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Cellular Computational Networks Based Hierarchical
Data-driven Dynamic State Estimation Method
Considering Uncertainties

Lili Wu, Yi Wang, Member, IEEE, Yaoqiang Wang, Senior Member, IEEE, and Jikai Si, Member, IEEE

Abstract—Accurate generator information is crucial
for the efficient control and operation of a power system.
This study proposes a hierarchical data-driven approach
for dynamic state estimation (DSE) of generators using
cellular computational networks (CCNs) structure. The
proposed method initially divides the problem of dynamic
state estimation into multiple layers through hierarchical
architecture. In the prediction layer, CCNs are employed
to reduce the system scale by considering only relevant
generators. In the correction layer, a novel adaptive filter
is utilized to increase data abundance. Simulation results
demonstrate that the proposed hierarchical data-driven
method can accurately estimate states using PMU data
alone while maintaining high computational efficiency.
Additionally, it offers easy scalability and strong robust-
ness against uncertainties. The proposed method has po-
tential applications in online dynamic state estimation and
real-time security monitoring.

Index Terms—Cellular computational networks, data
driven, dynamic state estimation, hierarchical, model
uncertainty.

I. INTRODUCTION

With the widespread adoption of distributed energy
resources, extensive research has been conducted
worldwide on dynamic state estimation in renewable
power systems. Most of these studies have primarily
focused on enhancing the Bayesian filter framework
under stringent assumptions, such as a known system
model or Gaussian noise distribution.

However, practical applications often present chal-
lenges in meeting these strict assumptions. Conse-
quently, numerous advanced methods have been pro-
posed to enhance the robustness of traditional ap-
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proaches against various types of uncertainties includ-
ing model uncertainty, non-Gaussian noise, disturb-
ances, outliers, etc.

Bayesian-based adaptive Kalman filter (KF) methods
are proposed in [1], [2] to mitigate estimation errors
caused by uncertain noise. Several improved solutions
based on the extended Kalman filter (EKF) are adopted
in [3]-[5] to enhance robustness against disturbances.
The techniques described in [6] utilize a robust cubature
Kalman filter (CKF) to handle unknown measurement
noise and outliers. A significant amount of work is
conducted using enhanced unscented Kalman filter
(UKF) [8]-[14] for addressing uncertainty problems.
Reference [8] proposes a dual-stage UKF method for
handling measurement errors and noise. The approach
presented in [9] employs a decentralized H-infinity
UKF dynamic state estimation technique to solve model
unknown problems. In [10], a novel UKF algorithm is
adopted to address both noise and model uncertainty
issues. The work described in [11] introduces a general-
ized maximum-likelihood-type UKF (GM-UKF) meth-
od aimed at mitigating the negative effects of meas-
urement noise and data anomalies. Reference [12] de-
signs a derivative-free robust UKF estimator to main-
tain its robustness under outliers and non-Gaussian
noise conditions. Additionally, reference [13] proposes
a square-root unscented Kalman filter (SR-UKF) that
enhances the numerical stability of the UKF algorithm,
while reference [14] presents a robust UKF method
specifically developed for mitigating outliers and
non-Gaussian noise.

Research findings demonstrate that these novel
strategies can enhance the robustness of DSE method
against unknown noise, disturbance or outliers. How-
ever, it is impossible to eliminate the negative impact
caused by model uncertainties as Bayesian-based
methods require accurate models.

To address the issue of model dependence mentioned
above, researchers worldwide have proposed artificial
intelligence (Al)-based data-driven dynamic state es-
timation methods [15]—[21]. These Al-based ap-
proaches eliminate the reliance on actual power system
models and instead utilize RTU or PMU measurement
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values to accurately map the nonlinear power system
model. For instance, reference [15] introduces a power
system state estimation method based on conditional
generation adversarial network. In [16], a data-driven
power system state estimation method is employed
using deep ensemble learning algorithm to account for
measurement data loss. Furthermore, a hybrid-learning
online DSE approach is presented in [17], which in-
corporates feedforward neural networks (FFNN) con-
sidering random noise, PMU data fault, and model un-
certainty. Additionally, a fully data-driven approach
based on generative adversarial network is adopted in
[18]. Lastly, the work described in [19] proposes a dis-
tribution system state estimation method that combines
deep recurrent neural network with physics-aware linear
proximal scheme.

As mentioned above, the Al-based data-driven
methods possess the advantage of being mod-
el-independent; however, they still suffer from the
drawbacks of high computational complexity and lim-
ited scalability. The number of parameters in Al-based
DSE methods increases significantly with the size of the
power system, rendering them impractical for online
usage in large-scale power networks. To address these
limitations, several hierarchical data-driven approaches
have been proposed. For instance, a robust distributed
power system state estimation approach based on a
t-distribution noise model and maximum likelihood
estimation is presented in [20]. Additionally, reference
[21] introduces a multi-level false data identification
scheme that utilizes long-short term memory neural
networks for temporal identification and convolution
neural networks for spatial identification.

The proposed paper presents a hierarchical dynamic
state method based on CCNs, which is a distributed
scalable neural network architecture consisting of
computing elements (neural networks or others) in each
cell. This architecture is suitable for modeling complex
nonlinear network systems with unknown actual models
and learning their dynamic characteristics in time and
space [22]. The main characteristics of the proposed
CCNs-based method are as follows:

1) The proposed dynamic state method based on
CCNs is completely data-driven, offering the advantage
of being model-independent. Unlike traditional dy-
namic state estimation methods that require exact gen-
erator models, this method can estimate the generator
state using only PMU data.

2) The proposed dynamic state method exhibits high
scalability by utilizing CCNs to decompose large power
networks into smaller ones. Increasing the scale of the
power network will only increase the number of CCNs
cells without introducing computational complexity.

3) The hierarchical design reduces problem difficulty
and enhances system robustness. In cases where meas-
urement data loss or communication delay occurs, ab-

normal values can be replaced with predicted values,
thereby increasing data redundancy and improving
robustness against data loss.

The remainder of this paper is organized as follows.
Section II introduces the basic formulations of DSE.
Section III illustrates the proposed data-driven method
based on CCNs. Section IV focuses on implementing
the proposed CCNs-based method. Section V provides
discussions and results regarding generator dynamic
state estimation. Section VI concludes the paper by
suggesting potential future work in this field.

II. PROBLEM FORMULATION

The objective of power system dynamic state esti-
mation (DSE) is to accurately estimate the dynamic
states of power angle J and rotor speed @ for syn-
chronous generators, utilizing both the state transition
model and measurement model. In this study, we em-
ploy the second-order classical generator model along
with the measurement model.

A. Second Order State Transition Model

The classic generator model is represented by a sec-
ond-order differential equation in the local dg reference

frame. The state vector x, is chosen as [&, @] given as:
5= (w-w,)
)

. @,

D
w T, _Te__(a)_a)o)

C2H| " )

where the rated value of angular frequency is repre-
sented by @, =2nf; ; H and D correspond to the inertia
constant and damping factor respectively; and the pa-
rameters 7, and T, represent the mechanical torque and
electric air-gap torque, respectively.

B. Measurement Model

The advancement of PMU technology enables the
direct selection of power angle 6 and rotor speed @ as
measurement vectors. Therefore, in this study, the
measurement vector z, is chosen as follows:

3 =[6,0] @)
And the measurement function is:
% :Hdiagxk +V, 3)
1 0
Hdiag :{0 J “4)
where H g, is the output matrix; x, is state vector; and

v, is the measurement noise.

C. Nonlinear Discrete Dynamical System Model

Equations (1)—-(4) can be formulated as a dis-
crete-time model, consisting of a state difference equa-
tion and an observation equation, as:
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X, =f(x,u_)+w
7, =h(x)+v,

©)

where u, ; denotes previous input vector. The function
£ () captures the nonlinearity between states and inputs,
illustrating state transitions, while A(-) represents the

observation function that establishes the relationship
between states and measurements. The process noise

w, and measurement noise v, are assumed to be inde-
pendent with Gaussian stationary distributions.

D. Bayesian-derived DSE Methods

Traditionally, the dynamic state problems of
nonlinear models are addressed in a recursive manner
using Bayesian methods, involving two steps: 1) pre-
diction step; and 2) correction step.

Y

Prediction step ) Filtering step
Xy =Xy +K}.—[Zf.— 7h(xu— |)]
N = f(X_p“) T
P, =~ K,H,M,

My =FF F'+0Q . . 1
. K, =M. H,[HMH,+R]|

A 4

Fig. 1. Bayesian-derived method.

Figure 1 shows the Bayesian-derived method, where
x;_, donates previous state; X,, , is state prediction
based on previous state; P, , refers to posteriori error
covariance matrix at step k —1; F, is the partial deriv-
ative matrices of f(-); K, represents gain coefficient
matrices; M, donates priori error covariance matrix;
H, represents partial derivative matrices of 4(-); P,

corresponds to posteriori error covariance at step &; I is
identity matrix; while Q and R denote the covariance

matrices of w, and v, , respectively.

III. THE PROPOSED METHODOLOGY

Motivated by the Bayesian-derived method, this pa-
per proposes a hierarchical data-driven approach based
on CCNs, incorporating both prediction step and cor-
rection step. In the prediction step, a CCNs predictor is
employed to generate prior state estimation. In the cor-
rection step, an adaptive filter is applied to obtain pos-
terior state estimation. Further details are illustrated in
Fig. 2, where k represents sample time and N denotes the

number of ahead prediction steps. u, is input vector;
Xs Nl refers to priori state estimation; Xgk—n 18 previ-
ous priori state estimation; while X, , corresponds to
posteriori state estimation.

- )}ﬂ'a\'l.l
The prediction step >
Priori state

estimation

u,
i

v _ Lz ]

The unknown
X
klk-N
‘ = Tha, correction | ;.
L./
Z step Posteriori state

power system
estimation

model

Fig. 2. The prediction-correction design of proposed CCNs based
method.

A. The Prediction Step

The generator state prediction in each cell of the
CCNs is performed individually using a small-scale
neural network, as illustrated in Fig. 3.

Hy

> Xpon
x, §AC) - . Error )
»> 5 accumulation
K“*
S =2 H
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estimation
'S

Z"\
X ]
3 fad) |

Fig. 3. Each single CCNs cell of prediction step.

Xpanik

The priori state estimation can be given by:

= Jfeon (X, 1) (6)
where the generator G, (nonlinear function f(-)) is rep-
resented by CCNs cell with function fiy,(-) . The dis-

tributed CCNs cells are interconnected based on the
physical connection of real generator buses. The weights

XesNlk

of each f..\(-) are optimized through minimizing the

fitness
i=1,2,3,-

function, as illustrated in Fig. 4, where
and N_, is the total cell number.

cell >

Map the input/output relationship
of element 7 to cell 7

l«
-«

Train the weights of £, (-) by
minimizing the fitness function N

i=i+]
4 Is optimization target achieved?

Fig. 4. The design of prediction step.
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B. The Correction Step

In the correction step, we propose an adaptive filter
with a time-varying gain coefficient K" that can
change based on the innovation vector:

0

where z, is the measurement value at time # X,,_, is

the priori state estimation at time ¢ [f,,¢,] is a time
window to calculate the priori error; and / is length of
time window.

The posteriori state estimation X, , , is modified based

on both priori state estimation x

e and gain coeffi-

: CCN
cient K, as:

')?:k+N = ‘)ek+N\k + K/?CN[zk - h()%k\k—N )] ()

Besides, the proposed adaptive filter takes into ac-

count potential measurement data loss. In case of any

such loss, the missing data will be substituted with

predicted values to enhance data observability. The
specific details are illustrated in Fig. 5.

. - - Update the gain

Use previous prediction value to FFicient KO
replace missing measurements coe '_C'em k
using (7)

Prediction error = Error threshold?

Correct the previous priori state
using (6)

»]
»

Fig. 5. The design process of correction step.

IV. THE IMPLEMENTATION OF PROPOSED METHOD

In this section, we illustrate the implementation pro-
cess of the proposed method using a 12-bus infinite
power system [23] as an example.

A. Hierarchical Design of Proposed Method

As mentioned above, this paper adopts power angle o
and rotor speed @ as the state vectors. Initially, these
two variables are trained together as a multi-objective
problem. However, due to training difficulties, it is
challenging for both é and @ to reach their optimal
values simultaneously. To address this issue, we split
the multi-objective optimization problem into two sin-
gle-objective optimization problems: one for power
angle o and another for rotor speed @. By incorporating
the two-step design illustrated in Fig. 2, we decompose
the generator state estimation problem into four parts
using the proposed data-driven method. The corre-
sponding hierarchical structure is depicted in Fig. 6.

‘ Generator states estimation

‘ Rotor speed @ estimation ‘ ’ Power angle 4 estimation ‘

The @ The @ The & The &
predcition correction predcition correction
layer layer layer layer

Fig. 6. The hierarchical design of proposed data driven method.

B. Geographical Connection of 12-bus Power System

The power system is a sparsely connected
two-dimensional network, where the injection of bus
from any generator only affects its immediate geo-
graphical neighbors. Concentric relaxation begins by
initially treating the system or a portion of it as electri-
cally rigid, and subsequently gradually relaxing the
outcomes tier by tier to account for the actual flexibility
of power transmission [24].

In Fig. 7, the 12-bus power system comprises three
generators, namely G,, G,, and G,, excluding the

infinite source G,. Assuming a fault occurs at bus 1, the

system is categorized into multiple tiers based on con-
centric relaxation theory. These tiers include the first
tier (encircled by red line), second tier (encircled by
blue line), and third tier (encircled by orange line). In
Fig. 7, generators G, and G, fall within the third tier,
and thus, they are considered geographically adjacent.
Similarly, generators G, and G, are also considered to
be geographically adjacent. The geographical connec-
tions of all generators are summarized in Table .

TABLE 1
GEOGRAPHICAL CONNECTION OF ALL GENERATORS

Generator i Adjacent generator j
G, G,
G, G,
G, G,, G,
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I

Fig. 7. Tier relaxation of 12-bus power system.

C. Prediction Layers Design

The 6 and  prediction models are built for the
12-bus power system utilizing the structure of CCNs in
this part.

1) Power Angle o Prediction Model
The power angle prediction of generator G, at time ¢,
denoted as SGi (t+1)(i=2,3,4 corresponding to gener-

ators G,,G;,and G,), is simulated using a sequence of

CCNs cell. Each CCNs cell employs a multilayer per-
ceptron (MLP) neural network with the function defined

as fCCNS_mi (i=2,3,4):
5AG[ (t+1)= fCCNsﬁGi {x,,u,} =
fCCst&Gi {501' (t)’ 5‘(‘;/ (t)’ AVGi (t)}

where ¢ is sample time, and ¢ = AT xk ; AT is sample
interval; and & is sample step. The state vector

)

x, =[0g, (t),é‘Gj (#)] represents power angle of generator
G, at time 7 and its neighbor generator G, ’s previous

predicted power angle. The input vector u, is AV, (¢),

which represents voltage deviation of generator G, .
Generator number i and j defined as shown in Table I,
where if i corresponds to G, ; then j corresponds to
G, indicating their geographical adjacent. Further
details can be found in Fig. 8.

PiQ

——
47_ 80.0[Mvar]

P

1

160.0[Mvar]

180.0[Mvar] Al 1~

PjQ
[AV, (1), (1]
By (1+1)
iﬁb‘j""“'" ,m———ir—) [AV,,, (16, (1)]

- , Gy (1 +1)
2k oo o AV (06,(0)]

Fig. 8. The power angle d prediction layer.

2) Rotor Speed w Prediction Model

Similarly, the rotor speed @ prediction layer employs
three cells to forecast rotor speed of three generators

G,.G;, and G, as illustrated in Fig. 9.
AV, (DA, (1)

AV, (DA, (1
}7”|-f('('xx G2 ”:’*} ‘”‘( ) h-.;( )

1
"”“ Jeons v Fe

3 AV, (DAw,, (1)

7

Fig. 9. The rotor speed e prediction layer.
In each cell, the MLP neural network is adopted with
function foon, o6 (0 =2,3,4):
Ad(t+1)= fCCNsini {xt’ul} =

. (10)
fCCNsin[ {Aay, (1), Aay, (D), AV, (D)}
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where @, (¢) is the rotor speed at time ¢, @, is the syn-
chronous rotor speed, and A, (t) =@, () — o, ; the
state vector x, =[Aa, (1), Al (1)]; Awg,(t) denotes the
speed deviation of generator G, ; Ady,(t) is previous
predicted speed deviation of neighbor generator G .

The input vector u, is the voltage deviation of generator
G, , donated as AV (¢), while the output vector is
given by Aay, (¢ +1), which signifies the prediction for
speed deviation of generator G, at time ¢.

The proposed prediction model operates in two
modes: 1) training mode; and 2) prediction mode. In the
prediction mode, it utilizes measurements at time ¢ to
forecast the next state and subsequently updates the
database. If the prediction error surpasses a predefined

threshold, the training mode is activated to refine the
weight using the most recently updated database.

3) CCNs Model Training

Taking the power angle 0 as an illustrative example,
the training process is depicted in Fig. 10. As seen,
[W(¢)V (¢)] are initial MLP weights and [W (¢+1)V (¢+1)]

are optimized MLP weights; f

“om 1S @ novel combination
fitness function which can be found in (13). Various
optimization methods including BP learning, PSO and
differential evolution (DE) are explored during the
training process to identify the most effective algorithm.
After comparison, a dynamic multi-swarm particle
swarm optimization algorithm (DMSPSO) [25] is em-
ployed. The results demonstrate that this DMPSO ap-
proach with local search exhibits excellent performance

in rapidly determining optimal MLP weights.

wa +PK(I +D)] Weight update
DMSPSO

Dynamic database 1 =1,2,-+- .k

Target value

Fig. 10. The MLP training process in each cell.

Mean square error (MSE) is the average square of
absolute error (AE), while mean absolute percent error
(MAPE) is the mean of the relative error multiplied by
100%. The MSE and MAPE are employed as fitness
functions during the learning process, corresponding
fitness function are shown as:

1 2
fMSE :EZj(:,'xi - X (11)

100% < |x, = %,
k Zi:l| xi |

where x, represents the ground true value at sample i;

(12)

A MAPE —

x, signifies the estimate of sample i; and K denotes the

size of sample dataset.

The experimental results demonstrate that the MAPE
objective function performs well in capturing peak
values, while the MSE objective function exhibits su-
perior performance in training with large samples.
Therefore, we propose a composite objective function
f.om that combines the advantages of MSE and MAPE

as follows:

Jeom = @ fyse + @os Friare (13)
where @, and w, are the weights for f,; and f,.p5»
respectively.

D. Correction Layers Design

The correction layers for power angle  and rotor
speed o are designed as follows.
1) Power Angle 6 Correction Layer Design

The 6 correction layer is designed as Fig. 11 follow-
ing the steps below:

Priori state
estumation

S, (r+1) Posteriori state
¢stimation

Fig. 11. The power angle d correction layer.

Step 1: Verify the integrity of the measurement data
by checking if J,(¢) is missing. In case of any missing
data, replace it with the previous priori state estimation
5‘Gi (¢) . Otherwise, predict $Gi (z+1) uses (9) with
measurement data.

Step 2: Examine the previous prediction error, if the

previous priori state estimation error 5Gi(t)—5'Gl. @)

exceeds the pre-established error threshold, go to Step 3.
Otherwise, skip to Step 4.
Step 3: Generate the posteriori estimation of power

angle éA'GI. (t+1)" at time «:
S (1) =64, + )+ Ky[0,(8) = 65,(0)]  (14)
where 5’Gi (z+1) and 5‘61. (z) are the respective priori

state estimations at time ¢ and ¢ —1 from (9); and K is
the gain coefficient of power angle, given as:

t=k—1 A 2
2 z,:k 50;' (t) - 50;' (t)
[+1

where / is length of selected time window.
Step 4: The end.

Ky = (15)



156

2) Rotor Speed w Correction Layer Design

The @ correction layer is designed as shown in Fig. 12
following the steps below:

Priori state
estimation

Ady, (1+1)

Posteriori state
estimation

Ady, (1+1)

Fig. 12. The rotor speed w correction layer.

Step 1: If there is a data loss of rotor speed Ay, (¢)
at time ¢, use previous priori state estimation Ay, (¢) to
replace the missing data. Otherwise, use the measured
value Aa,(?) to predict A@, (¢ +1) using (10).

Step 2: Check previous prediction error, and if the
previous priori state estimation error A, (1) — Ady, (¢)

exceeds the pre-established error threshold, go to Step 3.
Otherwise, jump to Step 4.
Step 3: Generate the posteriori estimation of speed

deviation Ady,(t+1)" at time ¢
A, (t+1) = Ady, (¢ +1) + K, [ Ay, (£) — Ady, (1)] (16)
where A@y,(t+1) and A@y,(¢) are the respective pri-

ori state estimations at time ¢ and #-1 from (10); and
K, is the gain coefficient of rotor speed, given as:

t=k~l ~ 2
K = 2 Zt:k |AwGi (t) - AwGi (t)|
° [+1
Step 4: The end.

(17)

V. RESULTS AND DISCUSSION
This section presents the generator dynamic state es-

timation results under uncertainties for a 12-bus power
system and an NPCC 48-machine 140-bus system.

A. Simulation Results on a 12-bus Power System

The proposed method is evaluated on the 12-bus
power system by subjecting it to various types of un-
certainties, including non-Gaussian noise, line contin-
gency, outliers, and data loss, to assess its performance
and robustness.

1) Robust Against Non-Gaussian Noise

In this section, two types of non-Gaussian noise are
applied to the 12-bus system to evaluate the noise ro-
bustness of the proposed CCNs based method:

Type 1: Non-Gaussian noise on generators G,, G,

G, with covariance of 107,

Type 2: PRBS noise (0.5 Hz, 1 Hz and 2 Hz mixed)
on generators G,, G;, G, with zero mean, covariance

of 10~ and variance of 0.2.
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The rotor speed performance of generator G, under
different noise conditions is depicted in Fig. 13. The
estimation results demonstrate the robustness of the
proposed method against various types of noise.

%107
. L
400F 5 TR

T
200010 A A s A A A A A
A L AAAAAAAANA
-4.00 ';' Yo —=— True value
—6.00 ¢ -+ Estimated value ]
1 1 1

-8.00t s I : L
100 120 140

T T T T 1

Aay, (pu.)

2000 A

200"\ [\
-4.00 £ ‘ . LY
20 40 60 80

Sample number

Aawg, (pu.)
=)

1

120 140

100

Fig. 13. Speed deviation estimation under different disturbances:
above panel (small disturbance), bottom panel (large disturb-
ance).

The simulation results under (Type 2) PRBS noise at
different time steps are shown on Fig. 14, while the
corresponding RMSE errors are presented in Table II.

—_ %107 — True value 100 ms - 500 ms —+ ls
H = — o T T T A ]
;.'" 1.00 o 1\&\-, . » Z)J_,s+s_&+rf'7f'.. ]
s ~1.00F \\. - ..’r;_.- R .
g 2001 ) i e ) \ . ]
= 5 10 15 20 25 30
_ %107 - -
z‘ 200 C T T n)"l‘ ) " T ]
Si 0F* et :\‘\: = .‘4\\‘\_:‘;{ et
§ 2000 S . ]
, 3 10 15 20 25 30
T 4005
= 400F T T T T T 5
d Bl | 4
3 -200¢r SN ]
S 400t . M = = . . g
5 10 15 20 25 30

Sample number

Fig. 14. Rotor speed estimation at different prediction time steps
under PRBS noise.

In Fig. 14, the estimation errors increase with the
prediction time step, the largest prediction time step (red
star line at 1 s prediction) leads to the highest fluctuation.
This is consistent with the RMSE (square root of MSE)
errors at Table II.

TABLE 11
RMSE UNDER PRBS NOISE AT DIFFERENT TIME STEPS
State (Ii]e(:' 100 ms 500 ms ls 1s®
G, 1.939x10*  5.717x10™*  7.635x10™*  1.839x1073
o G; 1.979x10*  5.420x10™*  8.129x10™* 1.917x1073
Gy 3.249x107*  8.548x10™*  9.998x10™* 2.143x1073
G, 5.047x1073  1.307x1072  2.121x1072  5.444x1072
o G; 9.194x1073  1.858x1072 1.987x1072 6.314x107?
Gy 1.951x102  2.835x1072  2.944x1072  9.063x1072
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In Table II, the values at the third column represents
the posteriori estimation errors, while the values at the
fourth column represents the priori state estimation
errors. The priori state estimation (fourth column) has
maximum RMSE errors as the increase of prediction
time step introduces stronger nonlinearity to the pre-
diction model. However, after correction, the posteriori
estimation errors can be reduced to as low as 500 ms
time step. This reduction occurs because when the pre-
diction error exceeds a pre-established limit, an adaptive
filter is activated and corrects the priori state estimation
value.

In conclusion, regardless of noise types or different
time steps for rotor speed or power angle measurements,
the proposed method demonstrates excellent perfor-
mance in estimating generator states.

2) Robust Against Contingency, Outliers, and Data Loss

In this section, the performance of the proposed
CCNs method under data uncertainties are tested. The
experimental cases are listed in Table III. As seen, Case 1
includes a line trip contingency, Case 2 tests abnormal
outliers, while Case 3 simulates missing data situation.
The comparison results of these three cases can be ob-
served in Fig. 15 and Table IV.

TABLE III
EXPERIMENTAL SCHEME
Abnormal Disturbance type Description
cases
1 Line contingency  Linesis tripped from sample 50
. . Liney ¢ tripped, 30% error on

2 anlfioﬁltﬁizwy PMU measurements of G,, G3, G4

from sample 201 to 210
Line contingency Liney ¢ tripped, data loss on PMU
3 and data Toss measurements of G, G;, G4 from

sample 201 to 210

%107 ——True value + Case2 -+ Case3 —~ Case4

T 2000 FTe - -
3 0 L7 |
z —2.00 L. g i
S —4.00+ \ 1
< —6.00k ‘ N A . ‘ ]
- 10 15 20 25 30

=107

wm 4.00¢ Pl -
< 300Ff Va \ 1
3 x_ /7 \ i
. "‘ﬂg ot oegY Babp L eteg, L ee, |
5 10 15 20 25 30

Sample number

Fig. 15. Rotor speed estimation of generator G, under different

cases: above panel (state estimation results), bottom panel (state
estimation error).

In Fig. 15, the estimation lines start to exhibit more
fluctuations (from first sample) as the abnormal cases
applied, particularly for the worst case (Case 3).

TABLEIV
ROTOR SPEED RMSE OF GENERATOR G4 UNDER VARIOUS CASES
State Case No. Maximum AE  Minimum AE RMSE
2 5.961x107¢ 6.660x107 2.983x107°
Rotor . " .
speed of 3 1.669%x10 7.015%10 4.836x10
G 4 4.629x107° 4.457x10°® 1.537x1075
4
normal 3.274x107 1.188x107® 9.763x107°

Correspondingly, In Table IV, Case 3 has larger
values for estimation AE and RMSE compared with
other abnormal cases. However, regardless of the cases,
the estimation results can restore to normal state soon
after the abnormal situation ended, this is also verified
by the similar minimum AE in Table IV. These findings
validate the effectiveness of the proposed state estima-
tion method under various abnormal scenarios.

The performance of the worst case (Case 3) is
fully depicted in Fig. 16, showcasing the estimation
results at 1 s time step throughout the entire transi-
tion process (pre-contingency, during-contingency,
and post-contingency).
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Fig. 16. The 1 s prediction time step generator state estimation
under lines.¢ trip and data loss. (a) Rotor speed. (b) Power angle.
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In Fig. 16, oscillations in rotor speed and power angle
are observed starting from sample 50 when line, is
tripped, significantly affecting generator G4 due to its
closeness to line, . In Fig. 16(b), the power angle of

generator G, rises from 0.47 p.u. to 0.51 p.u. to redeem

the shortage of load power. Besides, the error dur-
ing-contingency is larger than post-contingency, which
indicates that the line trip brings difficulty to generator
state estimation, making it harder for the estimated
value (red dot curve) to track the true value (blue circle
curve).

The sampling interval is 100 ms, so 1 s prediction
time step indicates 10 samples ahead. Suppose a data
missing between samples 201 to 210, the predicted
values of samples 201 to 210 are utilized for state pre-
diction of samples 211 to 220. These predictions for
samples 201 to 210 can propagate further and impact the
prediction of samples 211 to 220, and even further to
samples 221 to 230.

To see clearly, generator G, is zoomed at the third

panel of Fig. 16(a) between samples 201 to 260 (after
data missing happened). The data loss between samples
201 to 210 leads to fluctuations at samples 211 to 220,
spreading further to samples 221 to 230. Similarly, in
the fourth panel of Fig. 16(b), the data loss causes
fluctuations on the power angle of generators G, . But

after several prediction cycles, the state estimations of
the rotor speed and power angle all return to normal.
This verifies the strong robustness of the proposed
method to line contingency and data loss.

B. Simulation Results of NPCC 48-machine System

The scalability of the proposed method is evaluated
by adopting a larger NPCC power system consisting of
48 machines, 140 buses, and 233 lines in this section,
which is extracted from Power System Toolbox [26].

A sample frequency of 120 Hz PMU (sample interval
8.3 ms) is selected to compare with referenced methods
[13], [17]. Each scenario involves a 10 s simulation
comprising 1200 PMU data points. The proposed
method is trained using the first 80 percent of the PMU

data (8 s) and tested using the remaining 20 percent (2 s).

All the methods are implemented in MATLAB on a
computer running Microsoft Windows 10 environment
equipped with Intel Core 17-8850H CPU@?2.59-GHz
Processor and 32-GB RAM. The proposed method is
compared with other methods considering two aspects: 1)
computational efficiency and accuracy; and 2) robust-
ness against uncertainties.

1) Computational Efficiency and Accuracy

The computational efficiency and accuracy of the
proposed method are tested under two scenarios: 1) nor-
mal operation state; and 2) base fault case.

a) Normal Operation State

PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 2, MARCH 2025

The estimation results of EKF, method [13], method
[17] and the proposed method under normal operation
state are presented in Fig. 17. The RMSE error of each
generator is depicted in Fig. 18. The average RMSE of 0
and o for all generators are displayed in Table V.

In Fig. 17, it can be observed that the EKF estimation
exhibits a noticeable steady-state error, while method
[17] successfully captures the true value trend. Method
[13] and the proposed approach demonstrate com-
mendable performance. Similarly, in Fig. 18, both the
proposed method and method [13] exhibit significantly
smaller RMSE errors compared to other methods. The
quantified difference in error between the proposed
approach and method [13] is presented in Table V.
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Fig. 17. State estimation of generator G2 under normal operation
state.
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Fig. 18. RMSE of all generators under normal state.

TABLE V
AVERAGE RMSE UNDER NORMAL OPERATION STATE
Average Average  Computation Time per
Error type . . .
Dryise Sruse Time (s) iteration (ms)
Proposed 4 o106 1.988x10 1.173 0.977
method
EKF 1.812x10°  2.802x107 4.142 3.451
Meﬁ’;’? M 1.449%10°  4334x10* 54.966 45.804
Methodin 3,104 1.871x10° 0.675 0.563

[17]
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In Table V, the proposed data-driven approach
achieves the smallest average RMSE values (high-
lighted) for both rotor speed and power angle estima-
tions while also being one of the fastest computation
methods available. These findings indicate that under
normal operating conditions, the proposed data-driven
approach not only matches Bayesian-derived DSE
methods in terms of accuracy but also rivals other
Al-based approaches in terms of efficiency.

b) Base Fault Case

The RMSE errors of all methods during a three-phase
fault are presented in Fig. 19 and Table VI, where the
three-phase fault is applied on bus 40 of line,,,,. The

results demonstrate that even under line contingency,
the proposed method outperforms other methods with
the smallest average RMSE as well as the second
shortest computation time, which are 1.662x107,
4.265x10~* and 0.901 ms/iteration respectively. This
indicates the effectiveness and accuracy of the proposed
method under contingency conditions.
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is applied at one bus of the branches with the highest
line flows and is cleared at both near and remote ends
after 0.05 s and 0.1 s respectively. The testing window
covers a 10 s postfault period.

3) In the system model, independent Gaussian noise
is selected for processing noise and measurement noise,
in accordance to [13].

The simulations related to the SR-UKF are as fol-
lows:

1) For SR-UKF method, it is assumed that both the
noise type and the power system parameters are accu-
rately known.

2) In the case of SR-UKF-non-Gaussian, it is as-
sumed that neither the process noise nor measurement
noise strictly adhere to a Gaussian distribution. Instead,
they follow a Gaussian mixture model with 50%
0=10"1,R=10"1 and 50% Q=10°1,R=10"1.

3) In the scenario of SR-UKF-model ambiguity, the
generator mechanical power parameter (PM) is con-
sidered ambiguous. The uncertainty range for PM is set
at 5%.

The estimation results and errors of the proposed
method and SR-UKF under uncertainties are depicted in
Fig. 20 and Fig. 21.
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Fig. 19. RMSE of all generators under line fault.

TABLE VI
AVERAGE RMSE UNDER LINE FAULT

Wy (p"-lv)

1.001F

1.001
1.000

Average Average Computation Time per

Error type 5 . iteration
Wpnise RMSE Time (s) (ms)
Proposed ) corxt0-s  4.265x10~ 1.082 0.901

method

EKF 2.132x10°  6.905x1072 4.188 3.490
Meﬁ‘;’f M 4601107 3.577x10° 53.187 44322
Methodin 6104 2.478x10 0.645 0.538

1.000

Time (s)

Fig. 20. State estimation of generator G, under uncertainties.

[17]

2) Robustness Against Uncertainties

The proposed method is compared with SR-UKF
method [13], to assess its robustness under
non-Gaussian noise and model parameter ambiguity
using a larger estimation time size. Simulation data are
generated as follows:

1) The sample frequency is 120 Hz PMU (sample
interval 8.33 ms), and the estimation time size is set to
be 8 times of sample interval, which equals 66.67 ms.

2) To generate dynamic response, a three-phase fault
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Fig. 21. RMSE of all generators under uncertainties.
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In Fig. 20, the proposed method remains unaffected
by the uncertainties due to its model independence.
However, for SR-UKF method, noticeable errors can be
observed in rotor speed when subjected to non-Gaussian
noise or model parameter ambiguity cases. In addition,
from Fig. 21, it is seen that the proposed method con-
sistently exhibits the smallest RMSE for both rotor
speed and power angle throughout most of the time.
These findings demonstrate that the proposed data
driven method possesses a high robustness against un-
certainties.

VI. CONCLUSION

To tackle the challenges of model dependency and
low robustness in generator state estimation, this paper
proposes a hierarchical data-driven dynamic state esti-
mation method based on CCNs. In the prediction layer,
the CCNs-based model accurately simulates nonlinear
state transitions and calculates priori state estimations.
To mitigate the adverse effect of uncertain situations, an
adaptive filter is introduced in the correction step. By
integrating CCNs with a prediction-correction frame-
work, this approach reduces complexity and enhances
estimation accuracy by providing initial predictions
followed by error correction using time-varying gain
coefficients. Simulation results demonstrate that the
proposed data-driven method achieves high accuracy
and computational efficiency for both small and large
power networks. Furthermore, it exhibits strong ro-
bustness against uncertainties such as abnormal meas-
urements, non-Gaussian noise types, and ambiguous
model parameters.
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