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Abstract——The flexible interconnection of microgrids (MGs) 
adopting back-to-back converters (BTBCs) has emerged as a 
new development trend in the field of MGs. This approach en‐
ables larger-scale integration and higher utilization of distribut‐
ed renewable energy sources (RESs). However, their stability 
characteristics are very different from single MG due to the 
control characteristics of flexible interconnection. Meanwhile, 
the uncertainty and stochastic dependence structures of RESs 
and loads create challenges for stability analysis and coopera‐
tive control. In this paper, a probabilistic small-signal stability 
assessment and cooperative control framework is proposed for 
interconnected MGs via BTBCs. First, a cooperative control ar‐
chitecture for MGs is constructed. Then, a small-signal model 
of interconnected MGs via BTBCs containing primary control 
and secondary control is developed. This model facilitates the 
analysis of the impacts of BTBCs and various control strategies 
on the system stability. Subsequently, Copula functions and 
polynomial chaos expansion (PCE) are combined to achieve the 
probabilistic small-signal stability assessment. On this basis, the 
parameters of the cooperative control are optimized, enhancing 
the robustness of interconnected MGs via BTBCs. Finally, a 
case of interconnected MGs via BTBCs are built in MATLAB/
Simulink to verify the accuracy and effectiveness of the pro‐
posed framework.

Index Terms——Back-to-back converter (BTBC), interconnect‐
ed microgrid, uncertainty, small-signal stability, cooperative con‐
trol.

I. INTRODUCTION 

MICROGRID (MG) is an effective way to achieve the 
flexible consumption and efficient application of re‐

newable energy sources (RESs) [1]. However, the ability of 
a single MG to absorb large-scale RESs is limited due to its 
capacity and inertia [2]. With the reduced costs of voltage 

source converters (VSCs), the flexible interconnection of 
back-to-back converters (BTBCs) has become one of the fa‐
vored solutions for integrating multiple MGs [3]. The inter‐
connection of BTBCs enables MG connections across differ‐
ent feeders, districts, or voltage levels. It facilitates the ac‐
cess of a high proportion of distributed RESs and loads with 
broad application prospects [4]. However, the nonlinear char‐
acteristics of interconnected MGs (IMGs), coupled with the 
unpredictability of RESs and fluctuating loads, present chal‐
lenges in stability analysis and cooperative control.

Current research on MG small-signal stability mainly fo‐
cuses on isolated MGs and those interconnected through AC 
links. Reference [5] developed a state-space model for 
VSCs, but only assessed the effects of droop control. Refer‐
ences [6] and [7] analyzed the influence of droop and local 
controls on the MG stability. However, these works ignored 
the impact of the secondary control and the fluctuation of 
RESs. Reference [8] introduced the secondary control and 
discovered new oscillatory modes that could destabilize MG 
clusters. However, there are few relevant stability analyses 
for interconnection methods. In summary, most existing liter‐
ature does not consider the impact of cooperative control, in‐
terconnection methods, or fluctuations of RESs on the stabili‐
ty.

Deterministic methods for small-signal stability analysis 
no longer meet the research needs. Therefore, probabilistic 
small-signal stability analysis methods, which consider the 
variability of operational parameters, have been widely used 
in recent years. The main methods for probabilistic small-sig‐
nal stability analysis in power systems include simulation 
methods [9], analytical methods [10], and approximation 
methods [11], [12].

Among them, polynomial chaos expansion (PCE) [13] -
[15] has been widely applied in various fields of power sys‐
tems due to its robust mathematical foundation as well as its 
accuracy and efficiency. However, different uncertainties 
from loads and RESs exhibit high degrees of nonlinear and 
non-Gaussian stochastic dependencies (or correlations). This 
affects the effectiveness of probabilistic analysis methods 
[16]. One effective method to address correlations is the 
Copula-based methods [17] - [19]. Reference [20] adopted a 
combination of copulas and PCE (Co-PCE) to address the ef‐
fects of correlations and randomness in probabilistic load 
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flow calculations in power systems. Reference [21] applied 
the same combination to analyze the impact of different cor‐
relation modeling techniques on load flow calculation re‐
sults. These studies focus on probabilistic load flow issues, 
while BTBC-IMGs not only consider uncertainties and de‐
pendencies but also consider the impact of cooperative con‐
trol schemes and control parameters on stability assessment.

The cooperative control of BTBC-IMGs aims to address 
the challenge of achieving equitable active power distribu‐
tion based on capacity ratios at the cluster level. Existing 
methods can be classified into two categories: those that do 
not rely on the communication network and those that do. 
Without relying on communication network interactions, 
[22] and [23] suggested an active power-voltage-frequency 
(P-V-f) droop control method. Reference [24] proposed that 
active/reactive power transmission commands can be ob‐
tained by extracting frequency and voltage deviation signals. 
However, these control methods involve proportional adjust‐
ments and are unable to achieve objectives such as frequen‐
cy/voltage restoration without difference and equitable active 
power sharing among MGs. References [25] - [27] showed 
that hierarchical distributed control models can be adapted 
for interconnected AC and DC MGs. However, these meth‐
ods struggle to achieve coordinated control of multiple objec‐
tives such as frequency, voltage, and power, and do not ac‐
count for the impacts associated with uncertainties of RESs.

In summary, there is an interaction between cooperative 
control and probabilistic small-signal stability, which restrict 
the application of IMGs. Therefore, this paper develops a 
probabilistic small-signal stability assessment and coopera‐
tive control framework. The main contributions of this paper 
are as follows.

1) A cooperative control architecture for BTBC-IMGs is 
constructed, which enhances the accuracy of frequency and 
voltage recovery and power equalization. On this basis, a 
small-signal model of BTBC-IMGs considering cooperative 
control is built, which can analyze the impact of different 
control strategies and BTBCs on the stability of IMGs.

2) The probabilistic small-signal stability assessment for 
BTBC-IMGs is developed based on Co-PCE. The instability 
risk of BTBC-IMGs is evaluated. Considering the correla‐
tion and uncertainty, the impact of RESs and cooperative 
control on the damping response surface is investigated. 
Meanwhile, the effects of different interconnection and con‐
trol on the stability of BTBC-IMGs are analyzed.

3) Combined with stability assessment results, the coopera‐
tive control parameters are optimized, which enhances the ro‐
bustness of BTBC-IMGs. The cooperative control of the fre‐
quency, voltage, and power of IMGs is realized under a high 
proportion of RES integration.

The rest of this paper is organized as follows. Section II 
establishes the small-signal model and the cooperative con‐
trol for BTBC-IMGs. Section III presents Co-PCE for proba‐
bilistic small-signal stability assessment. Section IV exhibits 
the proposed probabilistic small-signal stability assessment 
and cooperative control framework. Section V validates the 
effectiveness of the proposed framework by triple-ended 
IMGs. Section VI presents the conclusion of this paper.

II. SMALL-SIGNAL MODEL AND COOPERATIVE CONTROL 
FOR BTBC-IMGS 

A. Cooperative Control Architecture and Objective

Figure 1 shows a general structure of the BTBC-IMGs, 
which mainly consists of b MGs, 2d interlinking lines (ILs), 
and d BTBCs. In Fig. 1, PLL stands for phase-locked loop; 
PCC stands for point of common connection; and DG stands 
for distributed generation. The MGs can have different struc‐
tures with any number of DGs, loads, and lines, which are 
interconnected by BTBCs and AC/DC ILs. In this paper, 
each MG unit contains a DGs, c ILs with the grid connec‐
tion point, and a centralized equivalent ZIP load.

A two-level cooperative control architecture is designed to 
take over the control responsibility of MGs in both individu‐
al and interconnected operating modes. In the first control 
level, neither the MGs nor the BTBCs require communica‐
tion, while in the second control level, communication is re‐
quired, as shown in Fig. 2.

The first control level comprises the local droop control 
and frequency difference control. The objectives of voltage 
stability, frequency stability, active power sharing, and reac‐
tive power sharing in DGs are fulfilled in the first control 
level. The secondary control level is mainly responsible for 
accurately restoring the voltage and frequency to rated val‐
ues and improving the power sharing in IMGs.

The most common control architectures for the second cin‐
trol level are centralized and distributed types, where com‐
munication links are used to share the data among DGs. In 
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the second control level, the distributed control based on 
consistency algorithms is employed to realize frequency and 
voltage recovery within the MG, as well as precise power 
sharing. BTBC control is designed based on the difference 
in active power ratio of MG, to achieve equal distribution of 
active power between MGs. The communication topology of 
BTBC-IMGs is shown in Fig. 3. BTBC communicates with 
the master controller in each MG. The master controller then 
distributes the instructions to slave controllers.

The control objectives include frequency and voltage re‐
covery with zero difference and global accurate active power 
sharing in the BTBC-IMGs. The specific control objectives 
are as follows.

1) Objective 1: secondary frequency recovery control of 
each DG within MGs to maintain the frequencies at the rat‐
ed value.

2) Objective 2: secondary voltage recovery control of 
each DG within MGs to restore the voltages to the rated val‐
ues.

3) Objective 3: equalization of active power among DGs 
in MGs, so that each DG could output according to its ac‐
tive capacity.

4) Objective 4: equalization of reactive power among DGs 
in MGs, so that each DG could output according to its reac‐
tive capacity.

5) Objective 5: active power sharing ratio control between 
MGs in the BTBC-IMGs, which controls the active power 
transmission of each BTBC to balance the output of each 
MG according to the equivalent droop coefficient.

B. Model of BTBC-IMGs

The MGs established in this paper include photovoltaic 
(PV), wind turbine, and load models. The randomness and 
correlation of power generation units and loads lead to uncer‐
tainty in the power fluctuations of the system. The compre‐
hensive ZIP load model is used, which can correspond to 
various load types in the MG.

The control system of DGs consists of droop control and 
power sharing control for voltage and current. The droop 
control simulates the active and reactive power droop charac‐
teristics of the synchronous generator. The power sharing 
control is developed by the control of output current and 
voltage. The PV array of the PV system is described by an 

engineering model of the PV module, which is based on a 
linear approximation [20]. The state space model of doubly-
fed wind turbines is constructed based on [11].

According to Fig. 4, a BTBC can be controlled by two 
controllers to exchange power between two MGs. Subscripts 
i and j represent the variables of VSCi and VSCj, respective‐
ly. Subscripts d and q represent the variables in the dq coor‐
dinate system. Subscripts min and max represent the mini‐
mum and maximum values of corresponding variables, re‐
spectively. The internal power controller of VSCi receives 
the rated active and reactive power references Pref and Qref 
and uses current control to control BTBC power exchange. 
The DC voltage controller of VSCj receives the DC voltage 
reference vdc,ref,j and uses a constant DC-side voltage control 
as the voltage support for the DC transmission. idref and iqref 
are the current reference values. vdc and vfc are the DC volt‐
age and AC voltage, respectively. ifc is the AC current. Lfc is 
the AC-side inductance. ωB is the output angular frequency 
of PCC. m is the control signal of pulse width modulation. 
PI stands for proportional-intergral.

The internal power controller receives the active and reac‐
tive power references from the active power transmission 
command and aims to exchange scheduled power by control‐
ling the VSC current. Meanwhile, the DC voltage control sta‐
bilizes the DC-side voltage by controlling the VSC. In addi‐
tion, two PLLs are required for the VSCs to synchronize 
with the MGs. In addition, the power part comprises two AC 
sides and one common DC link. A dynamic model of a BT‐
BC consists of AC and DC sides, power control, DC voltage 
control, and PLLs.

By modeling IMG modules separately, it is possible to 
model various IMG structures with any number of MGs. 
The IMG state space can be represented as:

ẊIMG =AIMG XIMG (1)

where XIMG contains (13a+2)b+2c+21d state variables; and 
AIMG is the (13a+2)b+2c+21d order matrix.
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C. Cooperative Control

The control strategies are divided into MG control and 
BTBC control [27]. In the first control level of MG control, 
each DG adopts the local droop control to quickly respond 
to various disturbances. In the second control level of MG 
control, each DG adopts distributed control. It achieves fre‐
quency and voltage regulation within the MG (Objectives 1 
and 2), as well as equalization of active and reactive power 
between MGs (Objectives 3 and 4). The derivation of fre‐
quency, voltage, active power, and reactive power recovery 
control can be found in Appendix A. The key parameters of 
distributed control within the MG include the frequency com‐
pensation gain Cω, active power compensation gain CP, volt‐
age compensation gain Cv, and reactive power compensation 
gain CQ.

In BTBC control, each BTBC adopts frequency difference 
control to achieve flexible power transmission. The specific 
control is expressed as:

Pref =KpBP (ωk -ωs )+KiBP∫(ωk -ωs )dt (2)

where KpBP and KiBP are the proportional and integral adjust‐
ment coefficients of the Pref controller, respectively; and ωk 
and ωs are the frequencies on both sides of BTBC.

The secondary control of BTBC obtains the active power 
ratio of MGs on both sides of BTBC through communica‐
tion, thereby achieving global active power sharing control  
(Objective 5). The specific control is expressed as:

Pcom =KpBα (αk - αs )+KiBα∫(αk - αs )dt (3)

where Pcom is the output of the active power sharing ratio 
control; KpBα and KiBα are the proportional and integral ad‐
justment coefficients of the Pcom controller, respectively; and 
αk and αs are the active power ratios on both sides of BTBC. 
Therefore, the BTBC control can be written as:

Pref =KpBP (ωk -ωs )+KiBP∫(ωk -ωs )dt +Pcom (4)

The key parameters of BTBC control include KpBP, KiBP, 
KpBα, and KiBα.

III. CO-PCE 

A. Stochastic Dependence of Wind, PV, and Load

Geographically close RESs and loads have correlated de‐
pendence. This would result in the loss of independence of 
random variables, or the random variables no longer adhere 
to a standard normal distribution. Therefore, this subsection 
addresses the correlation of random variables based on Copu‐
la function.
1) Stochastic Distribution of Wind, PV, and Load

According to historical data recorded by the National Re‐
newable Energy Laboratory (NREL) [28], different cities ex‐
hibit different distribution characteristics of wind power and 
illumination intensity. Figure 5 displays the probability densi‐
ty functions (PDFs) of the illumination intensity and load at 
a certain time. The actual distribution exhibits obvious multi-
peak characteristics, making it difficult for standard distribu‐
tion models to accurately depict these characteristics. There‐
fore, the non-parametric kernel density estimation is used for 

analysis [18].

Based on the non-parametric kernel density estimation, 
the marginal probability distributions of wind turbines 1 and 
2 in the same wind farm are obtained, as shown in Fig. 6. 
The kernel distribution estimate is a result of the kernel den‐
sity estimation method. The empirical distribution function 
approximates the actual distribution function, which can be 
used to judge the accuracy of the estimation. The non-para‐
metric estimates are not the same as the empirical distribu‐
tion function, but the differences are small.

2) Correlation Processing
The correlation among wind speed, PV, and load variables 

is calculated based on Pearson linear correlation coefficient 
and Kendall rank correlation coefficient τ. When the abso‐
lute value of the correlation coefficient is greater than the 
threshold η (in this paper, η is set to be 0.45), the variables 
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are strongly correlated. Otherwise, they are considered weak‐
ly correlated. The Copula theory is adopted to establish a 
joint PDF for strongly correlated variables, and a univariate 
PDF is established for weakly correlated variables.

According to Sklar’s theorem, the joint distribution func‐
tion F(×) can be converted into the marginal distribution func‐
tion fi (×) of each component of the random variable, and a 
Copula function C(×) that describes the correlation of N ran‐
dom variables, expressed as:

F(x1x2xN )=C( f1 (x1 )f2 (x2 )fN (xN )) (5)

where xi (i = 12N) is the input variable. The estimate of 
the cumulative distribution function (CDF) for xi is:

ẑi = ∫
-¥

xi

f ̂h (xi )dxi (6)

where f ̂h (×) is the estimated value of the PDF.
The selection of an appropriate Copula function is contin‐

gent upon the calculation of the optimal Copula function. 
The empirical Copula function that defines the sample is as 
follows:

Ĉn (z1zizN )=
1
n

I(F ′1 (x1 )£ z1F ′i (xi )£ ziF ′N (xN )£ zN ) (7)

where F ′i (×) is the empirical distribution function; n is the 
number of random variables in the empirical distribution 
function; I(×) is the schematic function; and zi is the CDF. 
The squared Euclidean distance between the empirical Copu‐
la function and the theoretical Copula function is as follows:

d 2
s =∑

i = 1

n

|| Ĉn (z1zizN )- Ĉ(z1zizN )
2

(8)

where Ĉ(×) is the theoretical Copula function.
The theoretical Copula function with the shortest distance 

is selected as the optimal Copula function. The squared Eu‐
clidean distance between five typical Copula functions and 
the empirical Copula function is shown in Fig. 7. Since the 
squared Euclidean distance between the t-Copula function 
and the empirical Copula function is the shortest, the t-Copu‐
la function is selected as the optimal Copula function for the 
correlation modeling.

B. PCE

PCE is a widely used method for uncertainty quantifica‐
tion in different fields [19]. By representing random vari‐
ables or processes with orthogonal polynomials, PCE can 

provide analytical computation of model response statistics. 
Suppose that Y is the model response (i.e., system responses 
such as damping ratio), it can be represented by a polynomi‐
al function of input random vector X as:

Y =∑
i = 1

¥

aiΨi (X) (9)

where ai and Ψi are the orthogonal basis and its correspond‐
ing coefficient with respect X, respectively.

The PCE model assumes that the input vector is indepen‐
dent. After Copula correlation modeling and matrix transfor‐
mation, the dependent input random vector X is transformed 
into an independent input random vector U [20]. PCE con‐
structs the model of the relationship between U and model 
response that captures the nonlinear dependence while main‐
taining the orthogonality of basis. For the damping ratio ξ, 
the PCE model is constructed as:

ξ = c0 H0 +∑
i1 = 1

¥

ci1
H1 (Ui1

(θ))+∑
i1 = 1

¥ ∑
i2 = 1

i1

ci1
ci2

H2 (Ui1
(θ)(Ui2

(θ))+

∑
i1 = 1

¥ ∑
i2 = 1

i1 ∑
i3 = 1

i2

ci1
ci2

ci3
H3 (Ui1

(θ)(Ui2
(θ)Ui3

(θ))+ (10)

where θ denotes a random variable; cik
 (k = 012...) is the 

PCE coefficient; and Hk (×) (k = 012...) is the k-order Her‐
mite polynomial, which is a function of the multi-dimension‐
al standard normal random variables Uik

. X in the original 

space is processed by correlation modeling as a function of 
variables that adhere to a standard normal distribution.

The k-order Hermite polynomial is:

Hk (Ui1
Ui2

Uik
)= eU TU/2 (-1)k ¶k

¶Ui1
¶Ui2

¶Uik

e-U TU/2 (11)

Equation (10) adopting finite p-order Hermite PCE will 
have Na unknown constants with Na equals:

Na =
(k + p)!

k!p! (12)

The truncated equation is:

ξ =∑
i = 0

p

ĉi Hi (U) (13)

where ĉi denotes the set of cik
 (k = 012...). To solve the sur‐

rogate model of the system output, the probability allocation 
point method is utilized to evaluate ĉi. First, select Q combi‐
nation points for U. The selected points need to cover high-
probability areas, such as the origin and points near the ori‐
gin. The (p+1)k coordination points from the roots of the 
Hermite polynomial of order p+1 are obtained to form a 
symmetrical coordination point. According to the PCE se‐
ries, symmetrical coordination points are selected to generate 
the corresponding Hermite polynomials. The matrix H is an 
N × Na space-independent matrix, consisting of known Her‐
mite polynomials computed at the selected N sets of colloca‐
tions. The calculation ends when the matrix H reaches full 
rank. This method for selecting coefficients improves the 
computational efficiency and estimation accuracy of PCE co‐
efficients, thereby improving the performance of the uncer‐
tainty analysis.
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IV. PROPOSED PROBABILISTIC SMALL-SIGNAL STABILITY 
ASSESSMENT AND COOPERATIVE CONTROL FRAMEWORK 

The flow chart of probabilistic small-signal stability as‐
sessment and cooperative control of the BTBC-IMGs is 
shown in Fig. 8. It can be divided into three steps, i.e., prep‐
aration, polynomial construction, and small-signal stability 
assessment and parameter optimization.

Firstly, wind speed, illumination intensity, and load data 
are modeled relevantly, and parameters are designed for the 
cooperative control of the BTBC-IMGs. Secondly, the weak 
damping ratio is chosen as the polynomial output and the 
display expression between the damping ratio and multiple 
input variables is constructed. This assesses the small-signal 
stability of the BTBC-IMGs and quantifies the extent to 
which the parameters affect the stability. The parameter opti‐
mization is further implemented to enable the system to 
maintain an accurate control objective despite the consider‐
ation of uncertainty fluctuations.

V. SIMULATION 

The case of the BTBC-IMG is built in MATLAB/Simu‐
link. The key mode damping ratio of the system is selected 
as an evaluation index for small-signal stability to evaluate 
the stability probability of the BTBC-IMG that contains 
RESs and loads. This case includes MG1, MG2, and MG3 in‐
terconnected by BTBC1, BTBC2, and BTBC3, as shown in 
Fig. 9. One MG contains a DG, two wind turbines, and two 
PVs, named as DGj (j = 12345). The load is represented 
by an equivalent ZIP load and connected in parallel at a 
PCC. The random input variables include illumination inten‐
sity, wind speed, MG control parameters Cω and CQ, and BT‐
BC control parameters KiBP and KiBα.

A. Stability Assessment

1)　Stability Assessment Considering Relevant Uncertainties
The historical data come from NREL in the United States 

[28]. The correlation among the load, wind turbine, and PV 
is calculated, and the results with the highest degree of corre‐
lation are selected for correlation modeling. The correlation 
coefficient calculation indicates a strong correlation between 
the two wind turbines and between the two PVs. The correla‐
tions between the loads, between the loads and wind tur‐
bines, and between the loads and PVs are relatively weak.

The basic data of this case are shown in Table I. The pair 
of conjugate eigenvalues closest to the imaginary axis is se‐
lected as the key eigenmode, and the corresponding damping 
ratio is 0.04. The Co-PCE is adopted to evaluate the proba‐
bility of system stability.

Figure 10 shows the damping ratio results obtained from 
the Co-PCE and modal analysis after adopting the Copula-
based correlation modeling. The results obtained from the 
modal analysis can be considered as the true value of the 
damping ratio. The points in Fig. 10(b) are arranged linearly 
with a trend of slope 1. Therefore, the Co-PCE can accurate‐
ly estimate the damping ratio in a series of random scenarios 
generated by random wind speed, illumination intensity, and 
load.

The order of Hermite PCE is three, and Co-PCE is ap‐
plied to calculate the probability of system stability. The sto‐
chastic response surface method (SRSM) without consider‐
ing the nonlinear correlation [16] is selected for comparison. 
SRSM is one of the types of PCE, constructed using Her‐
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Fig. 9.　Structure of BTBC-IMG.

Y

N

Calculate PCE coefficient by probability collocation

Y

N

Preparation

Start

End

Input historical data of

illumination intensity,

wind speed, and load

Design hierarchical cooperative

control strategy based on

operational requirements of IMGs

Calculate bandwidth with 
nonparametric kernel 

density estimation 

Calculate correlation 
coefficient of variables 

|τ|>η?

Establish 
univariate PDF

Establish multivariate 
joint PDF

Obtain PCE standard input 
through matrix transformation

Calculate control parameters 
in hierarchical cooperative 

control strategy

Set parameter value range
and input parameters

Construct polynomial basis as (10)

Is the rank of matrix H
equal to Na?

Polynomial
construction

Stability assessment and
parameter optimization

Calculate damping ratio and obtain its PDF

Assess risk of small-signal instability by 
combining damping ratio range and 

probability of falling within that range

Calculate damping response surface considering 
uncertainty and optimize control parameters

Fig. 8.　Flow chart of probabilistic small-signal stability assessment and co‐
operative control of BTBC-IMGs.

557



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 2, March 2025

mite polynomials.

The PDF and CDF calculated by comparing the Co-PCE, 
SRSM, and Monte Carlo (MC) method are shown in Fig. 
11. It is obvious that the results of Co-PCE are more accu‐
rate than those of SRSM due to the accurate correlation mod‐
eling of random inputs. The calculation results of SRSM are 
poor due to inaccurate PDFs of illumination intensity and 
wind speed. The instability probability estimated by Co-PCE 
is 32%, which has a high degree of coincidence with that of 
MC method.

To further quantitatively verify the accuracy of the results 
obtained by Co-PCE, the mean square error coefficient εARMS 
and the relative average error coefficient εAAE are selected to 
evaluate the Co-PCE and SRSM. The calculations of the two 
coefficients are as follows:

εARMS =
1
M∑i = 1

M

(ξMC (xi )- ξ(xi ))
2 (14)

εAAE =
∑
i = 1

M

|| ξMC (xi )- ξ(xi )

M·STD
(15)

where ξMC (xi ) is the damping ratio obtained by the MC 
method; ξ(xi ) is the damping ratio sought by the method to 
be evaluated; M is the total number of sampling points; and 
STD is the standard deviation of the function values of the 
test sample points.

The evaluation results of different methods are shown in 
Table II. The 2nd-order SRSM shows the lowest accuracy, 
which is significantly lower than that of Co-PCE. The accu‐
racy of the 3rd-order SRSM is improved but remains lower 
than that of Co-PCE. For SRSM, the choice of order has a 
great impact on the accuracy of the results. For Co-PCE, the 
order also affects the accuracy of the results, but high accura‐
cy results are obtained with both orders.

The statistical information and calculation time of the 
damping ratio with the three methods are also compared in 
Table II. The simulation result of the MC method can be 
used to judge the accuracy of Co-PCE and SRSM. The com‐
parison shows that compared with the mean and standard de‐
viation of Co-PCE, the results of SRSM are still less accu‐
rate. The main reason is that the true correlation is not con‐

TABLE Ⅰ
POWER AND CONTROL DATA OF STUDIED CASE

Parameter

Droop coefficients of DG1, DG2, DG3, DG4, DG5,

Proportional and integral parameters of DG volt‐
age controller

Proportional and integral parameters of DG cur‐
rent controller

Proportional and integral parameters of BTBC 
current controller

Proportional and integral parameters of BTBC 
voltage controller

Proportional and integral parameters of BTBC 
PLL

BTBC resistance, inductance, and capacitance

DC capacitance and resistance

Value

3.2, 4.8, 4.8, 6.4, 6.4

0.005, 20

30, 500

20, 200

2, 20

0.4, 4

0.05 Ω, 2 mH, 100 μF

400 μF, 0.05 Ω

-0.06 -0.02 0.02 0.06
-0.06
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0.06
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Fig. 10.　Accuracy verification of Co-PCE. (a) Characteristic roots from 
modal analysis. (b) Damping ratio obtained from Co-PCE.
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Fig. 11.　PDF and CDF calculated by comparing Co-PCE, SRSM, and MC 
method. (a) PDF. (b) CDF.

TABLE Ⅱ
EVALUATION RESULTS OF DIFFERENT METHODS

Method

MC

2nd-order SRSM

3rd-order SRSM

2nd-order Co-PCE

3rd-order Co-PCE

Mean

0.02477

0.02685

0.02366

0.02582

0.02479

Standard 
deviation (10-4)

2.5621

2.4498

2.5439

2.5698

2.5620

εARMS

0.1152

0.0671

0.0091

0.0057

εAAE

0.1749

0.0857

0.0176

0.0116

Time 
(s)

8100.0

17.2

18.6

17.4

19.0
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sidered. However, the calculation speed of SRSM is slightly 
faster than Co-PCE, and both methods result in a significant 
reduction in calculation time compared with the MC method.
2)　Parameter Analysis and Optimization

The results of the damping response surface considering il‐
lumination intensity and load uncertainties based on BTBC 
interconnection are shown in Fig. 12. Specifically, when the 
illumination intensity is within the range of 0-200 W/m2, an 
increase in the damping ratio is observed as the solar irradi‐
ance increases, resulting in the improved system stability.

When the illumination intensity is within the range of 300-
1000 W/m2, a decrease in the damping ratio is observed as 
the illumination intensity increases. However, when the illu‐
mination intensity exceeds 1000 W/m2, the damping ratio in‐
creases. Besides, it can be observed that the load has a low 
impact on the system stability. As the load increases, the 
damping ratio increases, and the system becomes more sta‐
ble.

To identify the control parameters, a variance-based sensi‐
tivity analysis is conducted to determine which parameters 
are more sensitive to the dominant mode. Those parameters 
deemed to be insensitive are considered to cause relatively 
minor influence on damping. Accordingly, parameters that 
cause a more pronounced influence on damping are selected 
for examination of the damping response surface, as shown 
in Fig. 13. These parameters are Cω, CQ, KiBP, and KiBα.

The stability margin of the control parameter stability re‐
gion decreases as the parameters increase. However, if the 
parameter is set too small, some control performances may 
be lost. Therefore, the controllable variables (control parame‐
ters) and uncontrollable variables (wind speed, illumination 
intensity, etc.) are further combined to analyze the joint im‐
pact.

Taking Cω and illumination intensity as example, Fig. 14 
shows a damping response surface for control parameters 
against the backdrop of uncertain power output. The changes 
of control parameters and illumination intensity lead to the 
deterioration of damping. Consequently, the control parame‐
ters are optimized in the context of uncertain output. By opti‐
mizing the controllable variables, the system is ensured to re‐
tain small signal stability despite the uncertainties.

Based on the above parameter optimization method, the 
control parameters are optimized. Parameter values before 
and after optimization are shown in Table III.

The parameter optimization can effectively improve the 
system robustness by jointly adjusting control parameters 
and considering the stability of random small signals.
3)　Effects of Different Interconnection Ways on System Sta‐
bility

The stability characteristics of impedance interconnection 
and BTBC interconnection are analyzed when bidirectional 
power flows are present, and the influence of different inter‐

TABLE Ⅲ
PARAMETER VALUES BEFORE AND AFTER OPTIMIZATION

Stage

Before optimization

After optimization

Cω

25

10

CQ

320

200

KiBP

2000

4000

KiBα

2000

2000

0
400

800
12002.5

5.0

7.5

10.0
-0.04

0.12

0.04ξ

L
oad (kW

)

Solar irradiance (W/m2)

5.0

7.5

Fig. 12.　Damping response surface considering illumination intensity and 
load uncertainties based on BTBC interconnection.
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connection ways on system stability is studied.
When the transmission power remains constant, the char‐

acteristic root distribution of impedance interconnection and 
BTBC interconnection is shown in Fig. 15. Due to the exis‐
tence of multiple control links in the BTBC, the number of 
characteristic roots of BTBC interconnection increases, and 
the poles related to the BTBC are added based on the origi‐
nal characteristic roots.

The key mode damping ratios of the two interconnection 
ways are compared to evaluate the instability probability of 
this mode. Figure 16 shows the PDF and CDF results of the 
impedance interconnection. The instability probability of the 
impedance interconnection is 52.4%.

This indicates that the instability probability of the BTBC 
interconnection is lower than that of the impedance intercon‐
nection. BTBC provides an isolation effect and can offset 
the impact of power fluctuations to a certain extent.

The damping response surface based on the impedance in‐
terconnection is shown in Fig. 17. Since the key mode damp‐
ing ratio of the impedance interconnection is dominated by 
the state variables of MGs, the instability probability increas‐
es.

B. Effectiveness of Cooperative Control

1)　Effectiveness Verification
To verify the effectiveness of the proposed cooperative 

control, a comparison of different controls is presented in 
Fig. 18, where fDG1,i, VoDG1,i, αDG1,i, and βDG1,i (i = 12345) 
are the frequency, voltage, active power sharing ratio, and re‐
active power sharing ratio of DGs, respectively. The simula‐
tion results show the performance at three stages. Stage I is 
0-8 s where only local droop control is performed. At 2 s, 
the frequency difference control of the BTBC is activated. 
Stage II is 8-16 s where distributed control is applied. The 
load is connected at 12 s. Stage III is 16-24 s where the ac‐
tive power sharing ratio control of BTBC is activated.

After the implementation of distributed control, the fre‐
quency of each DG in the MG is restored to 50 Hz. The out‐
put voltage is restored to the bounded output voltage. The ac‐
tive and reactive power sharing ratios of each DG remain 
the same. Objectives 1-4 are achieved. The active power 
sharing ratios of different MGs are illustrated in Fig. 19, 
which verify the effectiveness of achieving Objective 5. αMGi 
(i = 123) is the average active power sharing ratio of differ‐
ent MGs.

At 2-8 s, the frequency difference control of the BTBC 
can gradually converge the active power sharing ratios be‐
tween MGs to the same value. However, after the distributed 
control is implemented in the MGs, the power transmission 
between MGs is seriously disturbed. At 12 s, the difference 
of the active power sharing ratios between the MGs changes 
and no longer converges to the same value. At 16 s, the ac‐
tive power sharing ratio control of the BTBC is performed. 
After 16 s, the active power sharing ratios between MGs 
converge to the same value again, and Objective 5 is 
achieved.
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Fig. 15.　Characteristic root distribution of impedance interconnection and 
BTBC interconnection. (a) Impedance interconnection. (b) BTBC intercon‐
nection.
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2)　Validation of Parameter Optimization
The analysis results from the parameter stability domain 

are employed to incorporate uncertainties in output into the 
settings of the cooperative control parameters, thereby en‐
hancing the system robustness. Figure 20 shows the simula‐
tion results of the active power sharing ratios within the MG 
before and after the parameter optimization. It is evident that 
the active power sharing ratios demonstrate the improved 
control performance after the parameter optimization.

Figure 21 displays the simulation results of the active 
power sharing ratios of different MGs and the transmission 
power of the BTBC before and after the parameter optimiza‐
tion. After the parameter optimization, the effectiveness of 

both primary and secondary controls of the BTBC is en‐
hanced. Furthermore, the time required to achieve active 
power sharing ratio control among MGs is reduced, and the 
amplitude of oscillations during secondary control is signifi‐
cantly diminished.

VI. CONCLUSION 

In this paper, a probabilistic small-signal stability assess‐
ment and cooperative control framework for BTBC-IMGs is 
proposed. The proposed framework improves the accuracy 
of frequency and voltage recovery control, and active power 
sharing ratio control. Subsequently, the effects of uncertain 
RES fluctuations and collaborative control on small-signal 
stability are investigated. The accuracy of the assessment 
method is verified in MATLAB/Simulink and compared with 
the MC method and SRSM. Parametric damping response 
surfaces considering the correlation modeling are investigat‐
ed. On this basis, the control parameters are optimized under 
the random RES fluctuations, ensuring that BTBC-IMGs 
maintain precise control objectives despite the presence of 
uncertainty fluctuations. The robustness of BTBC-IMGs is 
effectively enhanced.

APPENDIX A 

Since local droop control has inherent bias, based on the 
consistency algorithm, the distributed secondary control with‐
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in the MG is designed as follows.
The compensation value of the frequency recovery control 

uωke can be designed as:

uωke =-Cωke

é

ë
ê
êê
ê∑

hÎ a

ak
eh (ωke -ωkh )+ g k

e (ωke -ωref )
ù

û
ú
úú
ú (A1)

where Cω,ke is the frequency compensation value gain, which is 
a positive value; ak

eh is the adjacent weight from DGkh to DGke 
in MGk; ωke and ωkh are the output angular frequencies of DGke 
and DGkh, respectively; g k

e is the weight value of the virtual 
node DG0 to DGke in MGk; and ωref is the set frequency refer‐
ence value.

The compensation value of the active power sharing control 
uPke can be designed as:

uPke =-CPke∑
hÎ a

ak
eh (mke Pke -mkh Pkh ) (A2)

where CP,ke is the active power compensation value gain, 
which is a positive value; mke and mkh are the active power 
droop control coefficients of DGke and DGkh, respectively; and 
Pke and Pkh are the average active power of DGke and DGkh, re‐
spectively.

The adjustment amount of the distributed frequency control 
DΩke is defined as:

DΩke = uωke + uPke (A3)

The value of the distributed frequency control is:

ωke =ωnke -mke Pke +DΩke (A4)

where ωnke is the rated angular frequency.
The compensation value of the voltage recovery control can 

be designed as:

uvke =-Cvke

é

ë
ê
êê
ê∑

hÎ a

ak
eh (V̂ke - V̂kh )+ g k

e (V̂ke -Vref )
ù

û
ú
úú
ú (A5)

where V̂ke and V̂kh are the bounded output voltages of DGke and 
DGkh, respectively; Cvke is the voltage compensation value 
gain, which is a positive value; and Vref is the bounded voltage 
reference value.

The compensation value of the reactive power control can 
be designed as:

uQke =-CQke∑
hÎ a

ak
eh (nkeQke - nkhQkh ) (A6)

where CQ,ke is the reactive power compensation value gain, 
which is a positive value; nke and nkh are the reactive power 
droop control coefficients of DGke and DGkh, respectively; and 
Qke and Qkh are the average reactive power of DGke and DGkh, 
respectively.

The adjustment amount of distributed bounded voltage con‐
trol DΦke is:

DΦke = uvke + uQke (A7)

The value of distributed bounded voltage control is:

ì
í
î

vodke = vnke - nkeQke +DΦke

voqke = 0
(A8)

where vodke and voqke are the output voltage amplitudes in the 
dq coordinate; and vnke is the rated voltage amplitude.
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