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+ Hovering flights capture higher pollutant concentrations than non-hovering flights.

+ Multiple UAV-mounted sensors reveal disparities in response times for pollutants.

+ A hybrid UAV strategy enhances plume detection and pollutant measurement.
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The urgency of the global climate crisis necessitates advanced monitoring of greenhouse gases, with an
emphasis on capturing their spatial and temporal variability. This study explores techniques to enhance plume
detection and concentration measurements using uncrewed aerial vehicles (UAVs) for monitoring at point
sources, specifically at an incineration stack. Through preliminary site investigations, our approach employed
strategically designed flight paths and an autopilot system to optimize flight operations within the constraints
of limited flight time due to battery capacity. We combined a UAV-mounted anemometer with a plume rise
model to localize the plume center at a distance of 30 m from the stack center and evaluated its performance
by comparing the model-based estimations at different altitudes and angular directions with the observation
results. The comparison demonstrated that the results obtained by localizing the plume center using a plume
rise model and a UAV-mounted anemometer aligned well with observations based on CO, concentration
analysis. The comparative analysis showed a RMSE of 8.44 m and a MAE of 7.26 m for altitude, and a RMSE
of 32.31° and a MAE of 25.78° for angular direction. Furthermore, we assessed the effectiveness of hovering
UAV flights, in which a UAV remains stationary at a fixed point in the air, compared to non-hovering flights
in capturing pollutant concentration. While both methods performed similarly in detecting the plume center,
non-hovering flights underestimated the CO, concentration due to insufficient time for measurement despite
a sensor response time of less than three seconds. Overall, our proposed hybrid monitoring strategy integrates
non-hovering and hovering flights, enhancing both plume detection efficiency and concentration measurement

accuracy at point sources.

1. Introduction

The global climate crisis, as evidenced by the alarming rise in
severe weather events, has worsened despite longstanding scientific
warnings (Ripple et al., 2022). The main reason for this is the an-
thropogenic emission of greenhouse gases (GHGs), which increased
from 21 to 59 GtCO,-eq between 1990 and 2019 (Lee et al., 2023).
The Intergovernmental Panel on Climate Change (IPCC) guidelines
for national GHG inventories (IPCC, 2006) provide a framework for
estimating GHG emissions across various industrial facilities. Although
sector-specific inventories have been employed, calculation-based es-
timates for GHG emissions have faced criticism due to their uncer-
tainties, highlighted by comparative analyses with actual measurement
data (Newman et al., 2016; Bergamaschi et al., 2015; Chen et al., 2022;
Lu et al., 2022a). Given this limitation, validating existing inventories
through GHG observation campaigns is essential to better understand
their environmental impacts.

Uncrewed aerial vehicles (UAVs), capable of real-time spatially-
extensive monitoring, have emerged as versatile tools. With the re-
cent advancements in technology, UAVs can capture the spatial and
temporal variability of GHG emissions and estimate the flux from
industrial facilities (Brown et al., 2023; Han et al., 2024; Zhao et al.,
2024), environmental infrastructures (Galfalk et al., 2021), nature
sources (Riidiger et al.,, 2018), and agricultural sources (Vinkovi¢
et al.,, 2022). However, discrepancies arise between inventory-based
calculations and UAV-based monitoring results mainly due to the
differences in the resolution of spatial and temporal data, assumptions
made in inventory calculations, and the dynamic nature of emission
sources. Han et al. (2024) quantified the emission rates from a coking
plant in China, revealing that the values recorded using UAV-measured
methane emissions were four times higher than those estimated using
the IPCC Tier-1 emission factor. Similarly, Brown et al. (2023) identi-
fied the differences between UAV measurement results and inventory
estimates at natural gas facilities in the United States, highlighting
underestimations in inventory-based approaches.

While utilizing UAVs in GHG emission monitoring has opened up
new opportunities, several challenges still remain. One of the primary
challenges is the accuracy of pollutant concentration measurement,
which is a critical step before reliable emission quantifications can
be performed. Several studies encountered difficulties in effectively
capturing plumes, resulting in significant discrepancies between mea-
sured emissions and inventory estimates (Reuter et al., 2021; Vinkovi¢
et al.,, 2022). In response to this challenge, the need for effective
plume detection must be highlighted. Another challenge is the scale
difference between the drone and field site. UAVSs, typically less than
1 m in size, operate in environments that span several hundred meters.
This disparity complicates precise plume detection and concentration
measurement.

Additionally, UAV sensor limitations and battery constraints im-
pact the effectiveness of monitoring campaigns. Researchers noted
that the limited payload capacity of UAVs necessitates the use of
lightweight, fast-response, and low-power consumption instrumenta-
tion, which can impact the measurement accuracy (Burgués and Marco,
2020; Reuter et al., 2021). Other researchers underlined that the ac-
curacy of these types of equipment contributes to the uncertainties in
plume measurements (Mgnster et al., 2019; Andersen et al., 2021).

A notable gap in the current research on UAV-based monitoring
is the absence of standardized protocols and evaluation criteria. Ma
et al. (2021) highlighted the ongoing need for developing practical
guidelines for scientifically meaningful sampling using UAVs, includ-
ing optimization strategies for sampling height and duration to meet
specific scientific objectives of each study. Andersen et al. (2021) also
emphasized the importance of structured flight planning for quantifying
methane emissions from a point source in a coal mining area. Our
research addresses this gap by introducing a novel methodology that
enhances UAV technology for GHG monitoring with improved measure-
ment efficiency. Guided by preliminary site investigations, our study
developed pre-planned flight paths to conduct measurements, utilizing
an autopilot system to refine these paths further. The designed flight
routes included boundary flights around the incinerator stack, with
horizontal distances of 30 meters from the stack center and vertical
intervals of 5 meters between each layer. These flight routes allowed
for efficient use of UAV flight time and enabled the collection of reliable
data through repeated experiments.

By integrating a UAV-mounted anemometer anemometers with a
plume rise model, the current approach facilitates the effective detec-
tion of emission plumes from point sources like incineration plants.
A point source was chosen as the research focus because it provides
a simpler environment to check the feasibility of model-based plume
localization and to validate the model with well-defined emission pa-
rameters. Gélfalk et al. (2021) highlighted the importance of a UAV-
mounted anemometer and revealed that a UAV-mounted anemometer
can capture temporal and spatial variability with higher resolution than
a ground weather station. Han et al. (2024) and Reuter et al. (2021)
also utilized onboard anemometers, emphasizing the significance of
acquiring meteorological information along the flight route. The per-
formance of the UAV-mounted anemometer was further examined by
comparing it with that of a ground-based weather station, which has
often been utilized for wind data estimation in previous studies in
this field of study (Allen et al., 2019; Shah et al., 2020). Moreover,
we investigated the benefits of hovering flight modes, defined as the
condition in which a UAV remains stationary at a fixed point in
the atmosphere (Oosedo et al., 2017). Our study examined the effect
of hovering flights on concentration measurements, regarding that
it allows sensors more time to capture concentration. Furthermore,
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Fig. 1. Geographical location of the investigated incinerator plant and its surroundings. The blue-colored lines depict the local road networks, and the yellow-colored region
illustrates the site of a regional combined heat and power plant nearby. The map was obtained from Google Earth Pro (Google Earth Pro 7.3.6.9750, 2024).

Fig. 2. A schematic representation of a boundary flight mission around the incinerator
stack. The key factors of the flight routes are presented in Table S2.

we examined the role of sensor responsiveness to pollutants during
UAV-based monitoring, a topic not widely explored in existing liter-
ature. This study aimed to understand how different sensor response
times impact the effectiveness of pollutant detection during UAV field
campaigns.

2. Materials and methods
2.1. Field campaign

The field campaigns were conducted at an incineration facility
located in the southern region of Gyeonggi Province, part of the Seoul

metropolitan area. The incineration plant is a significant source of
air pollutant emissions, including greenhouse gases, particulate matter,
and gaseous pollutants (U.S. Environmental Protection Agency, 2024).
The specific site was selected because incinerator plants are well-
recognized sources of CO, (UNFCCC, 2007), and the facility operates
nearly year-round, providing good feasibility for implementing field
experiments. The facility processes 400 to 600 metric tons of municipal
solid waste per day using stoker-type incinerators. In addition, the stack
height is 109 m, and the diameter of the emission gas outlet is about
1.6 m. The scale difference between the drone and the field site is
illustrated in Note S1 in the supplementary information (SI).

As depicted in Fig. 1, the incinerator plant is located in a complex
urban landscape, surrounded by local road networks, a parking lot,
and a regional combined heat and power plant equipped with emis-
sion stacks. For such an environment, with various potential pollution
sources and diverse terrain, we require a careful strategy to isolate
the targeted emissions from other sources and to deal with the city’s
complex geography. The impact of urban structures on pollutant dis-
persion has been identified in previous research (Villa et al., 2017;
Kuuluvainen et al., 2018; Park and Lee, 2024). Therefore, flight op-
erations for concentration measurements in this study were executed
as close to the point source (incinerator stack) as possible to minimize
the impact of surrounding pollutant sources on the measurements. In
addition, we implemented a boundary flight mission during the field
campaign, which measured the concentrations on all four sides of
boundary squares near the stack (Fig. 1), rather than just the two sides
(downwind and upwind) of the plume.

The field campaigns were was implemented over five distinct days
between September and December 2023. UAV flight operations were
conducted during the daytime, typically from 9 AM to 5 PM. The
operations were restricted to the daytime due to legislative permissions.
Table S1 in SI Note S4 summarizes the environmental conditions for
each day of the campaigns.

2.2. Preliminary investigations for UAV flight operation design

Before the main field campaigns, a preliminary investigation was
performed to achieve two objectives: (1) to obtain practical information
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for UAV flight missions at the target site and (2) to gather the data
necessary for designing autopilot flight routes. The take-off point was
determined (see SI Note S3 for selection criteria) as marked by a yellow
dot in Fig. 1.

Initially, the UAV was manually operated around the incinerator
stack to identify key factors for the autopilot setup (Table S2). These
factors primarily focused on managing battery constraints and ensuring
flight safety. Safety considerations are required to determine the mini-
mum safe distances from the incinerator stack. Given that the exit gas
temperatures from the stack were approximately 180 °C, establishing
a safe operational distance was crucial to protect the UAV and its
sensors from the high-temperature emissions. The distance from the
stack center for the flight mission (see the scheme in Fig. 2), D, ,, was
set to 30 m, balancing the UAV’s battery life limitations and safety
concerns regarding the high temperatures of the exiting gas. Through
manual flight missions, we found that flight operations closer than this
distance resulted in sensor temperatures exceeding 40 °C, posing a
potential risk to the equipment.

In addition, due to the UAV’s limited flight time, the feasible num-
ber of data collection layers (N,,,,,) and their vertical interval (4,/) had
to be examined. The vertical interval 4, was set at 5 m, considering
the o, values derived from Pasquill-Gifford (PG) coefficients within the
Gaussian plume dispersion parameter correlations (Seinfeld and Pandis,
2016). With UAV flights predominantly conducted under conditions
corresponding to stability classes A and B during the daytime (see Table
S1 in SI Note S4), 4, was selected to be less than twice the ¢, value
for both classes to ensure plume detection within the vertical gaps. A
5 m interval was chosen to capture the plume’s centerline at a 30 m
distance to ensure high likelihood of detection; a larger interval might
fail to accurately detect the centerline.

In this study, two different flight modes, hovering and non-hovering,
were executed for the field campaign. A few previous studies, such
as Alvarado et al. (2017) and Kuantama et al. (2019), explored the
hovering flight for improving accuracy in particulate and gas concen-
tration monitoring. However, comparative studies directly examining
the effectiveness of hovering and non-hovering flight modes under
the same monitoring conditions remain limited. Thus, a part of this
study addressed this gap by examining the performance of UAVs in
this context. The present study analyzed both flight modes, evaluating
20 hovering flight missions and 15 non-hovering flight missions con-
ducted at the targeted sites. A total of 35 flight missions were selected
from 45 flight operations based on the validation criterion for the
CO, concentrations, as described in Section 2.4.2. For non-hovering
flights, the UAV required approximately 9 min to complete nine layers
(Nyayer = 9) of monitoring within the given boundary, from 110 m to
150 m. This altitude range was set based on the plume center altitude
range calculated using Brigg’s plume rise model (Briggs, 1984) at a
horizontal distance (D, ;) of 30 m with wind speeds of 2 to 8ms~!.
The N,,,,, value for hovering flight missions was set at 3, considering
the number of missions that can be executed for the maximum flight
duration (around 25 min) with one battery set. For hovering flights,
the distance between hovering points (D;,) was 10 m, and the time
spent at each hovering point (7,,) was 10 s. D,, was determined by
considering the lateral dispersion coefficient, ¢,, from the Pasquill-
Gifford (PG) coefficients to optimize lateral plume detection. Both D,
and 1, were chosen to balance the need for accurate plume detection
with the limited flight duration per mission using a single battery set.
The location of hovering points was specified when mapping autopilot
routes using Google Earth Pro to ensure precise positioning. During the
data analysis, hovering status was determined by analyzing the UAV’s
displacement. Considering possible subtle movements due to wind or
operational influences, a period was categorized as hovering when the
UAV’s movement stayed below 20 centimeters per second, signifying
stable positioning.

In traditional monitoring methods, manually navigating drones are
often employed around emission sources without a specific target area
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for the plume, which may lead to inefficient use of UAV flight time and
reduced data comprehensiveness and precision. To address this issue,
autopilot flight routes were created using Google Earth Pro and the DJI
‘Pilot 2’ app in the current research. Detailed information regarding the
execution of autopilot operations can be found in the SI Note S5.

2.3. Measurement instrumentation

We employed the DJI Matrice 300 RTK, produced by DJI Tech-
nology Inc. (Figure S2). The drone can carry a payload of up to
2.7 kg. Although its specifications suggest a maximum flight duration of
55 min, practical operations with sensor system payloads, considering
flight safety, limit flight times to approximately 25 min. In addition,
wind conditions significantly influenced UAV operations; although the
UAV can be operated at wind speed of up to 15ms~! according to its
specifications, a conservative wind speed threshold of 10ms~!
for safety. Detailed information regarding the UAV specifications can
be found in the SI Note S2.1.

The current study utilized a custom-developed onboard sensor sys-
tem from Soarability Technology LLC (Shenzhen, China). The system
features four sensor modules: an onboard sonic anemometer mod-
ule, a non-dispersive infrared (NDIR) CO, sensor module, a tunable
diode laser absorption spectroscopy (TDLAS) CH, sensor module, and
a Sniffer4D V2 module containing electro-chemical sensors for gaseous
pollutants (VOCs, CO, NO,, O; and H,S) and a laser-based sensor
for particulate matter (PM,;,, PM,5, PM;q). The modules are also
manufactured by Soarability Technology LLC (Figure S3 and Table 1).
For detailed specifications of the UAV and the sensor modules, refer
to the SI Note S2.2. Although the system was designed for multiple
purposes, including exploring diverse environmental infrastructures
such as incineration plants, wastewater treatment plants, and landfill
sites, the present study primarily focused on monitoring CO, plume
emissions from the incinerator stack.

In addition, we examined the usability of wind speed and direction
data from a ground-based weather station in model-based estimation.
Previous research often relied on downwind plume measurement tech-
niques, frequently estimating plume direction by acquiring wind data
from ground-based weather stations (Allen et al., 2019; Shah et al.,
2020). In this study, the wind measurements by a UAV-mounted sonic
anemometer were compared with those from ground-based weather
stations to examine the effectiveness of each method in estimating the
wind properties for point source localization. The weather station was
situated 10 m above ground level, and adjustments were made to the
weather station’s data to estimate wind speeds at the incinerator stack’s
height (109 m) using the wind profile power law (Eq. (1)) with a power
coefficient (a) of 0.15 (U.S. Environmental Protection Agency, 1995).
The coefficient value was selected considering that all flight missions
took place in urban areas under atmospheric stability classes A or B.

g\
Ug = Uref z_f M
Te!

where:

u, is the wind speed at stack height,

u..s is the observed wind speed at the ground station,

hy is the stack height,

Zpef is the wind measurement height at the ground station.

The Vantage Pro2 weather station (Davis Instruments, Hayward,
CA, USA) was used to gather meteorological data from the ground,
primarily the wind speed and direction. The station was installed on the
roof of a building at the plant (10 m above ground level), positioned
approximately 75 m horizontally from the incinerator stack, marked by
an orange dot in Fig. 1. Further details regarding the weather station
are provided in SI Note S2.3.

was set
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Table 1
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The specifications of sensor modules used in the study: including measurement ranges and resolution for wind speed, wind direction, CO,
sensor, and CH, sensor. Further details on the capabilities of the Sniffer4D V2 are available in the SI Note S2.2.

Module Metrics Measurement range Resolution
. wind speed 0-50 ms™! 0.1ms™!
Sonic anemometer
wind direction 0-360° 1°
NDIR sensor CO, 0-2,000 ppm 1 ppm
TDLAS sensor CH, 0-15,000 ppm 1 ppm

Sniffer4D V2 GPS coordinates,

environmental parameters ,

Refer to SI Note S2.2

and various gaseous and particulate pollutants

2.4. Model-based and observation-based estimation of localize the plume
centerline

2.4.1. Model-based estimation of plume centerline altitude

The model-based calculations for estimating the plume centerline
altitude were performed using Briggs’ plume rise model (Briggs, 1984).
The model adopted in this study is from the AERMOD atmospheric dis-
persion modeling system (Version 23132), which was used to calculate
the plume rise (4h,) in the convective boundary layer (CBL) (U.S. Envi-
ronmental Protection Agency, 2023). The CBL condition was regarded
because all flight operations were conducted during the daytime. The
model considers the effects of source momentum (F,,) and buoyancy
(F,), detailed in Eq. (2).

1
3F,x F,x2\3
dhy = ==+ iz - @)
Bru, 28w,
where:

x represents the distance from the stack center, set at 30 m for this
study,

F, = (%) -w? - r? is the stack momentum flux,

Fy=g-w,-r? (L=L) is the stack buoyant flux,

B, is the entrainment parameter, set to the default value of 0.6 as de-
scribed in the AERMOD documentation (U.S. Environmental Protection
Agency, 2023),

u, corresponds to the wind speed at the stack height.

The wind speed (up) and ambient temperature (7') were derived
from the sensor modules for each flight mission. To determine F,, and
F,, operational data from the incinerator stack’s monitoring system
provided information regarding exit gas temperature (7;) and gas flow
velocity (w,). The monitoring system recorded measured data every
5 min, including exit gas temperature (7}), gas flow rate (ng), and
the concentrations of six components: O,, NO,, SO, CO, HCl, and
total suspended particles. CO, concentration data, which is a major
focus of this study, was not measured by the system. Q,,, was used
to calculate the gas flow velocity (w,) with the formula Q,,, [(zr?),
where the stack radius (r,) is 0.8 m. The gravitational acceleration (g)
was set to 9.81 ms™2. These values were used to estimate the plume
rise across various wind speeds, enabling the estimation of the plume
centerline altitude at a distance of 30 m from the incinerator stack. The
estimations for each flight mission were conducted using the averaged
values of relevant parameters recorded during that mission.

2.4.2. Observation-based estimation of plume characteristics through CO,
concentration data analysis

CO, concentration data were chosen to experimentally determine
the plume centerline. This method was selected based on two factors:
(1) CO, is notably released from the incinerator stack (U.S. Envi-
ronmental Protection Agency, 2024), and (2) the NDIR CO, sensor
utilized in the present study offers relatively better specifications for
detecting the plume’s center than low-cost electro-chemical sensors,
including a shorter response time and a wider detection range. More-
over, CH, emissions are considered a trivial concern of the incinerator
stack (Bogner et al., 2008).

Valid flight missions were selected based on CO, concentration
criterion to confirm that a mission detected the plume center. Based on
insights gained from the results of field measurements and analysis, the
criterion was established for valid concentration measurement missions
by considering the continuous emissions from the point source and de-
tection thresholds. A flight mission was considered valid if it recorded
a peak CO, concentration at least double the average background
level (390-420 ppm), resulting in a threshold of around 800 ppm for
plume center detection. This threshold aligns with Gaussian plume
model-based calculations (detailed in the SI Note S7), where the model
calculation of plume center concentration is typically above 1,000 ppm.
Flights classified as “invalid” in this study had peak CO, concentrations
averaging 488 ppm, indicating they likely did not detect the plume cen-
ter. Given the consistent emissions from the point source, we attributed
these invalid flights to missed plume detection. Therefore, 35 out of 45
flight missions were selected as valid and were used for the analysis.

2.5. Statistical analysis

Statistical analysis was applied to interpret the sensor data, facil-
itating comparison and characterization of model-based estimations
against observational results of plume localization. The analysis exam-
ined two statistical metrics, the root mean square error (RMSE) and
the mean absolute error (MAE). Detailed formulations for these metrics
are provided in Table S3 in SI Note S6. Both RMSE and MAE were
used to compare the effectiveness of the model-based estimation values
against observation-based estimation values. A higher RMSE indicates
a wider spread of errors, highlighting substantial deviations of model
estimations from the observation values, whereas the MAE reflects the
average error magnitude. The key difference between the two metrics is
that RMSE gives more weight to larger errors, emphasizing significant
discrepancies, whereas the MAE provides a straightforward average
error across all comparisons. These metrics helped evaluate the new
approach introduced in the present study, which was used to localize
the plume centerline based on the plume rise model and wind data from
the UAV-mounted anemometer.

3. Results and discussion

3.1. Localizing the plume centerline with a plume rise model and a UAV-
mounted anemometer

A comparative analysis of model- and observation-based estimations
was conducted to evaluate the effectiveness of the plume rise model and
UAV-mounted anemometer in determining the location of the plume
center. The plume center’s altitudes for each flight mission were derived
from Briggs’ plume rise model using wind speed data from the UAV-
mounted anemometer as detailed in Section 2.4.1. The direction of the
plume centerline was estimated by averaging the wind direction data
recorded by the UAV-mounted anemometer for each flight mission.
These estimated values were then compared with the observational
location of the maximum CO, concentration data.
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Fig. 3. Comparison of model- versus observation-based estimations of plume characteristics at 30 m from the incinerator stack. Figure (a) illustrates the altitude comparison of
the maximum CO, concentration data points from each flight mission with the plume-rise model’s calculated altitude of the plume center. Figure (b) compares the direction of
the maximum CO, concentration data points to the average wind direction measured by the UAV-mounted anemometer.

Fig. 3(a) illustrates the correlation between the estimated values
calculated from the plume-rise model and the experimental obser-
vations of the plume center’s altitude. The statistical metrics, with
a RMSE of 8.44 m and a MAE of 7.26 m (see Table 2), confirm
that the model-based estimation aligned well with the observational
values and demonstrated the reliability of the model. The ability of
the UAV-anemometer data to estimate the plume’s trajectory direction
is also described in Fig. 3(b), with RMSE and MAE values of 32.31°
and 25.78°, respectively. These values indicate that the accuracy of
direction estimation was comparable to that of altitude estimation.

In contrast to the estimation using wind data from the UAV-installed
anemometer, the estimated plume centerline characteristics derived
from weather station data, as shown in Fig. 4, demonstrated weak
correlations with the observational location of the plume center. As
shown in Table 2, for altitude, the notably large RMSE of 1,270.45 m
and MAE of 548.60 m indicate the severe limitations of weather station
data in estimating the altitude of the plume center. The weather station
data also showed limited performance in estimating wind direction,
with an RMSE of 113.92° and an MAE of 103.02°.

These findings highlight the advantages of a UAV-mounted
anemometer over a ground-based weather station in providing reliable
data for plume detection. Acquiring qualified wind data at the point
source location is crucial for accurate plume localization; however, the
weather station was inadequate for precise plume localization. Two
main reasons for this inadequacy are first, near-surface turbulence can
distort accurate wind speed measurements, resulting in discrepancies
between the actual wind speed at the height of the stack and the
estimates obtained using the wind profile power law (Finn et al., 2018;
Li and Yu, 2018). During some flight missions, wind speeds measured
by the ground station were as low as 0.1ms~!, likely due to local
turbulence and the complex topography of the field site. When these
low wind speeds were applied to Briggs’ plume rise model, they resulted
in unusually high plume centerline heights (above 1,000 m). Second,
the complex topography of urban areas can significantly alter ground
station measurements, potentially introducing errors in the assessment
of both wind speed and direction (Lu et al., 2022b; Sekula et al., 2021).
Using a constant power coefficient of 0.15 for the wind power law also
introduced potential uncertainty, as it did not account for turbulence or

meteorological conditions such as temperature and pressure variations.
Given these challenges, employing UAV-mounted anemometers with
the plume rise model enhances the efficiency of plume detection,
especially in urban environments with complex emission sources and
varied topographies that influence pollutant dispersion.

3.2. Hovering flight and concentration measurement

In the previous section, Fig. 3 and the statistical metrics in Table 2
demonstrate that no significant differences exist in each flight mode’s
ability to localize the plume centerline. This suggests that for flight
missions focused solely on plume detection, opting for non-hovering
flight operations could be a more time-efficient choice, as non-hovering
flights require only 3 min to move around three layers, whereas hov-
ering flights take 25 min. However, analyses of the CO, concentration
revealed a benefit in concentration measurements for hovering flights.
The hovering flights consistently demonstrated higher peak CO, con-
centrations than non-hovering flights. Fig. 5(a) reveals that the mean
values of the peak CO, concentration from 15 hovering flight missions
reached 2,726.5 + 960.6 ppm, which is approximately twice the mean
values of 1,392.4 + 526.0 ppm recorded for 20 non-hovering flight
missions. This discrepancy is further supported by the time-series data
shown in Fig. 6, indicating that sensors in non-hovering flights did
not capture as high concentrations as those in hovering flights. The
concentration peaks during non-hovering flights appeared to be nar-
rower, suggesting that these flights might not provide adequate time
for capturing high concentrations of pollutants.

The discrepancy in CO, concentration measurements between hov-
ering and non-hovering flights further suggests that flight speed plays
a key role in capturing pollutant concentrations. In particular, flight
speed directly affects the time the UAV spends within the plume, which
influences sensor response and measurement accuracy. This observa-
tion aligns with the perspective that operating at a slower speed during
non-hovering flights could improve the ability to capture higher CO,
concentrations. A slower speed allows the UAV to spend more time
within the plume, providing the sensor with sufficient response time.
However, while a reduced speed may enhance sensor performance, it
also decreases the spatial coverage due to the limited flight duration of
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the plume-rise model’s calculated altitude of the plume center. Figure (b) compares the direction of the maximum CO, concentration data point to the average wind direction

measured by the ground station.

Table 2

Statistical metrics from the comparative analysis of model-based and observation-based plume characteristics for different
flight modes (hovering and non-hovering), as shown in Figs. 3 and 4.

Wind data source: UAV-installed anemometer

L. . Altitude [m]
Statistical metrics

Direction [°]

Non-hovering Hovering Total Non-hovering Hovering Total
RMSE 7.23 9.25 8.44 35.55 29.65 32.31
MAE 6.41 7.91 7.26 31.10 21.78 25.78

Wind data source: Ground station

Altitude [m
Statistical metrics tm]

Direction [°]

Non-hovering Hovering Total Non-hovering Hovering Total
RMSE 1,269.25 1,271.35 1,270.45 113.22 114.45 113.92
MAE 524.64 566.57 548.60 105.68 101.02 103.02

the UAV. This introduces a trade-off between flight speed and spatial
coverage in non-hovering flight mode, where the UAV must fly slow
enough to gather accurate concentration data but still cover a sufficient
area during the flight.

In addition to affecting measurement accuracy, slower flight speeds
also increase the time required to complete a single dataset. Although
we assumed no significant temporal variation during dataset collection,
flight operation with extremely slow speeds may introduce temporal
fluctuations, especially over extended data collection periods. There-
fore, maintaining an appropriate flight speed is necessary to ensure
the timely completion of the dataset while minimizing the impact of
temporal variation.

Validating the precision of CO, sensor measurements is essential
to ensure the integrity of research findings. Fig. 5(b) illustrates that
the background CO, concentrations, determined by averaging mea-
surements from three planes out of four boundary planes where the
plume was not detected across flight missions, were consistently within
the range of 390 to 400 ppm for both the hovering and non-hovering
flight modes. Such background levels of CO, correspond to the values
reported in the previous studies (World Resources Institute, 2022; Lee
et al., 2023), confirming the sensor reliability in accurately capturing
ambient CO, concentrations in both flight modes. Moreover, the re-
sult indicated that non-hovering flights, notwithstanding their reduced
efficacy in capturing peak CO, concentrations, effectively measure

background CO, levels. Sensor performance validation was further
conducted by comparing the peak CO, concentrations observed during
each flight mission with the calculated plume center concentrations, as
detailed in the SI Note S7.

3.3. Sensor responses to the air pollutants

The response time of the CO, sensor during field measurements
was investigated to assess its impact on monitoring accuracy. Unsteady
airflow and turbulence in the field can disrupt sensor intake, affecting
the measurements. Although the sensor modules were positioned to
minimize external influences, field conditions can still introduce vari-
ability, making it difficult to define a precise response time compared
to controlled laboratory chamber conditions. In addition, quantifying
the response time in the field is challenging because the exact moment
when the sensor begins to detect the plume is unclear. Instead, we
quantified the time it takes for the CO, concentration to rise from
background levels to the plume detection threshold (approximately
800 ppm, defined as flight mission validation criterion) during hovering
flights. This duration ranged from 2 to 8 s, with a mean of 3.4 s and
a standard deviation of 1.7 s, providing an estimation that helps in
understanding the field response time under real-world conditions.

This finding aligns with the broader sensor response time analysis
performed in this study, further emphasizing the importance of re-
sponse time in the detection of multiple air pollutants. The present
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study utilized sensor modules equipped with various air pollutant
sensors (CO,, CH4, NO,, CO, H,S, PM;,, O3, VOCs). This setup fa-
cilitated an exploration of sensor response times and their influence
on monitoring results. Fig. 7 elucidates the disparities in sensor re-
sponse times near the plume center during hovering flight missions,
highlighting the swifter response of the CO, sensor compared to others.
The variance in the sensor response times demonstrates the need for
careful sensor selection in the design of UAV monitoring systems,

especially when incorporating various sensor types to detect a wide
range of pollutants. Several studies aim to monitor multiple pollutants
using low-cost sensors through drone-based monitoring (Zhou et al.,
2017; Rutkauskas et al., 2019). In such cases, electro-chemical low-cost
sensors, in particular, might require careful consideration regarding
their sensor response. Utilizing sensors with fast response times can
enhance the efficiency of monitoring missions, which is crucial given
the limited flight durations of UAVs.
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Additionally, the varying response times of the sensors highlight
the necessity of determining the appropriate hovering duration of the
UAVs to ensure accurate detection of all pollutants during compre-
hensive environmental monitoring missions within the constraints of
UAV technology. Table S4 in the SI Note S8 compares the response
times noted by the manufacturer and the observed discrepancies in
peak concentration detection across pollutants from 15 hovering flight
mode missions. The values illustrate deviations from laboratory-based
specifications, emphasizing the need for empirical validation of sensor
performance under field conditions rather than relying solely on man-
ufacturer data. Therefore, a strategic approach to UAV flight planning,
including preliminary field tests, must be determined to establish suit-
able hovering times that can encompass the different response times of
multiple sensors under actual environmental conditions.

3.4. A hybrid monitoring approach at point sources

By comparing the measurement results from hovering and non-
hovering flight modes, we identified the specific advantages and chal-
lenges in their effectiveness for localizing the plume centerline and
measuring concentrations. Non-hovering flights, characterized by their
swift execution and expansive coverage within the constraints of lim-
ited flight time, demonstrate equivalent proficiency in detecting the
plume location when compared to hovering flights. However, they fall
short in capturing high concentrations of CO,. Hovering flights, on
the other hand, are particularly effective at accurately measuring high
concentrations of pollutants.

Based on these observations, we recommend a hybrid monitoring
approach that combines plume localization via non-hovering flights,
followed by detailed concentration measurements using hovering
flights. Initially, a non-hovering flight would be deployed to quickly
identify the general location and altitude of the plume. By measuring
wind data near the point source for a short duration, the altitude

of the plume center can be estimated using a plume-rise model and
operational data from the point source, while the plume direction
can be determined using wind direction data from a UAV-mounted
anemometer. However, if operational data are unavailable at the target
site, a boundary flight mission at a suitable altitude range can be an
alternative solution to locate the plume center. In our experiments,
a nine-layer non-hovering boundary flight provided extensive vertical
coverage. Following the non-hovering flight mission, a targeted hover-
ing flight would be implemented, focusing on the previously identified
altitude for detailed and precise concentration measurements.

To evaluate the efficacy of the proposed hybrid flight strategy,
we performed a validation analysis to ascertain whether the altitude
and angular direction of the plume center maintained consistency
across sequential non-hovering and hovering flights. Over five days of
experimental runs, 10 sequential flight cases were analyzed, as depicted
in Fig. 8. The interval between initiating the two flight modes aver-
aged 32 min. Generally, within this interval range, the plume center’s
location remained stable across sequential flights. Statistical metrics in-
dicate that the discrepancies between sequential flights were similar to
those found in the comparison between model- and observation-based
estimations of the plume center, as shown in Table 2. This consis-
tency supports the viability of integrating non-hovering and hovering
flights for enhanced accuracy of plume detection and concentration
measurement. However, as the time interval increased, the location of
the plume center identified during non-hovering flights significantly
differed from that identified during hovering flights. The impact of
temporal gaps between the two flight modes in the hybrid approach
was further investigated and is presented in the SI Note S9.

Overall, this strategy combines the strengths of each flight mode
while mitigating their limitations, offering a balanced method for UAV-
based monitoring at a point source. It facilitates quick detection and
thorough concentration measurement, making efficient use of UAVs for
environmental monitoring within today’s technological limits.
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4. Conclusion

In this study, we developed an effective UAV-based monitoring
strategy for the plume detection from a point source. The presented
approach demonstrated that incorporating a plume rise model with
a UAV-mounted anemometer improves the wind measurement accu-
racy compared to traditional ground-based weather stations, thereby
increasing the reliability of model-based plume localization. Extending
this scalable method, future research should evaluate the applicability
of the presented flight strategy to non-point source pollution (i.e., area
source, mobile source).

A comparison between hovering and non-hovering flights revealed
that hovering flights have better accuracy for measuring high CO, con-
centrations of pollutants from incinerator stacks, emphasizing sensor
response times in UAV-based air pollution monitoring. Rapid sensor re-
sponse is important for capturing the peak pollutant concentrations. In
addition, our field experiments led to the proposal of a hybrid monitor-
ing approach combining both hovering and non-hovering flights. Such
a strategy balances swift plume localization with detailed concentration
analysis at point sources.

One of the main challenges in UAV-based air quality monitoring is
the limited flight time due to current battery technology, which affects
the extent of continuous monitoring and data collection. To improve
battery efficiency, employing lightweight yet highly accurate sensors
is crucial to minimize the payload burden on UAVs. This highlights
the need for ongoing improvements in sensor design and calibration
to enhance measurement accuracy. Future research should focus on
developing sensors with better sensitivity and faster response times.

Another key implication of the current research is the potential for
UAV-based monitoring strategies to advance toward emission quantifi-
cation. The ultimate goal of this strategy would be to not only detect
pollutant concentrations but also accurately quantify emissions from
various sources. To achieve this, better sensor technologies, improved
data analysis methods, and effective flight strategies must be integrated
to provide more accurate emission rates, supporting environmental
regulatory compliance and pollution control efforts.

Lastly, developing comprehensive regulatory frameworks for UAV
application in air quality research is vital to ensure the safe, ethical, and
effective application of the technology. Establishing clear guidelines
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will support UAV operations, protect public and environmental health,
and lay the groundwork for future advancements in UAV-based air
quality monitoring. As the field of study evolves, such frameworks will
be crucial in maximizing the benefits of UAV technology for air quality
monitoring.
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