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In this study, the forecasting-aided state estimation (FASE) problem for the active
distribution system (ADS) with distributed generations (DGs) is investigated,
considering the constraint of data transmission. First of all, the system model of the
ADS with DGs is established, which expands the scope of the ADS state estimation from
the power network to the DGs. Moreover, in order to improve the efficiency of data
transmission under the limited communication bandwidth, a component-based event-
triggered mechanism is employed to schedule the data transmission from the
measurement terminals to the estimator. It can efficiently reduce the amount of data
transmission while guaranteeing the performance of system state estimation. Second, an
event-triggered unscented Kalman filter (ET-UKF) algorithm is proposed to conduct the
state estimation of the ADS with mixed measurements. To this end, the unscented
transform (UT) technique is employed to approximate the probability distribution of the
state variable after nonlinear transformation, which can reach more than second order, and
then, an upper bound of the filtering error covariance is derived and subsequently
minimized at each iteration. The gain of the desired filter is obtained recursively by
following a certain set of recursions. Finally, the effectiveness of the proposed method
is demonstrated by using the IEEE-34 distribution test system.

Keywords: active distribution system, forecasting-aided state estimation, event-triggered scheme, unscented
Kalman filter, distribution generations

1 INTRODUCTION

With the widespread integration of distributed generations (DGs) in the power system, the
conventional passive distribution system is being transformed into the active distribution system
(ADS) (Ehsan and Yang, 2018; Ge et al., 2020a; Li et al., 2020; Luo et al., 2020). It is common that the
inherent intermittence and variability of DG generation increase the complexity and uncertainty of
the operation state for the ADS (Ge et al., 2021b; 2020b). In this regard, it is necessary to ensure the
accuracy and efficiency of state estimation for the ADSs, which is prerequisite for the safe and reliable
operation of the power distribution system (Chen Y. et al., 2017; Zhang et al., 2020; Ge et al., 2021a).
In general, the traditional static state estimation (SSE) methods are mainly based on the weighted
least square (WLS) that cannot meet the estimation requirements of ADSs, because it ignores the
dynamics of the system. For this reason, the forecasting-aided state estimation (FASE) is proposed to
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improve the accuracy and speed of the estimator effectively for
the ADSs (Do Coutto Filho and Stacchini de Souza, 2009; Wang
et al., 2020). The FASE method takes into consideration the time
evolution of the ADS states that can make the state prediction of
the next time instant, so as to provide the information required
for a security analysis and preventive control functions.
Moreover, when the measurement data of ADS are flawed or
even unavailable due to certain reasons, the state prediction
values can be used to provide a set of pseudo states of the
ADS, thus improving the robustness of the estimator to
external interference.

Due to the advantages of the FASE method and its promising
prospect of practical application, it has attracted increasing attention for
research, and there have been plenty of remarkable achievements made
in addressing FASE problems for the ADS (Cetenovi¢ and Rankovic,
2018; Macii et al., 2020; Cheng and Bai, 2021; Geetha et al., 2021). For
instance, a novel approach in assessing the process noise covariance
matrix for FASE in ADS has been proposed by Cetenovi¢ and
Rankovi¢ (2018), which contributes in improving the accuracy of
estimation. The asynchronous hierarchical FASE method has been
proposed by Geetha et al. (2021). According to this method, the global
estimation values are calculated by collating the estimates of smaller
reduced order subsystems to reduce the overall level of computational
complexity. Cheng and Bai (2021) put forward the robust FASE for
ADSs by using a strict linearization method for the purpose of dealing
with the nonlinear measurements, which can reduce the nonlinear
error for the state estimation. However, in the prior literature, the
monitoring scope of the state estimation system is often limited to the
power network part of the ADS. In general, the DGs are modeled as
equivalent power injection, but they are not monitored and modeled in
detail. In fact, when there are a large number of DGs connected to the
distribution network, the accurate estimation of real-time DG states
plays a crucial role in the flexible control and dispatch of the ADS
(Yang et al., 2018). Meanwhile, with the development of smart sensor,
more information of the DG system is allowed to be collected to the
monitoring center (Fang et al., 2020). The information redundancy can
be improved by considering the measurement of DG system in the
context of ADS state estimation, thereby facilitating to enhance the
estimation performance. Therefore, it is of much practical significance
to construct an adequate model of the ADSs with DGs for expanding
the scope of state estimation and improving the estimation
performance of ADSs.

In addition, due to economic constraint and the complexity of
reconstruction, it is impractical to replace all distribution remote
terminal units (DRTUs) with phasor measurement units (PMUs)
within a short period of time (Yang et al, 2017). In the foreseeable
future, both PMUs and DRTUs will provide measurement data for the
FASE of the ADSs collectively (Dobakhshari et al., 2021). Therefore, the
FASE algorithm is based on PMU/DRTU mixed nonlinear
measurements. In practice, it is significant to deal with nonlinear
measurement, which would seriously affect the performance of FASE
for the ADSs. In this regard, there are various nonlinear filtering
algorithms developed to handle the nonlinear system state estimation,
such as the particle filter (PF), the extended Kalman filter (EKF), and
the unscented Kalman filter (UKF). The PF algorithm can carry out the
recursive Bayesian estimation using the nonparametric Monte Carlo
simulation method. Due to the high dimension of the distribution
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system, however, a considerable amount of particles are required,
which would give rise to a huge computational workload. The EKF
algorithm linearizes the nonlinear system through the Taylor series
expansion but ignores the higher order terms (Sun et al,, 2017, 2018),
which cannot guarantee the high estimation accuracy. As for the UKF
algorithm, the unscented transform (UT) technique is applied to
approximate the probability distribution of the state variable after
nonlinear transformation (Zhao and Mili, 2019; Dang et al., 2020). The
UKEF algorithm produces better estimation performance than the EKF
algorithm, and it is more suitable to realize the online application of
estimation.

Furthermore, with the rapid increase in the number of power users
and the extensive connection of DGs, the scale of the ADS is also
expanding, In order to meet the monitoring requirements of the ADS,
it is necessary to install more measurement devices. As a result, a
considerable amount of measurement data would be transmitted to the
estimator. Due to the limited network communication resources, the
transmission of numerous data may contribute to the network-induced
phenomena, for example, data loss and transmission delay, which
makes it likely to lose useful information, thus affecting the estimation
performance of the ADS (Ding et al,, 2017; Cheng et al, 2018; Xing
et al,, 2018). In order to reduce the transmission of redundant data, the
communication strategy based on the event-triggered mechanism has
been proposed. According to this strategy, the measurement will be
transmitted to the data center for processing only when the preset
event-triggering conditions are satisfied. Compared with the traditional
time-triggered one, the event-triggered mechanism has the advantage
in alleviating the communication burden with ensuring the expected
estimation performance. Therefore, the estimation problem based on
the event-triggered mechanism has recently attracted much attention
(Liu et al, 2018; Li et al,, 2019; Kooshkbaghi et al., 2020; Shanmugam
et al, 2020; Zhu et al, 2020). For instance, an event-triggered PF
algorithm has been proposed by Liu et al. (2018) to estimate the state of
the synchronous generator in real time, and the UKF algorithm has
been used as the local estimator to provide trigger information in the
study by Li et al. (2019), which reduces the computational burden of
the intelligent terminal. So far, to our knowledge, the FASE of the ADS
based on the event-triggered mechanism has not been considered as
carefully as required.

As motivated by the above discussion, this study is purposed to
address the FASE problem for the ADS with DGs under the
constraints of communication resource, and the main
contributions of it are detailed as follows.

1) The system model of the ADSs with DGs is established by
considering the state variables and measurements of DGs in
detail, which expands the estimation scope of the ADS and
facilitates the accurate FASE of the ADS.

2) An appropriate component-based event-triggered mechanism
is adopted to reduce “unnecessary” data transmissions from
the measuring terminals to the monitoring center, thus
alleviating the burden placed on the network transmission.

3) Given the nonlinear mixed measurement of the ADS and
the intermittent observation attributed to the event-
triggered mechanism, the event-triggered UKF (ET-
UKF) algorithm is proposed to ensure the performance
of the state estimation.
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FIGURE 1| The models of the two most commonly used DGs: (A) model of DGs connected to the grid directly and (B) model of direct current type DGs connected

to grid via a chopper-inverter device.

The rest of this article is organized as follows. The state and
measurement models of the ADS are built by incorporating the
state and measurement information of DGs into the distribution
system in System Model of ADS with DGs section. In FASE with
Component-Based Event-Triggered Mechanism section, the
component-based event-triggered mechanism is introduced, and the
ET-UKEF algorithm is designed. In Simulation Results and Analysis
section, the IEEE-34 distribution test system is taken as an example to
verify the effectiveness of the proposed method.

2 SYSTEM MODEL OF THE ACTIVE
DISTRIBUTION SYSTEM WITH
DISTRIBUTED GENERATIONS

For the FASE of ADSs, the system model is composed of the state
model and the measurement model. The state model is linear,
which represents the transition trajectory between consecutive
states (Zhao et al., 2019). The measurement model expresses the
functional relationship between measurements and state
variables. In this study, considering the widespread connection
of DGs in the ADS, the system model is built by combining the
state and measurement variables of power networks and DGs.

2.1 State Model

The system state x; € R” is composed of the state of the network
part of the ADS and the DGs connected to the distribution
system, and x; = [ng,k,xlT)N’k]T. In reality, there are many
types of DGs, including DGs that are directly connected to the
distribution network such as synchronous generators and
asynchronous generators (as shown in Figure 1A), and DGs

that are connected to the grid through power electronic
converters, such as photovoltaic cells and energy storage
batteries (Chen S. et al., 2017). The most common DGs
connected to the grid via power electronic devices are the
direct current DGs, which are connected to the grid via a
chopper-inverter device (as shown in Figure 1B).

For the DGs connected to the grid directly, the state \éariables
are selected as xgx = [V;‘f,’(“, V(;f,’(h, V;,e;f, V;’,';C’“, V"ﬂ(’b, V;t';c’c] , where
V;f’P and V;f';{’p (p € {a, b, c}) represent the real and imaginary
parts of the alternating current voltage output by the DGs,
respectively. For the direct current-type DGs connected to
grid via a chopper-inverter device, the state variables are st as
Sk = Vit Lok Vet VIS Viok, VIEG, Vi, vind, viney',
where Ve and I,k are the voltage and current output by the
direct current-type DGs, respectively, and Vj . represents the
direct current voltage output by the DC/DC transformation.
Therefore, xpgx = [x;,ua . ,xind!k,x;e’l)k, . ,x;;’npwk]T € R,
In addition, the state vector of the distribution network part
XDNk = [VIT,k, RN VITk, R VnTDN,k]T € R"™ js consisted of the real
and imaginary parts of bus voltage in the distriblTltion network,
where Vi = [V7of, VIeh, yree, yime yimb yimel® s a vector
representing the state of the ¢ — th bus.

Then, the state model of the ADS with DGs can be described as

Xk = FroXier + gy + Wit (1)

where Fy_; is the transition matrix that represents the speed of the
state transition process, and vector gi_; is associated with the
trend behavior of the state trajectory. wi_; € R" represents the
process noise that obeys Gaussian distribution, which satisfies
E{wk_1} =0 and [E{wk,lw,f_l} = Q1. In this study, with the
consideration of the adequacy and parsimony of the state
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model, we adopt the Holt-Winters double exponential
smoothing method in Eq. 1 to update Fi_; and gx_; as follows:

Fiy = oy (1+B,)L (2)
g = (L4 By) (1 — ag)Xicapr — Byaiez + (1= By)brzs (3)

where I is the identity matrix; ay and B are smoothing
parameters, which are commonly in the range from 0 to 1;
Xk-1jk—2 is the predicted state at instant k —1; and a; and by
are recursively defined as

ar = agXek + (1 — o) Xie-1> (4)
bk :ﬁH (ak_akfl)"» (1 _ﬁH)bkfb (5)

2.2 Measurement Model

The measured data of the ADS primarily originate from
alternating current voltage, power, other measurement
information of the network part, and the measurement
information provided by sensors in DGs.

In general, the measurements obtained from different types of
DGs are different. For the DGs directly connected to the grid, the
measurement 1nformat10n is
Yak = [Pl Pl Pl Qo Qo Qo Vo Vi Vi) - Assuming
the DG is connected to the :—th bus in the ADS, according
to the equivalent model shown in Figure 1A, the measurement
equation can be obtained as

re,p —im.

re,] 2 P im, —yim,p —rep
Pﬁ,k = *Vd,kp<sz Vi~ B, Vd-l,k> + Vd,kP<GZ Vit B} Vd—t,k)
"9 im, rep im,p ’
Q’;,k = P(GP - ,k+B Vd 1k>+vdkP<GP d-1k B{;Vm,k>
(6)

Vh = (Vi) + (Vi @)

where Vd k= V;ekp - Vlr,ip, V;m'lpk = V'mp Vlmp G and B, are
the real and imaginary parts of equivalent adm1ttance YA, respectlvely
PI; . and Q‘Z § represent the active and reactive power outputs by the
DGs, and V/, w4 is the voltage amplitude of the DGs.

For the direct current DGs connected to the grid by the chopper-
inverter device, according to the data that can be measured by the
chopper-inverter device sensors, the measurement is ypx =
[Vieo, k»Idao k> Vdck»Idcka Ve V

et P e P Pl Qpek, Qpe © pe’k] T From the equivalent model
shown in Flgu.re lB the measurement equation can be expressed as

Vdco,k = Vdca,k

Idco,k = Idca,k

Vick = Vack ®)
I _ Idca,k Vdco,k MNac
dek = —————
Vick

State Estimation

V= \(VEnY + (Vi) (9)

pe-ik

_ rep —srep —yim,p imp —> —> rep
Pge,ki_vpe,k<G‘;eV " _BZ 4 +Vpek Gge pelk+BP pe-ik

_ rep —imp —rep imp —imp ?
Qppek - _Vpe,k<G§e Vpe 1k + Bﬁe Vpe—l,k + Vpek G?e pe— lk B‘;e Vpe—l,k
(10
P rep rep TMP_ imp mp
where Vpe—l,k = Vpe,k - Vz,k > Vpe—l,k = Vpe,k - ka Lack is the

DC/DC converter output current, 7, is the efficiency of the DC/
DC converter, and V. e Tepresents the voltage amplitude at the
ports of power electromc grid—connected devices. Gge and Bj, are
the real and imaginary parts of equivalent adrmttance Ype,
respectively.

The measurement information of the network part is
mainly provided by the PMUs and the DRTUs. The PMU
can measure the real and imaginary parts of bus voltage and
branch current, respectively. Moreover, the DRTU can
measure the voltage amplitude, injected power of the
bus, and the power flow of the branch. Figure 2 shows
the three-phase line model of the distribution system.
Combined with the circuit theorem, the functional
relationship between measurement variable and state
variable can be calculated.

Then, the PMU measurements are expressed as
{ Vi = V! (1)

Vi = v

1

1 _>req —imgq
rep  _ ""P Pq Pq
Il kT l / + z G l TN 3
qefa,b,c} ( )
12
. 1 —imgq —sreq ’
mp re.p Pq Pq
IL—/,k - zbfi Vlk + Z GA—/ Vt—t’k - BL—L’ VA—A’,k
q€{a,b,c}
and the DRTU measurements are expressed as
% very: 4 (vimey? 13
vk = (l,k)+(1,k)’ ( )
— ’ePz Z G _)Mq B ‘_/)m’q
- l =k
'eN,q€{a,b,c
—)req
"’”’Z > G V”k+quV
'eN,q€{a,b,c}
i 2
_ - rep im,p
Vo= Yo [(viry (m)] S
1 'eN,
VI pg 7771
Z Y &LV BV
'eN,q€{a,b,c}
1mpz Z G _>req Pq 7"”7
1 =k
/'eN,q€{a,b,c}
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ViR S QY BV,
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1 Ve 2 im,p\2
— P im,p
) Q:D—:’,k = _Eb{)l [( 1k ) +(Vl,k ) ] > (15)

re;p pa 734 d ol
_‘/l,k Z GA—A’ Vt—t’,k + B V /' k
qefa,b,c}
; req —imq
m.,p Pq Pq
+sz,k Z G =k Bt /! VA ~'k
q€{a,byc}

where V? '« represents the p-phase voltage amplitude at the « — th
bus. PP and QP « represent the p-phase-injected active power and
reactive power at the :—th bus, respectively. P, and Q,
represent the p-phase active power and reactive power flow at
the 1 — / branch, respectively. N, represents the set of bus directly
connected to the ¢ — th bus.

Combining all measurements of PMUs, DRTUs, and DGs’
sensors, the measurement output y, € R™ is composed as follows:

Yk = ]’!(Xk) + Vi, (16)

T
where Vi = [ng,k’ygN W and VDG =
Diie- ,yimd’k,ype)l,k, ... ,ype k] 18 the measurement
vector of DGs, ypnik = [Yprrue )/PMU k] represents the

measurement vector of the network part, k() is a high-order
nonlinear function, and v, € R™ is the measurement noise subject
to the Gaussian distribution, which satisfies E{vy} =0 and
[E{V]JE} = Rk.

Remark 1: In this study, the system model of ADS with DGs is
established by considering the state variables and measurements
of DGs in detail, which expands the scope of ADS state estimation
from the network to the DGs and improves estimated accuracy. It
should be noted that the two most commonly used DGs are taken
as examples for modeling in this study. The modeling methods of
other DGs are similar to it. In practical applications, the models
can be established according to the specific structure of the DGs.

Remark 2: According to the IEEE standard ¢37.118-2005,
the PMUs ought to provide data in both the angular form (i.e., the
phasor angles and magnitudes) and the rectangular form (i.e., the
real and imaginary parts of voltages of the buses) (Martin et al.,
2008). In this study, both the state and measured variables are
presented in the rectangular form to build a linear PMU
measurement model. In doing so, the complexity of the
estimator is reduced, and the estimation performance is
improved.

3 FASE WITH THE COMPONENT-BASED
EVENT-TRIGGERED MECHANISM

3.1 Component-Based Event-Triggered
Mechanism

With the event-triggered mechanism, the event generator
determines whether the newly obtained measurement is
sent to the estimator or not, which is based on the
difference between the previously transmitted measurement
and the latest measurement. To reduce the amount of data
transmissions from measurement terminals to the estimator
and ensure the desired estimation performance, each
measurement terminal examines the generator
independently, and the consistency with  other
measurement terminals in the ADS is not required. As
such, the component-based event-triggered mechanism is
adopted in the data transmission of the ADS (Figure 3).
The measured data are obtained by the measurement
terminals (e.g., the DRTUs, the PMUs, and the DGs’
sensors) and screened by the event generator with the
triggering condition. Then, the measured data meeting the
triggering conditions are transited to the communication
system. Moreover, the trigger detector determines which
terminals have triggered and which terminals have not, and
then the “zero-order hold” strategy is adopted to update the
measurement data in the detector. Last, the data are passed
into the estimator for processing.

event
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FIGURE 3 | State estimation with the event-triggered mechanism in the ADS: (A) flow of the event-triggered mechanism and (B) event generator.

The event-triggered condition is described as
L li(yi,s}'\;l’yi»k) >0

, (17)
0, li(}/i,s;'(?l J’i,k) <0

Yik =

where I (y,q ,yix) = “y’?SLl —yi,;ﬂ— 8, {s;} represents the

triggering instants sequen 55=0 and 5=
min {k € N*|L;(y;3 ,yix) >0}
k>s k-1

In this study, the “zero-order hold” strategy is used to update
the measurement y, received by the estimator subject to the
component-based evenTt—triggered mechanism, where y, =

_T T T - . )
Wi YVip > Ymil and y;; is the received measurement
data associated with the ith measuring device.
- Yiks Vi = 1
yi,k:{v ) _0‘ (18)
Yij-v Vi =

Based on thE Tabover analysis, we can get y,, | = Vs - Vs =
Dl ¥l s Ym] is defined to the measurement
S 2 28 Sk . .
transmitted under the event-triggered mechanism, and the
matrix ¢, = diag{yl’kll, s Vigdi - le,kIWu} is defined, where
I; is an identity matrix. Then, the measurement received by the
estimator at instant k can be expressed as

Vi = 0k + (I= D )ys,- (19)

It is possible for the component-based event-triggered
mechanism to make the measurement information
transmitted in the communication network incomplete.
Despite the “zero-order hold” strategy being used to
update the measurement in the triggering detector, the
non-triggering error would bring about serious effect on
the estimation performance of the ADS. As such, it is
necessary to design a suitable filter algorithm for reducing
the impact of the non-triggering error. Fortunately, with the
component-based event-triggered mechanism, the estimator
can acquire some valuable information that will facilitate
the effective design of the filter. On the one hand, the
triggering sequence of the triggering generator is known.
On the other hand, the non-triggering error would fall
into a certain range.

Remark 3: In order to save network communication resources
of the ADS, the component-based event-triggered mechanism is
employed, with which the measurement transmission of each
component is scheduled individually according to its own
triggering condition. The component-based event-triggered
mechanism pays attention on the individual change of each
component of the system output, while the usual one
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TABLE 1 | Measurement noise in different scenarios.

Parameters Remux

Scenario 1 8x 107/
Scenario 2 6x 107/
Scenario 3 4x107/
Scenario 4 2x 1079/

focuses on the output vector. Considering that there are the
characteristics of extremely different operating states
between the busses, complex structure, and wide
distribution in the ADS, the component-based event-
triggered mechanism is more suitable for the ADS.

3.2 Event-Triggered UKF Algorithm

In order to ensure the state estimation performance of the ADS
with DGs under the event-triggered mechanism, a filter is
designed based on the framework of the UKF algorithm. First,
the one-step prediction and filtering error covariances are
calculated. Second, some parameters were adjusted by using
some lemmas to find the upper bound of the covariance. Last,
such an upper bound is minimized by designing an appropriate
filter gain.

For the state model Eq. 1 and event-triggered measurement
model Eq. 19, the filter is designed as follows:

X1 = FeorXeoipeor + e-1s (20)

Rprruk Rbek
8x 1074 8x 1079/
6x 107/ 6x 1078/
4x107% 4% 10
2x 107/ 2 %1078/
Xk = Xige1 + Kk(h —?Hk_l), (21)

where Xi_1jx—1 denotes the estimation of the state xy_i, Xgjc—1 is the
one-step state prediction at time instant k, K is the filter gain to
be deigned, and y,, , is the predicted value of the measurement.
Then we define ey = Xk — Xkk—1 and e = xx — X that
represent the one-step prediction and filtering error,
respectively, and the corresponding covariance matrices are
defined as Pyk-1 = E{exr-12(;_,} and Pex = Efexxey).

Before proceeding, the following lemma is recalled, which will
be used in later developments.

Lemma 1 (Cheng and Bai, 2021): For any two vectors
X,Y e R", the following inequality holds:

XYY"+ YX"<aXX" +a7' YY", (22)

where a is a positive scalar.Combining Eqs 19, 21, we can get the
state estimation at instant k:

X = Xig—1 + Kk(}/k —?kuﬂ) + Ky, (23)
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where & = (I - ¢;) (y5,, — yx) represents the non-triggered error.
The estimation error at instant k can be expressed as

Ckk = Cijk-1 — Kk(}’k _yklk—l) - Kier. (24)
Then, covariance of the filtering error can be calculated as
following:

Py = [E{Eklkéigk}
= E{eii12h, |
_[E{éklk—l(yk _yk\k—l)T}KkT - Kk[E{(yk _?klkfl)é’f‘k*}
R (0 T )~ Fiac) |
—[E{ék‘k,lé’[}K[ - Kk[E{ekélgk—l}
RG] (7 = T i JKL + KkE{ek(yk _y"”"l)T}KkT
+Kk[E{€k€Z}KE.

(25)

Theorem 1: Consider the system described by Eqs 1, 19 with
filter Eqs 20, 21 and define the following two Riccati-like different
equations.

Puio1 = P Prcyjer Fier + Qi (26)
Pigi = thy 1 Prggr — [E{éklkfl(yk —?kuﬂ)l }KkT

’Kk[E{()’k 7j7k|k71)élf|k71} + l‘z,kKk[E{()’k ’?kuﬂ)()’k 7j’\klk71)T}Kl;r @7)

+,43’k1<k< Z 5f1>1<[ ,

i€Ny=o

wherep, , = 1+ aye ) = 1+ arp,and g = 1+ a7} + a5, ais
and ap; are positive scalar. If there exist positive-definite
solutions Pyy-; and Py with initial conditions Pojo = Poj, the
matrix Fkl « is the upper bound of covariance matrix Py, namely,
Py > Py

Proof: According to Lemma 1, the following inequalities are
obtained:

—[E{Ekv(_le,f}KkT - Kk[E{skélgk—l} < Ll],kPk“c_] + al_j(Kk[E{SkSZ}KT, (28)
~ _ T
Ke{ (yi = Do r et JKE + Kk[E{fk(J’k ~Fiir) }KkT
~ ~ T _
< az,kKk[E{()’k = Puir) = T }KkT +a KiE{eg JK . (29)

According to the event-triggered condition Eq. 17, we can obtained
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eksg < s,fekl < z 6?1, (30)

i€Ny=o

where N, represents a set of measurement devices that are not
triggered by an event.Then

—[E{ék|k_1€:}Kg - Kk[E{ekéIZik—l} < al,kPk”(_l

This completes the proof.After that, the filter gain Kj can be obtained by
the pk\k-

otr (Fk\k)

3K, = —2[E{ék|k—l(yk _yk|k—1)T }
T
+2y2)kKk[E{()’k _j’\k|k—1)(yk _yk|k—1) } + 25 Kx z 8?1. (33)

i€Ny=

i a[j( K, z 512 1)K7, (31) Let Otr (Pyx)/0K; = 0, and through some algebraic operations,
i€N,=o the filter gain can be obtained.
y 8
T
KeE{ (i = Py )& Y + Kk[E{Sk(J’k = Vi) }KkT <a kKk[E{(Yk 1
: ‘ Ki=P, 1, P (34)
subject to k= Lapk|k-17 8 klk-12
)0k =T ) KT+ kK Y 81 KT (32) - 2
Yitk-1 )\Vk = Vi1 k 2.k K L O k Psi-1 = #z,kpyy,k|k—1 + fhyy z 6;'1’ (35)
0 i€Nyoo
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where Py, = = E{ (% ~ Jiuer) Ok = Fipr)'} and Py =
E{exx-1 (vx — yk‘k 1)’} represent the predicted measurement
covariance matrix and state-measurement cross-covariance
matrix, respectively. Then the upper bound of the covariance
matrix can be expressed as

Pk = phy 3 Prg-1 — KiPs -1 K. (36)
Next, the UT technology is employed to calculate the prediction
of measurement and predicted measurement covariance matrix
and state-measurement cross-covariance matrix. Considering
the high-dimensional nonlinearity of the ADS, in order to
ensure the accuracy of the algorithm, while avoiding non-
local effects and high-order term errors, in this study, the
proportional symmetric sampling strategy is selected as the
sigma point sampling strategy of the UT (Wang et al., 2019).
The calculation method of the sigma points and its weight is as
follows:

Xhpe-1>] =
Xikfk1 = Xhje-1 + ‘V,k|k pf=L...n , (37)
X1 — V|- 1,]—n+1 ,2n

where Viklet = = (4 (n+ 1) Pyji1 ); represents the jth column of
the square root of the positive definite matrix (1 + A1)Pyy-;. In
order to obtain the prediction of measurement and covariance
matrix, we define two set weighted coefficient Gjm and 0; as
follows:

m

(v
6 = A +(1-a*+p).j= , (38)
7 on+A
I
0" =0=——j=1,2,"-,2n

1 T 2(n +/\)’]

where A = a? (n + k) — n. x is used to capture the information of
higher-order moments of a given probability distribution, and the

value of k is usually 0 or 3 —n. a is the scale correction factor
to determine the distribution range of sigma points, and for
the Gaussian distribution, commonly « € [107%,1]. B is a
parameter related to the prior distribution of the state vector,
and for the Gaussian distribution, § = 2 is optimal. The prediction
of measurement and covariance matrix can be calculated as
follows:

Fisfir = P(aper )i = 0.1 2m, (39)
2n

Vike1 = z e;nyj,k|k71> (40)
=0
2n T
Py i1 = Z ej(Xj,k|k—1 - xk\k—l)(yj,k|k—1 _yklk—l) > (41)
=0

2n
Pyy,k|k—1 = Z 9;(?j,k|k—l - yk\k—l)(yj,ﬂk—l - yk\k—l)T+Rk' (42)
j=0

In order to show the proposed filtering algorithm more clearly,
the ET-UKF algorithm is summarized as in Algorithm 1.

Algorithm 1ET-UKF Algorithm.

1: Initialization: select the initial values of Xo and Py, set
k = 0 and the maximum computation step k., and set a; g,
a0, and 6,’.

2: At time k, compute the state prediction value Xyx_; and the upper
bound of state prediction error covariance matrix Pk‘ k-1 by Eqs 20, 26.
3: Compute 21 + 1 sigma points and weigh coefficients by using
Eqgs 37, 38. Then compute the prediction of measurement y;;_,
and the covariances P k|1 and P, Kk-1 by using Eqs 39-42.
4: Calculate filter gain Kj by using Eq. 34.

5: With the obtained K, compute Xy and Pk| « by using Eqs 21, 36.
6: Set k = k + 1, if k> kyuqy, exit. Otherwise, go to step 2.

Remark 4: In this study, for the purpose of saving network
communication resources of the ADS, the component-based
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event-triggered transmission mechanism is adopted to reduce the
unnecessary data transmission. However, this method makes it
difficult to calculate the error covariance matrix recursively. To this
issue, an alternative approach is proposed to introduce some adjustable
parameters (e.g., a;x and ay ) through some lemmas to obtain the
upper bound of the covariance matrix. Next, the upper bound is
minimized by designing appropriate filtering gain, and the minimized
bound of the covariance matrix is closely related to the parameters. For
this reason, with these parameters selected appropriately, the possible
conservatism of the upper bound can be reduced. Fortunately, the
research on optimization is a significantly active field of applied
mathematics, which helps determine the optimal parameters.

4 SIMULATION RESULTS AND ANALYSIS

4.1 Simulation Settings

In this section, the IEEE-34 distribution test system is adopted to
simulate and verify the effectiveness of the proposed state estimation
algorithm. The topology structure and line parameters of the IEEE-34
distribution test system are originated from the study by Kersting
(1991). The simulation is implemented in MATLAB R2019b. The
dynamic variation of the ADS is simulated by changing the load
dynamically. The law of load change is assumed to be
Spikr1 = (14 0.1rands(-))Spx, and Spo represents the initial load
provided in the study by Kersting (1991). The measuring devices
consist of the DRTUs, the PMUs, and the DGs’ sensors. Figure 4
illustrates the installation positions of the measuring devices and DGs
in the test system.

In the simulation, the parameters are set to a;x = ap; = 0.5. The
process noise parameter is expressed as Qr = 4 x 107°I. In the
Holt-Winters double exponential smoothing method, the parameters
ap and f;; are selected as ay = 0.9 and 3;; = 0.1. The initial value of
the covariance matrix is set to Pojg = 4 X 107°]. Moreover, in order to
further evaluate the effectiveness of the proposed state estimation method
under different scenarios, four measurement noise scenarios are set in
the simulation, and their noise parameters are shown in Table 1.

4.2 Result Analysis
1) Verification of the proposed ADS system model.

In this section, the ET-UKF algorithm (d; = 0) is applied for
state estimation under different scenarios, so as to validate the
system model proposed in this study. The estimation results will
be compared between the model proposed and the conventional
model where DGs are not modeled in detail. Figure 5 shows the
root-mean-square error (RMSE) of state variables associated with
the network obtained by the two models under different noise

n
scenarios, where RMSE (k) = % Y (Ej,k|k)2. It can be found out
j=1

that the estimated result produced by the proposed model is more
accurate than the conventional model in all scenarios. To make the
estimation results more intuitive, Figure 6 plots the state tracking
curves of the a-phase voltage at the 816 bus. Figure 7 presents the
state tracking curves of the DG2. Obviously, the proposed model can
not only improve the accuracy of the state estimation but also expand
the scope of state estimation, which is effective in monitoring the
operation states of the IEEE-34 distribution test system and the DGs.

State Estimation

2) Verification of the ET-UKF algorithm.

In order to demonstrate the performance of the event-triggered
mechanism, a data transmission ratio (DT%)W, ,j,§kngeﬁned as a
transmission performance index by J: = ﬁm Y 2 Yk X 100%.

-1 k=
In particular, to demonstrate the superior perfornjlance of the ET-UKF

algorithm, simulation is performed with the event-triggered threshold
8; = 5 x 1073 under the two noise scenarios. In the case of scenarios 3
and 4, the DTRs are Jz; = 61.60% and J;; = 55.81%, respectively.
Figure 8 shows the state tracking curves of the a-phase voltage at the
816 bus. From this figure, it can be seen that the ET-UKEF algorithm is
capable to track the changes in the system state in real time and make
accurate estimates even if only a part of the measurement data is
received, which is attributed to the non-triggering error getting well
handled by the ET-UKEF algorithm. In Figure 9, the RMSE of estimated
results is compared between the ET-UKEF algorithm and the ET-EKF
algorithm. It is evident that the estimation accuracy of the ET-UKF
algorithm is higher than that of the ET-EKF algorithm under any
situation, which is because the UT technology is advantageous over the
linearization method applied by the EKF algorithm.

3) The impact from the different triggering thresholds on
estimation performance.

In order to figure out the impact of various triggering thresholds on
estimation performance, simulations are conducted with §; = 2 x 1073,
8; =4x107%, and &; = 6 x 1073, respectively. Figure 10 shows the
RMSE of estimation results and DTR with different triggering
thresholds. In order to view the estimation results more intuitively,
Figures 11, 12 show the state tracking curve and measuring device
trigger sequence of the 814 bus c-phase with different event-triggering
thresholds, respectively. It can be found out from these figures that the
DTR decreases sharply with the increase in the triggering threshold,
which is because the large triggering threshold prevented more
measurement data from being transmitted to the remote estimation
center, suggesting that the event-triggered mechanism contributes to
reducing data transmission in the communication network and
alleviating the communication pressure. With the increase in the
threshold, however, the RMSE for the estimation results of the ET-
UKEF algorithm would also rise. Therefore, choosing an appropriate
threshold in the practical ADS is effective in relieving the communication
pressure and ensuring the performance of state estimation.

5 CONCLUSION

In this study, a FASE method for the ADS with DGs has been developed
under the condition of limited communication resources. First, the
system model of the ADS has been built to improve the accuracy and
extend the scope of state estimation. Moreover, in order to solve the
network-induced phenomena attributed to considerable data
transmission in ADS, the component-based event-triggered
mechanism has been adopted to reduce the amount of data
transmitted through communication network and save the
communication resources. Besides, the ET-UKF algorithm has been
designed to guarantee the estimation performance of the system. Finally,
the effectiveness of the proposed method has been verified by the
simulation. In view of the importance of the integrated energy
system as a development trend in the energy field, the development
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of high-performance state estimation algorithms for the
integrated energy system has become a top priority. Future
study will consider the dynamic characteristics and time
scales of different systems in the integrated energy system
(Chen et al,, 2020; Chen et al.,, 2021) and apply the algorithm
proposed in this study to integrated energy systems.
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