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Abstract— With the increasing penetration of distributed gen-
erators in the smart grids, having knowledge of rapid real-
time electromechanical dynamic states has become crucial to
system stability control. Conventional Supervisory Control and
Data Acquisition (SCADA)-based dynamic state estimation (DSE)
techniques are limited by the slow sampling rates, while the
emerging phasor measurement units (PMUs) technology enables
rapid real-time measurements at network nodes. Using gener-
ator bus terminal voltages, we propose a hybrid-learning DSE
(HL-DSE) algorithm to estimate the synchronous machine rotor
angle and speed in real time. The HL-DSE takes the power
system model into account and trains neuroestimators with
real-time data in an online manner. Compared with traditional
DSE methods, the HL-DSE overcomes limitations by using a
data-driven approach in conjunction with the physical power
system model. The time efficiency, accuracy, convergence, and
robustness of the proposed algorithm are tested under noises
and fault conditions in both small- and large-scale test systems.
Simulation results show that the proposed HL-DSE is much more
computationally efficient than widely used Kalman filter (KF)-
based methods while maintaining comparable accuracy and
robustness. In particular, HL-DSE is over 100 times faster than
square-root unscented KF (SR-UKF) and 80 times faster than
extended KF (EKF). The advantages and challenges of the
HL-DSE are also discussed.

Index Terms— Dynamic state estimation (DSE), hybrid learn-
ing, neural networks, phasor measurement units (PMUs),
synchronous generators.

I. INTRODUCTION

THE traditional electric power grid has been dependent
on synchronous generators. In recent years, distributed

generators (DGs), such as solar PV, wind turbines, and storage
devices, are penetrating the power grid rapidly [1]. While
providing the system with benefits of clean and inexpensive
energy, DGs also come with extra uncertainties. Having accu-
rate knowledge of system state dynamics in real time is vital
to reliable operations of the power grid [2]. Rotor angles and
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rotational frequencies of synchronous generators are the most
important variables for transient stability and control.

Traditionally, Supervisory Control and Data Acquisition
(SCADA)-based approaches are unable to capture the rapidly
changing electromechanical dynamics of the system due to the
slow sampling rate, typically 0.25–0.5 Hz. With the advent
of phasor measurement units (PMUs) in tandem with wide-
area measurement system (WAMS), high-frequency real-time
sampled synchronized measurement data from a wide area
system are available. Measurements acquired from PMUs can
be phasors of voltage, current, and power. Measurement data
are transmitted in time-stamped packets to the control center
and processed in a synchronous manner in order to avail the
dynamic states of the system. The sampling rate of PMUs
is much higher than traditional SCADA systems, normally
ranging from 30 to 120 Hz. With the faster measurements,
estimation of power systems dynamic states becomes feasible.

Dynamic state estimation (DSE) plays an important role
in achieving real-time wide-area monitoring, protection, and
control of power systems [3]. For example, the estimated sates
are used for monitoring of oscillations and tuning of power
system stabilizers to suppress any detected oscillations [4].
Using the estimated dynamic states, model-free transient sta-
bility monitoring can be achieved [5]. Besides, the estimated
dynamic states can be utilized to initiate effective generator
out-of-step protection and control generator excitation sys-
tems [6], [7]. DSE could also greatly facilitates economic
dispatch considering generator dynamics [8]–[10].

A. Literature Review

The Kalman filter (KF) is a DSE method that has been
widely used in various engineering fields, including power
engineering, transportation, and aerospace engineering. It is
a two-stage estimation process commonly used for linear
systems. In the first stage, KF predicts the state vector and
covariance matrix based on the previous estimation of system
dynamics. The prediction in the first stage is called prior
estimation. In the second stage, the prior estimation is updated
based on measurement residuals to obtain a posterior estima-
tion. The correction coefficient of the measurement residual
is the Kalman gain, which optimally minimizes estimation
covariance [11], [12].

The classic KF is fast and accurate in linear systems but
cannot be directly applied to complex nonlinear systems, such
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as power systems. To implement KF in nonlinear systems,
extended KF (EKF) methods are introduced [12], [13]. In the
prediction stage of EKF, prior estimation is built upon the
nonlinear state transition function f (·), and the covariance
matrix is estimated with Fk , the Jacobian matrix of f (·). In the
update stage, the Jacobian matrix Hk of the measurement
model h(·) is adopted. In this way, the nonlinear system state
estimation problem is transformed to a linear estimation by
linearizing the model at the estimation point. Many modifi-
cations have been introduced based on EKF to improve its
performance [14], [15].

While different versions of EKFs are capable of solving
some nonlinear DSE problems, estimation accuracy decreases
with the increase of system nonlinearity [16]. The deteriorated
accuracy is due to approximation errors between the linearized
and actual models. To address this, unscented KF (UKF) is
introduced to avoid linear approximation and improve accu-
racy on highly nonlinear systems [17], where the nonlinearity
is captured by unscented transformation (UT). UT requires
generating a set of sigma points that are symmetrically distrib-
uted near the current estimation point. Each sigma point has
weights on mean and covariance, respectively. Accordingly,
the estimated mean and covariance are the weighted average
of all sigma points. The values of sigma points are determined
by the square root of the covariance matrix, which needs to
be positive semidefinite to maintain numerical stability.

A square-root UKF (SR-UKF) method is modified from
the classic UKF with better numerical stability. It avoids the
semidefinite constraint of the covariance matrix by directly
estimating the square root of the covariance matrix for gen-
erating sigma points [18]. The simulation results show that it
has both the lowest estimation mean and standard deviations
of errors among many state-of-the-art DSE methods.

However, UKF-based methods require computational time
to generate sigma points, limiting real-time applications on
large-scale systems. The execution of DSE algorithms needs
to be faster than the sampling rate of measurements to keep
in track with the real-time system dynamics. In other words,
state estimation is time-sensitive, and hence, delays should be
minimized to obtain meaningful results.

B. Proposed Method

In recent years, with the development of machine learning
techniques, many engineering problems are seeking data-
driven approaches. Exclusively data-driven approaches may
lead to incorrect decisions as they do not incorporate useful
information from first-principle-based physical models. In con-
trast, a hybrid-learning model that combines real-time data
and physical models is a promising solution to overcoming
the limitations [19]. Therefore, this article proposes a hybrid-
learning DSE (HL-DSE) algorithm that takes into account the
power system model and estimates dynamic states in real time.

The HL-DSE algorithm proposed in this article is an
online adaptive estimation method that uses artificial neural
networks (ANNs) as the estimator. ANNs, as one of the
most advanced machine learning techniques, have been imple-
mented in different areas of power system studies, such as

Fig. 1. Overall structure of the hybrid-learning dynamic state estimator.

system stability control, fault detection, energy forecasting,
and state estimation [20]–[22]. ANNs have been shown to have
powerful universal function approximation capability, which
is much needed in power system DSE. Efficient algorithms
can be designed to untap its potential in accurately esti-
mating states of highly nonlinear systems. ANN-aided EKFs
and UKFs have been introduced [23]. Neural networks are
integrated as a part of the estimator to capture the system
nonlinearity, and the results were shown to be more accurate
and robust. However, most of them rely on off-line supervised
training to tune network parameters, which limits the applica-
tion of real-time DSE.

The HL-DSE proposed in this article considers the power
system dynamic model and measurement model and online
trains the neuroestimator to minimize the error between esti-
mated measurements and actual measurements from PMUs.
Fig. 1 depicts the proposed HL-DSE algorithm. The hybrid-
learning structure can be viewed as an autoencoder with the
decoder replaced by the physical system model. The neural
network estimator is initialized during the steady state. During
system dynamics, the neural network learns the system model
and converts the measurements to estimated states that are
then fed back to the system model to generate estimated
measurements. The losses are calculated between the actual
and estimated measurements to evaluate and update the neu-
roestimator. Compared with KF-based methods, this hybrid-
learning algorithm combines the advantages of data-driven and
model-based approaches. It is executed very fast in real time
while achieving comparable accuracy with KF-based methods
in large-scale system DSE.

The contributions of this article are threefold.
1) Neural networks are applied in a novel and critical

application in the smart grid: As the wide-area mon-
itoring system is gradually adopted, close monitoring
of generator dynamics is the key to detecting anom-
alies and instability in the smart grid. A fast online
estimation algorithm is greatly needed. To the best
of our knowledge, this is the first work that applies
neural networks to dynamically track generator states
in emergency conditions.
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2) An innovative hybrid dual-net architecture is designed
for DSE: In particular, the two networks are tailored for
the second-order power system dynamics, representing
the rotor angle and speed. The hybrid-learning struc-
ture is both data-driven and first-principle-based. The
architecture leverages real-time data and power system
domain knowledge to achieve good performance.

3) Proposed algorithm substantially improves the compu-
tational efficiency, making online estimation possible:
DSE is a time-critical application that requires fast
runtime performance corresponding to the high sampling
rate of PMU data. Using backpropagation with stochas-
tic gradient descent, the proposed HL-DSE is able to
achieve high computational efficiency while maintaining
comparable accuracy with KF-based methods.

This article is organized as follows. Section II briefly
introduces the DSE in power systems and the related
models. Section III presents the proposed HL-DSE algorithm.
In Section IV, the proposed method is tested on the WSCC
three-machine nine-bus system and the NPCC 48-machine
140-bus system. Numerical results are compared with state-
of-the-art EKF, UKF, and SR-UKF. Section V discusses chal-
lenges and future research directions. Section VI provides
concluding remarks.

II. POWER SYSTEM DYNAMIC STATE ESTIMATION

The goal of power system DSE is to estimate dynamic states
of rotor angle and speed of synchronous generators based on
the dynamic model and measurement model. The formulation
of a general nonlinear power system dynamic model is given
in the following [24]:{

xk = f (xk−1, uk)+ qk

zk = h(xk, uk)+ rk
(1)

where xk ∈ R
n is the state vector at time k that contains all

the state variables of synchronous generators, and zk ∈ R
m

is the measurement vector that contains voltage phasors from
PMUs. qk ∼ N (0, Q) is the Gaussian processing noise, and
rk ∼ N (0, R) is the Gaussian measurement noise, where
Q and R are the corresponding covariance matrices. Two
consecutive discrete time steps are denoted by k and k−1. The
nonlinear transition function of state variables is denoted by
f (·), while the measurement model is denoted by h(·) [25].
In power system DSE, the transition function is the swing
model of synchronous machines, and the measurement model
of PMUs is represented by power flow equations.

A. State Variable Transition Model

The state transition function in power system DSE is the
swing model of synchronous machines. The classic generator
model is expressed by⎧⎨

⎩
δ̇i,k = ωi,k − ω0

ω̇i,k = 1

2Hi
(Pmi,k − Pei,k )

(2)

where i is the generator index, and δ and ω represent the
machine angle and machine speed, respectively. ω0 is the rated

speed that equals 2π f0, where f0 is the rated frequency. H is
the inertia constant of the generator i , and Pm and Pe are the
mechanical power and the electric power, respectively. The
formulation of Pe is [26], [27]

Pei = E2
i Gii+

g∑
j=1
j �=i

Ei E j (Gij cos(δi−δ j )+Bij sin(δi−δ j ))

(3)

where G and B are the real and imaginary parts of the
admittance matrix of a reduced network that only has internal
generator buses. E is the generator internal voltage.

δ̇ and ω̇ in (2) represent the derivative of machine angle and
machine speed in the continuous-time domain. In the discrete-
time domain, the incremental angle and speed at each time step
are discretized as follows:{

�δi,k = �t × δ̇i,k

�ωi,k = �t × ω̇i,k .
(4)

The discretized transition function of state variables is formu-
lated in the following equation:

f (xk, uk) =
{

δi,k = δi,k−1 +�δi,k

ωi,k = ωi,k−1 +�ωi,k .
(5)

The state vector x and the input vector u are defined in
(6) and (7), where the state variables are machine angles and
speed. The inputs are mechanic power and generator internal
voltages

x = [δT ωT ]T (6)

u = [
PT

m ET ]T
. (7)

B. Measurement Model

The measurement model of voltage phasors for the mul-
timachine power system is derived from the following
equation [28]:

YexpV =
[

YGG YGL
YLG YLL

] [
E � δ
V � θ

]
=

[
IG � δ

0

]
(8)

where Yexp is the expanded system admittance matrix consist-
ing of the admittance matrix between the generators (YGG),
the admittance matrix between the generators and loads (YGL
and YLG), and the admittance matrix between the loads (YLL).
V is the expanded voltage vector, consisting of E � δ and
V � θ , which are the vectors of generator internal voltages and
bus voltages, respectively. The product of Yexp and V is the
current injection of the corresponding buses. IG � δ denotes the
generator current injection. Since the current injection of loads
is zero, the lower part of the current injection vector is zero,
and the upper part is the generator current injection. Expanding
(8), the relation between the generator internal voltages and
bus voltages is expressed by

V � θ = (−YLL)−1YLG E � δ = Rv E � δ (9)

where the Rv matrix is the voltage reconstruction matrix,
derived from YLL and YLG.
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Note that the measured voltages are phasors with real and
imaginary parts. Relating to (1), the measurement vector z
consists of two parts as follows:

z = [
V T

re V T
imag

]T
. (10)

III. HYBRID-LEARNING DYNAMIC STATE ESTIMATION

In this section, the HL-DSE algorithm is proposed. This
HL-DSE method incorporates the power system dynamic
model into the data-driven neural network to mimic the
dynamic responses of a power system and estimate the states
during system transients. This is an online algorithm that can
be used in real time with very fast execution time while
achieving accurate estimates of system states.

A. Neural Network Structure

Neural networks have been widely known for its universal
function approximation capability. This article uses three-
layer feedforward neural networks containing the input layer,
the hidden layer, and the output layer. This structure is selected
due to its computational simplicity and fast runtime perfor-
mance, which meets the time-critical requirement of DSE.

In the proposed HL-DSE, the inputs are machine terminal
voltage phasors measured by PMUs. The hidden layer extracts
additional information from the inputs. The output layer has
the same dimension with the training target, and the error
can be calculated from a specified loss function. The design
of the loss function is mostly related to the learning task.
For instance, the loss function for classification problems is
the cross entropy, while the loss function for regression is
the 2-norm distance [29]. In the context of DSE, the outputs
are specifically designed in a way to mimic power system
dynamics, which is detailed in III-B.

The training of an ANN involves updating weights and
biases by backpropagating the error from the loss function.
The backpropagation algorithm is commonly used for off-line
training in conjunction with gradient descent. This is also
called batch training, and the weights are updated in an off-line
manner using the batch gradient. Nevertheless, in our applica-
tion, backpropagation is used with stochastic gradient descent,
which trains the neural network in an online manner. At each
time step, the loss is calculated based on the measurement
received. Then, the loss is backpropagated, and the weights
are updated. This process is repeated sequentially for every
new data point. The backpropagation with stochastic gradient
descent is introduced in [30] and [31]. The proposed HL-DSE
algorithm using this technique is suitable for real-time state
estimation.

B. HL-DSE Architecture

In the proposed HL-DSE, we specifically designed a dual-
neural-net architecture to complete the task of DSE. The
design is inspired by the observation that only one system state
δ is reflected in the measurement model in (9), while the other
state ω is only linked to δ without entering the measurement
model. The proposed dual neural nets can effectively capture
the unique system dynamics.

Fig. 2. HL-DSE architecture.

Fig. 2 shows the hybrid-learning architecture of the coor-
dination between the neural nets and system models. Solid
lines indicate feedforward paths, and dashed lines indicate
backpropagation paths. δ and ω are estimated by two neural
nets. Specifically, NN1 is intended to learn the measurement
model h(·) and estimate δ, while NN2 is to learn the dynamic
model f (·) and estimate ω.

Note that the hybrid dual-net architecture represents pre-
diction and estimation, which appropriately mimics power
system dynamics. The observed voltage measurements serve
as inputs to both neural nets. NN1 predicts δ at time k + 1,
while NN2 estimates ω at time k. The objective for NN1
is straightforward, minimizing the difference between the
predicted and actual terminal voltages

Min Loss1 = 1

2

n∑
i=1

(V̂i,k+1 − Vi,k+1)
2. (11)

The resulting δ̂k+1 from NN1 can be viewed as the posterior
estimate of machine angles.

To evaluate the effectiveness of the second neural net NN2,
we derive prior estimate of δ̂�k+1 from the estimated ω̂k in the
dynamic model f (·) and then compare the difference between
posterior estimate δ̂k+1 and prior estimate δ̂�k+1. Therefore,
NN2 has the following objective:

Min Loss2 = 1

2

n∑
i=1

(
δ̂�k+1 − δ̂k+1

)2
. (12)

By implementing this architecture, the posterior estimate δ̂
is able to converge to the real δ iteratively by minimizing mea-
surement differences. At the same time, ω̂ is able to converge
as well, as any deviations from real wk would increase the loss
function between prior δ̂�k+1 and posterior δ̂k+1. The gradients
of the two estimators are⎧⎪⎪⎪⎨

⎪⎪⎪⎩
∇ δ̂k+1 = ∂Loss1

∂ V̂k+1

∂ V̂k+1

∂δ̂k+1

∇ω̂k = ∂Loss2

∂δ̂�k+1

∂δ̂�k+1

∂ω̂k
.

(13)

The detailed HL-DSE is given in Algorithm 1, where
Winit and binit are the initial NN parameters, continuously
trained in the steady state. NN(·) represents the feedforward of
the estimator. BP(·) represents the backpropagation of the NN.
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Algorithm 1 HL-DSE

begin
note: inputs and outputs are in vector form
INITIALIZATION
WN N1 , bN N1 ←− W1,init

WN N2 , bN N2 ←− W2,init

δ̂1 = δ1
ω̂1 = ω1
while k >= 1 do

STEP-1 (ESTIMATE STATES)
δ̂k+1 = N N1(Vk)

ω̂k = N N2(Vk, δ̂k)
STEP-2 (PREDICT NEXT STATES)

δ̂�k+1 = f (δ̂k, ω̂k)

STEP-3 (ESTIMATE MEASUREMENT)
V̂k+1 = h(δ̂k+1)

STEP-4 (CALCULATE LOSSES)
loss1 = 1

2

∑n
i=1(V̂i,k+1 − Vi,k+1)

2

loss2 = 1
2

∑n
i=1(δ̂

�
k+1 − δ̂k+1)

2

STEP-5 (CALCULATE GRADIENTS)
∇ δ̂k+1 = B P(loss1)
∇ω̂k = B P(loss2)

STEP-6 (UPDATE NERUAL NETWORK)
WN N1 = WN N1 − η1 × ∇WN N1

WN N2 = WN N2 − η2 × ∇WN N2

bN N1 = bN N1 − η1 × ∇bN N1

bN N2 = bN N2 − η2 × ∇bN N2

k←− k + 1

η is the learning rate. The estimation at each time step contains
multiple steps: estimate the states based on measurements, pre-
dict the next step machine angle and estimated measurements,
calculate losses and gradients, and update the neural network
estimator.

C. Neural Network Initialization

The initialization of the neural network is completed in the
steady state before the fault transients. To further illustrate the
initialization process, an example is given in Fig. 3, which
shows a typical time-domain rotor speed curve in two phases.
Phase I (0–5 s) is the steady-state phase, where the electric
torque equals to the mechanic torque. As a result, the states
of generators and the PMU measurements are constant. In this
phase, the neural networks are first randomly initialized and
continuously trained using the steady-state PMU measure-
ments. The neural networks are able to quickly converge to
the steady state, and hence, the initialization is considered as
complete. Phase II (5–10 s) is the dynamic phase, where the
HL-DSE is deployed to track the changing rotor angle and
speed. The weights and biases obtained in Phase I are used as
initial values for the neural network in Phase II.

D. Adaptive Learning Rate

Due to the nonlinearity and time-variant system dynamics,
a fixed learning rate may not best suit the neural networks.

Fig. 3. Typical rotor speed before and after fault.

Therefore, an adaptive learning rate at different period of
estimation is proposed to enhance the robustness of the
neuroestimator. When the system enters into a dynamic state,
the estimation error is at the peak, and the network needs to be
adjusted with large steps. Therefore, the learning rate should
be relatively high. After the network is approximating the
system dynamics, large updating steps will introduce overshoot
and oscillation to the output; hence, the learning rate should
be relatively lower. We implement the sigmoid function-based
adaptive learning rate method. The calculation of learning rate
is formulated in the following equation:

ηk = (ηinit − ηmin)× 1

1+ ek−Tset
+ ηmin (14)

where ηk is the learning rate at a time step k. ηinit is the initial
learning rate that satisfies the fast updating of NN to catch
up with the system dynamics. ηmin is the minimum learning
rate that keeps the network stable. Tset is the time when the
estimator starts tracking system dynamics.

In this way, the learning rate is large enough at the beginning
period of DSE without too much decaying and small enough
to keep the network stable without becoming idle.

IV. SIMULATION RESULTS

The proposed HL-DSE algorithm is tested and compared
with EKF, UKF, and SR-UKF methods in the case studies.
Comprehensive performance comparison on accuracy and time
efficiency is conducted on both small- and large-system test
cases. The small-system test is performed on the WSCC
three-machine nine-bus system, and the large-system test is
performed on the NPCC 48-machine 140-bus system [32].

Note that in reality, the DSE is done in a control room,
as shown in Fig. 4. Generator terminal voltages are sampled
by PMUs and sent back with timestamps. In the control room,
an energy management system (EMS) calls the DSE function
to estimate generator states, including frequencies and angles,
which are inputs to other EMS functions for control. The
estimation time is critical since any unstable generator states
should be identified as early as possible for system operators to
take control actions to prevent system collapse. Considering
communication latency and control room operating latency,
at the minimum, the average execution time must be lower than
8.33 ms, which is the sampling interval of 120-Hz PMU [33].
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Fig. 4. Architecture of real-time implementation of DSE algorithms.

Fig. 5. Flowchart of HL-DSE algorithm and simulation.

To mimic the real-world implementation, we construct a
real-time simulation structure, as shown in Fig. 5. The test
data set is generated from PST, a MATLAB-based package that
simulates power system fault transient [34]. Different scenarios
are generated by setting the fault starting time, clearing time,
fault impedance, and bad data ratios. Each scenario contains
a 10-s simulated PMU data stream with 1200 data points.
The PMU data are fed into the HL-DSE algorithm, and the
execution time is counted for all 1200 steps. Both HL-DSE and
the KF-based algorithms are implemented in MATLAB 2018a
under the Microsoft Windows 10 environment on a com-
puter with Intel Core i5-6400 CPU@2.70-GHz Processor and
8-GB RAM.

A. Settings

The simulation data are generated as follows.
1) The simulation step size and the sampling rate of PMUs

are set to 120 Hz.
2) Three-phase faults are tested. Six scenarios are tested in

the WSCC system, and 50 scenarios are tested on NPCC
system. The fault of each scenario is a nongenerator-
tripping fault [18]. The fault lines are selected based on
the steady-state power flow.

3) The fault lasted for 0.0333 s (two cycles) before it
is cleared at the near-end bus. The far-end-bus opens
0.075 s (4.5 cycles) after the fault happened.

4) The testing window is a 10-s postfault period.

Fig. 6. Topology of the WSCC three-machine nine-bus system.

5) The processing noise and measurement noise are the
independent Gaussian noise.

6) The initial values of the state vector in EKF, UKF, and
SR-UKF are the steady states. The initial neural network
parameters are online trained from the steady states.

7) The adaptive learning rate for the WSCC test system
is designed as follows: ηinit = 0.045 and ηmin = 0.01.
For the NPCC system where the fault has less impact
on the larger system, the learning rate can be set to a
constant, η = 0.03. The values are selected based on the
randomly generated training data set. A good range of
learning rates can be found at 10−2 level.

8) The input layer size and output layer size are related to
the dimension of measurements and states, respectively.
The number of neurons in the hidden layer is set to three
times of machine number to satisfy the approximation
complexity. Hence, for the WSCC system, the neural
nets have six input neurons, nine hidden neurons, and
three output neurons. For the NPCC system, the neural
nets have 96 input neurons, 144 hidden neurons, and
48 output neurons.

9) The error index that quantitatively assesses the estima-
tion accuracy is a root-mean-squared error (RMSE)

ex =
S∑

j=1

√∑g
i=1

∑Ts
t=1(x̂i,t − xi,t )2

gTs
(15)

where g is the number of generators, Ts is the number of
time steps, and S is the number of scenarios. x̂i,t and xi,t

are the estimated state and the actual state of generator i
at time step t , respectively [18].

B. WSCC Three-Machine System

The WSCC three-machine nine-bus system topology is
shown in Fig. 6. The selected fault lines are nongenerator-
tripping lines, representing six scenarios in Table I, where the
state-steady lines flow and losses are also shown.

1) Computational Efficiency and Accuracy: The perfor-
mance of the four methods is listed in Table II, including
average error indices for generator angle and speed, as well
as average time consumption of all six scenarios. It is shown
that in this small system, HL-DSE has comparable accuracy
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TABLE I

SIX FAULT SCENARIOS

TABLE II

SUMMARY OF ESTIMATION PERFORMANCE

Fig. 7. Convergence of the loss in the steady state for the WSCC system.

TABLE III

ITERATIONS TO CONVERGENCE IN WSCC SYSTEM CASE STUDY

with the other three methods, with slightly higher eδ and lower
eω. In terms of time consumption, HL-DSE and EKF are over
ten times faster than UKF and SR-UKF. Obviously, HL-DSE
is the most time-efficient algorithm in this small test case.

2) Convergence: The convergence is examined for both the
steady-state phase and the dynamic phase. The loss tolerance
is set at 10−3. The dual neural networks are initialized and
online trained to the steady-state values. For the steady state,
the losses of the four estimators are compared for the first
120 iterations (see Fig. 7). For the dynamic state, the average
convergence time is calculated for all six scenarios. The results
are summarized in Table III.

One can see that HL-DSE yields the fastest convergence.
In the steady state, HL-DSE and EKF are the two fastest
algorithms to converge, taking 42 and 60 iterations, respec-
tively, while UKF and SR-UKF take much longer to converge
(i.e., 261 and 281 iterations).

In the dynamic state, Fig. 8 shows an example of the
estimation trajectory. The fault is on line 2 from bus 7 to
bus 8. The estimation trajectory shows consistent results with

TABLE IV

ESTIMATION PERFORMANCE—THE BASE FAULT

Table II, where HL-DSE has competitive results on angle
estimation while outperforming EKF and UKF on speed esti-
mation. For the convergence, on average, HL-DSE converges
at 35 iterations, while SR-UKF follows at 42 iterations.

Note that in this small system, the execution time of EKF,
UKF, and SR-UKF is within a 10-s testing window, indicating
the feasibility for online estimation. HL-DSE is the most time-
efficient algorithm, and this advantage will be more significant
in the larger system as seen in Section IV-C.

C. NPCC 48-Machine System

The NPCC 48-machine 140-bus system is shown in Fig. 9.
The total number of lines is 233, and 50 lines with the largest
line flow without system oscillations are selected in fault
scenarios.

1) Computational Efficiency and Accuracy: Three fault
cases are considered: 1) the base fault case with settings in
Section IV-A; 2) faults with nonzero impedance; and 3) faults
with delayed clearing time. The UKF method failed this test
due to a positive semidefiniteness of P in the iteration. EKF
and SR-UKF are the baseline methods.

a) Base fault case: Performance of estimation accuracy
and time consumption are shown in Table IV. In terms of
estimation accuracy, HL-DSE is the second accurate method
on δ and the most accurate method of ω. In terms of time
consumption, HL-DSE is the fastest method, over 100 times
faster than SR-UKF and 80 times faster than EKF. Note that
the average time consumption per iteration of SR-UKF is
larger than 8.33 ms, making the online application question-
able. EKF is sufficiently fast but with unsatisfactory accuracy.
The HL-DSE algorithm yields competitive accuracy with the
least time consumption, which is suitable for real-time DSE.

The estimation trajectories of machine 3 and machine 7 are
shown in Fig. 10, which indicates the same results with the
above-mentioned numerical comparison.

b) Faults with nonzero impedance: The fault impedance
is set at 0.5 (per unit), and the estimation performances are
compared in Table V. The observations from base fault scenar-
ios remain the same. HL-DSE is the second accurate method
at δ and the most accurate method in ω. The computational
efficiency of HL-DSE is again noteworthy. HL-DSE consumes
less than 1% of the time used by SR-UKF. It is approximately
eight times faster than the EKF.

c) Faults with delayed clearing time: Normally, the fault
clearing time of protecting relays is around two cycles
(0.0333 s). Delayed clearing time would lead to large state
oscillations and make it more difficult to track generator states.
To compare the performance of this severe scenario, the fault
clearing time is doubled to 0.0666 s.
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Fig. 8. Estimation trajectory of scenario 2 in the WSCC test.

TABLE V

ESTIMATION PERFORMANCE—NONZERO IMPEDANCE

Fig. 9. Map of the NPCC 48-machine 140-bus system.

TABLE VI

ESTIMATION PERFORMANCE—DELAYED CLEARING TIME

We summarize the results for all converged scenarios, and
results are shown in Table VI. The results reflect the same
conclusion as in the other test cases, where HL-DSE achieves
good accuracy using much less time. Here, we notice that
there is one nonconverging scenario for HL-DSE, while EKF
has six nonconverging scenarios, and SR-UKF has none. This
indicates that HL-DSE may be less robust in extreme cases.
More will be discussed in Section IV-C3 on the robustness
test.

Fig. 10. Machines 3 and 10 estimation trajectory.

d) Machinewise comparison: With a large number of
generators and the long distances between them, the estimation
accuracy in the NPCC system differs from the generator to
generator. Therefore, it is important to have a stable estimation
among all machines. The average machinewise error index
is shown in Fig. 11. The standard deviation of machinewise
estimation errors is given in Table VII to compare their
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Fig. 11. Machinewise error.

TABLE VII

STANDARD DEVIATION OF MACHINEWISE ERROR

Fig. 12. Loss convergence in the steady state for the NPCC system.

TABLE VIII

ITERATIONS TO CONVERGENCE IN NPCC SYSTEM CASE STUDY

estimation stability. It can be seen that HL-DSE results in the
lowest standard deviations in both angle and speed across all
machines. Therefore, HL-DSE can be considered as the most
stable and consistent method compared to the other three.

2) Convergence: The convergence for the three methods
is compared for the steady and dynamic states. The first
120 iterations in the steady state are shown in Fig. 12. For
the dynamic state, the required iterations are averaged across
all 50 scenarios. The results are reported in Table VIII.

Consistently, HL-DSE converges fastest to the steady
states. With a tolerance level at 10−3, HL-DSE converges
at 25 iterations, while EKF converges at 63 iterations and
SR-UKF at 374 iterations.

For the dynamic state, Fig. 10 shows an example. One
can see that HL-DSE again converges very fast to the true
states. Specifically, HL-DSE converges at 225 iterations, while
SR-UKF converges at 364 iterations.

TABLE IX

SUMMARY OF ROBUSTNESS TEST PERFORMANCE (100 REPETITIONS)

TABLE X

PERFORMANCE UNDER FAULTED PMU DATA

3) Robustness: Three cases are tested: 1) robustness against
random noises; 2) robustness against faulted PMU data; and
3) robustness against model uncertainty.

a) Robustness against random noises: Due to random-
ization and model noises, the estimation performance would
be different in a series of simulations. To test the robust-
ness of all methods, we perform DSE on one scenario for
100 repetitions and calculate the average error index as well
as the standard deviation. The result is given in Table IX.
In the robustness test, EKF is doubtless the least accurate,
the least robust method as having the highest average error and
highest deviation. For the comparison between SR-UKF and
HL-DSE, SR-UKF is 6% more accurate on δ, and HL-DSE
is 53.97% more accurate on ω, while HL-DSE has lower
standard deviation than SR-UKF on both states.

b) Robustness against faulted PMU data: PMU data can
be faulted due to communication issues. To test the robustness
under this scenario, we randomly select 50 measurements and
double the magnitude to simulate a large deviation from the
true values. The results are shown in Table X. Note that
HL-DSE has one nonconverging scenario, while EKF has
four nonconverging scenarios, and SR-UKF has none. For
all converged scenarios, HL-DSE is still the second accurate
method in δ while performing slightly better than SR-UKF
in ω. This again indicates that the robustness of HL-DSE lies
between EKF and SR-UKF.

c) Robustness against model uncertainty: We have
adopted the classical model from (2) and (3) in our
testing so far. Synchronous machine models have been
studied extensively, and the IEEE recommends to use
1.1 or 2.2 models [35]. It is necessary to use high fidelity
models to obtain close proximity to the real world. Therefore,
a robustness test against model uncertainty is critically needed.

Assume that the synchronous machines are represented
using the IEEE 1.1 or 2.2 models, but the system operators do
not have exact parameters and model information of the true
system. Indeed, model validation and parameter calibration of
synchronous machines present challenges and require intensive
labor and testing [36]. Thus, we study the impact of model
uncertainty using the IEEE 1.1 and 2.2 models for simulated
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TABLE XI

PERFORMANCE UNDER MODEL UNCERTAINTIES

Fig. 13. Comparison of machinewise error index under the IEEE 1.1 model.

data, which are then fed into the proposed HL-DSE as well
as the KF-based methods.

During the testing, it is found that under the 1.1 model,
HL-DSE and EKF have five nonconverging cases, while
SR-UKF has 11; under the 2.2 model, HL-DSE has five
nonconverging cases, EKF has 27, and SR-UKF has 23. It is
observed that the convergence performance is deteriorated
under model uncertainties. Nevertheless, HL-DSE maintains
relatively high robustness in terms of convergence compared
with the KF-based methods.

Table XI summarizes the estimation results for all converg-
ing cases under the IEEE 1.1 and 2.2 models. Comparing
the results with the previous testing, one can see that the
estimation errors are increased due to inconsistent models
for simulation and estimation. The overall performance of
HL-DSE is still better than that from EKF and SR-UKF. This
robustness of HL-DSE is attributed to the leverage of real-time
data correlations to compensate for model uncertainties.

Fig. 13 depicts the averaged errors for all 48 machines
under the IEEE 1.1 model. One can see that the errors from
the HL-DSE are the lowest for most synchronous machines.
Therefore, the proposed HL-DSE appears more robust to
model inconsistency than KF-based methods.

d) Note on nonconverging cases: It is noteworthy that in
the robustness tests, all three algorithms experience noncon-
vergence to some extent. Hence, it is necessary to establish
backup solutions to mitigate nonconvergence. For example,
abnormality detection can be added to HL-DSE by comparing
consecutive measurement estimation errors. If the errors are
trending higher, early stopping criteria with a minimum learn-
ing rate can be deployed. Alternatively, a baseline model that
is less accurate but with better convergence could be explored.

V. DISCUSSION

This work is among the first few applying neuroadaptive
hybrid learning to estimate power system dynamic states.

It is aimed to pave the way for the machine learning to be
applied in wide-area monitoring systems in the smart grid.

The dual-net hybrid-learning algorithm maintains a good
balance between computational efficiency, accuracy, conver-
gence, and robustness. The significantly improved computa-
tional time makes it feasible to estimate generator states in
real time. We also notice that the proposed HL-DSE is robust
against random noises but needs improvement in extreme
cases. This could be potentially addressed by better tuning
the learning rates and neural network sizes using more extreme
training data set. To improve the estimation performance under
IEEE recommended models, the future work will be focused
on expanding the neural network architecture and input–output
dimensions so that higher-fidelity models could be integrated.

Following this preliminary work, we also intend to explore
deep learning and reinforcement learning to enhance esti-
mation accuracy and computational efficiency. For example,
a three-layer feedforward neural network configuration is
used due to its computational efficiency for the time-critical
application. In our future work, we intend to explore deep
neural networks and investigate the tradeoff between estima-
tion accuracy and computational efficiency. Another direction
is reinforcement learning. Instead of taking historical measure-
ment sequentially, the HL-DSE could take current observations
and random selections of historical observations, as introduced
in [37], to enhance the learning capability.

VI. CONCLUSION

Power system DSE is enabled by emerging PMU tech-
nology. The estimates of generator dynamic states provide
essential information for online mitigation of faults and errors.
In this article, an HL-DSE is proposed and compared with
three widely accepted KF-based DSE methods in both the
small WSCC and large NPCC systems. The simulation results
show that HL-DSE achieves comparable accuracy in the small
system while outperforms KF-based methods in the large
system. The advantage of extremely fast execution time makes
it desirable for online use. The proposed HL-DSE method is
the first implementation of the adaptive neural network into
power system DSE. For future work, we seek to improve the
robustness of the algorithm. Deep learning and reinforcement
learning will also be explored.
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