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Abstract: Machine parameters such as flux linkages and inductances play a key role in
achieving optimal torque control of synchronous machines (SMs). However, it is challenging
to identify these parameters online based on the SM model, which has complex and nonlinear
characteristics. A fully connected feedforward neural network (NN) is a promising candidate
owing to its capability to approximate complex nonlinear functions. Therefore, this study
proposes an online physics-informed learning framework for identifying the parameters of SMs
using an NN. The proposed method enables the NN-modeled flux linkages and inductances to
be learned online in compliance with the governing physical laws of SMs. Consequently, the NN
can more effectively capture the nonlinear characteristics of SMs within the constraints imposed
by these governing physical laws. The learned parameters can be employed as online estimators
and applied to online MTPA control. As a result, the effectiveness of the proposed method is
validated through simulations conducted on a 35-kW interior permanent magnet synchronous
motor (IPMSM) drive.
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1. INTRODUCTION

1.1 Motivation and Background

Synchronous machines (SMs) are widely used in various
industrial applications, where high efficiency and high
torque performance are essential. In particular, the drive
efficiency of SMs is influenced by torque control perfor-
mance. Accordingly, numerous advanced torque control
strategies have been investigated, including generalized
model predictive torque control (GMPTC) Choi et al.
(2025), which directly determines the voltage input un-
der operational constraints; optimal feedforward current
control Monzen and Hackl (2025); advanced MPC-based
frameworks Rodriguez et al. (2022); and finite-control-set
MPC approaches Ahmed et al. (2017), all of which require
accurate knowledge of machine parameters such as the flux
linkage and inductances of SMs.

There are two approaches to obtaining machine parame-
ters for SMs, which can be classified into (i) offline identifi-
cation and (ii) online identification. In offline approaches,
flux linkage and inductance maps are typically built as
lookup tables (LUTs) using analytical machine models,
finite-element analysis (FEA), or extensive steady-state
experiments over the full operating range. Although widely
adopted, this process is time-consuming and costly, and
the resulting maps cannot accommodate parameter vari-
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ations induced by temperature changes, demagnetization,
or aging. These limitations underscore the need for on-
line estimation methods capable of continuously adapting
machine parameters to varying operating conditions.

In the online approach, several studies have estimated the
stator flux linkages by integrating the SM voltage equa-
tions in the α–β frame. These include a Gopinath-style
observer Lee et al. (2011), which neglects cross-coupling
effects, and the method in Yoo and Sul (2009), which com-
pensates for such coupling only under steady-state con-
ditions. However, these voltage-model-based approaches
require high-pass filtering for DC-offset removal, which
distorts low-frequency components and limits the accuracy
of flux estimation under dynamic operating conditions.

More advanced observer-based estimators have recently
been proposed, including the disturbance-observer-based
flux linkage estimator (DOBFLE) Monzen et al. (2023),
the extended-state-observer-based estimator (ESOFLE)
Jang et al. (2024), and the integration-error-estimation
linear observer in Jang and Choi (2023). These methods
offer improved flux estimation performance but remain
sensitive to nominal parameter deviations, leading to de-
graded transient performance.

Despite these advancements, the aforementioned studies
still struggle with accurate flux estimation and do not
provide inductance information, which leads to inherent
limitations in achieving optimal torque control.

Furthermore, several studies have explored data-driven
online approaches for modeling the machine’s torque-



generation characteristics. In Brosch et al. (2021), a re-
cursive least squares (RLS) algorithm is used to estimate
the differential inductances and torque required for torque
control of synchronous machines; however, the RLS update
is not free from rank deficiency across all operating regions,
and the flux obtained by integrating the inductance esti-
mates also suffers from integration errors, making it diffi-
cult to guarantee accurate torque estimation performance.
In addition, Ortombina et al. (2019) employs a radial basis
function (RBF) network to learn local maximum torque
per ampere (MTPA) characteristics, but the training is
restricted to steady-state conditions and does not account
for flux dynamics.

1.2 Contributions

The aforementioned studies reveal that accurately esti-
mating the flux required for optimal torque control of
SMs is difficult under transient conditions, and that re-
liable inductance estimation also has fundamental limi-
tations, such as rank deficiency in the RLS update. To
address these issues, this study proposes an online physics-
informed model learning framework for parameter identifi-
cation of SMs. The key idea is to model the stator flux link-
ages and differential inductances using a fully connected
NN and to learn this model online in compliance with
the governing physical laws of SMs. The NN-based flux
linkages and inductances estimated online can be directly
used in the MTPA control strategy to achieve adaptive
optimal torque control. The main contributions of this
paper are summarized as follows:

1) A fully-connected feedforward NN model is intro-
duced to model the stator flux linkages and differ-
ential inductances, enabling accurate approximation
of their nonlinear dependence on the stator currents.

2) The governing physical laws of SMs are embedded in
the online physics-informed learning process, and the
learning rules are derived via a residual-minimization
approach based on the gradient descent method.

3) The flux–inductance estimates learned by the NN
are utilized in the MTPA control to achieve adaptive
optimal torque control.

2. PRELIMINARIES

2.1 SM Model

The electrical model of SM in the rotating d-q reference
frame is given by
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electrical torque Te, and the number of pole pairs P.

In general, when magnetic saturation and cross-coupling
effects are considered, the flux linkage becomes a nonlinear

function of the stator current vector, (i.e., ψdqs (idqs )). Its
time derivative can be expressed by applying the chain
rule with respect to the stator current idqs as
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Substituing (2) into (1a) results in the PDE model, i.e.,

∂ψdqs (idqs )

∂idqs

d
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idqs = vdqs − Rsi

dq
s − ωrJψ

dq
s (idqs ), (4)

which serves as the fundamental governing equation for
the online physics-informed learning of the flux linkages
and differential inductances (see Section 3.2 for further
details).

In this work, the following assumptions are made for the
SM model:

• The stator resistance Rs is assumed to be known.
• The stator current vector idqs and the electrical rotor

speed ωr are measurable.
• Inverter nonlinearities and iron losses (including

eddy-current and hysteresis effects) are considered
negligible.

2.2 Online MTPA Control

The efficient operation of SMs can be achieved by min-
imizing copper losses while satisfying a torque require-
ment, which is known as the maximum torque per ampere
(MTPA) strategy. In the MTPA region, the nonlinear
constrained optimization problem is formulated as

min
idqs

1

2

∥∥idqs ∥∥2 (5a)

s.t. Te − T ∗
e = 0, (5b)

where T ∗
e is the desired torque command. To solve (5), the

Lagrangian function is defined as
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1
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where λ is the Lagrange multiplier for the torque equality
constraint. The optimal solutions (idqs

∗
and λ∗) can be

obtained by minimizing the Lagrangian with respect to idqs
and maximizing it with respect to λ, following a simplified
primal–dual gradient update inspired by the augmented
Lagrangian approach in Choi et al. (2025), as

idqs
∗
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L(idqs , λ), (7a)

λ∗ = λ+ β∇λL(idqs , λ), (7b)
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where α, β > 0 are the step sizes for the primal and dual
updates, respectively. This update drives the Lagrangian
along the proper descent–ascent directions and thereby
satisfies the KKT (Karush–Kuhn–Tucker) optimality con-
ditions at the stationary point.

Solving the MTPA problem (5) requires accurate flux
linkage and differential inductance information to compute
a reliable gradient direction in (8). In practice, these quan-
tities are typically obtained from pre-identified lookup ta-
bles constructed from FEA-based analysis. However, such
maps may deviate from their nominal values as a result of
parameter variations caused by temperature fluctuations,
magnetic saturation, and long-term degradation, thereby
limiting the applicability and robustness of LUT-based
MTPA control. These limitations require an online pa-
rameter estimation mechanism capable of adapting to the
actual machine characteristics.

3. ONLINE PHYSICS-INFORMED FLUX MODEL
LEARNING

As discussed in Section 2.2, it is necessary to estimate
key machine parameters—such as the flux linkage ψdqs
and differential inductance Ldqs —online to achieve optimal
torque control. However, directly identifying these quan-
tities online from the SM model (1) is challenging due to
their strong nonlinear dependence on the stator current
vector idqs and the limited number of explicit equations
available for parameter identification.

To overcome these challenges, we develop an online
physics-informed learning framework in which the govern-
ing SM equations are embedded as physical constraints,
enabling the neural network (NN) to learn the model di-
rectly from the underlying machine physics. First, a fully-
connected feedforward NN that represents the complex
nonlinear characteristics of the machine is introduced in
Section 3.1, and this NN structure is then used to model
the flux linkage and differential inductance in Section 3.2.
Finally, Section 3.3 derives the online learning rules by em-
bedding the physical constraints into the learning process,
thereby enabling online adaptation of the NN.

3.1 Neural network model

Following the general formulation in Patil et al. (2022),
a fully-connected feedforward NN with two hidden layers
can be modeled as

Φ (Xa,θ) := W⊤
2 σ2

(
W⊤

1 σ1

(
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0 Xa

))
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(
θ⊤0 ,θ

⊤
1 ,θ
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whereΦ : Rn0 × Rnθ → Rn3 is the NNmapping,Xa ∈ Rn0

is the augmented input with X ∈ Rn0−1 and a bias term,
Wj ∈ Rnj×nj+1 is the weight matrix, and θ ∈ Rnθ is the
vectorized parameter with θj := vec(Wj) ∈ Rnjnj+1 and

nθ :=
∑2
j=0 njnj+1. Here, the index j ∈ {0, 1, 2} denotes

the layer number, and nj ∈ N denotes the number of nodes
within the jth hidden layer, where n0 and n3 correspond
to the input and output dimensions, respectively. The
activation vector σj ∈ Rnj , ∀j ∈ {1, 2} at the hidden layers
is defined as

σj :=
(
tanhj,1(·), . . . , tanhj,nj−1(·), 1

)⊤
,

where the last node is the bias term and tanhj,i(·) rep-
resents the hyperbolic tangent smooth activation function
at the ith node.

The NN model in (9) can be written in a recursive form
as

Φj :=

{
W⊤

j σj (Φj−1) , j ∈ {1, 2}
W⊤

0 X, j = 0
(10)

where Φ (X,θ) = Φ2. This recursive representation is
used in the subsequent development of the online physics-
informed learning rule.

3.2 NN-based flux and inductance modeling

Using the NN model (9), the solution of the partial differ-
ential equation (PDE) (4) (i.e., ψdqs ) can be approximated
within a physics-informed learning framework. Accord-
ingly, the flux linkage can be modeled as

ψdqs (idqs ) = Φ(x,θ∗) + ε(x), (11)

where x :=
(
idqs

⊤
, 1
)⊤

∈ Rn0 denotes the input vector,

which can be extended with additional state-dependent
terms such as the electrical rotor speed ωr, ε(x) ∈ Rn3 is
the approximation error with ∥ε(x)∥ ≤ ε̄, and θ∗ is the
ideal weight vector lying in a compact set with ∥θ∗∥ ≤ θ̄.
Then, the approximation of (11) is given by

ψ̂dqs (idqs ) = Φ(x, θ̂), (12)

where ψ̂dqs denotes the estimated flux linkage and θ̂ ∈ Rnθ

is the estimated weight parameter.

Applying the chain rule to (12) with respect to the stator
current vector idqs , the estimated differential inductance

matrix L̂dqs (idqs ) can be modeled as
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Φ denotes the differential inductance Jaco-
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∂
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for j ∈ {1, 2}, and
∂x

∂idqs
∈ Rn0×2 is the Jacobian of the augmented input vec-

tor with respect to the current vector.

3.3 Online physics-informed learning rules

Using (12) and (13), the flux linkage and differential
inductance approximated by the NN are constrained by
the governing PDE (4), and the corresponding residual is
defined as

R
(
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)
:=∇idqs

Φ
(
x, θ̂

) d

dt
idqs −

(
vdqs − Rsi

dq
s

−ωrJΦ
(
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, (14)

where R ∈ Rn3 denotes the predicted residual vector,
reflecting the governing dynamics of SM. The objective

is to find the optimal weight vector θ̂∗ that minimizes the
residual for any x. To quantify this residual minimization,
the loss function L : Rnθ → R≥0 is defined as

L
(
x, θ̂

)
:=

1

2

∥∥∥R(
x, θ̂

)∥∥∥2 , (15)



Table 1. Specifications of the IPMSM.

Parameter Value

Rated mech. power 35 kW
Rated mech. speed 2000 RPM
Rated mech. torque 180 Nm
Max. stator voltage (vs) 160 V
Max. stator current (is) 350 A
Pole pairs (P) 8
Stator resistance (Rs) 10.7 mΩ

(a) (b)

Fig. 1. Stator flux linkage maps corresponding to the d-
axis (a) and q-axis (b).

where the corresponding residual minimization problem is
formulated through a gradient-based learning rule given
by

˙̂
θ = −Γ∇θ̂L(x, θ̂)

= −Γ

(
∇θ̂

(
∇idqs

Φ(x, θ̂)
d

dt
idqs

)
+ ωrJ∇θ̂Φ(x, θ̂)

)⊤
R(x, θ̂), (16)

where Γ ∈ Rnθ×nθ is the postive-definite learning rate and

∇θ̂Φ(x, θ̂) :=
[
∂Φ0

∂θ0
, ∂Φ1

∂θ1
, ∂Φ2

∂θ2

]
∈ Rn3×nθ is the Jacobian

of the feedforward NN with respect to the weight vector
and can be computed by the chain rule and vectorized

backpropagation. The term ∇θ̂

(
∇idqs

Φ(x, θ̂) d
dti

dq
s

)
con-

tains mixed second–order derivatives of Φ with respect to

(idqs , θ̂), i.e., Hessian–vector products. Note that the time
derivative d

dti
dq
s can be approximated in discrete time us-

ing the forward Euler method as d
dti

dq
s ≈ (idqs,k − i

dq
s,k−1)/Ts,

where Ts denotes the sampling period and k is the discrete-
time index.

4. SIMULATION VALIDATION

The proposed online physics-informed flux model learn-
ing was validated using MATLAB & Simulink R2024b.
The simulation environment was constructed based on
the Three-Phase PMSM Traction Drive example, which
includes a high-fidelity 35 kW interior permanent magnet
synchronous machine (IPMSM) drive model provided by
MathWorks. The key specifications of the IPMSM are
summarized in Table 1, and the two-dimensional lookup
tables for the flux linkage maps used in this model are
illustrated in Fig. 1.

This section consisted of two parts, focusing on (i) as-
sessing the estimation performance of the flux linkages
obtained from the online learning model, and (ii) examin-
ing the effectiveness of applying the learned parameters to

the online MTPA control. In the first part, the NN-based
flux–inductance model learned online was used directly
as an estimator, and its performance was analyzed by
comparing it with a LUT-based flux model at a fixed
mechanical speed of 500 RPM over a wide operating
range (torque 0–180 Nm with a 50 Hz bandwidth). For
the second part, the online-learned parameters (i.e., flux
linkages and differential inductances) were applied to the
MTPA control law in (7), and the resulting performance
was compared against a LUT-based baseline method and
a DOBFLE–RLS-based method, which estimates the flux
linkage using DOBFLE and identifies the differential in-
ductances via RLS. The details of each method are de-
scribed below.

1) LUT-based MTPA: A two-dimensional flux linkage
lookup table parameterized through intensive experiments
and FEM analysis was used as the baseline flux model.
Based on these flux maps, the MTPA trajectories were
computed by applying the numerical technique presented
in Choi et al. (2021).

2) DOBFLE–RLS-based MTPA: The DOBFLE de-
scribed in Monzen et al. (2023) is a state-of-the-art flux
estimator that decomposes the stator flux linkage into
linear and nonlinear disturbance components and models
them as observer states. To ensure reliable estimation
performance, the observer gain matrix was designed fol-
lowing the guidelines in Jang et al. (2025) to achieve an
observer bandwidth of 100 Hz. Given the flux estimate
ψ̂dqs from DOBFLE, the differential inductances were com-
puted in discrete time using an RLS formulation following
Varatharajan et al. (2017), expressed as

L̂dqs,k∆i
dq
s,k = Ts

(
vdqs,k−1 − Rsi

dq
s,k−1 − ωs,k−1Jψ̂

dq
s,k−1

)
,

(17)

where ∆idqs,k := idqs,k − i
dq
s,k−1. Equation (17) serves as the

regression model used in the RLS update, for which a for-
getting factor of 0.999 and an initial covariance matrix of
P0 = 10−4I4 were used. Accordingly, the resulting flux and
inductance estimates were incorporated into the MTPA
control law in (7) to compute the gradient terms required
for the online MTPA operation.

3) Proposed Method (PM): For the proposed ap-
proach, the NN model in (9) was configured with hy-
perparameters n0 = 3, n1 = 5, n2 = 5, and n3 = 2. The
learning rates in (16) were set differently across layers: 30
for the output layer (j = 2) and 5 × 10−3 for the hidden
and input layers (j = 1, 0), respectively. The sampling
time was chosen as Ts = 5 × 10−5 s (20 kHz). The
initial NN weights were randomly initialized such that
the resulting initial differential inductance matrix matched

Ls,0 :=
[
0.24 0.01
0.01 0.32

]
mH. Similar to the DOBFLE–RLS-

based approach, the MTPA control law in (7) was executed
online using the flux and differential inductance estimates
learned by the NN.

4.1 Validation of estimation performance

Figure 2 illustrates the estimation performance of the flux
linkages and differential inductances learned by the pro-
posed online physics-informed model learning framework



Fig. 2. Stator flux linkage and differential inductance esti-
mates from the proposed method (PM) under varying
torque commands conditions at a fixed mechanical
speed of 500 RPM.

under torque variations from 0 to 180 Nm at a fixed
mechanical speed of 500 RPM. During the learning phase,
the torque Te is increased from 0 Nm to 180 Nm with a
50 Hz bandwidth, using 30 Nm step increments every 0.2 s
interval, and reaches its maximum value at t = 1.1 s.

At the beginning of the learning process, the initial differ-
ential inductance weights were selected with values that
deviate from the true differential inductances, causing
the flux estimates—particularly on the d–axis—to exhibit
spike–like errors at around t = 0.1 s. However, once the
online learning continues, the estimated flux rapidly con-
verges to the true value, indicating that the neural network
weights are continuously updated at each step toward
a locally optimal solution that minimizes the residuals
predicted by the NN model.

During the identification process, the flux and inductance
models are updated simultaneously online according to
the learning rule (16). As shown in Fig. 2, the differential
inductances vary in accordance with the flux estimation.
In particular, after t = 0.7 s (i.e., when Te exceeds ap-
proximately 120 Nm), the influence of the cross-coupling

terms L̂dqs and L̂qds becomes more significant as the torque
increases. Consequently, the self-differential inductances
L̂dds and L̂qqs exhibit a decreasing trend as the torque
increases.

4.2 Comparison of MTPA control performance

The effectiveness of the MTPA control in (7) under the
proposed method and the DOBFLE–RLS was evaluated
by comparing their d- and q-axis stator current trajectories
and the corresponding copper losses against those of the
LUT-based MTPA control, as shown in Fig. 3. As in
Section 4.1, the simulation scenario involved varying the
torque command T∗

e from 0 Nm to 180 Nm with a 50 Hz
bandwidth, while the mechanical speed was kept constant
at 500 RPM.

Figure 3a shows that in the low-torque region around
Te = 60 Nm, the current trajectories of both methods are
comparable to those obtained with the LUT-based MTPA
method. However, as the torque command increases, the
DOBFLE-RLS-based method exhibits a noticeable devia-
tion from the LUT-based reference, particularly in the d-
axis current trajectory. At Te = 90 Nm, Figure 3b shows
a maximum copper loss increase of 55.93% compared with
the LUT-based MTPA method, indicating a significant
degradation in torque generation accuracy, which conse-
quently leads to suboptimal copper loss minimization. This
degradation is primarily attributed to numerical noise aris-

ing from the incremental variations ∆ψdqs,k and ∆idqs,k, de-
spite the superior flux estimation capability of DOBFLE.

In contrast, the proposed method consistently provides ac-
curate current trajectories that closely follow those of the
LUT-based MTPA trajectory. This improved performance
arises from the online physics-informed model learning
framework, which enables the NN to learn the flux and
inductance models directly from the underlying physical
behavior of the SM. As a result, the proposed method
accurately estimates the parameters required for MTPA
control through the NN-based online learning framework.
Consequently, it achieves a maximum copper loss of only
0.79% at Te = 180 Nm, demonstrating its effectiveness in
maintaining accurate torque generation.

5. CONCLUSION

An online physics-informed learning framework is pro-
posed, in which the physical laws of synchronous machines
are directly embedded into the learning process. The pro-
posed method enables a fully connected feedforward NN
to model the nonlinear flux linkages and differential in-
ductances and to learn them online under the constraints
imposed by the governing equations of the SMs. By doing
so, the proposed approach enables the online estimation of
the flux linkages and differential inductances required for
MTPA control. The effectiveness of the proposed method
was validated through simulations on a 35-kW IPMSM
drive, and its performance was evaluated by comparison
with the DOBFLE–RLS-based method and a LUT-based
MTPA baseline.

Future work includes extending the online physics-informed
learning framework by leveraging data acquired from a
wide range of operating conditions to improve global
learning performance, as well as conducting experimental
validation to demonstrate the practical applicability of the
proposed method.
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Fig. 3. Comparison of the proposed method and the
DOBFLE-RLS-based method against the LUT-based
MTPA trajectroy: (a) d- and q-axis current trajecto-
ries, and (b) copper-loss.
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