
Abstract
Temperature retrieval from unmanned aerial vehicle (UAV) thermal 
imagery commonly relies on proprietary manufacturer radiometric 
calibration software. However, the correction procedures used by 
these workflows are generally undisclosed, and some user-defined 
parameters, particularly altitude, are restricted to ranges that do 
not reflect real-world conditions, risking the introduction of bias and 
higher radiometric uncertainty. Accordingly, this study evaluates the 
accuracy of proprietary radiometric calibration by examining how 
its performance changes with flight altitude, while also proposing 
a practical method to correct residual bias after proprietary pro-
cessing. Thermal imagery is collected with a DJI Matrice 300 RTK 
equipped with a Zenmuse H20T sensor at 15, 30, 45, and 60 m. Two 
temperature-controlled plates (TCPs) spanning cold and hot regimes 
are used to validate three DJI Thermal SDK workflows: (1) default 
settings; (2) custom settings using measured emissivity, flight altitude, 
humidity, and reflected apparent temperature (Treflected); and (3) custom 
settings with per-image tuning of Treflected. Residual bias is subsequently 
corrected using empirical line calibration (ELC) derived from TCP 
observations. Across all proprietary workflows, temperature error 
increases with altitude, indicating progressive gain and offset bias not 
fully corrected by manufacturer processing. Default settings produce 
the largest error, with mean absolute error increasing from 4.39°C 
at 15 m to 11.69°C at 60 m. Custom settings reduce error moder-
ately (3.86°C to 9.43°C), while Treflected tuning improves close-range 
performance but does not eliminate altitude-dependent degradation 
(0.99°C to 8.57°C). Application of ELC substantially reduces residual 
bias across workflows, with best performance achieved by combining 
Treflected tuning with ELC, resulting in sub-1°C accuracy across alti-
tudes. These results demonstrate that proprietary UAV thermal image 
processing alone is insufficient to ensure robust temperature retrieval 
but that a simple empirically calibrated postprocessing workflow using 
TCPs can mitigate altitude-dependent bias and enable high-accuracy 
temperature estimation in operational remote sensing applications

Introduction
Unmanned aerial vehicle (UAV) thermal infrared (TIR) imagery has 
become an important tool for applications requiring spatially de-
tailed temperature information, including infrastructure inspection, 
precision agriculture, and environmental monitoring (Pascucci et al. 
2008; Turner et al. 2014; Messina and Modica 2020; Lin et al. 2025). 
Relative to satellite platforms, UAV systems can acquire thermal data 
at much finer spatial resolution, can be deployed on demand, and can 
operate below cloud cover, making them attractive for site-specific and 

time-sensitive measurements (Cao et al. 2019; Sagan et al. 2019; Jiang 
et al. 2024).

Despite these advantages, collecting accurate surface tempera-
tures from UAV TIR imagery remains a challenge (Han et al. 2020). 
Thermal cameras infer temperature by measuring the TIR radiance 
emitted from a surface rather than sensing temperature directly (Yan et 
al. 2012). Consequently, the measured temperature depends on several 
surface-, path-, and sensor-dependent factors that can change during 
flight (Maes et al. 2017; Guo et al. 2019; Daniels et al. 2023; Szostak 
et al. 2023; Parisi et al. 2024). At the target, the signal is affected by 
surface emissivity and by reflected apparent temperature from the sky 
and surrounding environment. Along the path, atmospheric transmit-
tance and upwelling emission vary with humidity, air temperature, 
and sensor–target distance, so the at-sensor radiance may change even 
when the surface itself is unchanged (Maes et al. 2017; Acorsi et al. 
2020; Song et al. 2025). At the sensor level, uncooled microbolom-
eter systems are vulnerable to warm-up effects, thermal drift, spatial 
nonuniformity, and vignetting, particularly under variable in-flight con-
ditions (Kelly et al. 2019; Aragon et al. 2020; Malbéteau et al. 2021; 
Yuan and Hua 2022; Wang et al. 2023). These effects can be amplified 
during UAV operation by rapid changes in ambient conditions, wind 
exposure, and propeller-induced airflow around the sensor (Acorsi et 
al. 2020; Messina and Modica 2020; Lin et al. 2025). Consequently, 
apparent temperature differences in UAV TIR imagery do not always 
correspond to true surface temperature variability.

A substantial body of work has sought to mitigate these disturbanc-
es and improve UAV thermal accuracy. Previous studies have exam-
ined the effects of wind, time of day, modest changes in meteorology, 
mosaicking strategy, and sensor instability on retrieved temperatures 
(Maes et al. 2017; Malbéteau et al. 2021; Szostak et al. 2023; Wang et 
al. 2023). Others have proposed corrections for drift, vignetting, and 
nonuniform camera response (Aragon et al. 2020; Yuan and Hua 2022; 
Wang et al. 2023). Several studies have also shown that in-scene refer-
ences can provide a practical basis for empirical correction (Kelly et 
al. 2019; Han et al. 2020; Song et al. 2025).

However, an important gap remains in how radiometric accuracy is 
established in practice. Rather than deriving calibration relationships 
directly from raw sensor response, many users rely on proprietary manu-
facturer software to convert thermal image digital numbers into tempera-
ture values. These workflows are attractive because they are convenient 
and embedded in common postprocessing pipelines, but the underlying 
correction procedures are rarely described in enough detail to permit 
independent evaluation (Cao et al. 2019; Daniels et al. 2023; Jiang et 
al. 2024). As a result, radiometric processing often functions as a black 
box: users may specify parameters such as emissivity, distance, humid-
ity, and reflected apparent temperature but cannot clearly determine how 
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those parameters are incorporated internally or why errors emerge under 
certain conditions (Jiang et al. 2024; Zhang et al. 2025).

The problem is compounded when proprietary tools impose practical 
restrictions on user-defined inputs that do not reflect realistic acquisition 
conditions. For example, the DJI Thermal SDK radiometric conver-
sion tool accepts object distance only within the range 1 to 25 m, even 
though UAV surveys are commonly performed at greater flight altitudes. 
When actual acquisition conditions exceed the supported parameter 
range, inputs are clipped, potentially introducing systematic bias and 
reducing correction fidelity (Szostak et al. 2023; Jiang et al. 2024; Parisi 
et al. 2024). This limitation is particularly significant for altitude, as 
sensor–target distance is directly tied to atmospheric attenuation and 
therefore to the magnitude of radiometric uncertainty (Maes et al. 2017; 
Acorsi et al. 2020; Messina and Modica 2020; Zhu et al. 2024).

Taken together, these constraints raise fundamental questions about 
whether proprietary calibration outputs remain reliable as acquisition 
conditions diverge from those implicitly assumed by the software. If 
manufacturer processing introduces errors or leaves bias unresolved, 
those errors can propagate into downstream thermal products and any 
temperature-based metrics derived from them (Maes et al. 2017; Kapil 
et al. 2023; Wang et al. 2023; Lin et al. 2025). For both research and 
operational use, this weakens inference, cross-mission comparability, 
and confidence in derived products, underscoring the need for transpar-
ent, field-deployable validation and correction frameworks.

Accordingly, this study evaluates the performance of proprietary 
radiometric calibration in UAV TIR imagery under realistic acquisition 
conditions and develops a practical method to correct the residual bias 
that remains after manufacturer processing. Specifically, the objectives 
of this study are to: (1) quantify how the accuracy of proprietary radio-
metric calibration changes with flight altitude; (2) compare the perfor-
mance of default and user-parameterized proprietary workflows; and 
(3) evaluate whether empirical line calibration (ELC) can mitigate the 
residual bias left by proprietary processing. To address these objectives, 
thermal imagery of in-scene temperature references is acquired across 
a range of flight altitudes using a UAV-mounted TIR sensor, and three 
proprietary processing workflows representing default and user-pa-
rameterized configurations are assessed. Residual bias is subsequently 
corrected using ELC derived from temperature-controlled plate (TCP) 
observations. In doing so, this study provides a direct assessment of the 
reliability of proprietary UAV thermal calibration workflows and dem-
onstrates a practical postprocessing strategy for improving quantitative 
temperature retrieval in operational UAV thermography.

Methods
The UAV TIR image calibration and evaluation was carried out using a 
three-stage methodology: (1) data acquisition, (2) TIR image radiomet-
ric calibration using proprietary software, and (3) TIR image residual 
bias correction using ELC. Each stage comprised multiple steps, 
detailed in the following subsections. An overview of the full method-
ological framework is provided in Figure 1.

Study Site and Materials
Field experiments were conducted at two locations in West Lafayette, 
IN: Purdue University’s Beck Agricultural Center at the Agronomy 
Center for Research and Education (ACRE) and the Tippecanoe 
County Amphitheater Park. The ACRE site was selected for its 

proximity (150 m) to the ACRE weather station, whose measurements 
were used for radiometric calibration. However, because the area was 
not consistently free of bystanders, the latter portion of data collection 
was moved to the Amphitheater Park (9 km from ACRE), which pro-
vided a reliably open and safe operating environment. Meteorological 
observations from the ACRE weather station were obtained via the 
Purdue Mesonet Data Hub (Indiana State Climate Office 2025), which 
provides 5-min measurements of air temperature, relative humidity, 
wind speed, and solar radiation during each flight.

Thermal imagery was collected using a DJI Matrice 300 RTK quad-
copter equipped with a Zenmuse H20T multi-sensor payload (SZ DJI 
Technology Co., Ltd., Shenzhen, China), which integrates a TIR camera, 
wide and zoom visible cameras, and a laser rangefinder. The thermal 
sensor measures long-wave infrared radiation over the 8- to 14-μm band 
at a native resolution of 640×512 pixels. The thermal lens has a diagonal 
field of view (FOV) of 40.6° and a focal length of 13.5 mm. According 
to manufacturer specifications, the system supports an object tempera-
ture measurement range of −40°C to 150°C in low gain mode, at a stated 
absolute accuracy of ±2°C or 2%, whichever is greater (DJI 2020).

To support validation and empirical correction of retrieved tempera-
tures, two ElectraCOOL TCP50 thermoelectric cold plates (Advanced 
Thermoelectric, Melbourne, FL) were placed within the scene during 
flights (Figure 2). Each plate was controlled using a TLK38-S tempera-
ture controller (Ascon Technologic Srl, Pavia, Italy) with an accuracy 
of ±2°C and powered by a 2300 W portable generator. The active 
surface of each plate is 10 × 10 cm and consists of black anodized 
aluminum. Based on values reported in the MODIS UCSB Emissivity 
Library (Zhang 1999), the emissivity of black anodized aluminum over 
the 8- to 14-μm band is ~0.96.

Figure 2. In-scene temperature reference system used for thermal 
measurement validation.

Data Acquisition
The data were collected on 1 September 2025 (11:30 A.M. to 2:30 P.M. 
ET) and 2 September 2025 (8:30 to 11:00 A.M. ET) to capture contrast-
ing time-of-day and meteorological conditions. Concurrent observations 
of air temperature, relative humidity, wind speed, and solar radiation 
from the ACRE weather station are summarized in Figure 3.

Prior to each flight, the thermal payload was powered on and al-
lowed to warm up for 15 minutes to promote stabilization of the focal 

Figure 1. Unmanned aerial vehicle (UAV) thermal infrared (TIR) image calibration framework.
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plane array temperature and reduce start-up–related signal drift. The 
TCPs were also powered on using the portable generator and held at a 
pair of setpoints until they reached steady state. These setpoints were 
(0°C, 40°C), (10°C, 50°C), (20°C, 60°C), and (30°C, 70°C), maintain-
ing a constant 40°C separation to (1) span a broad range of reference 
temperatures and (2) provide “bracketing” references that approximat-
ed the lower and upper bounds of temperatures observed in the scene.

For each setpoint pair, the UAV hovered directly above the TCPs at 
nominal altitudes of 15, 30, 45, and 60 m AGL and captured thermal 
frames in nadir view by pitching the gimbal to −90°. Example TIR 
and RGB imagery acquired at each altitude is shown in Figure 4. To 
minimize vignetting-related bias and ensure consistent sampling ge-
ometry, the TCPs were positioned near the center of the thermal frame 
in all captures. Accordingly, the present experiment was designed to 
evaluate calibration performance under 
a controlled central-FOV configuration 
rather than to test spatial generalization 
across the full image plane. Throughout 
the experiment, UAV batteries were hot-
swapped as needed, avoiding shutdown 
of the aircraft and sensor between flight 
segments.

Proprietary Radiometric Calibration
Once collected, the raw thermal images 
(R-JPEG) were radiometrically calibrat-
ed using thermal_parser, an open-source 
GitHub repository providing a Python 
interface to the DJI Thermal SDK to 
perform radiometric conversion (GitHub 
n.d.). For each R-JPEG, the workflow 
outputs a 640×512 temperature array 
and applies radiometric correction 
using four user-specified parameters: 
emissivity (ϵ∈[0.10, 1.00]), object dis-
tance (h∈[1, 25] m), relative humidity 
(ϕ∈[20, 100]%), and reflected apparent 
temperature (Treflected∈[–40, 500]°C). 
The temperature array produced by each 
conversion was written to a GeoTIFF 
for downstream analysis using GDAL. 
Because geolocation information is not 
preserved through DJI Thermal SDK 
conversion, exiftool was used to extract 
geographic metadata from each original 
R-JPEG and write the corresponding 
georeferencing information to the output 
GeoTIFF.

Two radiometric calibration modes were evaluated using built-in 
functions from the thermal_parser package: parse and parse_dirp2. In 
the first mode (parse), images are calibrated using default parameters 
read from the image metadata (ε = 1.0, h = 5 m, ϕ = 70%, and Treflected 
= 23°C). In the second mode (parse_dirp2), the user can explicitly 
specify the parameters: we set ε = 0.96 for the TCP surface and h to the 
nominal flight altitude for each capture; ϕ was taken from the ACRE 
weather station and matched to each image using the closest-in-time 
station observation; following manufacturer guidance, we used ambi-
ent air temperature (Tair) as a proxy for Treflected (DJI 2022); Tair was 
likewise assigned on an image-by-image basis using the closest-in-
time ACRE observation. Applying both calibration modes to the same 
imagery produced two data sets: a default-calibrated data set generated 
with parse and a custom-calibrated data set generated with parse_dirp2.

Figure 4. Representative coregistered thermal infrared (TIR) and red–green–blue (RGB) imagery of the same scene acquired at four flight altitudes. 

Figure 3. Time series of meteorological conditions during unmanned aerial vehicle (UAV) thermal data 
collection. Panels show 5-minute observations from the Agronomy Center for Research & Education 
(ACRE) weather station. Shaded vertical bands indicate data collection windows.
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To test whether TCP references could improve accuracy, we ap-
plied an additional per-image Treflected tuning step on top of the custom-
calibrated data set. For each thermal image i, we reran parse_dirp2 
over a uniform grid of candidate Treflected values spanning the full range 
permitted by the SDK. For each candidate Treflected value, we extracted the 
camera-measured temperature (Tmeasured) at the center pixel of the cold 
and hot TCPs and computed the corresponding errors relative to the TCP 
reference temperatures (Treference). We then selected T̂reflectedi

 that minimized 
the sum of absolute errors across both TCPs (L1 objective) and repro-
cessed the image using T̂reflectedi

. The resulting temperatures define the 
custom T̂reflected adjusted data set. We chose Treflected as the tuning parameter 
because it was the only radiometric input that was not directly measured 
and instead approximated using Tair, whereas ε, h, and ϕ were either 
known a priori or obtained from independent measurements. The result-
ing Tmeasured from each calibration mode, default, custom, and custom 
Treflected adjusted, were then validated against the corresponding Treference.

Empirical Radiometric Calibration
To further improve radiometric accuracy beyond what could be 
achieved with the proprietary workflow, we developed an empirical 
line calibration (ELC) model using Treference from the TCPs. ELC is 
widely used for TIR image radiometric calibration and offers a parsi-
monious alternative to more complex mappings (e.g., Planck-based 
exponential fits or neural networks) (Guo et al. 2019; Kelly et al. 2019; 
Rakha et al. 2022).

A nested-model F-test (p≤8.6×10–5) of Tmeasured versus Treference re-
vealed that observations from the cold and hot TCPs formed separated 
clusters with different linear trends, suggesting that a single global 
slope and intercept was insufficient. To account for this stratification, 
we modeled the relationship using a first-order correction with an 
interaction between Tmeasured and TCP type (hot vs. cold):

 	 Treference = β0 + β1 Tmeasured + β2 H + β3(Tmeasured · H)	 (1)

where H is an indicator variable (H = 1 for the hot TCP and H = 0 for 
the cold TCP). This specification allows both the intercept and the 
slope to differ between plates, with β2  capturing an additive shift be-
tween cold and hot regimes and β3 capturing a differential multiplica-
tive bias between regimes. To examine altitude dependence, we fit the 
interaction model separately within each nominal flight-altitude bin, 
which allows for systematic changes in the empirical correction with 
sensor–target distance. As in standard ELC, the corrected temperature 
was defined as the model prediction, Tcorrected ≡ T̂reference.

Because environmental conditions and sensor–target distance can 
influence the apparent radiance received by the sensor, we additionally 
tested whether incorporating meteorological covariates reduced re-
sidual error. We augmented the calibration data set with time-matched 
meteorological variables and screened candidate predictors for multi-
collinearity using pairwise Pearson correlations, prioritizing variables 
that were associated with Tmeasured while remaining noncollinear. Air 
temperature (Tair) emerged as the most informative variable under these 
criteria. We therefore extended Equation 1 to include both a main effect 
of Tair and an interaction between Tair and TCP type:

	 Treference = β0 + β1 Tmeasured + β2 H + β3(Tmeasured·H) + β4Tair + β5(Tair·H)	(2)

This formulation permits the influence of Tair on the calibration to 
differ between the cold and hot TCP regimes.

ELC models were fit separately for each proprietary calibration ap-
proach and flight-altitude bin. Performance was assessed by comparing 
Tmeasured and Tcorrected against Treference using robust error metrics, such as 
the mean absolute error (MAE), that are less sensitive to occasional 
outlier images than mean-squared measures.

Sample Efficiency Analysis
In addition to improving accuracy, we sought to minimize the amount 
of calibration data required to achieve near-asymptotic performance. 
Specifically, we quantified how error decreases as the number of 
training images increases and identified the smallest training-set 
size beyond which additional calibration images yield negligible 

improvements. This analysis was performed separately for each propri-
etary calibration approach and flight-altitude using Equation 2.

For each group (calibration approach × altitude), let I be the set 
of usable images containing TCP references, with M = |I|. For each 
training-set size k∈{1, …, M – 1}, we repeatedly sampled k images 
for calibration, fitting the model using all TCP observations in those 
images, and evaluating on the remaining M – k held-out images. 
Performance was measured as the MAE on held-out TCP observations. 
Repeating this procedure yields a distribution of MAE values for each 
k; we report the median as the learning curve and the P10 to P90 interval 
as a measure of sensitivity to training-set composition.

To obtain a minimum-data recommendation, we identify the point 
of diminishing returns. For each training-set size k, we summarize 
performance by the median held-out MAE across random splits and 
compare it to a near-full-data baseline defined as the median held-out 
MAE when training on M – 1 images (leaving one image for testing). 
We then define the minimum sufficient training size, k*, as the smallest 
k for which the median held-out MAE is no more than ϵ above this 
baseline, where ϵ=0.05℃. In other words, k* is the smallest number of 
calibration images needed to achieve essentially the same typical held-
out accuracy as using nearly all available images.

Results
Proprietary Calibration
Across all proprietary calibration configurations, temperature accuracy 
degraded with increasing flight altitude, consistent with an increasing 
atmospheric path length and greater sensitivity to parameter mis-
specification in the radiative transfer terms (Figure 5a). This altitude 
dependence appeared as both decreasing precision (R2) and increasing 
systematic gain/offset changes in Tmeasured versus Treference fits (decreasing 
slope and increasing intercept), indicating a progressively larger range-
dependent bias with altitude.

The default workflow yielded the largest errors and the strongest 
dependence on flight altitude (Figure 5b). The overall MAE increased 
approximately linearly with altitude (slope ~  +1.62°C/10 m), rising 
from 4.39°C at 15 m to 11.69°C at 60 m. This altitude sensitivity was 
driven primarily by the hot TCP: hot TCP errors (slope ~ +2.88°C/10 
m) increased much more rapidly with altitude than cold TCP errors 
(slope ~ +0.37°C/10 m), with MAE climbing from 6.66°C at 15 m to 
19.78°C at 60 m.

The custom workflow reduced overall error and partially mitigated 
altitude sensitivity relative to default calibration. The overall MAE 
increased more moderately with altitude (slope ~ +1.22°C/10 m), from 
3.86°C at 15 m to 9.43°C at 60 m. However, this improvement was not 
uniform across temperature regimes: the cold TCP exhibited a higher 
baseline MAE than under default calibration, increasing by 2°C from 
15 to 30 m and then plateauing at higher altitudes. Conversely, the hot 
TCP remained substantially more accurate than default calibration at 
all altitudes, although its MAE still increased with altitude.

The custom Treflected adjusted workflow achieved the lowest overall 
error (MAE = 0.99°C to 8.57°C at 15 to 60 m) but still degraded with 
altitude (slope ~ +1.68°C/10 m). The most distinctive outcome of 
Treflected tuning was the near elimination of cold-plate error: the cold 
TCP MAE was effectively 0°C across all altitudes. In contrast, the 
hot TCP exhibited the steepest altitude sensitivity of all three modes, 
despite relatively consistent low-variance error within each altitude 
bin. This divergence between plates is expected because within a given 
frame, the cold and hot TCP biases typically occur with opposite sign 
(i.e., colder targets are overestimated while hotter targets are under-
estimated). Since changing Treflected produces a largely uniform shift in 
the retrieved temperature field, only one regime can be improved at the 
expense of the other, so a single Treflected value cannot simultaneously 
remove error for both TCPs.

Overall, altitude-dependent error was driven primarily by the hot 
TCP. Treflected tuning nearly eliminated cold TCP error but introduced 
the strongest altitude sensitivity for the hot TCP, whereas the custom 
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workflow reduced hot TCP degradation relative to default workflow 
but retained a higher baseline error for the cold TCP.

Empirical Calibration
Applying an altitude-specific ELC substantially reduced gain and 
offset biases across all proprietary-based calibration modes (Figure 

6). Improvements were most pronounced for cases with the largest 
proprietary calibration error, consistent with ELC acting primarily as a 
bias-correction layer. Across all proprietary calibration approaches and 
altitudes, MAE decreased markedly after ELC, and the inclusion of Tair 
generally provided additional error reduction that became more sub-
stantial at higher altitudes (Figure 7). In parallel, the linear association 

(a)

(b)

Figure 5. (a) Increasing gain-offset bias and degraded accuracy with increasing altitude for each proprietary calibration approach. (b) Mean 
absolute error (MAE) versus flight altitude for proprietary calibration configurations and temperature-controlled plate (TCP) temperature. The 
shaded bands show 95% confidence intervals.

Figure 6. Empirical calibration results relative to proprietary calibration. Solid lines denote least-squares fits, shaded bands show 95% 
confidence intervals, and the dashed line indicates the 1:1 relationship.
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between Tcorrected and Treference strengthened, as evidenced by R2 values 
increasing toward unity.

Under the default configuration, ELC reduced MAE by up to 69%. 
Augmenting the interaction model with Tair yielded a modest benefit at 
low altitude but a progressively larger benefit with increasing altitude, 
culminating in an additional MAE reduction of 1.50°C at 60 m. This 
pattern indicates that while a first-order correction removes a large 
fraction of the systematic bias present in the default SDK output, 
temperature-dependent or environment-mediated residuals become 
increasingly important as sensor–target distance increases. In practical 
terms, Tair appears to capture part of the altitude-linked error compo-
nent, whether due to atmospheric effects or unmodeled radiometric 
terms, that grows more influential at larger distances.

For the custom configuration, ELC produced more moderate 
reductions when using Tmeasured alone, with improvements ranging from 
~36% at 15 m to 50% at 60 m. However, incorporating Tair provided 
substantially larger incremental gains than in the default calibration 
case, particularly at higher altitudes where the MAE decreased by an 
additional 2.60°C at 60 m. Overall, custom radiometric parameteriza-
tion mitigates some systematic errors relative to the default work-
flow but leaves a residual component that is both altitude-linked and 
strongly coupled to ambient thermal conditions.

In contrast, the custom Treflected adjusted configuration exhibited the 
greatest overall improvements with ELC. MAE reduced dramatically 
at all altitudes (up to 90% reduction), falling below 1°C across the full 
altitude range. In this case, adding Tair provided little to no additional 
improvement and, at the highest altitude, produced a negligible deg-
radation. This behavior is consistent with Treflected adjustment already 
removing much of the structured radiometric mismatch that Tair would 
otherwise help explain; the remaining residuals are largely captured by 
the TCP-interaction correction based on Tmeasured alone. From an opera-
tional standpoint, when Treflected has been tuned per image, the simpler 
Equation 1 ELC model is typically sufficient, and the added complex-
ity of including Tair is unlikely to be justified.

Overall, custom Treflected adjusted achieved the lowest errors at 
every altitude (MAE ~ 0.37°C to 0.94°C), substantially outperform-
ing default and custom even after empirical correction. For the default 
and custom SDK outputs, inclusion of Tair is valuable for controlling 

altitude-linked residuals, whereas for Treflected-adjusted outputs, the 
temperature field becomes sufficiently “bias linear” that Tair contributes 
minimal additional predictive information.

Sample Efficiency
Across all calibration approaches and altitudes, the learning curves in 
Figure 8 indicate that empirical calibration is highly sample efficient as 
near-asymptotic median MAE is typically achieved with only four to 
seven calibration images. Nonetheless, the approaches differ markedly 
in the error level at which they stabilize and in how rapidly the split-to-
split variability collapses. In general, the default and custom workflows 
exhibit higher stabilized error and broader variability bands at small 
k, indicating stronger dependence on which images are included in the 
calibration subset. In contrast, the custom Treflected adjusted workflow 
stabilizes at a substantially lower median MAE and exhibits narrower 
uncertainty bands, consistent with Treflected tuning reducing structured 
radiometric mismatch prior to empirical correction and making the 
residual error more uniform across images.

Discussion
The results show that proprietary radiometric calibration alone leaves 
substantial residual error in camera-derived temperatures and that a 
small number of well-controlled reference observations are sufficient 
to correct both multiplicative and additive bias. In the linear model, the 
slope term corrects systematic gain error, while the intercept corrects 
additive shifts driven by imperfect radiometric inputs. Incorporating 
Tair further reduces residual error at higher altitudes, consistent with 
first-order environmental modulation of apparent radiance and atmo-
spheric path effects increasing with sensor–target distance.

The significance of the interaction term in the ELC models high-
lights that a single reference target is generally insufficient for robust 
thermal calibration. Cold and hot targets cluster differently and exhibit 
distinct error structure, indicating that the camera does not apply a uni-
form bias across the full temperature range within a frame. Practically, 
at least two references spanning low and high temperatures are needed 
to identify both slope and offset reliably and to ensure the correction 
remains valid across the temperature distribution encountered in the 
scene. This also motivates selecting target setpoints that bracket or 

Figure 7. Incremental mean absolute error (MAE) reduction across altitudes and calibration configurations.

Figure 8. Equation 2 learning curve example for the custom Treflected-adjusted approach quantifying how error changes as the number of 
training images increases. The solid line shows the median held-out mean absolute error (MAE) over repeated random splits as the number of k 
images increases, while the shaded band indicates the P10 to P90 range. Horizontal dashed lines mark the baseline performance.
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exceed the expected scene temperatures, as this can improve identifi-
ability of the calibration parameters and reduce extrapolation error 
when the scene contains temperatures near the tails of the distribution.

Altitude also emerges as a primary driver of uncorrected error and 
calibration reliability. For any of the tested radiometric calibration 
approaches, error and sensitivity to environmental conditions increase 
with altitude, reflecting reduced effective spatial resolution, increased 
mixed-pixel contamination, and greater opportunity for atmospheric 
and viewing-geometry effects to perturb the measured radiance. 
Consequently, altitude should be chosen based on required thermal 
accuracy as well as coverage. Applications with stringent temperature 
tolerances benefit from lower-altitude acquisition, whereas higher-
altitude missions trade accuracy for efficiency and therefore require 
greater reliance on post-hoc correction and in-scene validation.

Although full operational deployment is beyond the direct scope of 
this study, the results suggest a four-stage workflow for field imple-
mentation. First, a limited subset of TCP-bearing images should be ac-
quired periodically throughout the mission, with the sample-efficiency 
analysis suggesting that at least four to seven such images are typically 
sufficient to estimate a stable correction model. Second, the manufac-
turer SDK radiometric conversion using the best available radiometric 
inputs (default or custom) should be applied to obtain physically 
interpretable apparent temperatures. Third, when higher accuracy is 
required, Treflected should be optimized on the TCP-bearing calibration 
subset, and those values should be transferred to neighboring non-TCP 
images using a temporally matched strategy, such as nearest-neighbor 
assignment within a stable flight block or linear interpolation between 
successive calibration frames. Fourth, the ELC model should be fit 
using the TCP-bearing calibration subset only, and the resulting coef-
ficients should be applied to all remaining survey images acquired 
within the same flight. Under this workflow, TCP-bearing frames 
function as intermittent calibration anchors, allowing the full survey to 
be corrected through parameter transfer rather than by requiring visible 
references in every image.

This workflow is particularly valuable in realistic operating en-
vironments where radiometric inputs may be missing, uncertain, or 
spatially unrepresentative (e.g., no nearby meteorological stations, rap-
idly evolving weather, or a poorly constrained Treflected due to complex 
surrounding radiative environments). In those cases, a modest number 
of colocated reference measurements provide a robust mechanism to 
correct temperature accuracy while also delivering a transparent and 
repeatable quality-control check that can be carried across surveys, 
altitudes, and operating environments. Overall, the results motivate 
three practical implications for accurate UAV-based TIR imaging: (1) 
calibration must address both gain and offset error, (2) reference targets 
must span the operational temperature range, and (3) acquisition 
altitude should be treated as an explicit design variable for radiometric 
accuracy, not solely a mapping-efficiency parameter.

Several limitations of this study should be noted. First, the TCPs 
were small relative to the ground sampling distance at higher alti-
tudes, which constrained validation to ≤60 m. At the upper end of the 
tested range, the TCPs occupied few pixels, increasing sensitivity to 
mixed-pixel contamination and thereby confounding radiometric error 
with spot-size limitations. Accordingly, the observed altitude-related 
bias at higher flight levels should be interpreted as an operational 
temperature-error signal for the tested target-size/altitude configura-
tion rather than as a clean mechanistic separation of atmospheric and 
optical-spatial error sources. For the same reason, the reported correc-
tion performance should not yet be assumed to transfer unchanged to 
large, spatially homogeneous targets such as rooftops or water bodies, 
where mixed-pixel effects are less pronounced and the balance of error 
sources may differ. Dedicated validation using larger, well-resolved 
reference surfaces is needed to assess transferability in those settings. 
Second, meteorological inputs were obtained from a nearby weather 
station rather than measured at the flight site, which can introduce 
mismatch in air temperature and humidity, thereby degrading both the 
proprietary parameterization and the empirical covariate relationships. 
Deploying a compact on-site sensor package synchronized to the flight 
timeline would reduce this uncertainty. Third, data collection was 

limited to daytime conditions over two field dates, so the Tair-dependent 
ELC model (Equation 2) should be interpreted as validated only for the 
environmental regime sampled in this study, rather than as a season-
independent or nighttime-ready correction. Conditions with substan-
tially different radiative forcing, sky temperature, humidity structure, 
or sensor thermal behavior may alter both the magnitude and form of 
the correction. Fourth, the Treflected adjustment should be interpreted as 
an empirical upstream bias-reduction step within the tested imaging re-
gime rather than as proof that the remaining error is purely radiometric 
in origin. Fifth, since optimization and validation were both performed 
using TCPs intentionally located near the center of the FOV, the study 
does not provide an independent spatial generalization test across the 
full image plane. Thus, the results should not be interpreted as dem-
onstrating correction of edge-of-frame vignetting or broader spatial 
nonuniformity across the sensor; instead, they quantify the accuracy 
achievable under a controlled central-FOV geometry. Finally, although 
the study proposes a practical parameter-transfer strategy for extending 
the workflow to larger surveys in which most images do not contain 
TCPs, the operational implementation of this approach was not directly 
evaluated in the present study.

Future work should (1) extend validation to higher altitudes using 
larger targets and explicitly separate path-length atmospheric effects 
from mixed-pixel limitations; (2) incorporate synchronized on-site 
meteorological measurements to better resolve environment-induced 
biases and improve transferability; (3) evaluate performance across a 
broader diurnal range, including low-solar and nighttime conditions; 
(4) include larger, well-resolved homogeneous targets so that the trans-
ferability of the Tair-dependent ELC model can be evaluated beyond 
the daytime, small-target regime studied here; (5) include separate 
calibration and check targets distributed from the image center to the 
edges in order to assess residual vignetting, spatial nonuniformity, and 
the transferability of the proposed correction beyond the central-FOV 
configuration used here; and (6) evaluate the proposed parameter-
transfer workflow under continuous mapping conditions in which only 
a limited subset of images contains TCPs, including assessment of how 
Treflected and ELC coefficients can be most reliably propagated to neigh-
boring nonreference frames. Finally, benchmarking additional propri-
etary processing software under identical field conditions would help 
quantify the radiometric accuracy of other commonly used commercial 
workflows, enabling clearer assessment of how reliably practitioners 
can expect these tools to perform in operational temperature mapping.

Conclusions
This study evaluated the radiometric reliability of proprietary UAV 
thermal calibration workflows under realistic flight conditions and 
demonstrated that despite their convenience, such workflows leave 
substantial residual bias that increases systematically with flight alti-
tude. Across all tested configurations, temperature accuracy degraded 
with increasing sensor–target distance, manifesting as coupled gain and 
offset errors that distort the dynamic range of retrieved temperatures. 
While user-specified radiometric inputs improved performance relative 
to default processing and per-image tuning of Treflected further reduced 
bias, none of the proprietary workflows alone produced consistently 
accurate temperature estimates across the tested altitude range.

ELC provided an effective and practical solution to this limitation. 
By leveraging a small number of in-scene temperature references, ELC 
removed both multiplicative and additive bias, substantially improving 
agreement with ground-truth measurements. The proposed interaction-
based formulation further demonstrated that calibration behavior differs 
across temperature regimes, reinforcing the need for bracketing reference 
targets. Incorporating air temperature as a covariate yielded additional 
improvements for workflows with larger residual bias, particularly at 
higher altitudes, indicating that environment-linked error components be-
come increasingly important as atmospheric path length increases. When 
combined with per-image Treflected adjustment, ELC achieved subdegree 
accuracy across all tested altitudes, effectively transforming proprietary 
outputs into quantitatively reliable temperature measurements.
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Taken together, these findings clarify the role of proprietary radiomet-
ric processing in UAV thermography: rather than serving as a complete 
solution, it should be viewed as an initial approximation that benefits 
from reference-based correction. The study therefore bridges a critical gap 
between convenient but opaque manufacturer workflows and the accuracy 
requirements of quantitative thermal remote sensing. By demonstrating 
how residual bias can be diagnosed, modeled, and efficiently corrected 
under field conditions, this work provides both a validation framework 
and a deployable strategy for improving the reliability of UAV-derived 
temperature measurements in research and operational applications.
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