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Abstract— This paper introduces a novel approach for de-
signing dynamic state estimators for electric power systems
based on observer theory. The proposed method integrates
deep learning techniques to bypass the analytical computa-
tion of Jacobian matrices and their inverses, which becomes
particularly intractable in the presence of highly nonlinear
output functions. An autoencoder-based architecture is em-
ployed to simultaneously learn the coordinate transformation
and perform state reconstruction. Consequently, a new class
of discrete-time high-gain observers is developed, offering a
flexible and computationally efficient framework for dynamic
state estimation in electric power systems.

I. INTRODUCTION

Modern power systems are undergoing rapid evolution,
driven by the large-scale integration of renewable energy
sources, the development of microgrids, and increasing load
variability. This paradigm shift renders the long-standing
quasi-steady-state operating assumption obsolete for power
system analysis and supervision. In this context, traditional
Supervision Control and Data Acquisition (SCADA) systems
reach their limits due to their low data acquisition rates and
lack of time synchronization [1].

The advent of Phasor Measurement Units (PMUs) has
overcome these limitations by providing synchronized, high-
frequency measurements. This technological advancement
has fostered the development of Dynamic State Estimation
(DSE), which has become a central tool for real-time analysis
and monitoring of power networks. Among existing methods,
Kalman filter–based approaches and their variants have dom-
inated both the literature and industrial applications, owing
to their maturity and proven effectiveness [2].

Nevertheless, nonlinear observers constitute a promising
alternative, particularly when the system exhibits strong
nonlinearities a situation frequently encountered in power
systems. Several classes of observers, including H∞ ob-
servers [2], [3], sliding-mode observers [1], Gain-Scheduled
Nonlinear Observer [4], and unknown-input observer [5],
have demonstrated their relevance in DSE applications. More
recently, continuous–discrete high-gain observers have been
successfully applied in [6], showing exponential convergence
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of the estimation error and strong robustness with respect to
disturbances and measurement noise.

Despite these advances, one of the main scientific bottle-
necks limiting the large-scale adoption of nonlinear observers
for dynamic state estimation in power networks lies in
the need to analytically compute Jacobian matrices and
their inverses, which often arise during the observer design
process. This task becomes particularly challenging when the
output expression is highly nonlinear, as in the case of active
or reactive power derived from a fourth-order synchronous
generator model.

In this context, Péralez and Nadri recently proposed in [7],
[8] the use of deep neural networks to numerically approx-
imate coordinate transformations in the design of KKL
(Kazantzis-Kravaris-Luenberger) observers, thereby avoiding
analytically intensive and complex computations. Inspired by
these works, the present paper proposes a hybrid approach
combining a discrete high-gain observer with deep learning
techniques for dynamic state estimation in power systems
with highly nonlinear outputs. This contribution extends
our previous work presented in [6], in which the Jacobian
structure was sufficiently simple to allow direct analytical
computation. Here, the use of active power as the measured
output leads to a significantly more complex Jacobian, mak-
ing its analytical derivation difficult, if not impractical.

Accordingly, the main contributions of this paper are sum-
marized as follows: (1) The development of a hybrid archi-
tecture combining a high-gain observer and neural networks
for dynamic state estimation in power systems, tailored
to sampled PMU measurements; (2) The formulation of a
simplified observer design methodology that enables learning
Jacobian transformations and their inverses—an essential
step in high-gain observer synthesis thereby circumventing
the complexity of analytical computations; (3) The validation
of the proposed approach on a fourth-order synchronous
generator model connected to an infinite bus, using active
power as the measured output, along with an assessment of
robustness to measurement noise.

The remainder of this paper is organized as follows.
Section II presents the studied model and its generalization.
Section III details the neural-network-based high-gain ob-
server design methodology. Section IV provides simulation
results. Finally, Section V concludes the paper and outlines
future research directions.



II. STUDIED MODEL AND GENERALIZATION

As in [6], we consider an observer designed to estimate
the states of a fourth-order synchronous generator model
connected to an infinite bus, where the measured output cor-
responds to the active power. The studied model is expressed
as follows:
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ẋ3 =

1
T ′

do

[
E f d − x3 − (xd − x′d)

x3−Vt cos(x1)
x′d

]
,
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The state and input vectors are defined as:

x =


δ

∆ω

e′q
e′d

=


x1
x2
x3
x4

 , u =

 Vt
Tm
E f d

=

u1
u2
u3
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where δ is the rotor angle of the generator,∆ω is the
rotor speed deviation,ω0 = 2π f0 is the synchronous speed
of the rotor, e′q and e′d are the transient voltages along the
q and d axes,Te is the electromagnetic torque (or electrical
output power),Tm is the mechanical torque applied to the
generator,E f d is the internal excitation voltage,D is the damp-
ing coefficient, xd and xq are the synchronous reactances
along the d and q axes, J is the rotor inertia constant, x′d and
x′q are the transient reactances along the d and q axes (in per
unit),T ′

do and T ′
qo are the open-circuit time constants.

A. Problem Formulation
We rewrite relation (1) in a general form:{

ẋ = f (x,u),
y = h(x),

(3)

where x ∈ Rdx denotes the state to be estimated, y ∈ Rdy

is the measured output, and u ∈ Rdu is a known control
input. Although the functions f and h are assumed to be
unknown during online operation (data-driven approach), this
paper relies on their mathematical models defined in (1)
to generate, offline, training data in the form of batches
of output trajectories Y1:K , as well as the associated state
trajectories X1:K , sampled with a time step µk. It is worth
noting that such data could also be obtained from real
measurements. Moreover, it should be emphasized that the
functions f and h are not directly used within the observer
architecture.

The objective is to design a discrete high-gain observer
capable of reconstructing the system state x in (3) without
explicitly computing the Jacobian matrix or its inverse during
the design phase.

III. DESIGN OF THE HIGH-GAIN OBSERVER BASED
NEURAL-NETWORK

The first step in the observer design consists of performing
a change of variables that maps the original state-space
model into a new coordinate system. Starting from model (3),
we consider the following coordinate transformation:

ξ̇1(t) = ξ2(t),
ξ̇2(t) = ξ3(t),
...
ξ̇n−1(t) = ξn(t),
ξ̇n(t) = f̃ (ξ ,u, u̇, . . . ,u(n−r)),

y(t) = ξ1(t),

(4)

where r denotes the relative degree of the system.
In this new coordinate system, the state-space model can

be expressed compactly as follows:{
ξ̇ (t) = Aξ (t)+B f̃ (ξ ,u, u̇, . . . ,u(n−r)),

y(t) =Cξ (t),
(5)

where the matrices A, B, and C are defined as

A=


0 1 0 · · · 0
0 0 1 · · · 0
...

...
...

. . .
...

0 0 0 · · · 1
0 0 0 · · · 0

 , B=


0
...
0
1

 , C =
[
1 0 · · · 0

]

.

A. Continuous High-Gain Observer

Since the system states remain bounded, the estimated
states x̂ are also bounded. Consequently, the nonlinear func-
tion f can be regarded as a bounded perturbation. It follows
that the estimation error converges to a bounded ball, whose
radius can be reduced by increasing the parameter θ . In this
context, Hassan Khalil showed in [10] that the high-gain
observer suited to systems of the form (5) can be simplified
as follows.ż(t) = Az(t)−θ∆−1L

(
z1(t)− y(t)

)
,

˙̂x(t) = M−1ż(t),
(6)

where z denotes an estimate of ξ , L is the observer gain
chosen such that Ã = A−LC is Hurwitz, and M denotes the
Jacobian matrix of the coordinate transformation. The scaling
matrix ∆ is defined as ∆ = diag

(
In, θ In, . . . , θ dz−1In

)
with

θ ≥ 1, a design parameter that determines the convergence
speed of the observer. It guarantees the convergence of the
error within a bound of order 1/θ .

B. Discrete High-Gain Observer

Given the discrete nature of the data obtained from
PMUs and the use of neural networks for observer de-
sign, system (3) is discretized using the Euler method in
order to obtain a formulation compatible with the estima-
tion approach. Let µ denote the sampling time. The Euler



method allows one to approximate the continuous dynamics
ẋ(t) = f (x(t),u(t)) according to the following discretization
scheme:

xk+1 = xk +µ f (xk,uk)

We thus obtain the following discrete-time model:{
xk+1 = g(xk,uk),

yk = h(xk),
(7)

where k ∈ N denotes the discrete-time index.
The observer best suited to the system described by (7) is

obtained by applying Euler discretization to the continuous-
time observer given in (6). This leads to the following
discrete-time high-gain observer:{

zk+1 = Āzk + B̄yk,

x̂k = T−1(zk),
(8)

where Ā = I +µ
(
A−θ∆−1LC

)
, B̄ = µθ∆−1L.

Here, I ∈ Rdz×dz denotes the identity matrix, T−1 repre-
sents the inverse coordinate transformation mapping zk to the
estimated state x̂k, and µ denotes the sampling period.

The structure of relation (8) allows us to draw inspiration
from the recent works of Péralez and Nadri [7], [8] to design
a discrete high-gain observer based on deep learning using
neural networks.

C. Design of the Discrete High-Gain Observer Based on
Deep Learning

The chosen neural network architecture is that of an
autoencoder. The encoder performs the coordinate trans-
formation from the state-space model to the latent space,
while the associated decoder ensures the reconstruction of
the states. However, this reconstruction relies on a switching
strategy between two types of observers, both based on
model (8), in order to balance measurement noise robustness
with convergence speed.

1) Coordinate Transformation: The coordinate transfor-
mation consists of identifying the mapping T that allows
transitioning from the state-space model to a latent space
consistent with the observer dynamics. Consequently, the
desired latent space, defined as z = T (x), must satisfy the
observer dynamics given by equation (8). The following loss
function is introduced to enforce this constraint on the model:

Ldyn = ∥T (xk+1)− zk+1∥, (9)

2) State Reconstruction: This step consists of iden-
tifying the transformation T−1 that maps the latent
space—constrained to follow the observer dynamics—back
to the estimated state space. This transformation ensures
reconstruction of the original states by learning the inverse
of the Jacobian matrix. Following the approaches proposed
in [7], [8], we adopt a multi-observer strategy based on a
switching principle to learn this transformation. The associ-
ated reconstruction loss is then expressed as:

Lrecon = ∥xk −T−1(zk)∥, (10)

where ∥ · ∥ denotes the Mean Squared Error (MSE).
Thus, combining the two loss terms Ldyn and Lrecon enables

the model to simultaneously learn a linear representation of
the system dynamics and an accurate reconstruction of the
original state.

3) Learning Method for T−1: The learning of this trans-
formation, which avoids the explicit computation of the
often complex inverse of the Jacobian matrix, is based on
the multi-observer principle. It combines the advantages of
a transient observer and an asymptotic observer through
a switching approach. The strategy consists of identifying
an optimal transition between these two methods based on
their observed performance. A switching variable m ∈ {1,2}
then leads to the following computational structure of the
observer, applied to a sequence of observations Yk:

z0 = Γ
(m), (11)

zk+1 = Āzk + B̄yk, (12)

x̂k = ψ
(m)(zk) (13)

The functions Γ(m) and ψ(m) depend on the desired system
behavior: asymptotic for m = 1 and transient for m = 2.
The function Γ(m) represents an initialization function for
the latent state, defined based on the information available
at the time of initialization.

a) Asymptotic Observer: The structure of this observer
is shown in Figure 1. The latent space is initialized according
to

z0 = Γ
(1) ≜ T (x0)

so that the dynamics associated with Ā do not need to
be particularly fast. During execution, at time k, the latent
state can be re-initialized from the estimate provided by the
transient observer. The transformation ψ(1), responsible for
reconstructing the original state x, is defined as the inverse
transformation, i.e.,

ψ
(1) ≡ T−1.

Fig. 1: Structure of the Asymptotic Observer in [8]

The complete asymptotic model is trained end-to-end by
jointly optimizing the two components {T,T−1}, while the
matrix Ā(1) is considered constant during training.



b) Transient Observer: To improve the transient behav-
ior of the observer, the variable z is initialized as close as
possible to T (x0) by exploiting the information available at
runtime. To this end, the measured output y0 is encoded into
the latent space through a parametrized function Γα , such
that

z0 = Γ
(2) ≜ Γα(y0).

The transient variant also learns an extension ψ(2) ≜ T ∗,
which is intended to mitigate the peaking phenomenon
resulting from the fact that z is initialized solely from the
measurement y0.

The complete transient model is trained end-to-end by
jointly optimizing the components {Γ(2),T ∗}.

The selected neural network architecture is designed to
learn the transformation T ∗ : Z → X such that

T ∗(z) = T−1(z), ∀z ∈ Z ∩T (χ).

As in the case of the asymptotic observer, the matrix Ā
is assumed to be constant, since it is fixed by the observer
design and is not learned. It is identical to the one used for
the asymptotic observer.

The architecture of the transient observer is illustrated in
Fig. 2.

Fig. 2: Structure of the Transient Observer in [8]

4) Switching Approach: The switching between the tran-
sient observer and the asymptotic observer is performed dy-
namically according to internal performance criteria. At each
time instant tk, internal errors are evaluated by computing two
scalar quantities v(1)k and v(2)k from the correction residues
ε
(m)
k , and the observer corresponding to the smallest v(m)

k is
selected. Based on the work in [11],the monitoring variable
v(m) ∈ R≥0 is defined by the following dynamics:

v̇(m) =−σv(m)+
(

ε
(m)

)⊤
Λε

(m) (14)

where σ ∈ (0,γ) is a design parameter. By applying the Euler
discretization method with a sampling time µ , the following
discrete-time representation is obtained:

v(m)
k+1 = αv(m)

k +
(

ε
(m)
k

)⊤
Λ1ε

(m)
k (15)

where α = 1−µσ and Λ1 = µΛ.
In particular, if Λ1 is chosen as the identity matrix, the

above equation (15) simplifies to

v(m)
k+1 = αv(m)

k +
∥∥∥ε

(m)
k

∥∥∥2
. (16)

where 0 ≤ α ≤ 1 is a forgetting factor, and ε
(m)
k denotes a

consistency measure(real measure) between two state recon-
structions. The first reconstruction is obtained from the actual
measurement yk, given by: x̂(yk) = T−1

(
Āzk + B̄yk

)
,while

the second is obtained from the output associated with
the estimated state ŷk = yobs,k, defined as: x̂(yobs,k) =
T−1

(
Āzk + B̄yobs,k

)
. where yobs,k ≜ h(x̂k) is the predicted

measurement generated by the observer from its own es-
timated state.

Accordingly, ε
(m)
k is defined as:

ε
(m)
k = x̂(yk)− x̂(yobs,k)

= T−1(Āzk + B̄yk
)
−T−1(Āzk + B̄ŷk

)
.

(17)

Thus, if ε
(m)
k ≈ 0, one can conclude that the dynamics

z 7→ x̂ are stable and coherent with respect to the input y.
a) Switching Mechanism: The hybrid observer selects,

at each time instant, the observer exhibiting the smallest
performance measure. It is defined as follows:

x̂k =

{
x̂(1)k , if v(1)k ≤ v(2)k ,

x̂(2)k , otherwise,
(18)

This strategy guarantees an optimal trade-off between con-
vergence speed and robustness by adapting in real time to
system conditions (noise, nonlinearities, etc.). It exploits the
fast convergence of the transient mode during the initial
phase, and the stability of the asymptotic mode in the long
term.

b) Training: Model training is carried out by minimiz-
ing the loss functions (10) and (9) over a large dataset D =
{(xk,xk+1)}, automatically generated from the discrete-time
model of the considered system. The following algorithm
illustrates the training procedure for learning T and T−1.

IV. SIMULATION RESULTS

Let us now apply the proposed observer to the selected
model. We begin by discretizing the differential equation (1)
using the explicit Euler method. We thus obtain the following
discrete-time model:



x1,k+1 = x1,k +µ (ω0x2,k)

x2,k+1 = x2,k +
µ

J

[
Tm − Vt

x′d
x3,k sin(x1,k)

− V 2
t

2

( 1
xq

− 1
x′d

)
sin(2x1,k)−Dx2,k

]
x3,k+1 = x3,k +

µ

T ′
do

[
E f d − x3,k

− (xd − x′d)
x3,k −Vt cos(x1,k)

x′d

]
yk =

Vt

x′d
x3,k sin(x1,k)+

V 2
t

2

( 1
xq

− 1
x′d

)
sin(2x1,k)

(19)
State x4 does not appear in (19) because it is not ob-

servable from the output y = Pt . Indeed, by computing the
successive Lie derivatives of the output, it can be verified



Algorithm 1 Learning T and T−1

1: Initialize: Choose latent dimension zdim, output dimen-
sion ydim, and state dimension xdim.

2: Sample a dataset D of transitions (xk,xk+1).
3: Choose observer parameters θ ≥ 1 and sampling period

µ > 0.
4: Choose the matrices A,B,C, and L.
5: Construct the matrices ∆, Ā, and B̄.
6: Initialize neural network parameters of T at random.
7: for i = 1 to itermax do
8: (a) Compute latent encodings zk = T (xk).
9: (b) Propagate latent state: zk+1 = Āzk + B̄yk.

10: (c) Compute dynamics loss Ldyn Eq.(9).
11: (d) Update encoder parameters using SGD to mini-

mize Ldyn.
12: end for
13: Initialize neural network parameters of T−1 at random.
14: for i = 1 to itermax do
15: (a) Compute reconstruction x̂k = ψ(m)(zk).
16: (b) Compute reconstruction loss Lrecon (Eq. 10).
17: (c) Update decoder parameters using SGD (Stochastic

Gradient Descent) to minimize Lrecon.
18: end for

that the state variable x4 does not appear in any of these
derivatives, thereby establishing its unobservability from the
measured output.

Nevertheless, it was shown in [6] that the dynamics of
x4 are stable, with a nominal pole equal to − 1

T ′
qo

< 0,
independent of the estimated states. The system is therefore
detectable, which justifies the observer design based on the
observable third-order subsystem (x1,x2,x3) without loss of
generality.

To evaluate the performance of the designed observer,
its ability to reconstruct the system states was tested for
different values of θ , both in the presence and absence of
measurement noise. The matrices A, B, and C obtained after
the coordinate transformation are given by:

A =

0 1 0
0 0 1
0 0 0

 , B =

0
0
1

 , C =
[
1 0 0

]
.

One of the key properties of high-gain observers is
that these matrices remain invariant, regardless of the
considered output. Moreover, the gain matrix L is cho-
sen such that the matrix Ã = A − LC is Hurwitz, using
the LQR(Linear Quadratic Regulator) method. Thus, L =[
17.3 22.2 11.6

]⊤
, for Q = diag(300, 90, 90). By con-

trast, the matrix B̄ has dimensions dz ×dy.
The neural network was trained over 150 iterations

(epochs), with a simulation horizon ranging from 0 to 10
seconds. The encoder T and decoder T−1 architectures are
identical, each based on a multilayer perceptron (MLP)
structure composed of three hidden layers with 400 neurons
each, together with input and output layers of three neurons

each. The activation function used is the hyperbolic tangent
(tanh). Training is performed using the Adam optimizer with
a learning rate of 10−3,mini-batch size of 10 and the adopted
loss is the Mean Squared Error (MSE). The training dataset
consists of 200 000 state transitions (xk,xk+1) generated from
System (19), split into 80% training and 20% validation.
Simulations were carried out on an Intel Core i5-1235U
processor with 16 GB of RAM.

The numerical values of the generator parameters used
in this study were taken from [9]. The results obtained for
different values of θ are presented in Fig. 3.

(a) Without noise (b) With noise
Case 1: θ = 1

(c) Without noise (d) With noise
Case 2: θ = 3

(e) Without noise (f) With noise
Case 3: θ = 8

Fig. 3: Simulation results for various θ values with the
system output as active power.

These results demonstrate the ability of the designed
observer to reconstruct the dynamic states of the studied
system, both in the presence and absence of measurement
noise. They thus confirm the relevance of the adopted ap-
proach for learning the transformations T and T−1. It also
emerges that the parameter θ has a strong influence on the
observer’s convergence speed: higher values of θ lead to
faster convergence, whereas lower values result in slower
convergence. This effect is particularly pronounced in the
presence of measurement noise. However, depending on the
sampling period, θ must not exceed certain values, otherwise
convergence may be lost. In particular, for a sampling period
of 0.01 s, this parameter should not exceed the value 8. To
go beyond this limit, the sampling period must be reduced.

Furthermore, it can be observed that the presence of noise
does not prevent the observer from reconstructing the system
states. The estimated states remain very close to their true



values, which confirms the ability of the multi-observer ap-
proach to mitigate the influence of noise on the reconstructed
states. The results presented in Fig. 3 correspond to a noise
variance of 0.01, i.e., a signal-to-noise ratio of approximately
12.5% relative to the measured signal, without preventing the
observer from accurately reconstructing the states.

1) Performance Evaluation of the Proposed Observer
Under Measurement Noise: To quantitatively assess the pro-
posed estimator, it is compared against the Extended Kalman
Filter (EKF), which remains the dominant baseline in power
system dynamic state estimation (DSE). The reported re-
sults are averaged over 15 simulation runs with randomly
selected initial conditions within [−0.2, 0, −0.2]T ≤ x0 ≤
[0.2, 0, 0.2]T . The EKF is implemented using a process
noise covariance matrix Q = diag(10−4,10−4,10−4), and a
measurement noise covariance matrix R = 10−4. The com-
parison metrics include the global RMSE over the three
estimated states and the convergence time, defined as the
time required for the estimation error to decrease below
5% of the nominal state range. These results indicate that,
in the noise-free and low-noise cases, the HGO exhibits
better performance than the EKF in terms of convergence
speed. However, this performance degrades as the noise
level increases, highlighting the sensitivity of the system to
noise. Moreover, the EKF provides better results in terms
of RMSE. Nevertheless, the estimation error of the HGO
remains bounded for all tested noise levels, which confirms
the stability of the proposed multi-observer approach.

It is also observed that the HGO exhibits, in most tested
scenarios, a lower or comparable execution time compared
to the EKF. Although this difference remains moderate, it
mainly reflects the fact that the EKF requires recomputing
the Jacobian matrix at each time step.

TABLE I: Performance Comparison of State Estimators

Scenario Method Global RMSE Conv. Time [s] Exec. Time [s]

Noise-free
(std = 0)

EKF 4.77×10−6 0.328 0.0719
HGO 3.72×10−4 0.317 0.0748

Low noise
(std = 0.01)

EKF 4.600×10−3 9.990 0.0717
HGO 1.420×10−2 9.646 0.0678

Medium
noise
(std = 0.05)

EKF 2.32×10−2 9.990 0.0717
HGO 9.74×10−2 9.990 0.0674

High noise
(std = 0.1)

EKF 4.7900×10−2 9.990 0.0784
HGO 1.7700×10−1 9.990 0.085

V. CONCLUSIONS

This paper has been devoted to the design of a neural-
network-based high-gain observer aimed at avoiding the
explicit computation of the Jacobian matrix and its inverse,
which are generally required in observer design and are par-
ticularly difficult to derive analytically for highly nonlinear
outputs. The proposed observer, applied to a fourth-order
synchronous generator connected to an infinite bus with the
active power as the output, provides satisfactory results. It

therefore represents a further step toward overcoming some
of the limitations that hinder the use of observers as dynamic
state estimators in electric power systems.

Moreover, although the proposed observer partially miti-
gates the effect of noise, it remains sensitive to its increase,
which leads to performance degradation when the noise level
becomes high. In addition, the discretization imposes con-
straints on the sampling step that can be used for the system.
Future work will therefore focus on improving robustness to
noise as well as optimizing the discretization strategy.
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