. Train and test the BP model using samples, judging the fitting performance according

to the curve, further, Equations (12) and (13) are error analysis evaluation indicators;
4. Take the Equation (1) as the objective function of SC-OPF and set the inequality

constraints and small-signal stability constraint, as Equations (3) and (6);
5. Carry on the BP-SCOPF iterative computation, with calculating eigenvalue sensitivity

by BP algorithm, as show in Equation (16). Predict direction and magnitude of
operating parameters by the approximate sensitivity, and then optimize variables
during the iterative process;

6. Check the eigenvalues and the minimum damping ratio. If all prespecified constraints
are satisfied, stop the run and output the optimal solution; otherwise, return to step 3.

The model framework is shown in Figure 2.
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4. Case Study

In this section, the 9-bus system is used to test the proposed model, and the 39-bus
system is utilized to verify it. In both bus systems, all generators apply sixth-order models
and base capacity of 100 MVA, taking into account the excitation system. The loads are
modeled with constant impedance without considering the variation of system parameters.
The minimum damping ratio reliability is set to ζT = 0.03.

4.1. The BP-SCOPF Model of WSCC-9 Bus System

Figure 3 shows the WSCC-9 bus system. The system data, voltage constraints and
power constraints can be found in [9]. There are 3000 sets of samples collected, of which
the ratio of training set to test set is 9:1. The generator power varies randomly and the load
power fluctuates between 70% and 130%, considering the conditions of the system power
balance and power limitation.
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Figure 3. Topology diagram of the WSCC-9 bus power system.

The main parameter of BP is shown in Table 1. Moreover, the network training curve
is shown in Figure 4. The best validation performance is round 31. According to the error
analysis, the RMSE is 4.52× 10−5 and the MAPE is 1.56%. As seen in Figure 5, the predicted
values are close to the actual values, verifying that the BP neural network has excellent
mapping ability.
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Table 1. The main parameter of BP neural network in BP-SCOPF.

Parameter Set Value

Maximum iterations 100
Learning rate 0.01
Goal accuracy 0.001

Input layer neurons 30
Hidden layer neurons 9
Output layer neurons 1
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Table 2 shows the comparison results in the standard load. PF is the power flow
calculation that only considers the power balance. The minimum damping ratio of PF
is 0.0057, which fails to satisfy the safety requirement of 0.03. OPF is the conventional
optimal power flow, and the total active power decreases 2 MW, but the minimum damping
ratio is also reduced to 0.0034, which is detrimental to long-term stable operation. In the
solution of BP-SCOPF, the total active power is between the results of the above methods
and the critical minimum damping ratio is improved to 0.0302. The approximate sensitivity
to generator over 30 iterations is shown in Figure 6. The sensitivity fluctuates widely
and there is no definite pattern. The direction and magnitude of the generator changes
are determined by the value of sensitivity. The sensitivity to PG2 is counted as negative
21 times, so the PG2 drops to the lower bound in the result. The sensitivity to PG3 is all
larger than 0 and the sensitivity to PG1 fluctuates above and below 0, thus PG3 increases
more notably than PG1. The optimal solution verifies the feasibility of BP-SCOPF method.

Table 2. Comparison results of three power flow calculation in the standard load.

ζ
ΣPGi
/MW

PG1
/MW

PG2
/MW

PG3
/MW

QG1
/Mvar

QG2
/Mvar

QG3
/Mvar

PF 0.0057 319.64 71.64 163 85 27.10 6.59 −10.92
OPF 0.0034 317.64 156.23 88.57 72.84 15.20 3.82 −10.42

BP-SCOPF 0.0302 319.19 123.20 25 170.99 27.45 2.62 −2.39

To further demonstrate the good performance of BP-SCOPF model, we compare five
cases of different loads in the WSCC-9 bus system. Table 3 specifies the different loads,
and Table 4 shows the comparison of the BP-SCOPF and conventional methods. From the
results, the critical damping ratio of the BP-SCOPF model all exceeds 0.03, with a total
power increase of less than 2 MW over the OPF. This explains that BP-SCOPF can ensure
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the small-signal stability of the system after load changes, and has good economics without
the need for a large increase in generator output.
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Table 3. Five cases of different loads in the WSCC-9 bus system.

PL1/MW PL2/MW PL3/MW

Case0 125 90 100
Case1 110 110 110
Case2 130 100 120
Case3 150 110 130
Case4 160 115 125

Table 4. Comparison of three power flow calculation with different loads.

PF OPF BP-SCOPF

ζPF ΣPGi/MW ζOPF ΣPGi/MW ζBP ΣPGi/MW

Case0 0.0057 319.64 0.0034 317.64 0.0302 319.19
Case1 0.0065 334.49 0.0054 332.92 0.0306 334.23
Case2 0.0071 354. 41 0.0056 353.17 0.0303 354. 31
Case3 0.0083 395.66 0.0067 393.98 0.0305 394.98
Case4 0.0105 406.06 0.0074 404.31 0.0308 405.29
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4.2. A Linear Programming Correction Model Compared with BP-SCOPF Model

To prove the superiority of the BP-SCOPF model, we envisage using a linear pro-
gramming correction model common in economic scheduling to adjust the damping ratio
based on the OPF results. The new model is briefly written as LPC model and is described
as below: 

min ∑ ∆PGi
∑ PGi = ∑ PLi + PLoss

∑ Ci∆PGi = ∆ζ
ζmin + ∆ζ ≥ ζT

Pmin
Gi ≤ PGi + ∆PGi ≤ Pmax

Gi

(18)

where ∆PGi is the active power change, PLoss is the total active output loss, Ci is the
corresponding sensitivity of the minimum damping ratio, ∆ζ is the adjustment amount of
the minimum damping ratio.

The system parameters of the following five cases are the same as the Section 4.1.
Tables 5 and 6 show the optimal solution of LPC and BP-SCOPF model. In the Case0,
the minimum damping ratio is adjusted to 0.0302 in the LPC model, but the actual value
is 0.0104 after calibration. This is because the sensitivity is highly nonlinear and varies
distinctly with the control variables. It is difficult to obtain the actual optimum solution
using constant sensitivity of a state. In the Case2, both of the two models can contain the
small-signal stability constraint, despite this, the total power of BP-SCOPF is 2.02 MW less
than that of LPC, so BP-SCOPF has outstanding advantages. Case3 illustrates that the LPC
model may adjust the minimum damping ratio to less than 0 causing the system to lose
the small-signal stability. The analysis from Case4 shows that the minimum damping ratio
rises to 0.0519 in LPC model, but the total power of LPC is 4.7 MW larger than that of
BP-SCOPF, sacrificing massive economies. Compared with the LPC model, the BP-SCOPF
model can go beyond the local extreme value, find the global optimum and calculate the
exact optimal solution.

Table 5. The optimal solution of LPC model.

ζLPC ζCheck ΣPG/MW PG1/MW PG2/MW PG3/MW

Case0 0.0302 0.0104 320.34 125 90 100
Case1 0.0305 0.0218 335.94 110 110 110
Case2 0.0301 0.0306 356.43 130 100 120
Case3 0.0306 −1 398.09 150 110 130
Case4 0.0311 0.0519 410.76 160 115 125

Table 6. The optimal solution of BP-SCOPF model under the same system conditions.

ζBP-SCOPF ζCheck
ΣPGi
/MW

PG1
/MW

PG2
/MW

PG3
/MW

QG1
/Mvar

QG2
/Mvar

QG3
/Mvar

Case0 0.0301 0.0302 319.19 123.20 25 170.99 27.45 2.62 −2.39
Case1 0.0301 0.0306 334.23 129.77 32.67 171.79 27.49 2.15 −1.30
Case2 0.0299 0.0303 354.41 136.67 47.03 170.71 29.69 3.44 −0.91
Case3 0.0307 0.0305 394.98 173.05 52.75 169.18 36.85 6.1 1.34
Case4 0.0304 0.0308 405.29 183.22 53.86 168.21 40.15 6.63 1.6

4.3. The BP-SCOPF Model of IEEE-39 Bus System

The BP-SCOPF method is confirmed in the 39-bus system. The upper and lower
limits of bus voltages are 1.1 Pu. and 0.9 Pu., respectively. The generator set operating
boundary is shown in Table 7. A total of 3000 sets of samples are collected in the model,
and the power fluctuation of generators and loads is set in the same way as the WSCC-9
bus system. Table 8 shows the results of three power flow calculations. The minimum
damping ratios of PF and OPF, respectively, are 0.0214 and 0.0209, neither of which could



Sustainability 2022, 14, 13386 11 of 14

reach 0.03. After using the BP-SCOPF method, the critical damping ratio is improved to
0.0301 which ensures the power system stability and safety.

Table 7. The generator set operating boundary.

Gen1 Gen2 Gen3 Gen4 Gen5 Gen6 Gen7 Gen8 Gen9 Gen10

Pmin
Gi /MW 175 355.6 455 355.6 442.4 355.6 392 378 581 700

Pmax
Gi /MW 402.5 747.5 920 862.5 862.5 862.5 862.5 805 1035 1380

Qmin
Gi /Mvar −249.4 −463.2 −570.1 −534.5 −463.2 −534.5 −534.5 −498.8 −641.4 −855.2

Qmax
Gi /Mvar 249.4 463.2 570.1 534.5 463.2 534.5 534.5 498.8 641.4 855.2

Table 8. Comparison results of different power flow calculation.

PF OPF BP-SCOPF

PGi/MW QGi/Mvar PGi/MW QGi/Mvar PGi/MW QGi/Mvar

Gen1 250 203.97 402.5 −42.29 402.5 181.84
Gen2 522.28 238.40 747.5 398.90 355.60 208.73
Gen3 650 251.59 614.42 193.14 455 218.51
Gen4 632 152.53 442.45 72.78 767.56 181.04
Gen5 508 185.53 462.15 120.30 499.17 194.50
Gen6 650 266.36 770.57 191.15 455 281.60
Gen7 560 131.70 392 32.10 862.5 250.2
Gen8 540 45.01 421.50 5.88 378 −57.26
Gen9 830 140.99 582.03 −53.59 581 99.73
Gen10 1000 239.82 1287.20 8.39 1380 216.01

ΣPGi/MW 6142.28 6122.32 6136.33

ζ 0.0214 0.0209 0.0301

To further validate the effectiveness and accuracy of the BP-SCOPF model in the
IEEE-39 bus system with different load levels, the following simulations are performed,
where the load factor µ is defined as: {

PLi = µPL0

QLi = µQL0

(19)

where PL0 and QL0 , respectively, represent the active and reactive output of the standard
load.

Table 9 shows the minimum damping ratios calculated in the five different load levels.
Moreover, Figure 7 displays the total generator power of these five cases. The minimum
damping ratios of OPF are all less than 0.03. After using the LPC model, the minimum
damping ratios are increased except Case2, but only the minimum damping ratio of Case0
reaches 0.03. The minimum damping ratios of BP-SCOPF are adjusted to around 0.03 in
all cases, as discussed in the 9-bus system. In all examples, the total generator power of
BP-SCOPF is smaller than that of LPC and slightly larger than that of OPF, which reflects
that some economy is sacrificed after considering the small-signal stability, but the total
power of the BP-SCOPF method is satisfactory compared with the economically scheduled
LPC method.

Table 9. The minimum damping ratios with five load levels.

Case0 Case1 Case2 Case3 Case4

µ 1 0. 9 0.95 1.05 1.10
ζOPF 0.0209 0.0186 0.0194 0.0220 0.0235

ζLPC after check 0.0308 0.0246 0.0176 0.0285 0.0261
ζBP-SCOPF after check 0.0301 0.0294 0.0305 0.0296 0.0302
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Table 10 provides the computational time of the 9-bus and 39-bus systems in the
standard load conditions. For a deterministic system, only one training of the BP is
required, as the load and generator variations are already considered in the samples, as
described in Section 4.1, which reduces the memory launching the BP algorithm. The total
BP-SCOPF time of 39-bus system is 19.14 s, compared with 157.38 s for the conventional
method in the literature [30], which proves that the calculation speed of the proposed
method is faster.

Table 10. The computational time of the procedure iterations.

BP Training/s Iteration Round Average
Iteration/s

Total
BP-SCOPF/s

9-bus system 1.36 30 0.17 5.12
39-bus system 2.01 58 0. 33 19.14

5. Conclusions

This article proposes the BP-SCOPF model considering the economics and stability of
the power system. The BP neural network is firstly applied to the SC-OPF optimization
step, which fills the algorithm of solving eigenvalue sensitivity problem in the OPF field.
Given the complex sensitivity expression formula in the traditional interior point method,
the BP neural network is introduced to optimize the calculation of sensitivity, and it makes
the small-signal stability index and sensitivity more concise and flexible. The experimental
results on the 9-bus and 39-bus systems show that the BP-SCOPF model can improve the
critical minimum damping ratio to 0.03 and calculate the optimal solution to meet the small-
signal stability. The BP algorithm accurately fits the mapping relationship between the
generator power and the minimum damping ratio of the system and rapidly calculates the
approximate sensitivity of the critical damping ratio in the correction equation during the
BP-SCOPF iteration, which shows that the BP algorithm has the features of good nonlinear
fitting, fast-fitting speed and high precision. Compared with LPC method, the BP-SCOPF
method has a superior capability to break out of the partial extreme value and conduct
a global search. Our future study will aim to larger power systems, consider renewable
energy sources on the BP-SCOPF model, and strive to optimize BP-SCOPF to give full play
to its maximum value.
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