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Application of CH; monitoring
technology based on UAV
platform in Shengli Oilfield

Hu He'*, Yanbo Zhang?', Zhengi Gu?, Mo Li*, Ruojun Ma* and
Wenyang Zhu?

Technical Test Centre of Sinopec, Shengli OilField, Dongying, China, *Engineering Technology
Management Center, Shengli OilField, Dongying, China

Methane (CH4) emission quantification in oilfield environments remains
challenging due to spatially dispersed sources and complex near-surface
atmospheric conditions, creating uncertainties in conventional monitoring
approaches and limiting emission mitigation efforts. To address this issue, a
UAV-AirCore system was deployed over the Shengli QOilfield in Dongying, China,
to obtain high-resolution three-dimensional CH4 concentration observations
using a two-stage flight strategy that combined horizontal plume screening with
vertical spiral profiling to constrain plume geometry. Based on these
observations, an integrated Emission-Partition inversion framework was
developed by coupling a multi-source Gaussian dispersion model with a
hybrid Particle Swarm Optimization—Interior Point Penalty Function
(PSO-IPPF) algorithm, enabling the joint retrieval of emission rates and
effective release heights. The proposed framework successfully reconstructed
observed concentration fields with a coefficient of determination (R?) of
approximately 0.85. For two investigated areas, retrieved emission intensities
were 3.22 + 0.12 g/s and 3.68 + 0.04 g/s, corresponding to relative uncertainties
of 3.7% and 1.1%, respectively, while effective emission heights exhibited
uncertainties of approximately 9%. Comparisons with mass balance, nonlinear
least-squares fitting (NLSF), OTM 33A, and inventory-based estimates
demonstrated consistent emission magnitudes, with the proposed method
showing lower dispersion and improved robustness under complex
atmospheric conditions. These results indicate that integrating three-
dimensional UAV observations with hybrid inversion optimization enhances
parameter identifiability and provides a stable and scalable solution for refined
methane emission monitoring in industrial regions.

KEYWORDS

Emission-Partition model, gaussianplume dispersion, methane emission quantification,
oilfield pollution monitoring, UAV-AirCore sampling

1 Introduction

Methane (CHy) is the second most important anthropogenic greenhouse gas after
carbon dioxide (CO;) and plays a disproportionate role in near-term climate warming
owing to its high global warming potential (Xu et al., 2022; Rao and Riahi, 2006; Change,
2022). Rapid and accurate quantification of CH4 emissions is therefore critical for climate
mitigation (Liu et al., 2023; Chai, 2022), particularly for countries such as China, where
emission reduction in the oil and gas sector constitutes a key component of the national
“dual carbon” strategy. Oilfields, characterized by spatially dispersed sources and complex
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near-surface  atmospheric  conditions, represent especially
challenging environments for reliable CH, emission monitoring
(Chandra et al., 2021; Dean et al., 2018).

Current CH4 monitoring techniques primarily include satellite
remote sensing (Vi et al., 2021; Kim et al., 2024), ground-based fixed
stations (Luther et al, 2022; Kissas et al, 2022), airborne
observations, and numerical modeling (Karbasi et al, 2022
Maier et al, 2017). Satellite platforms provide broad spatial
coverage but are often constrained by coarse spatial resolution,
cloud contamination, and limited revisit frequency, which restrict
their capability to resolve localized or intermittent emission sources
(Lu et al, 2025). Ground-based measurements and facility-level
inventories can achieve high accuracy at specific locations, yet their
spatial representativeness is limited and large-scale deployment
remains costly (France et al., 2021). Advanced techniques such as
lidar offer high

measurement frequently hindered by

systems and ground-based spectrometers
precision but are
operational complexity and limited flexibility in industrial settings.

In recent years, UAVs have emerged as an effective
intermediate-scale platform for CH,; monitoring, bridging the
gap  between

measurements (Asadzadeh et al., 2022; Tmusi¢ et al, 2020).

satellite  observations and  ground-based
UAV-based approaches provide high spatial resolution, strong
operational flexibility, and rapid deployment capabilities, making
them well suited for capturing fine-scale concentration variability
and episodic emission events (Abeywickrama et al., 2023; Shaw et al.,
2025). A growing number of studies have demonstrated the
feasibility of UAV-mounted laser spectrometers, miniaturized gas
sensors, and sampling-based systems for CH4 detection across
diverse emission sources, including oil and gas facilities, landfills,
and coal mines (Perkio, 2021; Kezoudi et al., 2021). Collectively,
these studies highlight the advantages of UAV platforms in resolving
emission heterogeneity that cannot be adequately characterized by
Among UAV-based
monitoring approaches, the UAV-AirCore integrates low-altitude

conventional ~monitoring  techniques.
UAV flight with AirCore gas sampling tubes, enabling high-
precision, multi-point CH4 concentration measurements with
minimal sensor drift (Andersen et al, 2018; Andersen et al,
2021). Previous studies have shown that this system is capable of
capturing both horizontal and vertical concentration gradients and
is well suited for operation under complex atmospheric conditions
(Karion et al., 2010; Baier et al.,, 2023). However, translating UAV-
observed concentration fields into robust quantitative emission
estimates remains a major challenge, particularly in oilfield
environments characterized by variable wind fields and multiple
coexisting emission sources. Existing flux-based and inversion
approaches often rely on strong prior assumptions, fixed
background concentrations, or sensitive initial parameter settings,
which can limit their robustness and stability in real-world
applications.

To address these challenges, this study deploys a UAV-AirCore
system over the Shengli Oilfield, one of China’s largest and most
representative oil-producing regions. We introduce an integrated
Emission-Partition inversion framework that combines a multi-
source Gaussian dispersion model with hybrid optimization
techniques to simultaneously estimate emission strength, effective
height,
concentration. By adopting a globally optimized and fully

release dispersion  parameters,

and  background
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adaptive inversion strategy, the proposed framework reduces
dependence on external prior information and enhances stability
under complex meteorological conditions. The performance of
the proposed approach is systematically evaluated through
comparison with commonly used methods, including the mass
balance method, NLSF, OTM 33A, and facility-based emission
estimates. This study provides a robust and scalable methodology
for UAV-based CH, emission quantification and offers practical
support for high-resolution greenhouse gas monitoring in oilfield
environments.

2 Study area

This study was conducted in Dongying City, located in the
northern part of Shandong Province within the Yellow River Delta
region. Geographically, Dongying is strategically
positioned—bordering the Beijing-Tianjin-Hebei economic zone
to the north, the Blue Economic Zone of the Shandong
Peninsula to the south, the Bohai Sea to the east, and vast inland
areas to the west. As the core production area of Shengli Oilfield, the
second-largest oilfield in China, Dongying’s industrial structure is
heavily dominated by petroleum extraction and refining industries,
with a strong reliance on fossil energy resources. While the
petrochemical sector plays a significant role in economic
development and energy supply, it also poses substantial
environmental risks due to its high energy consumption and
pollutant emissions during production processes. As a key city at
the mouth of the Yellow River, Dongying serves both as a strategic
Frontier of the Shandong Peninsula Blue Economic Zone and as the
core area for the ecological and economic development of the Yellow
Delta.

pollution-carbon reduction efforts in Dongying are critical

River Consequently,  ecological  protection  and
components in advancing Shandong Province’s broader “dual
carbon” (carbon peaking and neutrality) goals (Liu and Zhang,
2022; Yong, 2022).

In this context, Dongying was selected as a representative oilfield
region for CH, emission monitoring and analysis. Two
representative subregions within the city were selected for
focused investigation, as shown in Figure 1. Using an UAV
equipped with an AirCore gas sampling system, cruise-based
CHy identify

anomalous emission sources. Based on the high-resolution

concentration sampling was conducted to
concentration data obtained, the Emission-Partition inversion
model was applied to rapidly and accurately estimate CHy
emission rates in the target areas. The inversion results were then
compared with those from several conventional methods to assess
the applicability and reliability of the model in oilfield environments,
thereby supporting the development of an effective CH, emission

estimation framework for oil and gas regions.

3 Methods

In this study, two representative oilfield areas in Dongying City,
Shandong Province, were selected to investigate CH4 emissions
using a UAV-AirCore system. The overall workflow of the study
is illustrated in Figure 2.
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FIGURE 2
Flowchart of CH4 emission estimation model.
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Figure 2 illustrates the overall technical workflow for CHy4
emission estimation based on the Emission-Partition inversion
framework proposed in this study. The workflow begins with the
synchronous acquisition of multi-source observational data. During
field operations, horizontal flight measurements are first conducted
over the study area usinga UAV equipped with an AirCore sampling
system to characterize the spatial distribution of near-surface CH,
concentrations. Under constraints imposed by in situ meteorological
conditions, particularly wind speed and wind direction, this stage
enables rapid spatial screening of the concentration field and
identification of regions exhibiting coherent CH; enhancements
relative to background levels.

The CH; concentration data obtained during horizontal
flights, together with the corresponding meteorological
observations and  high-precision = GPS-derived  positional
information, are subsequently incorporated into the Emission-
framework. Within the
dispersion model, forward simulations of CH4 concentrations at

Partition multi-source  Gaussian
the sampling locations are performed. A point-by-point comparison
between simulated and observed concentrations is then used to
evaluate the model’s ability to reproduce the spatial structure of the
observed concentration field under prevailing atmospheric
conditions, thereby providing physically consistent constraints
for subsequent emission inversion. Based on the anomalous
regions identified during horizontal screening, additional top-
down vertical conducted
UAV-AirCore

concentration profiles. These three-dimensional observations

spiral ~ flights are using  the

system to acquire vertically resolved CH,

explicitly characterize the vertical structure of methane plumes
and provide critical constraints on effective release height and
dispersion behavior. The concentration data collected during
vertical flights are subsequently incorporated into the Emission-
Partition inversion framework to refine the estimation of emission
strengths and related source parameters.

The Emission-Partition framework is built upon a multi-source
Gaussian dispersion model, in which emission rates, effective release
heights, and dispersion parameters are treated as primary
unknowns, while background concentration is included as an
auxiliary parameter and optimized simultaneously. Parameter
estimation is conducted using a hybrid optimization framework
that integrates Particle Swarm Optimization with the Interior Point
Penalty Function. Physically consistent constraints are imposed by
assigning physically meaningful upper and lower bounds to each
parameter, including positive emission rates, reasonable release
height ranges, non-negative dispersion coefficients, and bounded
wind-related uncertainties. The optimal parameter set is determined
by minimizing the residuals between simulated and observed
concentrations.

Based on the final inverted parameters, high-spatial-resolution
CH4
quantitative estimation of emission rates from identified sources

concentration fields can be reconstructed, enabling
within the oilfield. Finally, the emission rates retrieved by the
Emission-Partition model are compared with estimates derived
from several commonly used methane emission quantification
methods to assess their applicability and relative stability for CH,
Overall, the

integrated workflow enhances the robustness and reliability of

emission assessment in oilfield environments.

CH,4 emission quantification under complex oilfield conditions.
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3.1 Identification of CH4 abnormal
concentration areas using the UAV-
Aircore system

To identify emissions, a
UAV-AirCore
targeted atmospheric observations over the oilfield areas. This

CH,
deployed to conduct

regions influenced by

sampling system was

stage focused on screening regions exhibiting significant CHy
concentration enhancements and providing spatial observational
constraints for subsequent emission analysis.

The UAV-AirCore platform consisted of a DJI Inspire Pro
1 unmanned aerial vehicle, a custom-developed active AirCore
sampling unit, a GPS-based positioning and time-logging
module, and a Picarro G2401-m cavity ring-down spectroscopy
(CRDS) gas analyzer for post-flight concentration analysis. The
AirCore system enables continuous air sampling along the UAV
flight path, with a CH; measurement precision of approximately
1 ppb. Typical flight altitudes ranged from 20 to 200 m above ground
level, mainly constrained by UAV endurance and local airspace
regulations. The system provides high spatial flexibility and multi-
height sampling capability, enabling detailed characterization of
oilfield
environments. To enable rapid and accurate air sampling under

methane concentration distributions in complex
practical flight conditions while minimizing the risk of gas

contamination,  several = hardware  optimizations  were
implemented. These included inert gas conditioning and inertial
optimization of the sampling pathway to reduce adsorption effects,
lightweight integration of the AirCore unit to improve flight
stability, and simplification of analytical interfaces to enhance
temporal synchronization between gas samples and positional
records. These improvements collectively enhanced sampling
efficiency and measurement reliability.

Given the limited flight duration and restricted airspace typical
of oilfield environments, an optimized flight trajectory was defined
as one that maximizes spatial coverage and sampling density over
potential plume-affected areas within a single flight while satisfying
safety and endurance constraints. To achieve this objective, a hybrid
flight path planning algorithm was developed by integrating an
improved Ant Colony Optimization (ACO) algorithm with the
Group Spider Optimization (GSO) algorithm (Deng et al., 2019;
Luque-Chang et al,, 2018). A dynamic guiding factor was introduced
into the ACO framework to accelerate convergence, while the GSO
component enhanced global search capability and prevented
premature convergence. This hybrid strategy enabled efficient
identification of near-optimal flight trajectories in large and
constrained search spaces.

During field operations, the UAV-AirCore system first
conducted horizontal scanning flights to characterize near-surface
CH,4 concentration patterns across the oilfield area. Horizontal
flights were performed at altitudes of approximately 50-80 m
above ground level, with flight tracks arranged along and
perpendicular to the prevailing wind direction. The spacing
between adjacent flight tracks was typically 30-50 m, and the

! to ensure stable

flight speed was maintained at 3-5 m s~
AirCore sampling. Continuous CH, concentration measurements
were collected and georeferenced, enabling the identification of
spatially coherent concentration enhancements relative to the

local background. Based on the identified anomalous regions,
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top-down three-dimensional spiral flights were subsequently
conducted to characterize the vertical structure of methane
plumes. Vertical flights generally covered altitudes from near the
surface up to 150-200 m. Spiral trajectories were designed with radii
of approximately 30-60 m, vertical sampling intervals of about

1. Each vertical

5-10 m, and ascent/descent rates of 0.5-1.0 m s~
flight consisted of 2-4 spiral laps and lasted approximately
10-15 min. This sampling strategy provided vertically resolved
CH,4 profiles, which  supplied essential

observational constraints for subsequent emission modeling and

concentration

inversion analysis.

3.2 Calculation of CH4 emissions using the
Emission-Partition model

After identifying the spatial locations of anomalous CH,
concentrations using the UAV-AirCore system, the Emission-
Partition model was applied to reconstruct the methane
concentration field and estimate the corresponding emission rates
within the study area. In atmospheric methane monitoring, the
concentration measured at a given sampling location is generally
considered to consist of a regional background component and
concentration enhancements resulting from the atmospheric
dispersion of multiple emission point sources. Therefore, a multi-
source superposition model is required to accurately represent the
observed CH, concentrations.

In this study, a three-dimensional Gaussian dispersion model is
employed to simulate the concentration enhancement produced by
each individual emission point source. Under the assumption of
linear superposition, the total methane concentration at each
sampling location is expressed as the sum of the dispersion
contributions from all identified point sources and the
background concentration. Based on this physical framework, the
Emission-Partition model is formulated to jointly solve multiple
The

expressions of the model are given in Equations 1-4 (Shi et al., 2023).

unknown emission-related parameters. mathematical

oy =a- (x) W
Oiz =¢C- (xi)d (2)
(B (C tm-Com) Y’
. _( - (3)
"y -0’
o § sy 1)

X {exp<_((z+Hj)2> + exp(%) } +B' (4)

Where, Q; is the CH, emission intensity of the i point source, i =
1,2,3,..., n, n is the total number of strong point sources; u is the
wind speed, H; is the effective emission height of the i point source,
0i,y and o;; are the horizontal and vertical dispersion parameters of
the i point source, respectively, and B is the background CH,
concentration in the measurement area. a and b are horizontal
diffusion coefficients, and ¢ and d are vertical diffusion coefficients.
For the mth sampling location (m = 1,2, 3, ..., M, where M denotes
the total number of concentration samples), C(m) represents the
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methane concentration directly measured by the UAV-AirCore
system. During the inversion process, Equations 1, 2 together
with Equation 4 constitute the forward physical model, which
maps model parameters to simulated methane concentrations at
the sampling locations. For each iteration of the optimization
(Qi,Hi,a,b,¢,d,B) is
generated. Based on this parameter set, the dispersion parameters

procedure, a candidate parameter set

are first calculated using Equations 1, 2, and the corresponding
simulated concentration C'(m) is subsequently computed using
Equation 4. Here, C(m) represents the methane concentration
directly observed by the UAV-AirCore system and is treated as a
fixed observational quantity, whereas C’(m) varies with the
parameter combination. The spatial coordinates of the sampling
location are denoted by (x, y, z). Parameter inversion is achieved by
minimizing the residuals between simulated and observed methane
concentrations.

The Emission-Partition model adopts a physically constrained
inversion framework, in which parameter estimation is achieved
through two sequential optimization modules: particle swarm
optimization (PSO) and the interior point penalty function
(IPPF) method. The framework is built upon a multi-source
Gaussian dispersion model and iteratively adjusts model
parameters to achieve optimal agreement between simulated
methane concentrations and UAV-AirCore observations.

In the initial stage, PSO is employed to perform a global search
over the high-dimensional and nonlinear parameter space. Each
candidate parameter set is treated as a particle, representing a
complete combination of unknown parameters, including
emission rate, effective release height, dispersion parameters,
background methane concentration, and wind field variables. A
swarm consisting of several tens of particles is adopted to ensure
sufficient diversity of candidate solutions. Parameter updates are
guided by both individual best solutions and the global optimum
within the swarm. For each particle, methane concentrations at the
UAV-AirCore sampling locations are simulated using the Gaussian
dispersion Equations 1-4, and the discrepancy between simulated
and observed concentrations is evaluated through an objective
function. The PSO procedure is executed for 10,000 iterations,
allowing adequate exploration of the solution space and reducing
sensitivity to the initial parameter settings. During the PSO process,
all parameters are restricted within predefined physically reasonable
bounds to prevent non-physical solutions.

Following the global search, the IPPF method is applied to
further refine the parameter estimates through constrained local
optimization. In this stage, physical constraints on emission
strength, dispersion parameters, background concentration, and
wind field variables are explicitly incorporated by introducing
penalty terms into the objective function. When a candidate
solution approaches the predefined constraint boundaries, the
penalty contribution increases progressively, resulting in a higher
objective function value and discouraging boundary-adjacent
solutions. If a parameter set exceeds the allowable range, the
penalty term becomes dominant and forces the optimization
trajectory back toward the interior of the feasible domain. As the
iteration proceeds, the influence of the penalty terms is gradually
strengthened, such that early iterations emphasize reducing the
simulated and observed  methane

mismatch  between

concentrations, while later iterations increasingly enforce physical
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consistency. The IPPF-based local optimization typically converges
within several hundred iterations, yielding stable and physically
plausible parameter estimates.

As illustrated in Figure 2, the inversion procedure begins with
defining reasonable bounds for all unknown parameters and
constructing the objective function (Equation 3) to quantify the
C'(m) and
observations C(m). The feasible parameter regions identified by
PSO are subsequently used as constraints for the IPPF-based local

mismatch between simulated concentrations

optimization. This two-stage optimization strategy enables stable
reconstruction of the methane concentration field and reliable
estimation of emission rates and effective release heights for
individual point sources. Methane concentration measurements
acquired by the UAV-AirCore system, together with
meteorological parameters and spatial location information,
constitute the input dataset for the Emission-Partition model.

All calculations are implemented in Matlab (MathWorks) using
custom-developed codes for both PSO-based global optimization
and IPPF-based constrained local optimization. Model performance
is evaluated by point-by-point comparison between simulated
methane concentrations and UAV-AirCore observations using
regression analysis and goodness-of-fit metrics. In addition, the
emission rates retrieved by the Emission-Partition model are
compared with estimates derived from several commonly used
quantification approaches to assess the relative stability and
methane emission

applicability of different methods for

estimation in oilfield environments.

3.3 Method comparison and validation

To evaluate the accuracy of the Emission-Partition model in
estimating methane emissions in oilfield areas, this study selected
several mainstream point-source quantification methods for
comparative analysis of methane emission rates from individual
point sources. These methods include the OTM 33A model (Edie
et al,, 2020; Heltzel et al., 2020) proposed by the US EPA, the mass
balance method (Cambaliza et al., 2014; Heimburger et al., 2017),
NLSF (Shi et al., 2022), and the facility emissions calculation method
NLSF (Mitchell et al., 2015).

It should be noted that the NLSF approach and the Emission-
Partition model are based on the same physical framework, namely,
a multi-source three-dimensional Gaussian dispersion model. The
comparison between these two methods therefore focuses on
than
differences in the underlying physical assumptions. Specifically,
NLSF  employs a traditional gradient-based nonlinear
optimization scheme, whereas the Emission-Partition model

differences in parameter inversion strategies rather

adopts a hybrid optimization framework combining PSO and the
IPPF to improve solution stability under complex, multi-parameter
conditions.

3.3.1 Mass balance

The Mass employed to quantify
CH,4 emissions by calculating molecular fluxes in a cross-section
2024).
The fluxes were initially calculated for each data point using

Balance method is
perpendicular to the wind direction (Fan et al,

Equation 5.
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Fijk = (Caiik — Cogiji) * Uik (5)

Where Cpijx represents the concentration measured at a
specific latitude i, longitude j, and altitude k, Cpg;jx denotes the
background concentration, Ujjx is the average vertical wind speed,
and (Cay,ijk - Cpg,ijk) indicates the enhancement concentration value.

Subsequently, all single-point horizontal fluxes are projected
onto a two-dimensional plane, and interpolation is performed using
the multi-transect kriging approach. Subsequently, CH4 emissions
are calculated in accordance with Equation 6.

Q= ” Fijdxdz (6)

Where Q represents the calculated CH4 emission intensity, dx
and dz represent the discrete horizontal and vertical distances,
respectively.

3.3.2 NLSF

The NLSF method is used to fit the three-dimensional Gaussian
dispersion model defined in Equation 4, enabling the inversion of
multiple unknown parameters for estimating methane emission
2024). This
superimposed dispersion effects of multiple independent point
sources, with the concentration contribution of each source

intensity (Lu et al, equation models the

governed by its emission intensity, effective emission height, and
horizontal and vertical dispersion parameters (a, b, ¢, d). The
method treats the simulated concentration C'(m) as the target
variable and formulates an objective function to minimize the
sum of squared residuals between the simulated and observed
Through jointly
estimates key parameters, including source-specific emission

concentrations. iterative optimization, it
intensities, effective heights, dispersion coefficients (a, b, ¢, d),
and the background concentration B, thereby enabling accurate
reconstruction of the CHj; concentration field and reliable

estimation of emission strength.

3.3.3 OTM 33A

OTM 33A was developed by the US EPA as a generalised
guideline for geospatial measurements of air pollution (GMAP-
REQ). It can be used to assess emission sources that are close to the
ground, relatively small in size, and within 150 m of the
measurement location. Equation 7 can be employed to calculate
the CH, emission intensity.

Q:27r><0},><(fz><17><cpeak (7)

Where Q represents the calculated CH4 emission intensity, o, is
the crosswind distance, o is the vertical distance, 7 is the average
wind speed, and Cpe,x is the peak of the Gaussian fit.

3.3.4 Inventory

Furthermore, CH4 emissions can be calculated by measuring the
original CH, concentration and the air flux of emission sources, as
demonstrated by Equation 8.

P. Vflaw

Q="%rT

(©)

Where Q represents the calculated CH, emission intensity,
V flow is the volume flow rate of CHy, calculated by multiplying
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the air flow rate by the CH, concentration value; P, R, T, p are
atmospheric pressure, the ideal gas constant, environmental
temperature, and the molar density of CH4 (16.043 g/mol),
respectively.

The specific CH4 emission intensities of the two point
sources are calculated using the aforementioned methods, and
the accuracy and errors of each calculation result are analysed
and compared.

4 Results and discussion

First, horizontal flight measurements were conducted over the
study area using the UAV-AirCore system to characterize the spatial
distribution of near-surface CH, concentrations. Under constraints
imposed by in situ meteorological conditions, including wind speed
and wind direction, this stage enabled rapid spatial screening of the
CH,4 concentration field to identify regions exhibiting anomalously
elevated concentrations relative to the background. The CH,
concentration data obtained during horizontal flights, together
with  the
information, were subsequently input into the Emission-Partition

corresponding  meteorological and  positional
model. Within the multi-source Gaussian dispersion framework,
forward simulations of CHy concentrations at the sampling
locations were conducted. A point-by-point comparison between
simulated and observed concentrations was then performed to
evaluate the model’s ability to reproduce the spatial structure of
the observed concentration field under prevailing atmospheric
conditions, thereby establishing physically consistent constraints
for subsequent emission inversion. Based on the identified
anomalous regions, additional vertical spiral flights were carried
out in a top-down manner using the UAV-AirCore system to obtain
three-dimensional CH4 concentration profiles. These vertically
resolved observations explicitly ~characterized the vertical
structure of methane plumes and provided critical constraints on
the effective release height and dispersion behavior of the emission
sources. The concentration data acquired during vertical flights were
subsequently incorporated into the Emission-Partition inversion
framework. Under the constraints derived from the horizontal
screening stage, emission strengths and related source parameters
were further refined through inversion, enabling quantitative
estimation of point-source emission characteristics. Finally, the
emission rates retrieved by the Emission-Partition model were
compared with estimates derived from several commonly used
their

applicability and relative stability for CH4 emission assessment in

methane emission quantification methods to assess

oilfield environments.

4.1 Identification of abnormal point sources
through horizontal flights

Multiple horizontal flight missions were conducted with the
UAV-AirCore system to sample CH, concentrations throughout
the study area and to identify anomalous methane distributions. In
this study, anomalous regions are defined as spatially coherent areas
characterized by CH4 concentration enhancements that are
significantly higher than the regional background, serving as
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spatial constraints for subsequent quantitative inversion and
three-dimensional sampling.

To ensure the reliability of CH4 emission quantification, two
screening criteria were applied to the UAV-AirCore dataset (Tong
et al., 2023; Zhu et al., 2024).

1. Tt is essential that wind speed, wind direction, humidity, and
atmospheric pressure are successfully collected at a high
frequency during UAV-AirCore data collection.

2. The mean wind speed during Aircore system data collection
should be greater than 2.0 m/s.

The aforementioned two criteria were employed to select six sets
of valid data from the entire sampling results, which were then used
to demonstrate the areas of abnormal CHy concentration in the
oilfield region.

The outcomes of the horizontal flight measurements conducted
with the UAV-AirCore system and the Emission-Partition model
simulations in the two study areas are presented in Figures 3, 4,
respectively. The leftmost section of the image depicts the results of
the Aircore system, which clearly demonstrate the anomalous area
of CH, concentration. The image’s central section displays the
outcomes of the Aircore measurements and the Emission-
Partition model simulations. The blue dots represent the
measured data obtained from the Aircore system, while the red
dots illustrate the simulation results generated by the Emission-
Partition model. The comparison demonstrates that the simulation
results of the Emission-Partition model are in close agreement with
the original measurement results, and that the trends of the two data
sets are largely consistent. In order to facilitate a more detailed
comparison of the two results, we proceeded to fit the two sets of
data in question linearly. The results of this fitting are presented in
the rightmost section of Figures 3, 4. The results indicate a high
correlation between the two sets of data, with the R2 value of
approximately 0.85. This demonstrates that the Emission-
Partition model is capable of reconstructing CH4 concentration
with a reasonable degree of effectiveness.

4.2 Refinement of quantitative results
through vertical flight

After identifying methane concentration anomalies through
horizontal flight surveys, top-down spiral flight measurements
were conducted over selected hotspot areas wusing the
UAV-AirCore system to further refine source localization and
emission quantification. This flight strategy enables continuous
vertical profiling of CH4 concentrations from higher altitudes
down to near-surface levels within a limited horizontal footprint,
characterization of

providing a three-dimensional

concentration anomalies.

As shown in Figure 5, the spiral vertical flight measurements
clearly reveal the vertical structure of methane concentrations.
Distinct concentration enhancements were observed at altitudes
of approximately 150 m in both study areas, indicating that the
emission sources were associated with elevated effective release
heights rather than near-surface emissions. Compared with
horizontal or single-altitude measurements, vertical profiling
altitude  of
and background

substantially improves constraints on the

concentration maxima, vertical gradients,
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FIGURE 3
Horizontal flight measurement results of UAV - AirCore system and their fitting with simulated results in area 1.

concentration levels. For quantitative inversion, the vertically
resolved CH, concentration data, together with simultaneously
measured meteorological parameters (e.g., wind speed and wind
direction), were jointly input into the Emission-Partition model.
Physically reasonable upper and lower bounds were assigned to all
unknown parameters, and a hybrid optimization scheme combining
PSO and the IPPF was applied to jointly estimate emission intensity
(Qj), effective emission height (H;), dispersion coefficients (a-d),
background concentration (B), and wind field parameters (W and
Wy). The inclusion of vertical concentration profiles effectively
reduced parameter non-uniqueness, particularly by constraining
the coupling between Q; and H;, thereby enabling refined
quantitative emission estimates.

Model accuracy was evaluated by comparing simulated and
observed methane concentrations. As reported in Table 1, the
reflection index reaches 0.97 for Area 1 and 0.98 for Area 2,
indicating strong agreement between modeled and measured
concentration fields and demonstrating the robustness of the
inversion Uncertainty that the
associated with the retrieved parameters are

results. analysis  shows
uncertainties
generally limited. The uncertainty in emission intensity is
approximately + 3.7% for Area 1 (3.22+0.12 g s!) and + 1.1%
for Area 2 (3.68 + 0.04 g s7!), while the uncertainty in effective
emission height ranges from + 9.2% for Area 1 (27.2 + 2.5 m) to
+9.0% for Area 2 (35.4 + 3.2 m). Uncertainties in corrected wind
speed are within + 0.3 m s™! for Area 1 and + 0.2 m s™' for Area 2,
while uncertainties in corrected wind direction are less than + 1.5
and + 0.8°, respectively. The primary sources of uncertainty include
(1) vertical heterogeneity of local wind fields, (2) atmospheric
turbulence during the sampling period, and (3) temporal

synchronization errors between AirCore sampling and positional
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data. Overall, the vertical flight strategy significantly enhances the
stability and accuracy of methane emission inversion by providing
observational ~ constraints the  vertical

stronger on

concentration structure.

4.3 Comparison of different methodologies

The agreement between simulated and measured CH,
concentrations presented in Sections 4.1, 4.2 demonstrates that
the

concentration fields

Emission-Partition model can reconstruct methane

in oilfield environments under given
meteorological conditions. Based on these results, a comparative
analysis was conducted to evaluate the performance and stability of
the proposed approach in point-source methane emission
quantification. Emission estimates obtained using the Emission-
Partition framework were compared with results derived from four
commonly used approaches, including the Mass Balance method,
NLSF, the OTM 33A method, and facility-based emission inventory
calculations.

These approaches are based on different data sources and
calculation principles. The Emission-Partition model, NLSF,
OTM 33A, and the Mass Balance method estimate methane
emissions from observed concentration enhancements combined
with meteorological information, using dispersion modeling or flux
integration to infer emission rates. Facility-based inventory
calculations derive emission estimates from engineering
parameters and operational data of emission facilities, such as
airflow rates and methane concentrations at outlets. In this study,
inventory-based results provide an engineering reference for

comparison of emission magnitudes.
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FIGURE 4
Horizontal flight measurement results of UAV - AirCore system and their fitting with simulated results in area 2.

Using UAV-AirCore observations, the Emission-Partition
model retrieves effective release heights,
dispersion parameters, background concentration, and corrected
wind field parameters by minimizing residuals between simulated
and observed methane concentrations. The spatial distribution of
inferred emission sources corresponds to the methane enhancement
patterns identified during UAV measurements. Table 2 summarizes
the locations and emission intensities of major emission sources
identified in the monitoring area. The inversion results show that,
within each study area, one emission source contributes most of the

emission rates,
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observed methane enhancement and controls the overall spatial
structure and magnitude of the concentration field. This source is
therefore identified as the dominant emission source based on
inversion results and concentration field reconstruction.

Figure 6 presents a comparison of CH4 emission intensities
estimated using different methods for the two study areas. Emission
estimates from all methods fall within the same order of magnitude,
while differences appear in the distribution of results. The boxplots
in Figure 6 describe the dispersion of emission estimates obtained
from multiple valid datasets for each method. This dispersion
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TABLE 1 Results calculated by the Emission-Partition model. smallest dispersion among the compared methods, indicating stable
performance when three-dimensional UAV observations are
Parameters Area 1 Area 2 . . . . . .
combined with physically constrained hybrid optimization.
Initial wind speed (m/s) 3.1 3.8 Quantitative uncertainty was further evaluated using the standard
Initial wind direction () 320 - error of emission intensity estimates under identical observational
conditions, with results summarized in Table 3. The standard errors
Corrected wind speed (m/s) 35+03 37+02 represent uncertainty associated with the inversion process,
Corrected wind direction () 3256° + 1.5 591 + 0.8 incorporating  residuals between modeled and observed
concentrations as well as parameter sensitivity.
a 028 + 0.01 037 + 0.01 ) . .. .
As shown in Table 3, the Emission-Partition model yields the
b 0.93 + 0.01 0.75 + 0.02 smallest standard errors in both study areas, followed by the NLSF
c 0.12 + 0,01 0.58 + 001 method. Larger standard errors are obtained for the Mass Balance and
OTM 33A methods, reflecting their sensitivity to wind variability,
d 0-98 £ 002 0.64 £ 001 plume intermittency, and sampling configuration. Standard errors are
Background concentration (mg/m?) 2250 + 0.02 2.128 + 0.03 not listed for the facility-based inventory because emission estimates
are derived from deterministic engineering calculations based on
Emission intensity (g/s) 322 +0.12 3.68 + 0.04 . . . .
facility operating parameters, and uncertainty propagation
Effective emission height (m) 272£25 354 + 32 consistent with atmospheric inversion methods is not available.
Reflection index 097 + 002 0,98 + 001 Overall, the comparison indicates that the Emission-Partition

reflects the consistency of emission estimates across datasets and
provides information on method stability under varying
observational and meteorological conditions. The OTM 33A
method shows the largest dispersion of emission estimates,
consistent with its sensitivity to wind field variability and transient
plume structure. The Mass Balance method produces relatively lower
emission estimates with moderate dispersion, influenced by plume
interception and spatial averaging during flux integration. The NLSF
method yields intermediate dispersion, corresponding to the behavior
of gradient-based optimization in a multi-parameter Gaussian
dispersion framework. The Emission-Partition model exhibits the

model produces emission estimates consistent with engineering-
based reference values and demonstrates improved stability and
reduced uncertainty compared with other atmospheric
observation-based approaches. The integration of three-dimensional
UAV-AirCore with  physically  constrained

optimization provides a reliable framework for methane point-

measurements

source quantification in complex oilfield environments.

5 Conclusions

In this study, a UAV-AirCore-based framework was developed
and applied for CH; emission monitoring and quantitative

TABLE 2 Locations and emission intensities of identified strong point sources in the monitoring area.

Emission intensity (g/s)

Effective emission height (m)

Source ID Longitude (°E) Latitude (°N)
Area 1 118.5319 37.4620
Area 2 118.2310 37.5349

3.22+0.12 27.2+25

3.68 + 0.04 354 +32
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Calculating CH4 emission intensity in oilfield areas using different methods.

TABLE 3 Comparison of CHs

Area 1 emission (g/s)

Std. error (g/s)

Il EMISSION-Partition
B Mass

I NLSF

[ Jorms3A

[ ]Iventory

Area 2

emission estimates and standard errors for the two study areas using different methods.

Area 2 emission (g/s) Std. error (g/s)

Emission-partition 3.22 0.12 3.68 0.04
Mass balance 2.61 0.28 3.05 0.31
NLSF 3.01 0.21 3.42 0.18

OTM 33A 3.47 0.55 4.02 0.61
Facility-based inventory 3.10 — 3.60 —

assessment in oilfield environments. Horizontal UAV flights
first acquire high-resolution CH,
concentration data, enabling the rapid identification of areas
with
subsequently  processed

were conducted to
These observations were
using the Emission-Partition

inversion framework to reconstruct the spatial distribution

elevated methane levels.

of CH4 concentrations. A strong linear correlation between
the simulated and measured concentrations demonstrates
the capability of the proposed framework to reliably
reproduce the observed concentration field. To further
refine emission source characterization, vertical spiral flights
were performed over selected hotspot areas, providing
vertically resolved CH,4 concentration profiles. Incorporating
these three-dimensional observations into the Emission-
Partition model enabled the quantitative estimation of
emission intensities and effective emission heights of
individual sources. The results indicate that the model can

effectively capture the dispersion characteristics of
methane under the complex meteorological conditions
typical of oilfield regions. Furthermore, the emission

estimates derived from the Emission-Partition framework
were systematically compared with those obtained using
several widely adopted approaches, including the mass
method, NLSF, OTM 33A,
emission calculations.

balance and facility-based

The comparison shows that the
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proposed method yields emission estimates that are closer to
facility-level reference values and exhibits smaller dispersion
among different cases, indicating improved stability and
robustness relative to the other methods.

Overall, the integration of the UAV-AirCore measurement
system with the Emission-Partition inversion framework provides
an effective and reliable approach for high-resolution methane
emission quantification in oilfield areas. This framework offers
valuable technical support for refined CH, emission monitoring
and has the potential to be extended to other complex
emission scenarios.

Data availability statement

The datasets presented in this article are not readily available
because the dataset is not publicly available for direct download.
Access requires a formal process. Requests to access the datasets
should be directed to Hu He, hehu.slyt@sinopec.com.

Author contributions

HH: Writing -
Investigation,

review and editing, Conceptualization,

Software, ~ Writing original draft. YZ:

frontiersin.org


mailto:hehu.slyt@sinopec.com
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1746916

He et al.

Writing - review and editing, Visualization, Data curation. ZG:
Writing - review and editing, Validation, Resources. ML:
Methodology, Writing - review and editing, Validation. RM:
Validation,
Resources. WZ: Conceptualization, Formal Analysis, Supervision,
Writing - original draft.

Visualization, Writing - review and editing,

Funding

The author(s) declared that financial support was not received
for this work and/or its publication.

Conflict of interest

Authors HH, YZ, ZG, ML, and RM were employed by Technical
Test Centre of Sinopec, Shengli OilField. Author WZ was employed
by Shengli OilField.

References

Abeywickrama, H. G. K, Bajon-Fernandez, Y., Srinamasivayam, B., Turner, D., and
Rivas Casado, M. (2023). Development of a uav based framework for ch4 monitoring in
sludge treatment centres. Remote Sens. 15, 3704. doi:10.3390/rs15153704

Andersen, T., Scheeren, B., Peters, W., and Chen, H. (2018). A UAV-Based active
AirCore system for measurements of greenhouse gases. Atmos. Meas. Tech. 11,
2683-2699. doi:10.5194/amt-11-2683-2018

Andersen, T., Vinkovic, K., de Vries, M., Kers, B., Necki, J., Swolkien, J., et al. (2021).
Quantifying methane emissions from coal mining ventilation shafts using an unmanned
aerial vehicle (UAV)-Based active AirCore system. Atmos. Environ. X 12,100135. doi:10.
1016/j.aea0a.2021.100135

Asadzadeh, S., de Oliveira, W. J., and de Souza Filho, C. R. (2022). UAV-Based remote
sensing for the petroleum industry and environmental monitoring: state-of-the-art and
perspectives. J. Pet. Sci. Eng. 208, 109633. doi:10.1016/j.petrol.2021.109633

Baier, B. C., Sweeney, C., and Chen, H. (2023). “The aircore atmospheric sampling
system,” in Field measurements for passive environmental remote sensing (Elsevier),
139-156.

Cambaliza, M., Shepson, P., Caulton, D., Stirm, B., Samarov, D., Gurney, K., et al.
(2014). Assessment of uncertainties of an aircraft-based mass balance approach for
quantifying urban greenhouse gas emissions. Atmos. Chem. Phys. 14, 9029-9050. doi:10.
5194/acp-14-9029-2014

Chai, Q. (2022). Research on China’s pathways to achieve carbon peaking and carbon
neutrality goals. Chin. J. Urban Env. Stud. 10, 2250007. doi:10.1142/S2345748122500075

Chandra, N,, Patra, P. K, Bisht, J. S., Ito, A., Umezawa, T., Saigusa, N., et al. (2021).
Emissions from the oil and gas sectors, coal mining and ruminant farming drive
methane growth over the past three decades. J. Meteorol. Soc. Jpn. Ser. II 99, 309-337.
doi:10.2151/jms;j.2021-015

Change, C. (2022). Mitigating climate change. Work. Group III Contribution Sixth
Assessment Report Intergovernmental Panel Climate Change.

Dean, J. F., Middelburg, J. J., Réckmann, T., Aerts, R., Blauw, L. G., Egger, M., et al.
(2018). Methane feedbacks to the global climate system in a warmer world. Rev. Geophys.
56, 207-250. doi:10.1002/2017RG000559

Deng, W., Xu, J,, and Zhao, H. (2019). An improved ant colony optimization
algorithm based on hybrid strategies for scheduling problem. IEEE Access 7,
20281-20292. doi:10.1109/ACCESS.2019.2897580

Edie, R., Robertson, A. M., Field, R. A., Soltis, J., Snare, D. A., Zimmerle, D., et al.
(2020). Constraining the accuracy of flux estimates using OTM 33A. Atmos. Meas. Tech.
13, 341-353. doi:10.5194/amt-13-341-2020

Fan, L., Hu, X,, Wang, X., Ma, K,, Zhang, X,, Yue, Y., et al. (2024). A methane
monitoring station siting method based on WRF-STILT and genetic algorithm. Front.
Environ. Sci. 12, 1394281. doi:10.3389/fenvs.2024.1394281

France, J. L., Bateson, P., Dominutti, P., Allen, G., Andrews, S., Bauguitte, S., et al. (2021).
Facility level measurement of offshore oil and gas installations from a medium-sized
airborne platform: method development for quantification and source identification of
methane emissions. Atmos. Meas. Tech. 14, 71-88. doi:10.5194/amt-14-71-2021

Frontiers in Environmental Science

10.3389/fenvs.2026.1746916

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Heimburger, A. M., Harvey, R. M., Shepson, P. B,, Stirm, B. H., Gore, C., Turnbull, J.,
et al. (2017). Assessing the optimized precision of the aircraft mass balance method for
measurement of urban greenhouse gas emission rates through averaging. Elem. Sci.
Anth. 5, 26. doi:10.1525/elementa.134

Heltzel, R. S., Zaki, M. T., Gebreslase, A. K., Abdul-Aziz, O. 1., and Johnson, D. R.
(2020). Continuous OTM 33A analysis of controlled releases of methane with various
time periods, data rates and wind filters. Environments 7, 65. doi:10.3390/
environments7090065

Karbasi, S., Malakooti, H., Rahnama, M., and Azadi, M. (2022). Study of CH, column
concentration on Iran: application of GOSAT satellite observations and WRF-GHG
numerical simulations. J. Clim. 1401, 1-22.

Karion, A., Sweeney, C., Tans, P., and Newberger, T. (2010). Aircore: an innovative
atmospheric sampling system. J. Atmos. Ocean. Technol. 27, 1839-1853. doi:10.1175/
2010jtechal448.1

Kezoudi, M., Keleshis, C., Antoniou, P., Biskos, G., Bronz, M., Constantinides, C., et al.
(2021). The unmanned systems research laboratory (Ustl): a new facility for UAV-based
atmospheric observations. Atmosphere 12, 1042. doi:10.3390/atmos12081042

Kim, M., Park, J., and Hyun, C.-U. (2024). Current status of satellite remote sensing-
based methane emission monitoring technologies. Econ. Environ. Geol. 57, 513-527.
doi:10.9719/EEG.2024.57.5.513

Kissas, K., Ibrom, A., Kjeldsen, P., and Scheutz, C. (2022). Methane emission
dynamics from a Danish landfill: the effect of changes in barometric pressure. Waste
Manage 138, 234-242. doi:10.1016/j.wasman.2021.11.043

Liu, J., and Zhang, Y. (2022). Research on the path of the digital economy in Shandong
Province to help achieve the “carbon peaking and carbon neutrality” goals-based on
panel regression analysis. Adv. Econ. Manag. Res. 1, 26. doi:10.56028/aemr.3.1.26

Liu, L., Wang, X., and Wang, Z. (2023). Recent progress and emerging strategies for
carbon peak and carbon neutrality in China. Greenh. Gases 13, 732-759. doi:10.1002/
ghg.2235

Lu, F, Qin, K., Cohen, J. B., He, Q., Tiwari, P., Hu, W, et al. (2024). Surface
observation constrained high frequency coal mine methane emissions in Shanxi China
reveal more emissions than inventories. Consistency Satell. Inversion. EGUsphere 2024,
1-30. doi:10.5194/acp-25-5837-2025

Lu, H, Xie, D., and Cheng, Y. F. (2025). Methane emissions from the oil and gas
supply chain: characteristics and mitigation. Nexus. doi:10.1016/j.ynexs.2025.100087

Luque-Chang, A., Cuevas, E., Fausto, F., Zaldivar, D., and Pérez, M. (2018). Social
spider optimization algorithm: modifications, applications, and perspectives. Math.
Probl. Eng. 2018, 6843923-6843929. doi:10.1155/2018/6843923

Luther, A., Kostinek, J., Kleinschek, R., Defratyka, S., Stanisavljevi¢, M., Forstmaier,
A., etal. (2022). Observational constraints on methane emissions from Polish coal mines
using a ground-based remote sensing network. Atmos. Chem. Phys. 22, 5859-5876.
doi:10.5194/acp-22-5859-2022

Maier, M., Longdoz, B., Laemmel, T., Schack-Kirchner, H., and Lang, F. (2017). 2D
profiles of CO,, CHy, N,O and gas diffusivity in a well aerated soil: measurement and

frontiersin.org


https://doi.org/10.3390/rs15153704
https://doi.org/10.5194/amt-11-2683-2018
https://doi.org/10.1016/j.aeaoa.2021.100135
https://doi.org/10.1016/j.aeaoa.2021.100135
https://doi.org/10.1016/j.petrol.2021.109633
https://doi.org/10.5194/acp-14-9029-2014
https://doi.org/10.5194/acp-14-9029-2014
https://doi.org/10.1142/S2345748122500075
https://doi.org/10.2151/jmsj.2021-015
https://doi.org/10.1002/2017RG000559
https://doi.org/10.1109/ACCESS.2019.2897580
https://doi.org/10.5194/amt-13-341-2020
https://doi.org/10.3389/fenvs.2024.1394281
https://doi.org/10.5194/amt-14-71-2021
https://doi.org/10.1525/elementa.134
https://doi.org/10.3390/environments7090065
https://doi.org/10.3390/environments7090065
https://doi.org/10.1175/2010jtecha1448.1
https://doi.org/10.1175/2010jtecha1448.1
https://doi.org/10.3390/atmos12081042
https://doi.org/10.9719/EEG.2024.57.5.513
https://doi.org/10.1016/j.wasman.2021.11.043
https://doi.org/10.56028/aemr.3.1.26
https://doi.org/10.1002/ghg.2235
https://doi.org/10.1002/ghg.2235
https://doi.org/10.5194/acp-25-5837-2025
https://doi.org/10.1016/j.ynexs.2025.100087
https://doi.org/10.1155/2018/6843923
https://doi.org/10.5194/acp-22-5859-2022
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1746916

He et al.

finite element modeling. Agric. For. Meteorol. 247, 21-33. doi:10.1016/j.agrformet.2017.
07.008

Mitchell, A. L., Tkacik, D. S., Roscioli, J. R., Herndon, S. C., Yacovitch, T. I., Martinez,
D. M,, et al. (2015). Measurements of methane emissions from natural gas gathering
facilities and processing plants: measurement results. Environ. Sci. Technol. 49,
3219-3227. doi:10.1021/es5052809

Perki6, A. (2021). Sodankyldn halssiaavan kasvihuonekaasujen mittaaminen uav
aircore tekniikalla.

Rao, S., and Riahi, K. (2006). The role of non-CO, greenhouse gases in climate change
mitigation: long-term scenarios for the 21st century. Energy J. 27, 177-200. doi:10.5547/
ISSN0195-6574-EJ-VolSI12006-NoSI3

Shaw, J. T., Shah, A., Yong, H., and Allen, G. (2025). Methods for quantifying methane
emissions using unmanned aerial vehicles: a review. Philosophical Trans. R. Soc. A 379,
20200450. doi:10.1098/rsta.2020.0450

Shi, T., Han, Z., Han, G., Ma, X., Chen, H., Andersen, T., et al. (2022). Retrieving
CH,-emission rates from coal mine ventilation shafts using UAV-based AirCore
observations and the genetic algorithm-interior point penalty function (GA-
IPPF) model. Atmos. Chem. Phys. 22, 13881-13896. doi:10.5194/acp-22-13881-
2022

Shi, T., Han, G., Ma, X., Mao, H., Chen, C., Han, Z., et al. (2023). Quantifying
factory-scale CO,/CH, emission based on mobile measurements and EMISSION-

Frontiers in Environmental Science

13

10.3389/fenvs.2026.1746916

PARTITION model: cases in China. Environ. Res. Lett. 18, 034028. doi:10.1088/
1748-9326/acbce7

Tmusi¢, G., Manfreda, S., Aasen, H., James, M. R., Gongalves, G., Ben-Dor, E., et al.
(2020). Current practices in UAS-based environmental monitoring. Remote Sens. 12,
1001. doi:10.3390/rs12061001

Tong, X., van Heuven, S., Scheeren, B., Kers, B., Hutjes, R, and Chen, H. (2023).
Aircraft-Based AirCore sampling for estimates of N,O and CH, emissions. Environ. Sci.
Technol. 57, 15571-15579. doi:10.1021/acs.est.3c04932

Xu, B, Wang, T., Ma, D,, Song, R., Zhang, M., Gao, L, et al. (2022). Impacts of regional
emission reduction and global climate change on air quality and temperature to attain
carbon neutrality in China. Atmos. Res. 279, 106384. doi:10.1016/j.atmosres.2022.106384

Yi, L., Jing, W., Ke, C., Zhaonan, C., Dongxu, Y., and Lin, W. (2021). Satellite remote
sensing of greenhouse gases: progress and trends. Nat. Remote Sens. Bull. 25, 53-64.
doi:10.11834/jrs.20210081

Yong, Y. (2022). Application progress of big data & AI technologies in exploration and
development of Shengli Oilfield. Petroleum Geol. Recovery Effic. 29, 1-10. doi:10.13673/j.
cnki.cn37-1359/te.2022.01.001

Zhu, Z., Gonzélez-Rocha, J., Ding, Y., Frausto-Vicencio, I, Heerah, S., Venkatram, A.,
et al. (2024). Toward on-demand measurements of greenhouse gas emissions using an
uncrewed aircraft aircore system. Atmos. Meas. Tech. 17, 3883-3895. doi:10.5194/amt-
17-3883-2024

frontiersin.org


https://doi.org/10.1016/j.agrformet.2017.07.008
https://doi.org/10.1016/j.agrformet.2017.07.008
https://doi.org/10.1021/es5052809
https://doi.org/10.5547/ISSN0195-6574-EJ-VolSI2006-NoSI3
https://doi.org/10.5547/ISSN0195-6574-EJ-VolSI2006-NoSI3
https://doi.org/10.1098/rsta.2020.0450
https://doi.org/10.5194/acp-22-13881-2022
https://doi.org/10.5194/acp-22-13881-2022
https://doi.org/10.1088/1748-9326/acbce7
https://doi.org/10.1088/1748-9326/acbce7
https://doi.org/10.3390/rs12061001
https://doi.org/10.1021/acs.est.3c04932
https://doi.org/10.1016/j.atmosres.2022.106384
https://doi.org/10.11834/jrs.20210081
https://doi.org/10.13673/j.cnki.cn37-1359/te.2022.01.001
https://doi.org/10.13673/j.cnki.cn37-1359/te.2022.01.001
https://doi.org/10.5194/amt-17-3883-2024
https://doi.org/10.5194/amt-17-3883-2024
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2026.1746916

	Application of CH4 monitoring technology based on UAV platform in Shengli Oilfield
	1 Introduction
	2 Study area
	3 Methods
	3.1 Identification of CH4 abnormal concentration areas using the UAV-Aircore system
	3.2 Calculation of CH4 emissions using the Emission-Partition model
	3.3 Method comparison and validation
	3.3.1 Mass balance
	3.3.2 NLSF
	3.3.3 OTM 33A
	3.3.4 Inventory


	4 Results and discussion
	4.1 Identification of abnormal point sources through horizontal flights
	4.2 Refinement of quantitative results through vertical flight
	4.3 Comparison of different methodologies

	5 Conclusions
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


