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Measuring the heat generation rate of batteries is essential for their thermal management. To acquire the heat generation rate, the
calorimeters are costly, while model-based methods are relatively low-cost but suffer from demanding data and/or compromised
accuracy. To circumvent the dilemma, we develop a novel method with better accuracy to estimate the heat generation rate using
only a single-point temperature by solving the inverse problem of the heat-generation-rate-temperature transfer function. Validated
across different battery formats (18650 and 3270 liFePO4/graphite batteries), heat generation rates (from 0.5 C to 5 C), and ambient
environments (oven, room, and silicone oil), we prove that this method accurately estimates the heat generation rate with either
surface or internal temperatures measured by optical fiber sensors, offering ~56% less relative root mean squared error (RRMSE)
than the conventional thermal network model. We also demonstrate another application of this approach: Using surface
temperatures to derive the heat generation rate and then estimate internal temperatures, showing RRMSE below 3.2% at various
discharge rates (0.5C-2C). This work not only facilitates the computation of the heat generation rate of batteries but also advances
their thermal/thermodynamic studies together with battery sensors.
© 2025 The Electrochemical Society (“ECS”). Published on behalf of ECS by IOP Publishing Limited. All rights, including for
text and data mining, AI training, and similar technologies, are reserved. [DOI: 10.1149/1945-7111/adf2e4]
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List of Symbols

Parameters
C Specific heat capacity
dt Time step
g Volumetric heat generation rate distribution

( )G s TF-MPFO from Q̇ to temperature
h Convection heat transfer coefficient
I Current
k Thermal conductivity

( )K x y z, ,d Heat generation rate distribution
pi Additive inverse of A ( )sij pole
P SWAC period
Q̇ Heat generation rate
s Laplace variable
t Time variable
tsuff The time when the cooling period starts
T Temperature
Te Excessed temperature
Te

0 Initial value of Te
Tin Internal temperature
Tsteady The steady-state temperature
Tsurf Surface temperature

∞T Ambient air temperature
V Voltage
Vsys System domain
x The first Cartesian coordinate
y The second Cartesian coordinate
yi State variable of the i-th first-order subsystem
yi

0 Initial value of yi
yreal Real value
ypred Predicted value
z The third Cartesian coordinate

A A transfer function from heat generation rate to
temperature

Aij A component of A
∂
∂
U

T
Entropic heat coefficient

∂V Boundary surface
ρ Mass density
Q̇ Laplace transformation of Q̇
Te Laplace transformation of Te
 Complex number
+ Positive integers
∇ Vector differential operator

Maintaining an optimal operational temperature range is critical
for the safe and efficient operation of batteries. However, batteries
inherently generate heat during operation, which presents a sub-
stantial risk of overheating and can trigger safety issues.1–3

Therefore, an accurate estimation of the heat generation rate
(denoted by Q̇) for batteries is of paramount significance, as it
directly informs the development of effective thermal management
strategies to mitigate safety risks.4,5 From another perspective, the Q̇
fingerprints of batteries offer critical insights into their reaction
mechanisms, namely, perceiving electrochemical processes via
thermal signals.6–13 Specifically, Q̇ is associated with the formation
of solid electrolyte interphases6,13,14 and other parasitic reactions.7,8

Therefore, the added values of acquiring heat generation of batteries
are undoubtful.

To accurately measure Q̇ in batteries, adiabatic15–17 and iso-
thermal calorimeters18–20 were adopted to offer direct and precise
results; however, their use is predominantly limited to specialized
equipment, which is not only costly but also constrained to the
dimension of the calorimeter chamber. To circumvent these limita-
tions, models have been developed for estimating Q̇ from easily
measurable signals, such as temperature, current, and voltage.
Prominent models include the electrochemical models,21–26 neural
network models,27–30 and thermal network (TN) models.31–39 ThesezE-mail: mezhangt@hkust-gz.edu.cn; seejhuang@hkust-gz.edu.cn
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models offer a way to establish the relationship between observable
signals and Q̇, thus providing a low-cost alternative to direct
instrument-based methods.

Among the electrochemical models, the Bernardi equation is the
most widely used due to its minimal parameter requirements and low
computational load.23,24 However, the difficulty of applying the
Bernardi equation lies in acquiring thermodynamic variables such as
equilibrium voltage and entropic heat coefficient.24 In contrast to the
Bernardi equation, neural network models rely on large amounts of
data to overcome the necessity of physical variables and assump-
tions, which demonstrates successes under a few scenarios.27–30

Nevertheless, neural network models are susceptible to overfitting
and, therefore, require a substantial volume of data, limiting their
practical applications.

Compared to the Bernardi equation and neural network models,
thermal network models offer a physically intuitive representation
by drawing an analogy to electric resistor-capacitor (RC) circuits.
Namely, heat is driven from a higher temperature to a lower
temperature through a medium that both resists heat flow and acts
as a thermal capacitor to store thermal energy.40 Owing to their
intuitiveness and simplicity, thermal network models using a single
set of resistor-capacitor (1-RC TN) are prevalently employed in the
thermal modeling of batteries.31–33 The 1-RC TN provides an
advantage that only the two points (e.g., ambient and surface) of
temperatures are needed,31–33 whereas building a higher-order
resistor-capacitor network necessitates additional temperature mea-
surement points.41 Anyway, heat generation and transfer in the
battery are complicated three-dimensional (3D) physical processes,
and simplifying these processes with a lumped thermal network
inevitably introduces inaccuracies.42

Table I compares methods to estimate the heat generation rate of
batteries, as discussed above. The need to develop a low-cost, high-
accuracy, and easy-to-implement method is clear. Particularly, given
our previous experience with thermal network models,6,11,43 we
hope to devise a method with better accuracy given a single
temperature measurement point. To this end, we utilize the funda-
mental governing equations (such as the Fourier-Biot equation) in
heat transfer and solving the inverse problem of Q̇-temperature
transfer function. This transfer function is rigorously derived and
approximated for a specific heat transfer problem of batteries, which
is composed of multiple parallel first-order systems (TF-MPFO).
The performance of the as-developed model is examined in different
battery formats (18650 and 3270 liFePO4/graphite batteries), current
rates (from 0.5 C to 5 C), and ambient environments (oven, room,
and silicone oil). In addition, we also show the versatility of our
model in estimating the internal temperature via the surface
temperature with excellent accuracy.

Methods

Transfer function from heat generation rate to temperature.—
We consider a system (e.g., a battery) with an internal heat source,
initially in thermal equilibrium with the surrounding air. The thermal
dynamics are governed by the Fourier-Biot equation,44 along with a
natural convection boundary condition45 and the corresponding
initial conditions:
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where, ( )T x y z t, , , represents the temperature field; x, y, and z
denote the Cartesian coordinates in three-dimensional space; t is the

time variable; g represents the volumetric heat generation rate
distribution; ∇ is the vector gradient operator. The material proper-
ties include mass density (ρ), specific heat capacity (C), and thermal
conductivity (k). Let Vsys denotes the system domain, with ∂V being

its boundary surface. |∂
∂ ∂
T

n Vsys specifies the normal temperature

gradient at the boundary. The boundary condition parameters
involve the convection coefficient (h) and ambient temperature ( ∞T ).

For simplification, we define the excess temperature as

( ) = ( ) − [ ]∞T x y z t T x y z t T, , , , , , 2e

Substituting (2) into (1) transforms the system into
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We postulate that ( )g x y z t, , , can be decomposed into a spatial
distribution function ( (K x y z, ,d )) and the time-dependent heat
generation rate ( ̇ ( )Q t ):

( ) = ( ) ̇ ( ) [ ]g x y z t K x y z Q t, , , , , 4d

Accordingly, ̇ ( )Q t can be obtained by integrating ( )g x y z t, , ,
over the spatial domain:

∫ ∫ ∫̇( ) = ( ) [ ]Q t g x y z t dxdydz, , , 5
Vsys

Applying the Laplace transform to (3) and (4) yields
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where s is the Laplace variable; T ( )x y z s, , ,e and Q̇( )s are the
Laplace transformation of ( )T x y z t, , ,e and ̇ ( )Q t , respectively.

Defining the transfer function A
T
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Thus, the solution of (7), A( )x y z s, , , fully characterizes the
linear response between Q̇ and Te. By omitting spatial coordinates for
brevity, the input-output relation is simplified to

T

Q
A

( )
̇ ( )

= ( ) [ ]s

s
s 8e

Transfer function simplification.—The exact form of A is
generally complex due to the distributed nature of heat transfer.46 To
enable practical implementation, we apply the following simplifications.

Padé approximation.—Using a Padé approximant,47,48 A is
approximated as a strictly proper rational function (to ensure
causality49,50):

Journal of The Electrochemical Society, 2025 172 080505



Table I. Comparison of methods to estimate the heat generation rate of batteries.

Calorimeter Bernardi equation Neural network Thermal network Our transfer function method

Cost High Low Medium Low Low
Applicable cell size Depending on the chamber All size All size All size All size
Parameter determination Easy Difficulty in accuracy Relying on the amount of data Medium Medium
Temperature point number Depending on the setup / / Depending on the order of RC 1
Accuracy High Medium Relying on the amount of data Medium High
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Partial fraction decomposition.—Performing partial fraction
decomposition51 on (9) yields a sum of partial fractions:
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Experimental simplification.—To experimentally determine the
dominant terms in A ( )sij , thermal characterization tests were con-
ducted on a commercial 3270-type LiFePO4/graphite (LFP/C) cylind-
rical battery (6 Ah capacity) under controlled conditions. Namely, the
battery was placed in a 25 °C oven under the natural convection
cooling condition, aligning with the boundary conditions assumed in
section Transfer function from heat generation rate to temperature.

A square-wave alternating current (SWAC) of ±12 A with a 20-s
period was applied for 2 hours, followed by a 2-hour rest period for
cooling (Fig. 1a). This symmetric current profile cancels cumulative
reversible heat through charge-discharge cycle averaging.6,25 The
internal temperature was monitored via a core fiber Bragg grating
(FBG) sensor positioned 3.5 cm from the negative terminal. The
FBG sensors were selected here due to their small size, chemical
inertness, and electromagnetic immunity.6,52 The working principal
of FBG is illustrated in Supplementary Note 1. Meanwhile, Q̇ was
calculated per period as

∫̇( ) = ( − ) < < = … [ ]
( − )

Q t
P

IVdt k P t kP k
1

, 1 , 1, 2, 3, 13
k P

kP

1

where P denotes the SWAC period.
The resultant temperature and Q̇ are shown in Fig. 1b, where the

temperature showed exponential decay during the cooling phase.
Correspondingly, the cooling phase response ofA ( )sij after reaching
a steady-state temperature ( )Tsteady is:
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where tsuff marks the cooling start time. It is obvious that complex
poles in (14) will introduce oscillatory behavior of temperature,
which contradicts the observed exponential temperature decay
(Fig. 1b), necessitating retention of only real positive poles ( >p 0i ).

Further analysis of the time derivative of (14):
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reveals that higher-order terms ( ⩾j 2) introduce sigmoid decay,
inconsistent with experimental data. Consequently, the transfer
function reduces to a sum of first-order systems:
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+

> [ ]
=

s G s
r

s p
p, 0 16

i

n
i

i
i

1

termed a multiple parallel first-order (TF-MPFO) model.
Implementation with =n 1 achieved 0.18 °C root mean squared
error against experimental data (Fig. 1b), validating the simplifica-
tion. Specifically, the determination of n was based on an incre-
mental strategy, namely, we began with =n 1 (the lowest order) and
gradually increased the value only if the parameter identification
results (e.g., accuracy) were proved inadequate. This approach
ensures an optimal balance between model complexity and perfor-
mance.

Notably, this TF-MPFO is rigorously derived and approximated
for the heat transfer problem. It eliminates the requirement for
dimensional reduction from 3-D thermal analysis to simplified 1D or
lumped-parameter frameworks, which are commonly employed in
conventional thermal network models.31–37,41,53 This fundamental
characteristic enables our methodology to operate with fewer
assumptions while maintaining enhanced robustness across diverse
operational scenarios.

From a single-point temperature to the heat generation rate.—
With this specially simplified TF-MPFO, we propose a method
called the inverse transfer function (Inv-TF) method to deduce ̇ ( )Q t
from Te inversely. The methodology proceeds as follows.

First, (16) is converted into continuous state-space equations:
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where yi represents the state variable of the i-th first-order
subsystem.

Next, (17) is discretized using a fixed time step (dt). Let Xj

denote the value of the variable ( ( )X t ) at discrete time ( =t jdt).
Solving (17) and (18) analytically yields
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Lastly, considering the initial value of yi and Te, they are set to 0,
that is

= = [ ]y T0, 0 24i e
0 0

This assumption reflects that the system starts in thermal
equilibrium with the surrounding air.

In summary, the method procedure is illustrated in Fig. 2. Using
this method, Q̇ of a battery can be determined by using a single-point
temperature measurement.

Results

Experimental setup.—FBG sensors were strategically positioned
to measure both surface and internal temperatures at 1 Hz sampling
frequency. Particularly, the measurements of internal temperatures
were achieved by embedding sensors into a central void through the
battery’s positive terminal cover.

The FBG insertion was conducted in a dry room (Dew point:
−55 °C) and involved 5 key steps: (1) Full discharge of the battery
to ensure safety during modification; (2) Precision drilling of a 1-mm
diameter access hole at the positive terminal’s center; (3) Sensor
insertion through the hole using a guidance needle for proper
positioning; (4) Epoxy resin encapsulation to seal the entry point
and ensure the air-tightness; (5) Curing and post-installation quality
checks. Supplementary Fig. 2(a) illustrates the modified 3270 battery
following successful sensor integration.

To quantify the sensor insertion’s effects on the battery, electro-
chemical impedance spectroscopy tests were performed pre- and
post-modification. As shown in Supplementary Fig. 2(b), the
Nyquist plots exhibit negligible deviation between the pristine and
modified batteries, confirming that the integration process did not
affect the electrochemical behavior.

Additionally, to evaluate method accuracy, the relative root mean
square error (RRMSE) is employed:

=
( − ) /

( ) − ( )
[ ]

y y N

y y
RRMSE

max min
25

real pred

real real

2

where, yreal and ypred represents the real and the predicted values,
respectively, N is the sample count. This normalized metric enables

Figure 1. SWAC results of a 3270 LFP/C battery: (a) Current and voltage, (b) Heat generation rate, and (c) Internal temperature.
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cross-condition comparison by accounting for measurement range
variations.

Heat generation rate estimation.—Results under the thermo-
static oven condition.—In this experimental configuration, the
batteries were housed within a thermostatic oven maintained at
25 °C. To examine whether the location of the temperature sensor
will influence the results, temperature measurements were recorded
at six spatially distinct positions: Three axial locations within the
battery’s internal cavity (top, middle, bottom) and three corre-
sponding points on its external surface. The axial positions were
defined at heights of 5 cm (top), 3.5 cm (middle), and 2 cm (bottom)
relative to the negative terminal cover. As shown in Supplementary
Fig. 3, temperature profiles during a 1 C constant-current discharge
exhibited minimal spatial variation along the vertical axis for both
internal and surface measurements. Given this observed thermal
uniformity, subsequent Q̇ estimations were simplified by adopting
the mid-height internal temperature (Tin) and surface temperature
(Tsurf ) as representative thermal indicators.

Figure 3 presents the Q̇ estimation results for the 3270 battery
using the Inv-TF method during a multiple SWAC (MSWAC) test.
As shown in Fig. 3a, the MSWAC protocol comprised four
sequential 0.5-hour SWAC tests with current magnitudes of 1 C,
2 C, 1 C, and 0.5 C, each with a 20-s period. To mitigate noise
effects, raw temperature data were smoothed using piecewise third-
order polynomial functions prior to analysis, as shown in Fig. 3b.

As demonstrated in Fig. 3c, the Inv-TF method accurately
reconstructed the Q̇ profile using both Tin and Tsurf , yielding low
RRMSE of 1.19% and 1.89%, respectively. The marginally higher
error for Tsurf -based estimation may be attributed to its sensitivity to
spatiotemporal heat dissipation variations.54

To validate the method under high-rate conditions, high-rate
MSWAC tests were conducted for both 3270 and 18650 LFP/C
batteries. While retaining the protocol structure from Fig. 3a, current
magnitudes were elevated to 2 C/4 C/2 C/1 C for the 3270 and 2.5 C/
5 C/2.5 C/1.5 C for the 18650 (Figs. 4a and 4b). As shown in Fig. 4c,
the 3270 battery exhibited increased RRMSE values of 1.38% (Tin) and
3.19% (Tsurf ) compared to low-rate results (1.19% and 1.89% in
Fig. 3c). This performance degradation aligns with intensified reaction
non-uniformity at elevated currents, which induces dynamic Q̇ dis-
tributions that violate the static assumption in (4).55 Nonetheless, we
demonstrate that even at 4 C conditions in Figs. 4a and 4b, the absolute
error is limited to less than 0.5W (~7% of the average heat generation
rate of 7.4 W), indicating that the violation does not critically
compromise the method’s operational viability. More importantly, the
performance degradation is smaller with Tin (0.19%) than that with Tsurf

(1.30%) on the whole, underscoring the importance of measuring
internal temperatures. On the other hand, the 18650 battery demon-
strated lower RRMSEs (1.86% and 2.09% for Tin and Tsurf , respec-
tively) than that of 3270 cells (1.38% and 3.19%), probably because the
smaller dimensions mitigate spatial Q̇ distribution variability.

Figure 2. Procedure for Inv-TF method.
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Figure 3. Q̇ estimation results of a 3270 battery: (a) MSWAC current profile; (b) Smoothed temperatures; (c) Q̇ estimation; (d) Error.

Figure 4. High-rate Q̇ estimation and error analyses: (a,c) 3270 battery; (b,d) 18650 battery.
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Furthermore, it is noted that the theoretical foundation of our
approach, derived from core heat transfer principles and boundary
conditions, is fundamentally applicable to any battery geometry,
including pouch cells. To explicitly demonstrate this, we applied this
method to estimate the heat generation rate of a 15 Ah LFP/C pouch
cell using a surface temperature measurement, achieving good
accuracy of 2.48% RRMSE, as shown in the Supplementary Fig. 4.

Validation in different ambient environments.—To assess
robustness across operating conditions, the method was validated
using the MSWAC test under distinct ambient environments. A 3270
battery was tested in two configurations: (1) exposed to ambient air
in a room-temperature setting, representing typical operational
conditions; and (2) submerged in silicone oil within a 25 °C
thermostatic oven, simulating thermal management systems de-
signed to optimize heat dissipation.56–58

The Q̇ estimation results for both conditions are shown in Fig. 5.
As shown in Fig. 5, Q̇ estimation in air achieved RRMSE values of
1.06% (Tin) and 2.26% (Tsurf ), demonstrating reliable performance.
Conversely, silicone oil immersion yielded higher errors (2.79% and
5.06% for Tin and Tsurf , respectively), primarily due to an expanded
interfacial region for the battery-silicone system compared to the air-
only condition. The increased interfacial region amplifies spatio-
temporal variations in convective heat transfer dynamics,59 which
contravenes the model’s foundational assumption of time-invariant
natural convection parameters, as indicated in (1). Consequently, the
violation of this assumption—more pronounced under silicone oil
immersion due to the larger interfacial region—induces systematic
underestimation of transient thermal behavior. To improve accuracy,
one possible future solution involves refining the TF-MPFO
parameterization methodology, specifically by incorporating

characteristics of complex interfacial heat transfer. Notably, under
any conditions (room, air, or silicon oil), the model always performs
better with Tin, showcasing the performance enhancement from the
internal measurement.

Comparison with the thermal network model.—Furthermore,
we conducted a performance comparison between the proposed Inv-
TF method and the thermal network model6,60 across the previous
five experimental configurations. The detailed implementation of the
thermal network model is described in Supplementary Note 2. As
summarized in Table II, the Inv-TF method relying on Tin demon-
strated better accuracy than the thermal network model across all
conditions. Note that the thermal network model used 2 temperature
points including both Tin and Tsurf , while the as-developed Inv-TF
method only needs a single-point temperature (either Tin or Tsurf ),
highlighting the advance of our method. On average, the Tin- and
Tsurf -based Inv-TF method achieved lower RRMSEs of 1.66% and
2.90%, respectively, than that of the thermal network method
(3.75%), offering improvements of 56% and 23%, respectively.

This performance gap likely originates from structural differ-
ences between the methodologies. The thermal network method
employs a lumped-parameter modeling framework, which over-
simplifies thermal dynamics by neglecting spatial temperature
gradients—a critical limitation in geometrically complex systems
such as batteries.61 In contrast, the Inv-TF method implicitly
accounts for distributed thermal behavior, as indicated in (1),
enabling more precise estimation under dynamic operating condi-
tions.

Internal temperature estimation.—The Tin is a crucial parameter
for battery thermal management, requiring the implementation of

Figure 5. Q̇ estimation under different environments: (a) Room; (b) Silicone oil.

Table II. RRMSE Comparison of Inv-TF and TN method.

Method
MSWC 3270

(Oven)
High-rate MSWC 3270

(Oven)
High-rate MSWC 18650

(Oven)
MSWC 3270

(Room)
MSWC 3270 (Silicone

oil) Average

Inv-TF (Tin) 1.19% 1.38% 1.86% 1.06% 2.79% 1.66%
Inv-TF (Tsurf ) 1.89% 3.19% 2.09% 2.26% 5.06% 2.90%
Thermal network 1.82% 2.52% 2.43% 4.83% 7.27% 3.75%
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embedded sensors inside the battery.6,62,63 However, in the short
term, internal sensors are not available in commercial battery
products. Here, our method could provide a framework for Tin

estimation. The process begins by utilizing Tsurf to estimate Q̇ by the
Inv-TF method, which is subsequently used to predict Tin by the TF-
MPFO model. A critical preliminary step of this approach involves
determining the parameters of the two TF-MPFOs for Tin and Tsurf .
All these parameters are identified through the SWAC experiment,
as illustrated in Fig. 1. Additionally, to minimize noise interference,
raw Tsurf data undergoes smoothing prior to Q̇ estimation. The

derived Q̇ values are then used to compute Tin via (19) and (20).
As shown in Fig. 6, the estimated Tin curves for the 3270 lFP/C

battery maintain strong agreement with the real measurements, with
notable deviations at low state of charge levels. This discrepancy
likely stems from increased current distribution heterogeneity at a
low state of charge (SOC), which induces localized Q̇ fluctuations.64

These fluctuations violate the fixed Q̇ distribution assumption
underlying our model, thereby introducing errors in low-SOC
regimes. Overall, the RRMSE values for Tin estimation at 0.5 C,
1 C, and 2 C rates are 3.13%, 2.05%, and 2.45%, respectively. The
slightly elevated RRMSE at 0.5 C likely arises from the narrower
temperature range observed experimentally at this rate. Since
RRMSE normalizes errors by the measurement range, reduced
thermal dynamics at lower discharge rates amplify the relative error
metric. In summary, the method achieves all RRMSE values below
3.2% at different rates. This metric confirms the method’s remark-
able accuracy in Tin estimation.

Notably, the estimated Q̇ profiles in Fig. 6b exhibit characteristic
peaks and valleys, consistent with entropy-driven thermal behavior
in LFP/C batteries.65 These “peaks and valleys” features arise
directly from the entropy-driven reversible heat component (Q̇rev)
of Q̇ of the LFP/C chemistry and its variation with state of charge
(SOC). In the mid-SOC range during discharge, the Q̇rev is
endothermic (heat absorption), creating the valleys in the total Q̇.
Conversely, at very low and high SOC, the Q̇rev behaves exothermic
(heat release). This exothermic heat release produces the observed
peaks. This consistency implies the Inv-TF method’s capacity to
capture fundamental heat generation mechanisms.

While there may be some concerns about the practical feasibility
of our Tin estimation framework—particularly regarding sensor
intrusiveness and implementation cost. For the intrusiveness problem,
our data confirms minimal intrusion: Supplementary Fig. 2(b) shows
negligible deviation in Nyquist plots between pristine and modified

cells, verifying preserved electrochemical behavior post-integration,
with long-term stability further supported by prior work.6 While for
cost problems, we propose calibrating the −T Tsurf in relationship
using a small batch of sensor-instrumented batteries, then applying
this correlation to sensor-free batteries from the same production
batch. This strategy enables accurate internal temperature estimation
while eliminating the need for pervasive sensor deployment, thereby
enhancing commercial feasibility by reducing unit costs.

Conclusions

We developed a transfer-function-based method to estimate the
heat generation rate (Q̇) in cylindrical batterie using single-point
temperature measurements. To validate its accuracy, we rigorously
compared our approach with the traditional thermal network method
across diverse experimental conditions, including 18650 and 3270
LFP/C batteries under varying thermal environments (oven, room,
and silicone oil), heat generation rates (from 0.5 C to 5 C). By
merely utilizing Tin, our method achieves significantly higher
accuracy, yielding an average RRMSE of 1.66% for Q̇ estimation
in five different experimental configurations. Notably, the average
accuracy of our method outperforms the thermal network model by
56%, even though the thermal network model utilized both Tin and
Tsurf . Furthermore, we demonstrate the method’s capability to infer
internal temperature from surface temperature, validated experimen-
tally on 3270 LFP/C batteries with RRMSEs below 3.2% across
multiple discharge rates (0.5C-2C).

Key advantages of our method include: (1) More easy-to-
implement by a single-sensor temperature monitoring, (2) Robust
with reduced reliance on assumptions inherent to conventional
approaches (e.g., avoiding 3D-to−1D geometric simplifications),
and (3) Dual functionality for both Q̇ and Tin estimation.

However, our method also encounters several challenges. Firstly,
data smoothing is required to eliminate noise inference. Secondly,
the performance of the TF-MPFO method does show uncertainty; for
instance, the Tsurf -based estimation was less accurate, underscoring
the importance of internal sensors. Overall, we believe our method is
more versatile and robust to a wider array of complex scenarios,
providing critical insights into battery thermal management research
and applications.
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