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In lithium-ion battery systems for UAVs, the ternary coupling relationship between temperature, State of Charge
(SOC), and current exerts a decisive impact on battery performance and safety. Through multi-parameter
collaborative experiments combined with thermodynamic modeling to analyze the system’s energy conversion
and heat transfer processes, this study reveals the dynamic evolution laws of the coupling relationship. Experi-
mental results indicate that distinct SOC intervals exhibit significantly differentiated coupling behaviors during
constant current discharge. in the high SOC stage ( 80% − 100% ), the three parameters show an approximately
linear relationship. in the medium SOC stage ( 30% − 80% ), due to the coupling of internal resistance with
SOC and heat conduction effects, the temperature presents a non-monotonic "rise-fall-rise again" variation; in
the low SOC stage (<30%), a positive feedback loop of "internal resistance-heat generation-temperature rise"
is triggered by the strong coupling effect between internal resistance and electrode polarization. Although
derived with heat capacity simplification and internal resistance approximation, the explicit solution of the
thermal equation derived from thermodynamic modeling can although adopting heat capacity simplification
and internal resistance approximation, and only applicable to constant current discharge conditions, can still be
applied to battery BMS after engineering adaptation and a hierarchical early warning matrix integrating the
current-SOC-temperature relationship is constructed, providing a theoretical and practical application basis for
the intelligent thermal management of UAV batteries.

Keywords: Lithium-ion batteries for UAVs; Ternary coupling relationship; Thermodynamic modeling; Hierarchical early

warning matrix
© The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are cited.

http://dx.doi.org/10.6180/jase.202610_33.010

1. Introduction

As the power core of UAVs, lithium-ion battery perfor-
mance and safety are dominated by the temperature-SOC-
current ternary coupling relationship. Although extensive
studies have focused on dual-parameter correlation, the in-
herent ternary coupling mechanism remains insufficiently
understood, restricting the development of reliable bat-
tery management. Their dynamic interactions significantly
affect battery thermal behavior, aging evolution and oper-
ational safety, which necessitates systematic in-depth re-

search.

Thermodynamically, current determines heat genera-
tion and serves as a critical basis for SOC estimation. Regu-
lating average current enables collaborative optimization
of SOC and SOH [1], and integrating SOC-IC helps im-
prove estimation accuracy under high-rate charging [2];
current correction and fusion estimation algorithms fur-
ther enhance dynamic SOC tracking capability [3, 4]. Tem-
perature and SOC exhibit strong coupling: temperature
variation obviously changes model parameters, and SOC
calibration guarantees the reliability of temperature esti-
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mation [5]; multi-temperature parameter identification and
algorithm optimization support high-precision SOC estima-
tion [6]. Current and temperature jointly dominate battery
aging: higher current intensifies heat generation, while
high temperature relieves capacity fading under large cur-
rent but accelerates aging at low current [7, 8]. Experi-
mental results verify that higher current leads to faster
temperature rise and higher steady-state temperature [9].
Affected by multi-physics coupling and aging effects, SOC
presents obvious nonlinear time-varying characteristics.
The high-order nonlinear features of voltage and current
during charging and discharging reflect internal state evo-
lution, and polynomial-activated neural networks realize
high-precision SOC estimation with limited samples [10].
The ternary coupling also affects battery impedance; screen-
ing impedance frequency features strongly correlated with
SOH but weakly coupled with SOC, combined with tem-
perature correction, effectively improves battery state esti-
mation accuracy [11]. Under internal short-circuit condi-
tions, temperature, current and SOC change synergistically
with internal resistance variation and capacity attenuation,
and the electrochemical-thermal coupling model accurately
reproduces such parameter evolution [12].

Excessively high temperature degrades charging and
discharging performance and reduces SOC estimation ac-
curacy. Novel heat pipe and phase change materials effec-
tively suppress battery temperature rise and meet pack-
aging requirements, providing support for UAV battery
active cooling design [13–15]. Meanwhile, UAV wireless
charging technologies have been widely studied; various
positioning and system schemes improve charging power
and operational stability [16–19], and existing reviews have
summarized relevant theories, application scenarios and
technical specifications [20]. Nevertheless, most current
studies concentrate on charging topology and power trans-
mission efficiency, while neglecting the ternary coupling ef-
fect under dynamic charge-discharge conditions, which im-
pair charging performance and thermal characteristics and
limits BMS development. Accordingly, this paper explores
the dynamic coupling mechanism of temperature, current
and SOC in the medium current range through experiments
and thermodynamic modeling, aiming to provide theoreti-
cal and technical support for thermal management, state
estimation and safety control of UAV lithium-ion batteries.

2. Theory and formula

2.1. Construction of Thermodynamic Model

Based on the first law of thermodynamics (energy conser-
vation), the heat balance equation states that the rate of
heat change inside the battery equals the generated heat

minus the dissipated heat, as shown in Eq. (1).

dU
dt

= Qgen − Qloss (1)

where U is the internal thermal energy of the battery, and
dU = C(T)dT (definition of heat capacity). C(T) is the
equivalent average total heat capacity of the internal bat-
tery system, which is a nonlinear heat capacity that usu-
ally changes with temperature. However, it approximately
varies linearly near room temperature, so a linear model
C(T) = C0[1+ ∝ (T − T0)] is adopted for simplification.
Here C0 = 107 J/K is the heat capacity at the reference
temperature T0 = 25◦C, and ∝= 0.002 K−1 is the temper-
ature coefficient (obtained by fitting experimental data).
Substituting these values gives Eq. (2).

Qgen = I2R(S, T) + Qrev (2)

Where I2R(S, T) is the Joule heat with R denoting the
internal resistance coupled to both SOC and temperature.
Derived from the equivalent circuit model and empirical
fitting, the complete internal resistance model, combining
SOC-dependent and temperature-dependent components,
is expressed as shown in Eq. (3).

R(S, T) =[
Rconst + Rlowek1S + Rhighek2(S−100)

]
·
[
1 + β

(
T − Tre f

)]
(3)

Where Rconst = 0.0165Ω (initial battery resistance),
Rlow = 0.016Ω, k1 = −0.03, Rhigh = 0.013Ω, k2 = 0.065 (ob-
tained by regression of experimental data using the least
square method to fit charge-discharge curves). And the
temperature coefficient β = 0.0012 K−1 are calibrated via
least squares regression of experimental charge-discharge
curves, with Tre f = 25◦C as the reference temperature. The
three-term SOC-dependent part captures resistance varia-
tions across low, medium, and high SOC ranges, while the
linear temperature factor simplifies the Arrhenius relation
for practical engineering implementation.In Eq. (2), Qrev

represents the thermal effect caused by the reversibility
of electrochemical reactions during battery charging and
discharging. Its formula is shown in Eq. (4).

Qrev = −0.02 · I · T · ds
dt

(4)

where I is the discharge current (A); T is the instantaneous
battery temperature ( ◦C ); ds

dt is the rate of SOC change (
%/ min ); - 0.02 is the proportional constant obtained by
fitting experimental data. Qloss in Eq. (1) is convective heat
loss, expressed in Eq. (5).

Qloss = hA (T − T0) (5)
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Substituting Qgen and Qloss into Eq. (1) and simplify-
ing gives the temperature-SOC-current coupling formula
shown in Eq. (6).

C(T)
dT
dt

= I2R(S, T) + Qrev − hA (T − T0) (6)

where C(T) dT
dt is the battery heat accumulation rate

(J); I2R(S, T) is the Joule heat (J); Qrev is the reversible
reaction heat (J); h is the convective heat transfer coeffi-
cient

(
W/

(
m2 · K

))
; A is the battery heat dissipation area(

mm2) ; T0 is the initial battery temperature (◦C). For engi-
neering simplification, hA is used directly as an overall pa-
rameter and dynamically calibrated through experimental
temperature rise data. The range of hA is 0.104 0.120 W/◦C
(calibrated experimentally).

2.2. Model Simplification and Engineering Application

The real-time SOC is denoted as St, which is defined as the
ratio of remaining charge. Based on charge conservation
(coulomb counting method), it is calculated as shown in
Eq. (7).

St = S0 −
I

Qn
t × 100% (7)

To simplify the solution of the thermal equation, the
arithmetic mean method is used to calculate the average
internal resistance Ravg(t) at time t, as shown in Eq. (8).

Ravg(t) =
1
t

∫ t

0
R(S(τ))dτ ≈ R (S0) + R (St)

2
(8)

This transformation is based on the trapezoidal rule of
numerical integration. Assuming that internal resistance
changes linearly with SOC (the error is negligible when
is small), the time-varying internal resistance is simpli-
fied to an explicit time function. Since St is a linear func-
tion, St = S0 − kt where k = I

270 × 100%(%/ min). Then
R (St) = R (S0 − kt) (using the expression of the internal
resistance model at Tre f ). Since the heat balance equation
couples temperature T and SOC through R(S, T), direct
solution is difficult. Therefore, drawing on the research
conclusions of References [5] and [21], the following rea-
sonable simplifications are made: assume C(T) ≈ constant
(ignore nonlinearity; replace R(S, T) with Ravg (t) and ig-
nore the temperature dependence of R; assume Q rev is
constant. The simplified equation is shown in Eq. (9).

C(T)
dT
dt

= I2Ravg(t)− hA (T − T0) + Qrev (9)

where Ravg(t) =
R(S0)+R(S0−kt)

2 , St = S0 − It
270 × 100%

and hA is the overall heat dissipation parameter (rang-
ing from 0.104 to 0.120 W/◦C, calibrated experimen-

tally).Dividing both sides of Eq. (14) by C(T) and rearrang-
ing gives a standard linear ordinary differential equation
(first-order linear nonhomogeneous ODE), as shown in
Eq. (10).

dT
dt

+ aT = b(t) (10)

b(t) =
I2Ravg(t)−hAT0+Qrev

C Where a = hA
C ( constant,

unit: s−1), which clarifies its time dependence and pro-
vides a specific expression for ODE solution.). The sim-
plifications (e.g., neglecting internal resistance’s tempera-
ture dependence, Refs. [5, 21]) are reasonable engineering
choices for low-computation, high-real-time UAV BMS,
retaining the core ternary coupling law; focusing on re-
vealing the staged coupling mechanism rather than a fully
unsimplified model, minor errors are acceptable. Cali-
brated for the typical UAV operating range (10 − 30◦C ,
covering most civil scenarios), the thermodynamic model
adapts to 0◦C/40◦C extreme conditions via dynamic cali-
bration of hA and the heat capacity temperature coefficient,
with extended analyses confirming its applicability despite
changes in internal resistance, heat dissipation, and polar-
ization, meeting engineering accuracy requirements. The
standard form of the firstorder linear nonhomogeneous
ODE is shown in Eq. (11).

dT
dt

+ P(t)T = Q(t) (11)

where P(t) = a (constant) and Q(t) = b(t). Multiplying
both sides of the ODE by the integrating factor, transform-
ing the equation, integrating both sides, and rearranging
terms yields the explicit solution of temperature as a func-
tion of time (the time-domain response solution), as shown
in Eq. (12).

T(t) = e−at
(∫ t

0
b(τ)eaτdτ + T0

)
(12)

substituted b(t) =
R(S0)+R(S0−kt)

2 −hAT0+Qrev
C into Eq. (12)

gives the complete solution form in Eq. (13).

T(t) = e−at

(∫ t

0

[ R(S0)+R(S0−kt)
2 − hAT0 + Qrev

C

]
eaτdτ + T0

)
(13)

The temperature time-domain response solution quan-
tifies the multi-parameter coupling (current-SOC-internal
resistance-temperature) of UAV lithium-ion batteries un-
der constant current discharge, verifying the ternary cou-
pling’s phased characteristics and revealing temperature
rise mechanisms under varying currents, while resolving
the high computational complexity of traditional nonlinear
models for UAV BMS. Converting core formulas into basic
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recursive subfunctions and the early warning matrix into
a callable logic table, it requires no additional hardware,
adapts to low end microcontrollers, and enables 100 ms
real time temperature prediction to support thermal run-
away warning, meeting flight safety’s demands for both
timeliness and accuracy.

3. Experimental setup

A 3 S lithium-ion UAV battery module ( 4.5Ah, 11.1 V ) was
tested using a setup comprising a high-precision constant-
current discharge tester (error ≤ ±0.1% ), a 1 Hz data
acquisition system, and a temperature sensor ( 0.1◦C res-
olution) to measure current, surface temperature, voltage,
and discharge capacity. The module was wrapped in alu-
minum film insulation to eliminate ambient interference.
Ten constant-current discharge conditions ( 4.5− 9 A ) were
implemented. Prior to testing, equipment was calibrated,
sensors were fixed on inter-cell heating zones, and the bat-
tery was fully charged at 0.5 C and rested for 2 h to elim-
inate polarization. Each test involved 30 min of constant-
current discharge with real-time temperature monitoring,
and the battery was returned to room temperature between
tests. All data were recorded synchronously, and the setup
is illustrated in Fig. 1.

Fig. 1. The physical objects of various equipment and
devices used in the experiment.

4. Result discussions

4.1. Model Validation Method and Accuracy Evaluation

Model prediction accuracy is quantified via relative error
(Eq. (14)), with temperature prediction errors at 10,20 , and
30 min under 4.5-9A constant current discharge are veri-
fied, as shown in Fig. 2. The average error is 1.53% and the
maximum error is 2.4%, showing an upward trend with
increasing current. the 10 min error peaks at approximately
2.4% under high currents ( 8 − 9 A ) due to initial transient

heat conduction and polarization effects: early discharge
heat concentration leads to unsteady heat conduction de-
viating from the model’s steady-state assumption, while
transient polarization resistance changes under high cur-
rent are not fully captured by the average internal resis-
tance model, causing heat generation prediction deviation.
Despite this, errors remain within engineering acceptable
ranges, confirming that the temperature-SOC-current cou-
pling model accurately characterizes battery temperature
and SOC dynamic responses under different currents, with
good accuracy and engineering applicability, providing re-
liable support for lithium-ion battery thermal management
system design.

δ(t, I) =

∣∣∣∣∣Tpred (t, I)− Tmean (t, I)
Tmean (t, I)

∣∣∣∣∣× 100% (14)

where: Tpred (t, I) is the model-predicted temperature (◦C),
and Tmean (t, I) is the experimentally measured tempera-
ture ( ◦C ).

Fig. 2. Relative Error Diagram between Predicted and
Measured Temperatures.

4.2. Construction of Fitting Surface and Early Warning
Matrix

To further quantify the global temperature-current-SOC
coupling relationship and promote the engineering appli-
cation of the theoretical model, a quadratic polynomial
fitting surface is established via the nonlinear least square
method based on 300 groups of sample data acquired from
ten constant current discharge tests. In this fitting model,
temperature is defined as the dependent variable, while
current and SOC are set as independent variables, and the
specific fitting function is presented in Eq. (15).

f (x, y; θ) = a + bx + cy + dx2 + exy + f y2 (15)
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The fitting coefficients were obtained through sample
iterative optimization: ( a = 19.0261, b = 2.9835, c =

−0.0253, d = −0.0611, e = −0.0225, f = 0.0003).
With R2 = 0.964 and RMSE = 0.838◦C, the model

achieves high-precision fitting of the temperature-current-
SOC coupling relationship, meeting engineering prediction
requirements. Centrally distributed near-zero residuals
indicate negligible systematic bias, validating its use in
real-time BMS temperature estimation. The fitted surface
in Fig. 3 characterizes coupling behavior and identifies
high-risk zones under high current, low SOC, and elevated
temperature. As the dominant factor, current aggravates
temperature rise and SOC decay with each 1A increment
(especially above 7A), while the negative temperature-SOC
correlation increases thermal management difficulty. Dis-
charge currents of 4.5 − 5.5 A suit long-endurance, ther-
mally stable operation, whereas 8-9 A discharge causes
sharp temperature rise and rapid SOC depletion, threaten-
ing battery lifespan and safety. Calibrated at room temper-
ature across 4-10 A and 0% − 100% SOC, the model adapts
to varying ambient temperatures via dynamic adjustment
of the heat dissipation parameter hA and temperature-
dependent heat capacity coefficient.

Fig. 3. Battery Temperature-SOC-Current Fitting Surface
Diagram.

Taking temperature as the core variable, the hierarchical
early warning matrix is established based on the fitting
formula and surface analysis, as listed in Table 1. Bench-
marked at the UAV normal operating temperature range of
10-30°C, the fitting surface and constructed early warning
matrix well meet the safety control requirements of conven-
tional operating conditions. The matrix converts tempera-
ture–current–SOC coupling characteristics into real-time ex-

ecutable rules for BMS, which supports rapid thermal risk
identification and graded regulation to balance UAV flight
endurance and battery service life. Changes in ambient
temperature affect heat exchange efficiency and electrode
polarization, leading to the drift of coupling risk thresh-
olds. low temperatures advance the trigger of thermal risks,
whereas high temperatures reduce the threshold of thermal
runaway early warning.

4.3. Battery Temperature–Current–SOC Coupling Char-
acteristics and 3D Scatter Diagram

As shown in Figs. 4 and 5, battery temperature rises syn-
chronously with SOC decline during constant current dis-
charge, with discharge current as the dominant influenc-
ing factor. At 4.5 A , temperature increases by 0.12◦C per
1%SOC, while at 9 A , this rate reaches 0.23◦C per 1% SOC (
1.9 times faster), with a 10.1◦C rise within 10 minutes once
SOC drops below 50%. Driven by internal resistance-SOC
coupling and heat generation-dissipation balance, temper-
ature follows a "rapid rise-transient fall-accelerated rise"
trend: high initial resistance causes early-stage heating, en-
hanced heat dissipation leads to a mid-SOC transient drop,
and intensified polarization accelerates heating at low SOC.

Fig. 4. Battery Temperature–Current–SOC Coupling
Relationship Diagram.

From the 3D scatter characteristics (Fig. 5), the
temperature-SOC-current coupling arises from electro-
thermal-chemical interactions: current accelerates SOC de-
cay, while Joule heat (proportional to I2 ) drives tempera-
ture rise. Above 35◦C, increased internal resistance triggers
a positive feedback loop of intensified heat generation. The
three parameters show a nonlinear correlation: each 1A
increase in current raises the temperature-SOC change rate
by an average of 11.8%, and coupling strength increases 3.5
-fold from 4.5 A to 9 A. Temperature is positively correlated
with discharge current and negatively correlated with SOC,
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Table 1. Early Warning Matrix.

current range (A) SOC > 80% SOC30%-80% SOC < 30%

4.5-5.5
Low risk ( Z < 28◦C ):

Regular discharge
Medium risk

Low risk ( Z < 32◦C ):
Normal heat dissipation

Medium risk

Medium risk ( Z < 35◦C ):
Monitor temperature

High risk

6-7.5 ( Z < 32◦C ):
Strengthen monitoring

( Z < 36◦C ):
Active heat dissipation

( Z < 39◦C ):
Reduce current to below 5A

8-9 ( Z < 36◦C ):
Limit discharge ≤ 15 min

( Z < 39◦C ):
Forced liquid cooling

risk (Z ≥ 39◦C) :
Trigger overdischarge protection

Fig. 5. Battery Temperature-Current-SOC 3D Scatter
Characteristic Diagram.

providing intuitive support for multi-parameter thermal
characteristic analysis.

5. Conclusions

This study reveals the staged temperature-SOC-current
ternary coupling mechanism of UAV lithium-ion batter-
ies under constant current discharge based on experimen-
tal tests and thermodynamic modeling. At high SOC
of 80% − 100%, electrothermal characteristics maintain
slow temperature rise, linear SOC attenuation and stable
parametric coupling; at medium SOC of 30% − 80%, heat
generation-dissipation dynamics and electrochemical feed-
back lead to a non monotonic temperature variation trend;
at low SOC below 30%, intensified electrode polarization
increases internal resistance and triggers a vicious cycle of
thermal accumulation. Discharge current governs coupling
strength: 4.5 − 5.5 A ensures mild temperature growth and
stable operation, while current above 7A exacerbates non-
linear coupling and requires matched thermal management
and dynamic regulation, with the coupling essence lying
in multi physical field interactions among electrochemi-

cal reaction, heat generation and capacity decay. The es-
tablished simplified thermodynamic model and explicit
solution balance prediction accuracy and computational
efficiency, satisfying the low power and real time require-
ments of embedded BMS. The hierarchical early warning
matrix and regulation strategy enable effective thermal
risk identification and control, improving battery thermal
safety and service life. This work offers theoretical support
and technical reference for the design and safe operation
of UAV battery thermal management systems, and future
research will incorporate ambient temperature to optimize
model performance and expand engineering applicability.
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