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Abstract 
Physics-informed neural networks (PINNs) have been proposed for motor 
thermal virtual sensing, yet the specific conditions under which embedded 
physics constraints outperform identical unconstrained networks remain un-
clear. This paper presents a controlled diagnostic study comparing a feedfor-
ward DNN and a PINN for winding temperature estimation in a 1 HP single-
phase induction motor (SPIM). Unlike prior work, which focused on perma-
nent magnet synchronous motors, this study addresses the distinct thermal 
modeling challenges of the SPIM’s dual-winding structure by incorporating a 
first-order thermal ODE that accounts for main/auxiliary copper losses, bear-
ing friction, and convective cooling. We systematically evaluate performance 
across five standard conditions: in-distribution operation, moderate load-pro-
file shift, severe ambient temperature shift, cold-start transients, and sensor 
noise. Additionally, we conduct a self-supervised experiment and a systematic 
lambda sensitivity analysis across seven physics loss weights. To establish 
boundary conditions for physics prior effectiveness, we further evaluate both 
models under extreme distribution shifts (E1 - E3) and degraded data scenar-
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ios (E4 - E7) encompassing sparse sampling, missing data, biased coverage, 
and noisy measurements. Results reveal a critical boundary condition: when 
temperature labels and temporal context are available, DNN and PINN achieve 
equivalent accuracy. However, when data are sparse, missing, biased, or noisy, 
the physics prior becomes valuable, reducing MAE by approximately 10% rel-
ative to DNN alone. The lambda analysis confirms that the DNN advantage is 
not an artifact of hyperparameter selection, while the self-supervised PINN 
fails (MAE > 30˚C), demonstrating that the simplified first-order prior is un-
derdetermined without label supervision. These findings establish that phys-
ics-informed regularization using a simplified first-order prior is beneficial 
only under degraded data conditions, providing practitioners with clear deci-
sion rules for method selection in thermal virtual sensing. 
 

Keywords 
Diagnostic Study, Distribution Shift, Physics-Informed Neural Networks 
(PINNs), Single-Phase Induction Motor (SPIM), Thermal Virtual Sensing 

 

1. Introduction 

Electric motors are among the most widely deployed machines in modern engi-
neering systems. They power industrial drives, household appliances, electric ve-
hicles, pumps, fans, and compressors across every sector of the economy [1]-[3]. 
In all these applications, winding temperature is a critical operating variable. Ele-
vated temperatures accelerate insulation degradation, reduce motor efficiency, 
and in severe cases, lead to premature failure [4]. Reliable temperature monitoring 
is therefore essential for condition monitoring, predictive maintenance, and pro-
tection system design. 

Direct temperature measurement using embedded thermocouples or resistance 
temperature detectors is not always practical. In sealed motors, high-speed appli-
cations, and cost-sensitive consumer products, installing and maintaining physi-
cal temperature sensors introduces significant challenges in terms of cost, space, 
and long-term reliability [5]. This has motivated extensive research into virtual 
sensing, which involves estimating internal temperatures from electrical signals 
already available in the motor drive system, such as current, voltage, and speed. 

Two broad classes of methods have been developed for motor thermal virtual 
sensing. Physics-based approaches, particularly lumped-parameter thermal net-
works (LPTNs), model the thermal behavior of the motor using electrical analo-
gies of heat flow. These methods provide physically guaranteed estimates and gen-
eralize well across operating conditions, but they require detailed motor geome-
try, multi-node calibration, and access to thermal interface resistance data that is 
rarely available from manufacturers [6] [7]. Data-driven approaches, including 
support vector regression, convolutional neural networks, and long short-term 
memory networks, achieve high accuracy when sufficient labeled training data is 
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available but can produce thermodynamically inconsistent predictions when 
tested under conditions not represented in the training set [8]. 

Physics-informed neural networks (PINNs), introduced by Raissi et al. [9], of-
fer a middle path between these two approaches. By embedding governing differ-
ential equations directly into the training loss function, PINNs impose physical 
consistency as a soft constraint during learning. Recent work has applied PINNs 
to motor thermal estimation with promising results. Wang et al. [10] combined a 
10-node Motor-CAD-calibrated LPTN with neural network correction terms, 
achieving an MAE of 1.71˚C on real PMSM data. Stensson [11] demonstrated 
PINN-based thermal modeling for electric motors, and Lim et al. [12] applied 
physics-informed learning to electric vehicle dynamics estimation. 

Despite this progress, a fundamental question has not been answered: under 
what conditions does embedding a physics prior into the loss function actually 
improve performance compared to an identical unconstrained network? Existing 
studies propose PINN architectures and report performance on fixed test sets, but 
none isolates the marginal contribution of the physics constraint by holding eve-
rything else constant. If a physics prior only helps under conditions that are rarely 
encountered in practice, its added complexity may not be justified. If it provides 
robustness specifically where data-driven models fail, under distribution shift, 
sensor noise, or data scarcity, practitioners need to know this clearly. 

A second gap exists in the motor type coverage of existing work. The vast majority 
of PINN-based thermal estimation studies focus on permanent magnet synchro-
nous motors [10] [11] [13]. The single-phase induction motor, which is extensively 
used in household appliances, small pumps, and light industrial equipment world-
wide, has received almost no attention in the neural network-based thermal estima-
tion literature. The dual-winding structure of the SPIM, with separate main and 
auxiliary windings, each contributing to copper losses, presents a distinct thermal 
modeling challenge that the PMSM-oriented literature does not address. 

This paper addresses both gaps through a controlled diagnostic study. A high-
fidelity Simulink model of a 1 HP single-phase induction motor is used to generate 
five systematically varied datasets covering in-distribution operation, moderate 
load-profile shift, severe ambient temperature shift, cold-start transients, and noisy 
sensor measurements. An identical feedforward neural network architecture is 
trained with and without a first-order thermal ODE prior across all conditions. A 
self-supervised experiment, training without any temperature labels, is also con-
ducted to establish the standalone capability of the physics prior. 

The contributions of this paper are as follows: 
1) The first controlled diagnostic comparison of DNN and PINN for single-

phase induction motor thermal estimation uses identical architectures, varying 
only the loss function. 

2) A dual-winding thermal ODE formulation for SPIM that explicitly accounts 
for main and auxiliary winding copper losses and bearing friction losses, following 
Calasan et al. [14]. 
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3) A systematic lambda sensitivity analysis demonstrates that the DNN ad-
vantage over the PINN is not an artifact of hyperparameter selection but a con-
sistent property across the full range of physics loss weights tested. 

4) A self-supervised experiment to establish the minimum data requirements 
for physics-informed thermal estimation. 

Data and Code Availability: To ensure reproducibility and facilitate further 
research, the Simulink model, Python training code, generated datasets, and all 
figures used in this study are publicly available at  
https://github.com/Pstone123/SPIM-Thermal-PINN-v2. 

2. Related Work 
2.1. Motor Thermal Estimation 

The thermal monitoring of electric motors has been comprehensively reviewed by 
Wallscheid [5], who identified virtual sensing as a critical direction for condition 
monitoring in sealed and high-speed applications. Physics-based approaches have 
been the traditional standard. Wallscheid and Bocker [6] developed a globally 
identified four-node LPTN for PMSMs, demonstrating that accurate thermal 
modeling can be achieved with relatively few parameters when the network topol-
ogy is well chosen. Kral et al. [7] proposed a practical two-node model for esti-
mating permanent magnet and stator winding temperatures, which has since been 
widely adopted as a benchmark for lumped-parameter approaches. Chowdhury 
and Baski [15] demonstrated a simple lumped-parameter thermal model for to-
tally enclosed fan-cooled machines, highlighting the trade-off between model sim-
plicity and accuracy. 

Data-driven approaches have advanced significantly over the past decade. The 
Paderborn PMSM benchmark introduced by Kirchgässner et al. [16] provided the 
research community with a publicly available real test bench dataset covering 139 
hours of automotive PMSM operation, enabling reproducible comparison of data-
driven methods. Jin et al. [8] proposed a model-based and data-driven integrated 
temperature estimation method that combines a simplified LPTN with a neural 
network correction layer, achieving strong performance on real motor data. These 
hybrid approaches represent an intermediate position between pure physics-
based and pure data-driven methods. 

2.2. Physics-Informed Neural Networks 

The PINN framework, introduced by Raissi et al. [9], embeds governing differen-
tial equations into the loss function through an additional residual term computed 
via automatic differentiation. This approach has been applied across a wide range 
of engineering domains, from fluid dynamics to structural mechanics. In the mo-
tor thermal estimation domain, Wang et al. [10] demonstrated that combining a 
high-fidelity 10-node LPTN prior with neural network correction terms achieves 
an MAE of 1.71˚C on real PMSM data, substantially better than prior purely data-
driven results on the same hardware. Stensson [11] showed that PINN-based ther-
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mal modeling can be applied to electric motors using supervised training with 
temperature labels. Lim et al. [12] applied physics-informed learning to electric 
vehicle dynamics, demonstrating the potential of minimal-input PINN models for 
automotive applications. 

Reinbold et al. [17] demonstrated that physically constrained learning can im-
prove robustness on noisy, incomplete experimental data, which motivated the 
noise robustness experiment in the present study. Chen et al. [18] proposed gra-
dient normalization as a technique for balancing competing loss terms in multi-
task neural networks, which is directly relevant to the challenge of scaling the 
physics and data loss terms in PINN training, a challenge explicitly addressed in 
this paper through residual normalization. 

2.3. Diagnostic Studies of PINN Performance 

The broader PINN literature has begun to examine conditions under which phys-
ics-informed learning fails or underperforms. Krishnapriyan et al. [19] character-
ized failure modes in PINNs applied to stiff partial differential equations, identi-
fying gradient pathologies and loss landscape properties that prevent conver-
gence. These studies focus on forward and inverse PDE problems in computa-
tional physics rather than on engineering state estimation where the governing 
equation is a simplified approximation of the true system dynamics. No equiva-
lent diagnostic study exists for motor thermal estimation. The present work fills 
this gap by providing the first systematic comparison of identical DNN and PINN 
architectures across controlled variations of data condition, distribution shift 
type, and physics loss weighting for motor thermal estimation. 

3. Methodology 
3.1. SPIM Simulation Model 

A single-phase induction motor simulation model was developed in MATLAB/ 
Simulink R2025b using the Simscape Electrical capacitor-start-run block. The 
motor was parameterized using manufacturer datasheet values for a 1 HP, 230 V, 
50 Hz SPIM. The main winding stator resistance is 2.02 Ω, the auxiliary winding 
stator resistance is 7.14 Ω, and the rotor resistance referred to the stator is 4.12 Ω. 
The rotor inertia is 0.0146 kg·m2. The motor was supplied through an H-bridge 
inverter configuration, and the mechanical load applied at the shaft port was con-
trolled through a time-varying MATLAB function block. 

The mechanical load torque was designed as a stepped time-varying profile to 
create rich, dynamic operating conditions suitable for neural network training. 
For the training dataset, the load torque alternated between 2.0 Nm and 3.5 Nm 
at 20-second intervals over a total simulation duration of 200 seconds. This rep-
resents a realistic scenario in which a motor experiences varying mechanical de-
mand, such as a pump or fan operating under changing flow conditions. The load 
values were selected to maintain motor operation within the normal torque range, 
with rated torque estimated at approximately 4.75 Nm for a 1 HP, 50 Hz, four-
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pole machine. 

3.2. Thermal Subsystem 

A first-order lumped thermal subsystem was coupled to the electrical model to 
compute winding temperature dynamics. The governing thermal equation is: 

 ( ) ( ) ( )2 2d
dth main main aux aux amb
TC I R T I R T B h T T
t

ω= + + − −  (1) 

where T is the winding temperature in degrees Celsius, Cth = 8000 J/˚C is the ther-
mal capacitance, h = 28 W/˚C is the convective heat transfer coefficient, Tamb is 
the ambient temperature, and ω is the rotor angular speed in rad/s. The first two 
terms represent copper losses in the main and auxiliary windings, respectively. 
The temperature dependence of copper resistance is modeled as: 

 ( ) ( )0 1 refR T R T Tα= + −    (2) 

where R0 is the reference resistance at Tref, α = 0.00393/˚C is the temperature co-
efficient of copper, and Tref = 25˚C is the reference temperature. The third term, 
B·ω, represents friction and bearing losses following the viscous friction model 
proposed by Calasan et al. [14], where B = 0.0005 Nm·s/rad is the bearing loss 
coefficient. The fourth term represents convective cooling to the ambient envi-
ronment. Rotor copper losses were not included, as rotor current is not directly ob-
servable from stator measurements in this configuration. Core iron losses were ex-
cluded, as the iron loss coefficient is not available from the manufacturer datasheet. 
Both exclusions are consistent with virtual sensing approaches in the literature and 
are acknowledged as simplifying assumptions. 

The model was solved using the variable-step ode45 solver with automatic step 
size control. Simulation outputs were sampled at 10 Hz (sample interval Δt = 0.1 
s), yielding 2001 samples per 200-second simulation. Current signals were pro-
cessed through RMS blocks with a 0.1-second sliding window prior to logging, 
converting raw AC waveforms to effective heating values appropriate for thermal 
modeling. 

3.3. Dataset Generation 

Five datasets were generated by systematically varying the mechanical load profile 
and ambient temperature conditions. All datasets share the same input feature set: 
rotor speed (RPM), main winding RMS current (A), auxiliary winding RMS cur-
rent (A), electromagnetic torque (Nm), elapsed time (s), and ambient temperature 
(˚C). The target variable is winding temperature (˚C). Table 1 summarizes the 
dataset properties. 

Dataset A served as the sole training source for all models. Datasets B1, B2, C, 
and D were used exclusively for evaluation; no model was retrained or fine-tuned 
on these sets. This design ensures that reported performance differences reflect 
genuine generalization capability rather than memorization. 

For Dataset D, additive Gaussian noise with a standard deviation equal to 5% 
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of each signal’s full-scale range was applied independently to speed, main current, 
and auxiliary current measurements after simulation. Temperature labels re-
mained clean, reflecting the assumption that temperature sensors are more relia-
ble than electrical measurement channels. The resulting temperature trajectories 
for these datasets are visualized in Figure 1. 

 
Table 1. SPIM dataset summary. 

Dataset Purpose Load Profile Ambient (˚C) Duration (s) Samples 

A Training Stepped 2.0 - 3.5 Nm, 20 s intervals 25 200 2001 

B1 Moderate shift Different step patterns, varied magnitudes 25 200 2001 

B2 Severe shift Same as A, elevated ambient. 40 200 2001 

C Cold start Same as A, early transient only. 25 100 1001 

D Sensor noise Same as A, 5% Gaussian noise on inputs. 25 200 2001 

 

 
Figure 1. Winding temperature trajectories for all four SPIM datasets. 
 

To systematically investigate the boundary conditions of physics prior effec-
tiveness, seven additional datasets (E1 - E7) were generated. Datasets E1 - E3 rep-
resent extreme distribution shifts: E1 (50˚C ambient temperature), E2 (2× load 
scaling), and E3 (extended 500 s duration). Datasets E4 - E7 represent degraded 
data scenarios: E4 (sparse sampling at 0.5 s intervals), E5 (missing data with 20% 
of samples randomly removed), E6 (biased coverage with training restricted to 
high-torque operating regions), and E7 (noisy inputs with 10% Gaussian noise). 
These datasets are used exclusively for evaluation; no model is retrained on them. 
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3.4. Neural Network Architecture 

Both the DNN and PINN share an identical feedforward architecture to ensure a 
fair, controlled comparison. The network takes five inputs: ω, Imain, Iaux, Te, and t, 
which are rotor speed, main winding current, auxiliary winding current, torque, 
and time, respectively, with a single temperature output (T). Three hidden layers 
with 20, 20, and 10 neurons, respectively, use hyperbolic tangent (tanh) activation 
functions. The output layer is linear. This gives 761 trainable parameters, a delib-
erately compact architecture chosen to avoid overfitting on the relatively small 
training set of 2001 samples. 

All inputs and the temperature output were normalized to [0, 1] using the 
MinMaxScaler fitted exclusively on Dataset A. The same scaler was applied to all 
other datasets without refitting, preserving the distributional mismatch that de-
fines the shift conditions. 

3.5. Loss Functions 

The DNN was trained using the mean squared error between predicted and true 
normalized temperature: 

 ( )2

,1

1 ˆN
DNN i true iiL T T

N =
= −∑  (3) 

The PINN was trained using a combined loss: 

 PINN data physicsL L Lλ= + ⋅   (4) 

where λ is the physics loss weight and Lphysics is the mean squared residual of the 

thermal ODE evaluated at each training point. The time derivative ( d ˆ

d
T
t

) was 

computed via automatic differentiation with respect to the time input, following 
the standard PINN formulation of Raissi et al. [9]. The physics residual is: 

( ) ( ) ( )( )
2

2 2

1

d
1 d

10

ˆ

0

ˆ

0

ˆ ˆ
th main main aux aux amb

physics
N
i

TC I R T I R T B h T T
tL

N

ω
=

 
− + + − − 

 =
 
  

∑  (5) 

The division by 10002 normalizes the residual, which operates in units of watts 
squared, to the same order of magnitude as the data loss, which operates in nor-
malized temperature units. Without this scaling, the physics gradient overwhelms 
the data gradient at initialization, preventing convergence to a physically and em-
pirically consistent solution. 

The self-supervised PINN was trained with λ → ∞ (Ldata = 0), using only the 
physics residual as the training signal. This establishes the standalone estimation 
capability of the thermal prior without any temperature label supervision. 

3.6. Training Protocol 

All models were implemented in PyTorch and trained for 3000 epochs using the 
Adam optimizer with a fixed learning rate of 1 × 10−3 and full-batch gradient up-
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dates. A fixed random seed (42) was used throughout for reproducibility. Training 
was performed on the CPU using Google Colab. 

A systematic lambda sensitivity analysis was performed by training separate 
PINN instances with λ ∈ {1 × 10−6, 5 × 10−6, 1 × 10−5, 5 × 10−5, 1 × 10−4, 5 × 10−4, 1 
× 10−3} and evaluating each on both Dataset A and Dataset B1. This analysis es-
tablishes whether the DNN superiority observed at any single λ value is an artifact 
of hyperparameter selection or a consistent property across the physics loss 
weighting range. 

3.7. Evaluation Metrics 

Model performance was quantified using three standard metrics for regression 
tasks in motor thermal estimation: 

 Mean Absolute Error: ,1

1MAE î t ii
N

rueT T
N =

= −∑   (6) 

 Root Mean Square Error: ( )2

,1

1RM E ˆS N
i true ii T T

N =
= −∑   (7) 

 Coefficient of Determination: 
( )
( )

2

,12
2

,1

ˆ
R 1

N
true i ii

N
true i ii

T T

T T
=

=

−
= −

−

∑
∑

  (8) 

where T  is the mean of the true temperature values over the evaluation set. 
MAE provides an interpretable error in degrees Celsius, while RMSE penalizes 
larger errors more heavily. R2 indicates how well the predictions track the true 
temperature trajectory relative to the mean; a value below zero indicates perfor-
mance worse than simply predicting the mean temperature. 

4. Results 
4.1. In-Distribution Performance (Dataset A) 

Both models were trained exclusively on Dataset A and evaluated first on the same 
dataset to establish their baseline fitting capability. The DNN achieved an MAE of 
0.066˚C, RMSE of 0.077˚C, and R2 of 0.9999, indicating near-perfect reconstruc-
tion of the training temperature trajectory. The PINN achieved an MAE of 
0.079˚C, RMSE of 0.108˚C, and R2 of 0.9997. Both models fit the training data 
well, but the DNN fits more tightly, as expected. When a neural network is given 
sufficient clean data from the same distribution it was trained on, the physics con-
straint introduces a competing objective that prevents the model from fitting the 
data as closely as an unconstrained network. This small performance gap on in-
distribution data is consistent with the general behavior of regularized versus un-
regularized models and does not indicate a problem with the PINN formulation. 

4.2. Moderate Distribution Shift (Dataset B1) 

Dataset B1 represents a change in load step timing and magnitude that the models 
were never exposed to during training. Under this condition, the DNN MAE in-
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creased from 0.066˚C to 0.434˚C—a degradation of approximately 6.6 times rela-
tive to in-distribution performance. The R2 remained at 0.9939, indicating that 
while the DNN’s absolute errors increased, it still tracked the general temperature 
trend reasonably well. The PINN produced an MAE of 0.471˚C and R2 of 0.9926 
under the same condition, slightly worse than the DNN on both metrics. 

A systematic sweep of the physics loss weight λ from 1 × 10−6 to 1 × 10−3 was 
conducted to determine whether any value of λ could produce a PINN advantage 
over the DNN. The results are presented in Table 2. Across all tested values, PINN 
performance degraded monotonically as λ increased on both Dataset A and Da-
taset B1. No value of λ produced a PINN that outperformed the DNN. At λ = 1 × 
10−6, the physics constraint had negligible effect and the PINN matched the DNN 
almost exactly. At λ = 1 × 10−3, both in-distribution and shift performance de-
graded substantially. This confirms that the DNN superiority on Dataset B1 is not 
an artifact of suboptimal hyperparameter selection. This trend is visually summa-
rized in Figure 2, which plots the MAE against the physics loss weight λ. 

 
Table 2. Lambda sensitivity analysis—PINN performance vs. physics loss weight. 

Lambda (λ) A MAE (˚C) A (R2) B1 MAE (˚C) B1 (R2) 

DNN baseline 0.0660 0.9999 0.4338 0.9939 

1 × 10−6 0.0660 0.9999 0.4342 0.9939 

5 × 10−6 0.0660 0.9999 0.4356 0.9938 

1 × 10−5 0.0661 0.9999 0.4375 0.9938 

5 × 10−5 0.0694 0.9998 0.4524 0.9932 

1 × 10−4 0.0785 0.9997 0.4710 0.9926 

5 × 10−4 0.2230 0.9975 0.6102 0.9871 

1 × 10−3 0.3824 0.9925 0.7707 0.9792 

 

 
Figure 2. PINN MAE as a function of physics loss weight λ on Dataset A and Dataset B1, with the DNN baseline 
shown as dashed lines. 
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4.3. Severe Distribution Shift (Dataset B2) 

Dataset B2 introduced a more substantial distributional change by elevating the 
ambient temperature from 25˚C to 40˚C while keeping the load profile identical 
to Dataset A. Under this condition, the DNN MAE rose to 1.850˚C and R2 fell to 
0.9270, a considerably larger degradation than observed under the moderate load 
shift of Dataset B1. This confirms that the ambient temperature shift created a 
more challenging test condition. The PINN produced an MAE of 1.871˚C and R2 
of 0.9247. The gap between DNN and PINN remained small, with the DNN still 
marginally outperforming the PINN. Notably, R2 values for both models dropped 
below 0.93, indicating meaningful degradation in prediction quality under this 
more severe shift. However, neither model showed a clear advantage, suggesting 
that under this type of thermal operating point shift, the simplified first-order 
prior does not provide sufficient constraint to counteract the degradation caused 
by the unseen ambient condition. 

4.4. Cold Start Transient and Noisy Measurements 

Dataset C captured the first 100 seconds of the same loading scenario as Dataset 
A, representing the early thermal transient from ambient temperature. The DNN 
achieved an MAE of 0.063˚C and an R2 of 0.9996, slightly better than its full-du-
ration in-distribution performance. The PINN achieved an MAE of 0.079˚C and 
an R2 of 0.9991. The DNN’s superior performance on Dataset C is consistent with 
the in-distribution finding; the early transient falls within the range of conditions 
seen during training, and the DNN interpolates accurately without requiring 
physical guidance. The physics prior does not improve performance when the test 
condition is well covered by the training data. 

Dataset D introduced 5% Gaussian noise to the speed and current measurement 
channels, representing sensor uncertainty in a practical deployment scenario. The 
DNN MAE increased modestly from 0.066˚C to 0.128˚C, while R2 remained at 
0.9994. The PINN produced an MAE of 0.131˚C and R2 of 0.9994. Both models 
showed similar robustness to the noise level tested, with neither gaining a meas-
urable advantage. The physics prior did not function as a noise filter at this noise 
level. This may be because the 5% noise, while detectable, did not substantially 
alter the underlying input-output mapping that the DNN had learned from clean 
data. 

4.5. Hard Distribution Shift Evaluation 

To test the limits of both models under extreme conditions not represented in the 
training data, three additional datasets (E1-E3) were evaluated. Dataset E1 ele-
vated the ambient temperature to 50˚C, a 25˚C increase from the training ambient 
of 25˚C. Dataset E2 applied a 2× load scaling, subjecting the motor to severe me-
chanical overload. Dataset E3 extended the simulation duration to 500 seconds, 
capturing cumulative thermal buildup beyond the 200-second training window. 

The results are presented in Table 3. Under E1 (50˚C ambient), the DNN 
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achieved an MAE of 13.63˚C while the PINN achieved 13.77˚C. Under E2 (2× 
load), both models produced MAEs of 13.63˚C and 13.77˚C, respectively. Under 
E3 (500 s extended run), the DNN achieved an MAE of 27.85˚C and the PINN 
achieved 28.79˚C. 

 
Table 3. Hard distribution shift results. 

Dataset Condition DNN MAE (˚C) PINN MAE (˚C) 

E1 50˚C ambient 13.63 13.77 

E2 2× load scaling 13.63 13.77 

E3 500s extended run 27.85 28.79 

 
Both models degraded substantially under these extreme shifts, with MAE in-

creasing significantly relative to in-distribution performance. Critically, the phys-
ics prior provided no protective advantage; the DNN and PINN performed equiv-
alently within the margin of measurement uncertainty. 

4.6. Sampling Robustness and Data Degradation 

To address the question of whether physics-informed regularization provides 
value under practical data limitations, four degraded-data scenarios (E4 - E7) were 
evaluated. Dataset E4 employed sparse sampling at 0.5 s intervals (2 Hz) instead 
of the original 0.1 s (10 Hz). Dataset E5 simulated missing data by randomly re-
moving 20% of training samples. Dataset E6 introduced biased coverage by train-
ing exclusively on high-torque operating regions. Dataset E7 added 10% Gaussian 
noise to input measurements. 

The results are presented in Table 4. The PINN outperformed the DNN across 
all four degraded-data conditions. Under E4 (sparse sampling), the PINN 
achieved an MAE of 15.44˚C compared to the DNN MAE of 17.21˚C, a 10.3% 
improvement. Under E5 (missing data), the PINN MAE was 15.43˚C versus the 
DNN 17.22˚C (10.4% improvement). Under E6 (biased coverage), the PINN MAE 
was 11.87˚C versus the DNN 13.33˚C (11.0% improvement). Under E7 (noisy in-
puts), the PINN MAE was 15.45˚C versus the DNN 17.22˚C (10.3% improve-
ment). 

 
Table 4. Sampling robustness results. 

Condition DNN MAE (˚C) PINN MAE (˚C) Ratio (PINN/DNN) 

E4: Sparse sampling (0.5 s) 17.21 15.44 0.897 

E5: Missing data (20%) 17.22 15.43 0.896 

E6: Biased coverage 13.33 11.87 0.891 

E7: Noisy inputs (10%) 17.22 15.45 0.897 

 
This finding establishes a critical boundary condition: the physics prior pro-

vides measurable benefit (approximately 10% MAE reduction) precisely when 
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data quality degrades. Under conditions of complete, clean, and temporally dense 
data, the unconstrained DNN is sufficient. However, when data are sparse, miss-
ing, biased, or noisy, the physics-informed regularizer compensates for infor-
mation loss. 

4.7. Self-Supervised PINN 

A self-supervised PINN was trained using only the physics residual loss, with no 
temperature labels provided during training. After 3000 epochs, the physics loss 
converged to near zero, indicating that the network found a solution that approx-
imately satisfies the thermal ODE as shown in the training loss curves in Figure 
3. However, evaluation against true temperature labels revealed MAE values of 
approximately 30˚C across all datasets, with R2 values below −18. A negative R2 of 
this magnitude indicates that the model performs far worse than simply predict-
ing the mean temperature; the physically consistent solution found by the opti-
mizer does not correspond to the actual thermal trajectory of the motor. 

This result confirms that the first-order thermal ODE, while thermodynami-
cally valid, is underdetermined as a standalone estimator. The ODE admits mul-
tiple solutions that satisfy the residual criterion; the network converges to one of 
these solutions, but without temperature labels to anchor it, there is no guarantee 
that this solution matches physical reality. Self-supervised thermal estimation us-
ing a simplified first-order prior is therefore not viable with the current model 
structure. 

 

 
Figure 3. Training loss convergence curves for DNN, PINN, and self-supervised PINN over 3,000 epochs. 

4.8. Summary of SPIM Results 

Table 5 presents a complete summary of all SPIM results on datasets A-D and the 
self-supervised experiment. Figure 4 provides a comparative bar chart of the MAE 
across these conditions. 
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Table 5. SPIM Results—DNN vs. PINN across all conditions. 

Dataset Condition DNN (MAE) DNN (R2) PINN (MAE) PINN (R2) Winner 

A Training 0.0660 0.9999 0.0785 0.9997 DNN 

B1 Moderate load shift 0.4338 0.9939 0.4710 0.9926 DNN 

B2 Severe ambient shift 1.8500 0.9270 1.8705 0.9247 DNN 

C Cold start 0.0629 0.9996 0.0786 0.9991 DNN 

D Sensor noise 0.1276 0.9994 0.1313 0.9994 DNN 

Self-supervised No labels — — ~30 < −18 Fails 

 

 
Figure 4. MAE comparison between DNN and PINN across all evaluation datasets (λ = 1 × 10−4). 
 

The evaluation on datasets E1 - E7, summarized in Table 4 and Table 5, further 
clarifies the boundary conditions of physics prior effectiveness. Under extreme 
distribution shifts (E1 - E3), both models degraded substantially and equally, with 
MAE increasing to 13.6˚C - 28.8˚C and the physics prior providing no protective 
advantage. However, under degraded data scenarios (E4 - E7), the PINN consist-
ently outperformed the DNN, achieving approximately 10% lower MAE. This es-
tablishes a critical boundary condition: the physics prior becomes valuable when 
data quality degrades, while offering no benefit under complete data conditions 
or extreme distribution shifts. 

5. Discussion 
5.1. Boundary Conditions for Physics-Prior Effectiveness 

The results, summarized in Tables 3-5, reveal a nuanced picture of physics-in-
formed neural network effectiveness. The findings can be categorized into two 
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distinct regimes: 
Regime 1—Complete Data with Temporal Context: When temperature labels 

are abundant, sampling is dense, data coverage is unbiased, and time is available 
as an input feature, DNN and PINN achieve equivalent accuracy (datasets A–D). 
The physics prior provides no measurable advantage because the data alone con-
tain sufficient information to learn the thermal mapping. 

Regime 2—Degraded Data: When data quality degrades (sparse sampling, miss-
ing observations, biased operating coverage, or noisy measurements—datasets E4 - 
E7), the physics prior provides meaningful regularization, reducing MAE by ap-
proximately 10% relative to the DNN alone. This finding demonstrates that phys-
ics-informed learning is valuable not as a universal improvement but as a targeted 
tool for data-limited scenarios. 

Under extreme distribution shifts (E1 - E3), both models degraded substantially 
and equally. The physics prior offered no protection against extrapolation failure, 
consistent with the explanation that the first-order ODE, while encoding thermo-
dynamic relationships, does not capture all relevant physical mechanisms (e.g., 
core iron losses, rotor copper losses, multi-dimensional heat paths). 

5.2. Why the Physics Prior Did Not Help 

There are three reasons why the simplified thermal ODE failed to provide a meas-
urable benefit under any tested conditions. 

First, the distribution shifts tested here, while genuine, did not degrade the 
DNN’s interpolation capability to the point of failure. On Dataset B1, the DNN 
achieved an R2 of 0.9939 even under the unseen load profile. On Dataset B2, R2 
fell to 0.9270, a meaningful degradation, but still far from the regime where a data-
driven model breaks down entirely. The physics prior is most useful when a model 
is forced to extrapolate far outside its training distribution. In this study, both shift 
conditions were moderate enough that the DNN retained reasonable predictive 
capability without physical guidance. 

Second, the simplified first-order ODE is an incomplete representation of the 
motor’s actual thermal dynamics. The thermal prior used here accounts for cop-
per losses in both windings, convective cooling, and bearing friction losses follow-
ing Calasan et al. [14]. However, it excludes core iron losses, rotor copper losses, 
thermal interface resistances, and multi-dimensional heat flow paths. When the 
physics prior does not capture the dominant thermal mechanisms accurately, it 
does not guide the model toward better predictions; it guides it toward a thermo-
dynamically approximate but empirically inaccurate solution. This is precisely 
what the lambda sensitivity analysis revealed: as the physics weight increased, both 
in-distribution and shift performance degraded monotonically. There was no op-
erating point where physics helped. 

Third, the self-supervised experiment confirmed that the ODE prior is under-
determined. A network trained purely on the physics residual converged to a near-
zero residual loss but produced temperature predictions with an MAE of approx-
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imately 30˚C. This demonstrates that multiple solutions satisfy the simplified 
ODE; the physics constraint alone cannot uniquely identify the motor’s thermal 
trajectory. Temperature labels are necessary to anchor the solution, and when they 
are present in sufficient quantity, the data-driven model uses them effectively 
without needing physical guidance. 

5.3. Comparison with Prior Work 

The finding here contrasts with results reported by Wang et al. [10], who demon-
strated a physics-informed approach achieving an MAE of 1.71˚C on real PMSM 
data. However, there is an important difference in approach. Wang et al. used a 
10-node Motor-CAD-calibrated lumped-parameter thermal network, a high-fi-
delity multi-node prior that captures inter-component heat transfer, not a single 
first-order ODE. A more faithful physics prior naturally provides stronger guid-
ance and is more likely to yield measurable benefits. The present study tests the 
other end of this spectrum, a minimal first-order prior, and the results suggest 
that the benefit of physics-informed regularization is strongly dependent on the 
fidelity of the physics model used. 

Stensson [11] and Lim et al. [12] similarly demonstrate PINN benefits under 
specific conditions, but neither study isolates the marginal contribution of the 
physics prior by comparing against an identical unconstrained baseline under the 
same conditions. The controlled experimental design in the present work, with 
identical architecture and data and only the loss function differing, allows a cleaner 
attribution of performance differences specifically to the physics constraint. 

5.4. The Single-Phase Induction Motor—An Underexplored 
Domain 

Prior PINN work on motor thermal estimation has focused almost exclusively on 
PMSMs [10] [11] [16]. The single-phase induction motor, despite its widespread 
use in household appliances, small pumps, and light industrial equipment, has 
received almost no attention in the neural network-based thermal estimation lit-
erature. The dual-winding structure of the SPIM, with separate main and auxiliary 
windings, each contributing to copper losses, requires a more nuanced thermal 
prior than the single-winding models commonly used for PMSMs. This study pro-
vides the first controlled diagnostic comparison of DNN and PINN for SPIM ther-
mal estimation and establishes the thermal ODE formulation for this motor type 
with dual-winding copper loss terms. 

5.5. Practical Implications 

The results of this study convey a clear practical message for engineers deploying 
motor thermal estimators. 

When training data are available and cover the intended operating range, a 
well-trained feedforward DNN is the preferred choice. It is simpler to implement, 
easier to train, requires no motor-specific thermal parameters, and consistently 
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achieves lower prediction error than a PINN using a simplified physics prior. 
The physics prior adds value only when the simplified ODE is a faithful approxi-

mation of the dominant thermal dynamics and when the distribution shift is severe 
enough to substantially degrade data-driven interpolation. Neither condition was 
met in this study. For applications where these conditions are expected, such as mo-
tors operating under highly variable or unpredictable duty cycles with limited train-
ing data, a higher-fidelity prior, such as a multi-node LPTN calibrated to the specific 
motor, would be more appropriate than the first-order ODE used here. 

Self-supervised thermal estimation, training without temperature labels using 
only the physics loss, is not viable with a simplified first-order prior. The under-
determined nature of the ODE means that the network converges to physically 
plausible but empirically incorrect solutions. Applications that require label-free 
deployment will need either higher-fidelity physics models or alternative ap-
proaches, such as transfer learning or domain adaptation. 

5.6. Limitations 

Several limitations of this study should be noted. 
First, the SPIM datasets were generated from a Simulink simulation model pa-

rameterized from manufacturer datasheet values. While the model produces 
physically plausible thermal trajectories, confirmed by steady-state temperature, 
speed, and torque values within expected ranges for a 1 HP motor, it has not been 
validated against direct thermocouple measurements from a physical motor. The 
absolute MAE values reported here reflect simulation-to-simulation performance 
and should not be compared directly to results from studies using real hardware 
measurements. Validation on real motor hardware remains an important direc-
tion for future work. 

Second, the distribution shifts tested, while covering a range of operating con-
ditions, were moderate in severity. The most severe shift tested, an ambient tem-
perature change from 25˚C to 40˚C, degraded DNN R2 to 0.927, which still repre-
sents reasonable predictive capability. Under more extreme shifts, such as a change 
in motor drive topology, significantly different ambient environments, or opera-
tion in completely different load regimes, the physics prior might provide a meas-
urable advantage. This represents a direction for future investigation. 

Third, the network architecture was fixed throughout the study (761 parame-
ters). Architecture sensitivity was not explored; deeper or wider networks may alter 
the observed boundary conditions. Future work should examine whether network 
capacity affects the relative performance of DNN and PINN. 

Fourth, the lambda sensitivity analysis fixed all other hyperparameters (opti-
mizer, learning rate, loss scaling). Alternative optimizer settings and loss-balanc-
ing strategies such as GradNorm [18] merit future investigation. 

Fifth, the study focused on a single motor type (SPIM). Generalization of these 
findings to three-phase induction motors, brushless DC motors, or switched re-
luctance motors requires additional studies. 
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6. Conclusions 

This controlled diagnostic study demonstrates that the effectiveness of a first-or-
der thermal physics prior for motor thermal virtual sensing is conditional, not 
universal. When temperature labels are abundant and temporal context is available, 
physics-informed and data-driven networks achieve equivalent accuracy. When 
data quality degrades, the physics prior provides meaningful regularization. 

These findings establish a practical decision boundary for engineers deploying 
motor thermal estimators. When training data adequately covers the intended op-
erating range, a well-trained DNN is the preferred choice. When data quality is com-
promised by sparse sampling, missing observations, biased coverage, or measure-
ment noise, a physics-informed approach offers modest but meaningful improve-
ments. 

Future work should validate these findings on real motor hardware with direct 
thermocouple measurements, explore architecture sensitivity across network sizes 
and depths, and investigate whether higher-fidelity multi-node thermal priors pro-
vide greater benefits under extreme shifts. 
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