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Abstract

Lithium-ion batteries in unmanned aerial vehicles (UAVs) experience highly dynamic elec-
trical loads, but thermal warning criteria are rarely interpreted against non-abuse aviation-
oriented operating states. This study integrated three independent datasets: 196 DJI Matrice 
100 flights, 13,326 validated Sony-Murata VTC6 laboratory missions from 16 cells, and
67 high-temperature-rise abuse experiments from six cell/source families. Real UAV oper-
ation showed sustained electrical demand, with a median mission P95  power of 643.1 W; 
each additional 250 g payload was associated with a 51.1 W increase in P95  power. Among 
non-abuse missions, 942/13,326 (7.07%) reached at least 60 °C, and median mission max-
imum temperature increased by 14.28 °C from the first to final within-cell progression 
decile. However, the conservative maximum non-abuse heating rate at T ≥ 60 °C was 
0.451 °C·s−1 , below the minimum same-thermocouple value of 0.900 °C·s−1  in the abuse 
cohort. A literature-based criterion of T ≥ 60 °C and dT/dt ≥ 1 °C·s−1  produced no observed 
non-abuse activations and activated in 66/67 abuse experiments. Thus, temperature-domain 
overlap increased across recorded mission progression, whereas empirical thermal-rate 
separation persisted.

Keywords: unmanned aerial vehicle; lithium-ion battery; battery safety; thermal runaway; 
temperature-rise rate; electric aviation

1. Introduction
Lithium-ion batteries (LIBs) are increasingly used in unmanned aerial vehicles (UAVs) 

and electric vertical take-off and landing (eVTOL) aircraft because of their favorable specific 
energy and power characteristics [1–3]. Unlike many ground-based applications, electrically 
powered aircraft operate under stringent mass constraints while experiencing strongly 
mission-dependent electrical loads. Real-flight measurements from multirotor UAVs have 
demonstrated substantial variation in electrical demand with speed, payload, altitude, wind, 
and flight trajectory [4], while representative eVTOL duty cycles require high discharge 
power during take-off and landing [5]. These operating characteristics make battery thermal 
behavior relevant not only to performance and degradation but also to flight safety.

Temperature is one of the most accessible battery-monitoring variables and strongly 
affects battery performance, degradation, and safety [6–8]. Repeated cycling and degra-
dation can modify resistance and heat-generation characteristics [9–11]. Aviation-specific 
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battery studies have therefore examined prognostics, degradation modes, and aging pa-
rameters under repeated high-power missions [12–14]. In particular, analyses of the public 
VTC6 eVTOL dataset have linked degradation behavior to cycling conditions including 
temperature and charging current [15], while subsequent work has examined the evolution 
of flight measurements and multiple aging parameters during eVTOL duty cycling [14].

At the safety extreme, thermal runaway is characterized by rapid self-heating that 
may culminate in venting, fire, or explosion [16–18]. Material-level safety strategies have 
also been investigated, including phosphazene-based flame-retardant additives, thermally 
stable dual-salt electrolytes, and multifunctional film-forming additives intended to reduce 
electrolyte flammability and improve electrode–electrolyte interfacial stability [19–21]. 
Thermal, electrical, gas, pressure, mechanical, and other precursor signals have consequently 
been investigated for warning [22–24]. Aviation-specific thermal-runaway warning is now 
an active research field rather than an unexplored problem. Recent studies have examined 
operando thermal and non-thermal indicators under aviation-relevant conditions [25] and 
developed multi-parameter warning strategies under low-pressure environments [26–28].

The interpretation of simple temperature-based criteria nevertheless remains challeng-
ing in high-power aviation applications. Elevated temperature represents accumulated 
thermal loading but does not necessarily imply progression to uncontrollable self-heating. 
Previous thermal-runaway warning work has combined an absolute-temperature condition 
of 60 °C with a temperature-rise-rate condition of 1 °C·s−1  [23], illustrating the practical 
distinction between absolute thermal state and rapid thermal evolution. More generally, 
published definitions of rapid heating and thermal-runaway onset vary with cell chemistry, 
test method, sensor location, state of charge, and thermal boundary conditions [29–31]. 
Consequently, a criterion that appears well separated from abuse behavior under one exper-
imental condition cannot automatically be assumed to retain the same operational margin 
during legitimate high-power flight operation.

Previous studies have largely addressed different portions of this problem separately. 
Real UAV datasets have primarily been used to characterize flight performance and energy 
consumption [4]. Public eVTOL cycling data have supported prognostics and degradation 
analyses [5,12–15]. Aviation thermal-runaway studies, in contrast, have focused principally 
on dedicated abuse experiments, low-pressure environments, multi-parameter warning, and 
mitigation [32–34]. Earlier electrothermal modeling has explicitly connected lithium-ion 
battery behavior from normal operating conditions to abuse conditions [35], but empirical 
cross-dataset assessment combining real UAV electrical demand, long-term non-abuse 
aviation-oriented thermal behavior, and independent high-rise abuse temperature histories 
remains comparatively underexplored.

To examine this gap, we used three public datasets with distinct roles. Real DJI Matrice 
100 flight records are used to characterize the electrical-demand envelope of a small mul-
tirotor UAV. Aviation-oriented Sony-Murata VTC6 cycling records are used to define the 
non-abuse aviation-oriented thermal domain and quantify its evolution across within-cell 
recorded mission progression. Finally, 67 high-resolution high-temperature-rise abuse 
experiments (hereafter, high-rise abuse experiments) from six cell/source families are used 
to characterize rapid-heating behavior at a matched 1 s timescale. The study addresses three 
questions: (1) what electrical loads characterize real multirotor UAV missions; (2) how 
strongly can the non-abuse aviation-oriented temperature domain shift during repeated 
mission cycling; and (3) whether temperature-rise rate retains empirical separation from the 
evaluated abuse domain when absolute temperature begins to overlap. The principal nov-
elty therefore lies in cross-domain operational assessment of thermal warning descriptors 
rather than in proposing a new thermal-runaway indicator.
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2. Materials and Methods
2.1. Public Data Sources, Original Experimental Protocols, and Analytical Cohorts

This study was a secondary analysis of three previously published, publicly accessible 
datasets; no UAV flight tests, battery cycling experiments, or battery abuse experiments 
were conducted by the present authors. The three datasets were assigned complemen-
tary rather than interchangeable analytical roles (Figure 1 and Table 1). The DJI Matrice 
100 flight dataset was used to characterize the field-relevant electrical-demand envelope. 
The Sony-Murata VTC6 aviation-oriented cycling dataset was used to characterize non-abuse 
thermal behavior and its evolution across the recorded within-cell mission sequence. A 
separate mechanically induced abuse dataset provided 67 experiments from six cell/source 
families and was used to characterize rapid high-temperature heating. The resulting cross-
dataset framework therefore evaluated the relationship between field-relevant electrical 
loading and thermal behavior, with particular emphasis on absolute-temperature overlap 
and high-temperature heating-rate separation. Data provenance, original experimental 
conditions, and the analytical cohorts are described below and summarized in Table 1, 
while the overall analytical framework is illustrated in Figure 1.

Figure 1. Cross-dataset framework for evaluating UAV-relevant electrical loading and thermal-domain 
relationships.

The first dataset comprised previously published DJI Matrice 100 flight measure-
ments reported by Rodrigues et al. [4]. The raw and processed flight records were ob-
tained from the associated public Carnegie Mellon University/figshare repository (DOI: 
10.1184/R1/12683453). These flight experiments were conducted by the original investiga-
tors and were not performed as part of the present study. In the source experiments, a DJI 
Matrice 100 quadrotor autonomously followed a predefined delivery-type flight path while 
programmed cruise speed, cruise altitude, and payload were varied. The experimental 
conditions covered cruise speeds of 4–12 m·s−1 , cruise altitudes of 25–100 m, and payloads 
of 0, 250, and 500 g. Battery voltage and current, aircraft position and kinematics, and wind 
conditions were recorded using the onboard sensor system [4].
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Table 1. Characteristics and analytical roles of the three datasets used in the cross-domain assessment.

Dataset/Public Source Primary Analytical 
Cohort Main Variables Time Resolution Analytical Role

DJI Matrice 100 flight 
data [4] (Figshare)

196 complete R1–R7 
flights

Battery voltage/current; 
payload; speed; 
altitude; wind; 

kinematics

Sub-second, irregular
Define the field 

electrical-demand 
envelope.

Sony-Murata VTC6 
cells aviation-oriented 
cycling [5] (Figshare)

20,850 validated 
missions; 13,326 

missions from 16 cells 
for thermal-rate 

analyses

Cell temperature, 
voltage, current, 

mission segment/order

Approximately 1 s in 
the primary 

thermal-rate cohort

Define non-abuse 
thermal domain and 

progression.

Mechanically induced 
TR dataset [36] 

(Mendeley Data)

67 experiments from six 
cell/source families

Multi-thermocouple 
temperature histories

Predominantly 
approximately 10 Hz

Define abuse 
high-temperature rate 

domain.
Notes: Public repositories: DJI Matrice 100 flight dataset, Figshare, DOI: 10.1184/R1/12683453; Sony-
Murata VTC6 cycling dataset, Figshare, DOI: 10.1184/R1/14226830.v2; mechanically induced thermal-
runaway dataset, Mendeley Data, DOI: 10.17632/sn2kv34r4h.2.

For the present secondary analysis, 196 complete flight records associated with the 
R1–R7 route categories and containing cruise operation were retained, whereas hover-only, 
ground, and ancillary records were excluded. The R1–R7 labels refer to route categories in 
the source records rather than flight routes newly defined or performed in the present study. 
The source study describes the Matrice 100 as using a LiPo flight battery and reports a stan-
dard nominal battery capacity of 4500 mAh; however, the available source documentation 
does not identify the cathode chemistry at a more specific material level. Electrical-demand 
analysis used the recorded battery voltage and current together with programmed speed, 
payload, altitude, wind speed, and flight kinematics.

To avoid assigning a preprocessing-dependent current polarity, electrical demand 
was therefore quantified using current magnitude and power magnitude as defined in 
Equations (1) and (2), respectively.

𝐼mag =|𝐼| (1)

P = V|I| (2)

where V is battery voltage and I is measured battery current.
The second dataset comprised the previously published Sony-Murata VTC6 eVTOL-

oriented battery-cycling dataset reported by Bills et al. [5], obtained from its public Figshare 
repository (DOI: 10.1184/R1/14226830.v2). The underlying cycling experiments were con-
ducted by the original dataset authors; the present study reconstructed and analyzed mission 
sequences from these published records. The duty cycle reproduced high-power take-off, 
lower-power cruise, and high-power landing segments representative of electric-aircraft 
operation [2,3,5]. Complete mission sequences were reconstructed from the corresponding 
discharge segments and subjected to consistency screening. A total of 20,850 validated 
missions were identified. Because the sampling interval differed among cells, thermal-rate 
analyses were restricted to 13,326 missions from 16 cells with approximately 1 s temporal 
resolution. These records formed the primary non-abuse aviation-oriented cohort.

The source VTC6 dataset included multiple operating protocols, including changes 
in discharge power, cruise duration, chamber temperature, charging current, and upper 
charge voltage [5,14,15]. Ambient temperature was controlled at the protocol level and 
differed among the predefined test conditions. Cells assigned a specified temperature 
condition were placed in a temperature chamber maintained at that setpoint, while cell-can 
surface temperature was recorded using a thermocouple attached to the cell body [5]. 
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A separate time-resolved ambient-temperature signal was not included in the published 
mission files. Moreover, the original dataset documentation cautions that the recorded 
cycle number is not an exact common cycling coordinate after source files were combined. 
Accordingly, raw cycle number was not interpreted as state of health or equivalent battery 
age. Instead, within-cell mission order was used to describe progression through the 
recorded cycling sequence.

The third dataset was obtained from the publicly available Mechanically Induced 
Thermal Runaway for Li-ion Batteries dataset generated through collaborative testing at 
Oak Ridge National Laboratory and Sandia National Laboratories and distributed through 
Mendeley Data (DOI: 10.17632/sn2kv34r4h) [36]. In the original experiments, a standard-
ized single-side indentation procedure was used to apply increasing mechanical load to 
individual lithium-ion cells and induce an internal short circuit. Cell voltage, compressive 
load, indenter displacement, and temperature were recorded as time-resolved signals. De-
pending on the original test configuration, temperature was measured using one or multiple 
thermocouples located on the cell surface. Thus, the experiments analyzed here represent a 
common mechanically induced internal short-circuit abuse protocol rather than a mixture 
of external heating, overcharge, and conventional nail-penetration tests. The downloaded 
archive contained 253 experimental workbooks. In the present re-extraction, 250 work-
books yielded usable temperature–time data and 245 independent analyzable temperature 
series remained after duplicate handling. The primary cohort was selected using only 
pre-specified data-quality and cohort-size criteria: native sampling frequency ≥ 9.5 Hz, 
recorded temperature rise ≥ 50 °C, and membership in a cell/source family contribut-
ing at least seven qualifying experiments. These criteria yielded 67 experiments from six 
cell/source families. Neither the subsequent high-temperature rate metric nor the 0.5 and 
1.0 °C·s−1  evaluation thresholds were used for cohort selection.

The resulting framework therefore linked three distinct evidence domains: real UAV 
electrical demand, non-abuse aviation-oriented thermal behavior, and rapid heating during 
battery abuse.

2.2. Electrical-Demand, Thermal-Rate, and Mission-Progression Metrics
For each DJI flight, mean, root-mean-square (RMS), 95th-percentile (P95 ), and maxi-

mum electrical power were calculated. P95  was selected as the primary upper-tail demand 
descriptor because it captures sustained high-power operation while being less sensitive than 
the instantaneous maximum to isolated samples. Aggregate dwell fractions above increasing 
power thresholds were also calculated to characterize the duration of high-load operation.

The primary adjusted flight model was restricted to route R1 because R1 contained 
the vast majority of complete flights (182 of 196) and provided repeated observations 
across the programmed payload, speed, and altitude levels. The remaining R2–R7 routes 
contributed only 14 flights in total and differed from R1 in route geometry or cruise-altitude 
profile, making them too sparse for stable multivariable adjustment without introducing 
additional route-related heterogeneity. After excluding the single 750 g R1 flight because 
it lacked within-level replication, the primary adjusted cohort comprised 181 R1 missions 
with payloads of 0, 250, or 500 g.

For each validated, approximately 1 s VTC6 mission, the maximum recorded tempera-
ture was defined using Equation (3).

Tmax  = max[T(t)] (3)
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For thermal-domain comparison, the primary dynamic descriptor, r60 , was defined in 
Equation (4) as the maximum approximately 1 s temperature-rise rate evaluated while the 
corresponding cell temperature was at least 60 °C.

𝑟60 = max[
Δ𝑇
Δ𝑡 | 𝑇 ≥ 60 °C] (4)

Thus, r60  represents the fastest approximately 1 s heating observed after the measured 
temperature entered the T ≥ 60 °C domain. For the non-abuse VTC6 cohort, approximately 
1 s eligibility was defined at cell level by a median native sampling interval between 0.5 
and 1.5 s. Temperature-rise rates were calculated directly from adjacent timestamped ob-
servations, and individual intervals were retained only when their duration was between 
0.5 and 1.5 times the cell-specific median interval, thereby excluding isolated timing ir-
regularities without resampling the original traces. For the mechanically induced abuse 
cohort, each physical thermocouple was linearly interpolated independently onto a com-
mon 1 s time grid, and the fixed-window rate was calculated within that same channel 
as [Tj (t) − Tj (t − 1 s)]/1 s. The experiment-level r60  was then defined as the maximum 
qualifying value obtained from any individual thermocouple. This procedure provided an 
approximately matched 1 s comparison between the two datasets while preventing artificial 
derivatives caused by switching between thermocouple channels.

Among the 942 non-abuse VTC6 missions reaching Tmax ≥ 60 °C, 682 contained at 
least one valid approximately 1 s temperature pair after entry into the T ≥ 60 °C domain 
and therefore permitted direct calculation of r60 . For the remaining 260 missions, no 
complete valid approximately 1 s temperature pair was available in this high-temperature 
domain. The published records did not permit these cases to be reliably separated into brief 
threshold crossings, end-of-record truncation, possible logging or sensor interruptions, or 
timing intervals failing the predefined validity criterion. For these missions, the maximum 
approximately 1 s temperature-rise rate over the complete mission was therefore used as a 
conservative upper-bound surrogate. Directly observed and conservatively bounded cases 
were retained separately, and unavailable high-temperature rates were not treated as zero.

To examine the evolution of the non-abuse aviation-oriented thermal domain across 
recorded mission progression, missions were ordered independently within each approx-
imately 1 s cell. A normalized within-cell progression coordinate was defined using 
Equation (5).

𝜆ij =
𝑗 − 1

𝑁𝑖 − 1 (5)

where j is the ordered validated mission index within cell i, and Ni  is the total number 
of validated missions for that cell. Values of 𝜆 = 0 and 𝜆 = 1 therefore represent the 
earliest and latest validated missions available for that cell, respectively. The coordinate 
was divided into ten equal progression bins. Importantly, 𝜆 represents recorded within-cell 
mission progression rather than state of health, remaining capacity, or a universal fraction 
of battery life.

For the abuse cohort, temperature-rise rates were recalculated within each physical 
thermocouple before experiment-level aggregation. At a given rate threshold, an experiment 
was classified as activated only when at least one individual thermocouple independently 
satisfied both T ≥ 60 °C and the rate condition. This same-thermocouple procedure avoided 
artificial derivatives that could arise when the hottest temperature channel changed between 
adjacent time points. The experiment-level abuse descriptor was the maximum same-
thermocouple 1 s rate observed at T ≥ 60 °C.
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2.3. Statistical Analysis and Cross-Domain Warning Assessment
Medians and interquartile ranges (IQRs) were used descriptively to summarize central 

tendency and dispersion across missions or cells, as appropriate. IQRs represent the spread 
of the central 50% of observations and were not interpreted as confidence intervals or 
inferential uncertainty bounds.

For the primary R1 cohort, flight-level P95  electrical power was modeled as a linear 
function of payload, programmed cruise speed, programmed altitude, and mean wind 
speed using Equation (6).

𝑃95 = 𝛽0 + 𝛽1(
payload

250 g ) + 𝛽2(
speed

2 m ⋅ s−1 ) + 𝛽3(
altitude

25 m ) + 𝛽4(
wind

1 m ⋅ s−1 ) + 𝜀 (6)

where P95  is the 95th percentile of electrical power within an individual flight; 𝛽0 is the 
model intercept; and 𝛽1–𝛽4 are the mutually adjusted regression coefficients for payload, 
programmed cruise speed, programmed altitude, and mean wind speed, respectively. The 
predictors were scaled to practically interpretable increments of 250 g, 2 m·s−1 , 25 m, and 
1 m·s−1 , so that each coefficient directly represents the adjusted change in flight-level P95 
power, in watts, for the corresponding increment while the other predictors are held constant. 
The term 𝜀 denotes the residual error. All four predictors were entered as continuous terms 
in the primary model.

Because multiple missions were conducted on the same date, standard errors were 
clustered by flight date using a CR1 finite-cluster covariance correction. Confidence intervals 
and two-sided p values were based on the Student t distribution with G − 1 degrees of 
freedom, where G = 16 flight-date clusters. Given the modest number of date clusters, 
interpretation emphasized effect sizes and 95% confidence intervals rather than p values. 
Variance inflation factors were calculated to assess multicollinearity. A categorical sensitivity 
model was additionally fitted for payload, programmed speed, and altitude, and alternative 
outcomes included mean, RMS, and maximum power.

For mission-progression analysis, each cell’s median Tmax  in the first progression decile 
served as its own reference. The first-to-final decile change was calculated at cell level, and 
an exact two-sided paired sign test was used to test whether the direction of change was 
systematically positive or negative across the 16 cells.

Cross-domain thermal comparison focused on the literature-based reference criterion 
in Equation (7) [23].

𝑇 ≥ 60 °C and
dT
dt ≥ 1 °C ⋅ s−1 (7)

A rate threshold of 0.5 °C·s−1  was also evaluated as a post hoc sensitivity analysis 
after inspection of the empirical domain separation. It was selected as a simple lower-rate 
benchmark that remained just above the observed conservative non-abuse upper boundary 
(0.451 °C·s−1 ), thereby testing whether the cross-domain separation persisted under a 
less stringent rate criterion than the pre-specified 1 °C·s−1  reference threshold. It was 
not treated as an optimized or proposed alarm threshold. Because non-abuse missions 
were repeatedly sampled from the same cells and abuse experiments were clustered across 
cell/source families, activation counts were reported descriptively rather than interpreted 
as independent estimates of diagnostic sensitivity or specificity.

3. Results and Discussion
3.1. Real UAV Electrical Demand and Mission-Dependent Loading

The 196 complete DJI R1-R7 flights showed that real multirotor operation imposed 
sustained high electrical demand rather than only brief isolated power peaks (Figure 2a). 
Flight-level mean, RMS, P95 , and maximum electrical power were summarized for each 
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mission, with median values of 405.9, 465.3, 643.1, and 842.1 W, respectively; the largest 
observed instantaneous power reached 1004.2 W. Figure 2a shows the distribution of these 
four flight-level metrics across individual missions, with medians and interquartile ranges 
indicating the central tendency and between-flight dispersion, respectively.

 

Figure 2. Electrical-demand envelope of real multirotor UAV operation. (a) Flight-level power metrics 
across 196 complete missions. (b) Mission P95  power by payload. (c) Adjusted associations with P95 
power in the primary R1 cohort. (d) Aggregate flight time above increasing power thresholds.

High electrical demand occupied a substantial fraction of total flight duration 
(Figure 2d). Across all 196 flights, 72.7% of aggregate flight time occurred above 400 W, 
45.6% above 500 W, 12.8% above 600 W, and 2.11% above 700 W. Although operation above 
800 W accounted for only 0.30% of aggregate duration, 144 of 196 missions contained at least 
one sample above this level, and 46 missions exceeded 900 W at least once. These results 
show that real UAV battery loading is better represented as a broad and highly dynamic 
demand distribution than by a single nominal discharge rate.

Payload showed the most consistent positive association with upper-tail power. Median 
P95  increased from 582.9 W at 0 g to 637.6 W at 250 g and 692.4 W at 500 g (Figure 2b). The 
single 750 g flight was retained for descriptive visualization but excluded from adjusted 
inference. In the route-controlled primary R1 cohort (n = 181), adjusted associations 
with P95  power were estimated for increments of 250 g payload, 2 m·s−1  programmed 
cruise speed, 25 m programmed altitude, and 1 m·s−1  mean wind speed (Figure 2c and 
Table 2). Each additional 250 g of payload was associated with a 51.1 W increase in P95 
power (95% CI, 45.5–56.6 W). Corresponding adjusted increases were 6.9 W (4.6–9.3 W) 
per 2 m·s−1  programmed speed, 9.9 W (6.1–13.7 W) per 25 m programmed altitude, and 
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22.7 W (17.8–27.6 W) per 1 m·s−1  mean wind speed. Confidence intervals were based on 
date-clustered CR1 standard errors with Student-t inference using 16 date clusters (df  = 15).

Table 2. Adjusted associations between flight conditions and mission P95  electrical power in the 
primary DJI R1 cohort.

Predictor Increment Adjusted Difference in 
P95  Power (W) Clustered SE (W) 95% CI (W) p

Payload +250 g 51.08 2.59 45.55 to 56.61 <0.001
Programmed cruise speed +2 m·s−1 6.94 1.12 4.57 to 9.32 <0.001

Programmed altitude +25 m 9.91 1.77 6.14 to 13.69 <0.001
Mean wind speed +1 m·s−1 22.72 2.31 17.80 to 27.64 <0.001

Notes: The primary model was restricted to route R1 to minimize route-related heterogeneity and 
included 181 flights with payloads of 0, 250, or 500 g. The single 750 g flight was retained descriptively 
but excluded from inferential modeling because it lacked within-level replication. Standard errors 
were clustered by flight date using a CR1 finite-cluster covariance correction. Confidence intervals 
and two-sided p values used Student-t inference with 16 date clusters (df  = 15). Model R2  = 0.8088; 
maximum variance inflation factor = 1.118.

The model explained 80.9% of flight-to-flight variation in P95 , and the maximum 
variance inflation factor was only 1.118, indicating negligible predictor collinearity. Treating 
payload categorically yielded adjusted increases of 53.7 W for 250 g and 102.4 W for 500 g 
relative to 0 g, closely reproducing the primary linear estimate.

The speed effect was more strongly concentrated at the upper end of the tested range. 
Relative to 4 m⋅s−1 , differences at 6 and 8 m⋅s−1  were small, whereas 10 and 12 m·s−1  were 
associated with increases of approximately 12.9 and 27.7 W in P95 , respectively. Moreover, 
speed was not consistently positively associated with mean, RMS, and peak power. The 
influence of speed therefore appears to involve the distribution and timing of upper-tail 
electrical demand rather than a uniform increase across all power descriptors.

Together, these field observations establish the electrical context in which UAV battery 
thermal-warning criteria must operate. They do not directly determine cell temperature 
or failure state, but they demonstrate that normal UAV operation can impose repeated 
and sustained high-load conditions whose thermal consequences must be distinguished 
from abnormal self-heating. These characteristics are consistent with the stringent power 
requirements previously identified for electric vertical-flight applications [2,3].

3.2. Progressive Temperature-Domain Overlap During Aviation-Oriented Non-Abuse Cycling
Absolute temperature showed substantial overlap with the non-abuse aviation-oriented 

laboratory domain. Among the 13,326 validated approximately 1 s missions from 16 VTC6 
cells, 942 missions reached Tmax ≥ 60 °C, corresponding to 7.07% of the primary non-abuse 
cohort (Table 3). For the cross-domain comparison, r60  was defined as the maximum 
approximately 1 s temperature-rise rate evaluated while T ≥ 60 °C. For temperature-positive 
non-abuse missions in which a high-temperature rate could not be directly observed, the 
maximum whole-mission approximately 1 s temperature-rise rate was used as a conservative 
upper bound surrogate.

Because multiple mission observations were obtained repeatedly from the same cells, 
the resulting activation proportions were treated as descriptive, cross-domain comparisons 
rather than as independent estimates of diagnostic sensitivity or specificity. The 0.5 °C·s−1 
criterion was examined post hoc and is therefore reported only as a sensitivity analysis. 
The high-rate abuse cohort represents the evaluated abuse dataset and does not imply 
independently confirmed thermal runaway for every individual experiment.
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Table 3. Cross-domain thermal characteristics and robustness of the evaluated thermal-warning 
descriptors.

Metric
Non-Abuse 

Aviation-Oriented 
Domain

Abuse Domain Interpretation

Primary comparison cohort 13,326 missions/16 cells 67 experiments/
6 families

Approximately matched 1 s 
thermal-rate comparison

Missions/experiments 
reaching Tmax ≥ 60 °C 942/13,326 (7.07%) 67/67

Absolute temperature overlaps 
non-abuse aviation-oriented 

cycling

Maximum directly
observed r60 

0.415 °C·s−1 —
Highest directly observable 

non-abuse high-temperature 
rate

Conservative maximum 
non-abuse r60 

0.451 °C·s−1 —
Includes whole-mission 

upper-bound treatment for 
unavailable high-T slope pairs

Minimum same-TC 
high-temperature rate — 0.900 °C·s−1 Lowest experiment-level

abuse boundary
Conservative observed 

rate-domain gap 0.449 °C s−1 — 0.900–0.451

T ≥ 60 °C + dT/dt ≥ 0.5 °C·s−1 0/13,326 67/67 Post hoc sensitivity
analysis only

T ≥ 60 °C + dT/dt ≥ 1.0 °C·s−1 0/13,326 66/67 (98.5%) Pre-specified reference 
criterion

Same-TC versus envelope 
event classification — 67/67 agreement

Experiment classification 
unchanged after eliminating 

TC-switching effects
First-to-final 

progression-decile change in 
median mission Tmax 

+14.28 °C —
Non-abuse 

absolute-temperature domain 
shifted upward

Cells with positive first-to-final 
temperature change 16/16 — Exact paired sign-test

p = 3.05 × 10−5 

Final progression-decile 
missions with Tmax ≥ 60 °C 39.18% pooled —

Temperature-domain overlap 
increased late in recorded 

progression
Minimum observed 

progression-bin gap to
abuse domain

0.449 °C·s−1 —
Rate-domain separation 

persisted across recorded 
progression

This overlap was strongly dependent on within-cell mission progression (Figure 3). 
Validated missions from each cell were ordered chronologically and mapped onto a normal-
ized within-cell progression coordinate ranging from 0 to 1. This coordinate represents the 
recorded mission sequence and should not be interpreted as a direct measure of the state of 
health. Figure 3a shows the change in cell-specific median mission maximum temperature 
relative to the first progression decile, with the cross-cell median describing the typical 
trajectory and the interquartile range indicating between-cell dispersion at each progression 
decile. No mission in the first five progression deciles reached Tmax ≥ 60 °C. The pooled 
descriptive fraction first became nonzero in the sixth decile and increased progressively 
thereafter, reaching 39.18% in the final decile (Figure 3c). Because cells contributed different 
numbers of missions, this pooled percentage is presented descriptively; cell-level trajectories 
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are shown in Figure 3b, and the early-to-late temperature comparison was performed at the 
cell level.

 

Figure 3. Evolution of the non-abuse thermal domain across within-cell mission progression.
(a) Cell-specific change in median mission maximum temperature. (b) Fraction of missions reaching 
Tmax ≥ 60 °C. (c) Conservative high-temperature maximum temperature-rise rate. (d) Separation 
between the non-abuse upper bound and the abuse-cohort lower bound.

The corresponding high-temperature heating-rate behavior remained substantially 
below that observed in the abuse cohort. Figure 3c shows the conservative maximum 
temperature-rise rate evaluated while T ≥ 60 °C; when a directly observable high-
temperature rate was unavailable, the whole-mission maximum approximately 1 s rate was 
used as an upper-bound surrogate. The pre-specified 1 °C·s−1  reference criterion and the 
post hoc 0.5 °C·s−1  sensitivity threshold are shown for comparison. Figure 3d further quan-
tifies the separation between the progression-bin non-abuse upper bound and the minimum 
same-thermocouple high-temperature rate observed across the 67 abuse experiments.

The increase in operating temperature was also evident at cell level. Relative to each 
cell’s first progression decile, the median first-to-final increase in mission Tmax  was 14.28 °C, 
with an interquartile range of 12.90–16.76 °C, indicating that the central 50% of cell-specific 
increases were concentrated within this relatively narrow range. All 16 cells showed a 
positive first-to-final change, yielding an exact paired sign-test value of p = 3.05 × 10−5 . Thus, 
the upward thermal shift was not driven solely by a small subset of cells. Operationally, 
the 14.28 °C median increase is important not because it represents a safety limit, but 
because it indicates a substantial reduction in the temperature margin to any fixed absolute-
temperature warning threshold. Consistent with this shift, 39.18% of missions in the final 
progression decile reached Tmax ≥ 60 °C. This proportion should not be interpreted as 
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indicating that 39.18% of missions were unsafe or approaching thermal runaway; rather, 
it shows that a 60 °C temperature condition alone became increasingly common within 
the evaluated non-abuse domain and therefore increasingly ambiguous as a stand-alone 
warning criterion.

The observed progression is qualitatively consistent with previous evidence that re-
peated cycling and battery degradation can alter internal resistance, heat generation, and 
electrothermal response [10,11,14,15]. However, the present normalized progression vari-
able was based only on within-cell mission sequence and did not directly measure capacity 
retention, impedance growth, or state of health. The +14.28 °C change should therefore be 
interpreted as thermal-domain evolution across the recorded mission sequence, not as a 
calibrated aging–temperature relationship.

This distinction is important for thermal-warning design. An absolute threshold such 
as 60 °C retains physical meaning as an indicator of substantial thermal loading, but the 
present results show that its operational margin can shrink markedly across recorded 
aviation-oriented cycling. A fixed temperature condition may therefore become increasingly 
ambiguous even in the absence of transition into a failure state.

3.3. Persistence of Thermal-Rate Separation from the Abuse Domain
Temperature-rise rate provided substantially greater separation between the evalu-

ated non-abuse aviation-oriented and abuse domains than absolute temperature alone 
(Figure 4 and Table 3). The comparison was performed at a matched approximately 
1 s timescale. Figure 4a shows the distribution of mission maximum temperature in 
the non-abuse cohort, whereas Figure 4b compares directly observed and conservatively 
bounded high-temperature rise-rate distributions with those from the abuse experiments. 
Figure 4c summarizes activation counts across candidate high-temperature rise-rate thresh-
olds, distinguishing directly observed non-abuse activations from the conservative whole-
mission upper-bound scenario. Figure 4d shows experiment-level same-thermocouple 
high-temperature rise rates across the six abuse cell/source families. The 1 °C·s−1  threshold 
was the literature-based pre-specified reference criterion, whereas 0.5 °C·s−1  was examined 
post hoc as a sensitivity threshold.

Among non-abuse aviation-oriented missions with Tmax ≥ 60 °C, the largest directly 
observable high-temperature approximately 1 s rise rate was 0.415 °C·s−1 . After conserva-
tively assigning the whole-mission maximum approximately 1 s rate to temperature-positive 
missions lacking a directly calculable high-temperature slope pair, the maximum non-abuse 
domain boundary increased to only 0.451 °C·s−1 .

In contrast, the lowest experiment-level same-thermocouple high-temperature maxi-
mum among the 67 abuse experiments was 0.900 °C·s−1 . The resulting conservative em-
pirical separation was therefore 0.449 °C·s−1 . The 0.449 °C·s−1  separation is operationally 
meaningful as an empirical margin between the two evaluated domains at the matched 
approximately 1 s timescale: the lowest abuse-cohort boundary (0.900 °C·s−1 ) was approx-
imately twice the conservative non-abuse upper boundary (0.449 °C·s−1 ). This margin 
indicates that, within the present datasets, the observed separation was not dependent on 
a narrowly placed threshold immediately adjacent to normal heating behavior. It should, 
however, be interpreted as an observed dataset-specific margin rather than as an engineer-
ing safety tolerance or a universally transferable threshold. This gap was not an artifact of 
switching between thermocouples. Recalculation using the same physical thermocouple for 
both temperature and derivative measurements produced identical event-level classification 
to the previous envelope-based implementation in all 67 abuse experiments.
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Figure 4. Cross-domain comparison of non-abuse aviation-oriented and abuse thermal behavior. 
(a) Mission maximum temperature. (b) High-temperature rise-rate distributions. (c) Threshold 
activation counts. (d) Abuse-family high-temperature rise rates.

The literature-based reference criterion combining T ≥ 60 °C and dT/dt ≥ 1 °C⋅s−1 
produced no observed activation among the 13,326 non-abuse aviation-oriented missions 
and activated in 66 of 67 abuse experiments. The single non-activating experiment reached a 
same-thermocouple maximum high-temperature rate of approximately 0.900 °C·s−1 . Lower-
ing the rate component to 0.5 °C·s−1  yielded activation in all 67 abuse experiments while still 
producing zero non-abuse mission activations in the present datasets; however, because this 
threshold was examined after the empirical separation was known, it should be interpreted 
only as a sensitivity result.

The progression analysis provided an additional robustness check. Once missions 
exceeding 60 °C began to appear, the conservative progression-bin non-abuse bound-
aries remained approximately 0.214, 0.235, 0.375, 0.359, and 0.451 °C⋅s−1  from progression 
deciles 6–10, respectively (Figure 3c). Consequently, even in the final progression decile, 
the minimum observed non-abuse-to-abuse rate-domain gap remained approximately 
0.449 °C·s−1  (Figure 3d).  The combined evidence therefore reveals an important contrast: 
temperature-domain overlap increased, whereas thermal-rate separation persisted across 
the recorded aviation-oriented cycling progression.

Recent aviation-oriented studies have demonstrated that gas, pressure, voltage, me-
chanical response, and thermal signals can provide advance warning of thermal runaway 
under dedicated abuse and low-pressure conditions [28,37,38]. The present analysis ad-
dresses a complementary question: whether simple thermal descriptors remain distin-
guishable from states encountered during a large number of non-abuse aviation-oriented 
laboratory duty cycles. In this respect, absolute temperature showed increasing ambiguity, 
whereas matched-timescale high-temperature rise rate retained empirical separation from 
the evaluated high-rise abuse domain.

The large variation in abusive thermal behavior across chemistry, state of charge, 
format, and testing conditions is consistent with previous experimental and mechanistic 
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studies [39–41]. In the present study, the abuse cohort included multiple cell/source families 
spanning different chemistries, capacities, cell formats, and sensor configurations, which 
provides some evidence that the observed abuse-side lower boundary was not determined 
by a single cell family. However, this heterogeneity should not be interpreted as demon-
strating chemistry-independent robustness of the cross-domain separation. The non-abuse 
aviation-oriented cohort consisted only of Sony-Murata VTC6 cells, and the mechanically 
induced experiments were conducted at the cell level under a common indentation-based 
abuse protocol. Pack-level thermal gradients, inter-cell heat transfer, cooling architecture, 
sensor placement, and pack control strategies were therefore not represented. Consequently, 
the observed 0.449 °C·s−1  separation cannot presently be assumed to persist across other 
chemistries or UAV pack configurations without application-specific validation. Further-
more, the DJI flight dataset and the VTC6 thermal dataset were obtained from independent 
battery systems. The value of the cross-dataset comparison is therefore not direct trajectory 
reconstruction, but assessment of whether simple warning descriptors occupy overlapping 
or distinct empirical domains across complementary operational and abuse datasets.

Application-specific validation remains necessary before any numerical criterion is 
used in a UAV battery-management or safety system. In particular, future work should 
combine synchronized electrical, thermal, gas, pressure, and mechanical measurements in 
UAV-specific cells and packs across environmental conditions, aging states, and realistic 
flight loads.

4. Conclusions
This study integrated real UAV flight records, aviation-oriented non-abuse laboratory 

cycling data, and independent abuse experiments to evaluate how operational and abuse 
thermal domains overlap and separate under UAV-relevant conditions.

Real multirotor missions imposed sustained high electrical demand, with a median 
mission P95  of 643.1 W and observed instantaneous power exceeding 1 kW. Payload was 
the most consistent mission-level determinant of upper-tail demand: each additional 250 g 
was associated with an approximately 51 W increase in P95  power after adjustment for 
programmed speed, altitude, and wind.

Absolute temperature alone showed substantial overlap with aviation-oriented non-
abuse cycling. Overall, 7.07% of the 13,326 approximately 1 s missions reached at least 60 °C. 
Moreover, the non-abuse temperature domain shifted upward across recorded within-cell 
mission progression, with a median first-to-final progression-decile increase of 14.28 °C 
and positive changes in all 16 cells.

In contrast, the high-temperature heating-rate domain remained separated in the 
evaluated datasets. The conservative maximum non-abuse rate at T ≥ 60 °C was 0.451 °C·s−1 , 
compared with a minimum of 0.900 °C·s−1  among the 67 abuse experiments. The literature-
based reference criterion combining T ≥ 60 °C with dT/dt ≥ 1 °C·s−1  produced no observed 
activation among the 13,326 non-abuse aviation-oriented missions and activated in 66 of 
67 abuse experiments.

The principal implication is therefore not that a universal UAV thermal-runaway 
threshold has been established. Rather, the results demonstrate that absolute-temperature 
overlap can increase markedly across repeated aviation-oriented duty cycling while an 
empirical thermal-rate separation remains observable. Thermal warning for UAV batteries 
should consequently consider both thermal state and thermal dynamics. The observed rate-
domain margin should be regarded as empirical and dataset-specific rather than chemistry- 
or pack-independent, and any numerical criterion should be validated on application-
specific cells and packs across realistic mission, environmental, and degradation conditions.
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