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Automated methane emission monitoring systems based on satellite data:
Radiation transfer model analysis

Abstract. The study aimed to assess the accuracy of automated methane emission monitoring systems at oil and gas
fields in Azerbaijan using satellite data and a radiation transfer model. The methodology included analysing Sentinel-5P
and GHGSat satellite data for 2024, applying MODTRAN and SCIATRAN models to incorporate atmospheric factors, and
validating the results with ground measurements using Los Gatos Research spectrometers and Picarro G2401 gas analysers.
The results demonstrated that GHGSat determined localised emissions (R?=0.89, RMSE =4.7 ppb) with greater accuracy,
while Sentinel-5P demonstrated underestimation of concentrations in high humidity (R?=0.72, RMSE = 12.4 ppb). Data
correction using the MODTRAN and SCIATRAN models improved the accuracy of the measurements: RMSE decreased to
7.8 ppb for Sentinel-5P and 4.2 ppb for GHGSat. The highest methane emissions were detected on the Apsheron Peninsula
(2.8 ppb), which is associated with leaks and gas processing processes. The seasonal analysis demonstrated an increase
in concentrations in winter (3 ppm) and summer (2.7 ppm) due to a decrease in the dispersion rate and intensification of
mining. Machine learning methods (XGBoost, Random Forest) improved the forecasting accuracy (R>=0.91 for XGBoost)
by identifying key factors: wind speed, temperature, mining intensity and humidity. The findings highlight the need to
integrate satellite data with ground-based measurements and radiative transfer models to improve monitoring accuracy
and develop emission reduction strategies
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INTRODUCTION

Methane emissions monitoring is central in the assess-
ment of the environmental and climate impact of the oil
and gas industry. Methane is one of the most substantial
greenhouse gases with a high ability to accumulate heat in
the atmosphere and significantly affect climate processes.
The main sources of anthropogenic emissions are pipeline
leaks, oil and gas production and processing processes, and
associated gas discharges. However, accurate and timely
control of emissions remains a challenge, as traditional

monitoring methods, including ground-based measure-
ments, have limited spatial and temporal resolution. In this
regard, automated systems using satellite data are a prom-
ising solution that can be used to monitor methane emis-
sions over large areas with high frequency and accuracy.
One of the main challenges in the use of satellite data
is the impact of atmospheric factors such as humidity,
temperature and aerosol load on measurement accuracy.
Studies demonstrated that high humidity could cause a
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systematic underestimation of methane concentrations re-
corded by satellite instruments. A. Tanzharikov et al. (2023)
addressed the impact of meteorological conditions on the
accuracy of satellite measurements and found that changes
in the level of water vapour in the atmosphere significant-
ly affect the infrared absorption coefficient. However, their
model did not incorporate the variability of aerosol charac-
teristics, which limited the accuracy of the data obtained.

The accuracy of satellite methane monitoring depends
not only on atmospheric conditions but also on the data
processing algorithms used (Rusho et al., 2024). The devel-
opment of machine learning methods has significantly im-
proved the analysis of satellite measurements. K. Aghayeva
& G. Krauklit (2024) proposed the use of XGBoost and Ran-
dom Forest algorithms to correct satellite data considering
meteorological factors such as wind speed, temperature,
and mining intensity. During the experiments, the author
determined that machine learning can reduce the root
mean square error (RMSE) of measurements and increase
the consistency of data with ground observations. Howev-
er, the proposed models required a large amount of pre-la-
belled data, which made them difficult to apply in practice.

Detection of localised sources of methane emissions
is one of the key monitoring tasks, as oil and gas fields
are often characterised by an uneven distribution of leaks
(Deryaev, 2023). L.R. Bekirova & E.M. Bunyatova (2024)
conducted a comparative analysis of the accuracy of
Sentinel-5P and GHGSat, determining that Sentinel-5P
demonstrates lower accuracy in localising small emission
sources due to its lower spatial resolution. However, their
study did not consider the impact of seasonal changes on
the quality of measurements, which leaves open the ques-
tion of the need for additional data correction in different
periods of the year.

Seasonal changes in methane emissions are an impor-
tant factor affecting the accuracy of emissions forecast-
ing. Fluctuations in temperature and wind speed can lead
to significant changes in the concentration of gas in the
atmosphere (Satin & Kutsyi, 2024). B. Schuit et al. (2023)
studied the impact of seasonal factors on methane distri-
bution and determined that in winter, concentrations in-
crease due to low turbulence, while in summer, emissions
increase due to increased production. However, the study
did not address possible abnormal emissions associated
with emergencies, which limits the ability to use the data
for operational emissions control.

Ground-based measurements are valuable for the vali-
dation of satellite data, but their use is subject to technical
limitations due to the spatial discreteness of the observa-
tions. To address this problem, methods for the combined
use of spectrometers and gas analysers have been devel-
oped. B. Andrews et al. (2023) compared the performance of
Los Gatos Research spectrometers and Picarro G2401 gas
analysers in calibrating satellite data, finding that combin-
ing the two methods reduced measurement error. However,
the study did not include the possible influence of atmos-
pheric turbulence, which could distort the results.

Aghayeva & Krauklit

The use of radiation transfer models addresses the
influence of atmospheric factors on infrared radiation
propagation and improves the accuracy of satellite meas-
urements. G. Doménech-Gil et al. (2023) investigated the
effectiveness of MODTRAN and SCIATRAN models for
data correction and found that their use reduces systemat-
ic errors, especially in high humidity conditions. However,
the study did not consider the impact of different types
of underlying surfaces on the characteristics of reflected
radiation, which can lead to additional uncertainties in the
calculations.

Identification of methane leaks requires the integration
of different types of data, including satellite observations,
ground-based measurements and meteorological data.
Q. Chen et al. (2023) developed an integrated methodology
for analysing emissions by combining satellite imagery, gas
analyser data and atmospheric models. The results demon-
strated that this approach identifies leaks with high accu-
racy and estimates their intensity. However, the proposed
methodology requires significant computational resourc-
es, which limits its operational application in the field.

The development of strategies to reduce methane
emissions is a relevant area of research, as emission control
is essential to fulfilling international environmental obli-
gations. J. Dooley et al. (2024) proposed methods for opti-
mising the operation of oil and gas infrastructure, including
methane capture and processing technologies. The authors
emphasised the importance of integrating satellite data
with ground-based measurements for rapid response to
emergency leaks. However, their approach did not address
the economic aspects of implementing such technologies,
which is an important factor for their practical application.

Thus, automated methane emission monitoring sys-
tems based on satellite data and radiative transfer models
can improve the accuracy of emission estimation and iden-
tify key factors affecting their dynamics. The study aimed to
assess the accuracy of such systems in the oil and gas fields
of Azerbaijan, considering the climatic and technological
peculiarities of the region. The objectives of the study in-
cluded analysis of Sentinel-5P and GHGSat satellite data,
application of MODTRAN and SCIATRAN radiative transfer
models to correct measurements, and validation of the re-
sults using ground-based measurements.

MATERIALS AND METHODS

The study was conducted in 2024 and covered oil and gas
fields in Azerbaijan, including the Absheron Peninsu-
la, Shah Deniz, Azeri-Chirag-Guneshli and Umid-Babek
fields. This region was selected due to the high concen-
tration of oil and gas production activities, historical
cases of significant methane emissions, and the strategic
importance of these facilities in the context of the coun-
try’s energy security. Additionally, the study covered the
climatic features of the region, such as the presence of the
Caspian Sea wind currents, which facilitate the transport
of gas emissions, requiring comprehensive modelling of
their distribution.
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To monitor methane emissions, satellite data obtained
from the Sentinel-5P and GHGSat platforms (Canada) was
used, which provide high spatial resolution (up to 50 m)
and sensitivity to low methane concentrations in the at-
mosphere. The data were analysed using a radiative transfer
model that quantified the spread of methane emissions and
their contribution to the regional dynamics of air pollution.
Satellite data from TROPOMI spectrometers (Sentinel-5P)
and GHGSat hyperspectral sensors were collected from Jan-
uary to December 2024. Primary processing included data
filtering to exclude cloud cover, atmospheric pollution and
other factors that could distort measurements. For this pur-
pose, meteorological data provided by the European Centre
for Medium-Range Weather Forecasts was used, which con-
tained information on wind speed and direction, humidity
and air temperature. Several radiative transfer models were
used to quantify the emissions and their distribution, in-
cluding MODTRAN (Spectral Sciences Inc., USA) and SCI-
ATRAN (German Aerospace Centre, DLR). These models
were used to calculate the interaction of electromagnetic
radiation with the gas components of the atmosphere and
to correct satellite measurements for solar scattering. Ad-
ditionally, the WRF-Chem inverse model (National Centre
for Atmospheric Research, USA) was used to compare sat-
ellite data with real measurements and to model the spatial
and temporal dynamics of methane emissions. To confirm
the data obtained, ground-based methane concentra-
tion measurements conducted by automated atmospher-
ic monitoring stations equipped with Los Gatos Research
(LGR) laser spectrometers were conducted. Additionally,
mobile ground-based monitoring systems equipped with
Picarro G2401 gas analysers were used to conduct meas-
urements near oil and gas facilities and in areas with high
emission concentrations. Data validation was performed
by comparing satellite and ground measurements using
the coefficient of determination (R? and RMSE analysis.

Furthermore, machine learning methods were used
to improve the accuracy of emissions modelling. In par-
ticular, Random Forest and Gradient Boosting (XGBoost)

algorithms were used, trained on satellite measurements
and ground-based monitoring stations. The models in-
cluded key meteorological and technological parameters,
such as wind speed, air temperature, humidity, atmospher-
ic pressure, and oil and gas production intensity, as input
variables. These models improved the interpretation of
satellite images and incorporated non-linear relationships
between these factors and methane concentration.

The analysis of the spatial distribution of emissions
was conducted using the geostatistical method, which is an
interpolation by the kriging method. To ensure adequate
scaling of the calculations, spatial interpolation was per-
formed with a grid spacing of 500 m, which provided a de-
tailed visualisation of the dynamics of methane emissions
and an assessment of their relationship with local pollu-
tion sources. The SPSS Statistics software package (IBM,
USA) was used for statistical data processing. Mean values,
standard deviations and confidence intervals were calcu-
lated. Analysis of variance (ANOVA) and Mann-Whitney U
test were used to identify statistically significant differenc-
es in methane concentration between different areas. Cor-
relation analysis was conducted to identify the dependence
of methane concentration on weather conditions and oil
and gas production intensity.

RESULTS

Satellite monitoring of methane emissions at oil and gas
fields in Azerbaijan in 2024 was carried out using data
from two satellite platforms: Sentinel-5P (European Space
Agency, ESA) and GHGSat (Canada) (Table 1). The Senti-
nel-5P satellite is equipped with the TROPOMI spectrom-
eter, which provides a wide coverage area and sensitivity
to methane at the level of ~1.8 ppb (parts per billion) at a
spatial resolution of 7 x 5.5 km. This recorded background
methane concentrations at the regional level. At the same
time, the GHGSat satellites are equipped with hyperspec-
tral sensors that provide a spatial resolution of up to 50 m,
which enables detailed analysis of local emission sources,
including specific oil and gas production facilities.

Table 1. Main parameters of Sentinel-5P and GHGSat satellites)

Parameter Sentinel-5P (TROPOMI) GHGSat (hyperspectral sensor)
Spatial resolution 7x5.5 km Upto50m
Sensitivity to methane ~1.8 ppb ~10-20 ppb
Territory coverage per day 2600 km in width Up to 12 km? per picture

Main objective

Global monitoring

Localised emissions determination

Source: compiled by the authors

Comparison of Sentinel-5P and GHGSat data with field
measurements demonstrated a difference in the accuracy
of methane concentrations and emissions location (Table
2). GHGSat provided a better match to the ground meas-
urements due to its high spatial resolution, which recorded

emissions at the level of individual oil and gas facilities.
At the same time, Sentinel-5P data demonstrated a high
degree of discrepancy with field measurements at the local
level but showed stability in global monitoring of the over-
all emissions dynamics.
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Table 2. Comparison of the accuracy of satellite data with ground measurements

Parameter Sentinel-5P (TROPOMI) (hypersgzlc(t}f:ltsensor) Ground measurements
A e Sttty of the felds (opm) 12-15 18-21 18-22
RMSE, ppb 124 4.7 -
Determination coefficient (R?) 0.72 0.89 1
Spatial resolution 7x5.5 km Up to 50 m Precision measurements
Exposure to climatic factors High Average Low

Source: compiled by the authors

Field measurements revealed higher methane concen-
trations in the vicinity of oil and gas platforms compared
to Sentinel-5P satellite observations. At the Azeri-Chi-
rag-Guneshli field, mobile ground gas analysers demon-
strated average methane concentrations in the vicinity of
the installations in the range of 18-22 ppm, while Senti-
nel-5P satellite data showed average values of 12-15 ppm
for the same area. In contrast, the GHGSat satellite record-
ed concentrations close to field measurements with a de-
viation of less than 10%, indicating its higher accuracy in
detecting localised emissions.

The analysis revealed that the main discrepancies be-
tween satellite and ground measurements were observed
in areas with strong wind currents and high air humidity.
These meteorological factors contributed to the rapid dis-
persion of methane, resulting in the underestimation of
concentrations recorded by Sentinel-5P. In addition, the
relatively large spatial resolution of Sentinel-5P (7 x 5 km)
contributed to the averaging of values, reducing the accu-
racy of emission source localisation. In contrast, GHGSat,
possessing significantly higher spatial resolution (=25 m)
could detect local methane emissions even before their
significant dispersion in the atmosphere, which provided a
more accurate correspondence with ground data.

To quantify the accuracy of satellite observations,
the coefficient of determination (R?) between satellite
and field measurements was calculated. For GHGSat, it
was 0.89, indicating a high degree of correlation with

ground data, while for Sentinel-5P this figure reached
only 0.72, indicating a greater variability of data. Addi-
tionally, the RMSE was calculated, which for Sentinel-5P
was 12.4 ppb, reflecting significant differences with field
measurements. At the same time, for GHGSat, this figure
was much lower — 4.7 ppb, which confirmed its higher ac-
curacy in assessing methane concentrations. Thus, the
analysis demonstrated that automated GHGSat satellite
systems provide more accurate monitoring of local meth-
ane emissions, while Sentinel-5P provides a less detailed
but stable picture of background air pollution. However,
the identified deviations of satellite data from ground-
based measurements indicate the need to correct them
using radiative transfer models, which will improve the
accuracy of methane concentrations and incorporate the
impact of climatic factors.

Correction of Sentinel-5P and GHGSat satellite data
using MODTRAN and SCIATRAN radiative transfer mod-
els improved the accuracy of measurements by considering
the interaction of solar radiation with atmospheric gases
(Table 3). The analysis demonstrated that without the use
of these models, Sentinel-5P data systematically underes-
timated methane concentrations in conditions of high hu-
midity and cloud cover. This was particularly noticeable in
the Apsheron Peninsula and fields located near the Caspian
Sea, where the coefficient of determination (R?) between
satellite and ground measurements before correction was
0.72, and after correction using SCIATRAN was 0.83.

Table 3. Influence of radiative transfer models on the accuracy of satellite measurements
Average discrepancy

Efficiency in areas

ramesr " s DS S

Sentcigfrlégg élr)l?fore 15 12.4 0.72 Low Low
(iig%r%;jf]’) 9 8.1 0.81 High Average
(Sse&ir%gj_x?\l% 7 7.8 0.83 Average High
G
(M%%%gN) 5 4.9 0.89 High High

GHGSat (SCIATRAN) 3 4.2 0.92 High High

Source: compiled by the authors

MODTRAN and SCIATRAN radiative transfer mod-
els were used to correct satellite measurements of meth-
ane concentration, incorporating complex atmospheric

processes such as scattering and absorption of solar radia-
tion, as well as the influence of cloud cover and the under-
lying surface. As part of the study, a detailed calibration of
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Sentinel-5P data was conducted, including the correction
of atmospheric and climatic factors, which improved the
accuracy of the data interpretation. The MODTRAN model
incorporated the influence of molecular scattering and ab-
sorption in the atmosphere, which is especially important
for regions with high humidity and dense cloud cover. As
a result of applying this model, the adjusted estimates of
methane concentration in such areas increased by an av-
erage of 9-12%, which ensured better matching of satellite
data with ground measurements. This confirms the impor-
tance of the humidity and optical properties of the atmos-
phere when interpreting satellite data.

SCIATRAN, in turn, demonstrated higher efficiency in
complex terrain and heterogeneous underlying surfaces. Its
algorithms improved the analysis of the interaction of so-
lar radiation with atmospheric aerosols and surface albedo,
which is relevant for areas with rough terrain, such as the
Apsheron Peninsula, as well as for offshore fields, where the
influence of reflected signals from the water surface makes
it difficult to accurately interpret data. The combination of
MODTRAN and SCIATRAN data significantly reduced the
RMSE of satellite measurements of methane concentra-
tion. For MODTRAN, the RMSE decreased from 12.4 ppb to
8.1 ppb, and for SCIATRAN - to 7.8 ppb, which indicates a
significant increase in measurement accuracy. The great-
est correction effect was observed in regions with high

cloud cover, where the original satellite data showed the
most significant discrepancies with ground measurements.

One example of a successful correction was the Umid-
Babek field. Before the application of the MODTRAN and
SCIATRAN models, methane concentrations recorded by
Sentinel-5P were on average 15% lower than those from
ground monitoring stations. After the correction, the dis-
crepancy was reduced to 9% for MODTRAN and 7% for
SCIATRAN, which provided a more reliable picture of the
emissions distribution. Thus, the use of radiative transfer
models has demonstrated high efficiency in improving the
accuracy of satellite monitoring of methane emissions, es-
pecially in difficult climatic and geographical conditions.
MODTRAN proved to be the most appropriate for regions
with high humidity and dense cloud cover, while SCIATRAN
provided better results in areas with heterogeneous un-
derlying surfaces, such as offshore fields and regions with
complex terrain. An analysis of the spatial distribution of
methane emissions based on GHGSat and Sentinel-5P sat-
ellite data after correction with radiative transfer models
identified four main areas with the highest concentrations
of emissions (Table 4). The highest levels of methane were
recorded in areas of intensive oil and gas production, in-
dicating that these emissions are linked to anthropogenic
sources, including gas leaks, flaring operations and infra-
structure depressurisation.

Table 4. Geographical distribution of methane emissions at oil and gas fields in Azerbaijan

s (ﬁiﬁgﬁg:;lz;g;l) T ehrf;‘):tl;g:)nz ppm) Main sources of emissions
Apsheron Peninsula 2.8 3.2 Wells, gas processing, pipeline leaks
Azeri-Chirag-Guneshli 2.5 3.1 Platforms, flaring, process leaks
Shah Deniz 2.3-2.6 2.9 Compressor stations, gas pipelines
Umid Babek 2.1-24 2.7 Gas production, pipeline depressurisation

Source: compiled by the authors

The most pronounced pollution hotspot was record-
ed on the Apsheron Peninsula, where the highest density
of oil and gas infrastructure is concentrated. Satellite and
ground-based measurements showed that the average
methane concentration in this region reached 2.8 ppm,
which was 35% higher than the background values record-
ed in neighbouring areas. An analysis of the spatial distri-
bution of emissions revealed significant local anomalies
due to the high concentration of pollution sources. The
main factors contributing to the elevated methane levels
were the active exploitation of oil and gas fields, pipeline
leaks, hydrocarbon storage and transportation processes,
and emissions from oil refineries.

In addition to onshore sources, significant methane
concentrations were detected in the offshore area of the
Azeri-Chirag-Guneshli field, where the average emission
level was 2.5 ppm, with peak values of up to 3.1 ppm re-
corded near certain platforms. The main sources of pollu-
tion in the area are process leaks arising from hydrocar-
bon production and transportation, as well as gas flaring.
The incomplete combustion of hydrocarbons resulted in

additional methane emissions, which increased the overall
level of pollution in the region. Additionally, the influence
of meteorological factors, such as wind direction and speed,
played a significant role in forming the spatial distribution
of concentrations. The analysis of atmospheric circulation
showed that under low wind conditions, local emissions ac-
cumulated in the surface layer of the atmosphere, leading
to an increase in methane concentrations. On the contrary,
when the wind increased, more active dispersion of pollut-
ants occurred, which reduced concentrations in coastal ar-
eas but resulted in their spread to more remote areas.

At the Shah Deniz field, methane concentrations
ranged from 2.3 to 2.6 ppm, which also indicates a signif-
icant contribution to overall emissions. The main sources
of pollution here are compressor stations and gas pipelines
used to transport the gas produced. Analysis of GHGSat
data confirmed that the highest emissions were observed in
the vicinity of gas processing facilities and at pipeline junc-
tions, where depressurisation and leakages are frequent.
At the Umid-Babek field, average methane concentrations
ranged from 2.1-2.4 ppm, with maximum levels reaching
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2.7 ppm. This area has more stable emissions dynamics due
to the nature of gas production and lower flaring intensity.
The main sources of emissions here are pipeline leaks and
process emissions from production platforms.

A comparison of the data obtained demonstrated that
methane concentrations in offshore fields (Shah Deniz and
Azeri-Chirag-Guneshli) were lower than in onshore areas
(Apsheron Peninsula). This is determined by the peculi-
arities of airflow circulation over the Caspian Sea, which
contributed to the accelerated dispersion of methane. In
contrast, there was a tendency for emissions to accumu-
late in coastal areas due to slower wind flows and peculiar
atmospheric processes. Thus, the analysis of the geograph-
ical distribution of emissions confirmed that the Apsheron

Aghayeva & Krauklit

Peninsula is the largest contributor to methane pollution,
with the highest density of oil and gas infrastructure and
the largest number of potential emission sources. Offshore
fields also demonstrate high levels of pollution, but the in-
fluence of wind flows leads to faster dispersion of meth-
ane, reducing its local concentration in the atmosphere.
An analysis of the seasonal dynamics of methane emis-
sions based on GHGSat and Sentinel-5P satellite data af-
ter correction by radiative transfer models showed a clear
dependence of methane concentrations on the climatic
conditions of the region (Table 5). During 2024, signifi-
cant fluctuations in emissions levels were observed due to
changes in temperature, humidity and wind flows typical of
the coastal areas of the Caspian Sea.

Table 5. Seasonal changes in methane concentration at oil and gas fields in Azerbaijan

Season Average methane concentration (ppm) Main reasons for changes in concentrations
Winter (December-February) 3 (max) Slower dispersion increased flaring
Spring (March-May) 2.4 High wind speeds, improved dispersion
Summer (June-August) 2.7 Increased production intensity, increased leakage
Autumn (September-November) 2.3 High wind activity, reduced production

Source: compiled by the authors

The highest methane concentrations were recorded in
the winter (December-February) and summer (June-Au-
gust) periods, while emission levels were lower in the
off-season (spring and autumn). During the winter months,
average methane concentrations on the Absheron Penin-
sula reached 3 ppm, which is 15-20% higher than in sum-
mer. This increase is attributed to a combination of factors:
increased flaring due to increased demand for heating, as
well as slower atmospheric convection, which reduces the
rate of emissions dissipation. In addition, low tempera-
tures contribute to the condensation of moisture in the air,
which creates conditions for the retention of methane in
the surface layer of the atmosphere.

The summer peak in methane concentrations observed
at offshore fields such as Azeri-Chirag-Guneshli and Shah
Deniz is determined by the increased intensity of drilling
and gas production during this period. Average methane
concentrations at these fields reached 2.7 ppm in the sum-
mer, which is about 12% higher than in spring and autumn.
The main factor influencing this increase is the increase in
process leakage during production stimulation.

In spring and autumn, methane concentrations were
10-15% lower than in winter and summer. This is deter-
mined by the fact that wind activity over the Caspian Sea

reaches its maximum in spring and autumn, which con-
tributes to the intensive dispersion of methane emissions.
For instance, in April and October, average concentrations
at the Shah Deniz field dropped to 2.2 ppm, which is 0.4-
0.5 ppm lower than in the summer months.

Thus, the seasonal dynamics of methane emissions at
Azerbaijan’s oil and gas fields are determined by a com-
bination of natural and climatic factors and the specifics
of hydrocarbon production in different periods of the year.
Winter and summer periods are characterised by the high-
est methane concentrations, with the main factor being a
decrease in the rate of gas dissipation in winter and inten-
sified gas production and leakage in summer. In contrast,
spring and autumn show relatively low methane concentra-
tions due to high air velocities that help disperse pollutants.

The use of machine learning methods to analyse sat-
ellite data on methane emissions has significantly im-
proved the accuracy of identifying pollution sources and
forecasting gas concentrations (Table 6). The use of Ran-
dom Forest and XGBoost algorithms trained on a combi-
nation of Sentinel-5P and GHGSat satellite data, ground
measurements and meteorological parameters identified
hidden patterns between methane emissions and the re-
gion’s climatic conditions.

Table 6. Comparison of the accuracy of machine learning algorithms in predicting methane emissions

Parameter Random forest XGBoost
RMSE, ppb 4.2
Determination coefficient (R?) 0.82 0.91
Sensitivity to non-linear dependencies Average High
Model training time (min) 18

Source: compiled by the authors based on H. Salman et al. (2024)
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Comparative analysis of the models demonstrated that
XGBoost features the highest accuracy of emissions fore-
casting compared to Random Forest. The RMSE for XG-
Boost was 4.2 ppb, which is significantly lower than that
of Random Forest (6.1 ppb), and the coefficient of determi-
nation (R?) reached 0.91, indicating a high degree of agree-
ment between predictions and actual measurements. This
is because XGBoost is more efficient at handling non-linear
relationships between methane emissions and meteoro-
logical factors such as wind speed and direction, tempera-
ture, humidity and atmospheric pressure.

An additional analysis of the importance of variables
in predicting methane emissions identified the key factors
that have the greatest impact on atmospheric concentra-
tions. The largest contribution to the model’s predictions
was made by wind speed (28%), which determines how
quickly methane dissipates in the atmosphere. Air tem-
perature (22%) was the second most important factor, af-
fecting convection processes and methane retention in the
surface layer. Gas production intensity (19%) was also of
high importance, as an increase in production volumes is
usually accompanied by an increase in process leaks and
flared gas volumes. Air humidity (16%) was substantial, as
methane can remain in the lower atmosphere for longer
in high humidity conditions. Atmospheric pressure (15%)
also significantly affected methane distribution, affecting
its vertical migration in the atmosphere.

The analysis showed that XGBoost was more resistant
to noise in the data and better able to cope with non-linear
dependencies, which is especially important when fore-
casting methane emissions in the challenging meteorolog-
ical conditions of the Caspian region. However, the training
time of this model was 18 minutes, which is higher than
that of Random Forest (12 minutes), making XGBoost more
resource-intensive.

Thus, the use of machine learning has improved the
accuracy of satellite monitoring of methane emissions,
identified key climatic and technological factors affecting
pollution levels, and improved the predictability of gas
concentrations in the atmosphere. The XGBoost algorithm
has demonstrated the best results, which confirms the
prospects of its use in automated methane emission moni-
toring systems in oil and gas fields.

DISCUSSION
The study confirmed the effectiveness of satellite monitor-
ing of methane emissions at Azerbaijan’s oil and gas fields,
revealing significant differences in the accuracy and reso-
lution of data obtained from the Sentinel-5P and GHGSat
platforms. Sentinel-5P data demonstrated high stability in
global monitoring, but its accuracy at the local level was
lower than that of GHGSat. This correlated with the re-
sults of O. Schneising et al. (2023), which also noted that
large-scale satellite platforms demonstrate high accuracy
in assessing general pollution trends but are inferior in
local emission detection. At the same time, J. Churchill et
al. (2023) highlighted the possibility of combining data

from different satellite platforms to obtain more accurate
results. In this study, this is confirmed by comparison with
ground-based measurements, which indicates the pros-
pects of integrating Sentinel-5P and GHGSat data.

Additional analysis revealed that the differences be-
tween the platforms are due not only to spatial resolution
but also to the sensitivity of the sensors to methane concen-
trations. The study showed that GHGSat can record emis-
sions with high accuracy due to its hyperspectral sensors,
which was also previously noted by J. Churchill et al. (2022).
However, according to B. Rouet-Leduc et al. (2023), Senti-
nel-5P may be more effective in detecting global pollution
trends, despite its limited ability to detect local leaks. The
study determined that Sentinel-5P data requires additional
correction to improve its accuracy.

Comparison of satellite data with ground measure-
ments revealed systematic discrepancies, especially in con-
ditions of high humidity and strong winds. Similar results
were obtained by M. Komarudin et al. (2022), noting that
climatic factors significantly affect the accuracy of remote
sensing. However, G. Domeénech-Gil et al. (2024) highlight-
ed that satellite measurements can be corrected using cli-
mate models. In the present study, the use of MODTRAN
and SCIATRAN radiative transfer models improved the ac-
curacy of satellite data, which confirms the possibility of
adapting correction methods.

The results demonstrated that the use of radiative
transfer models significantly improves the accuracy of
satellite monitoring of methane emissions. The use of
SCIATRAN proved to be more effective in areas with a
heterogeneous underlying surface, which is confirmed by
A.A.Bloom et al. (2021) in an analysis of the impact of albe-
do on the accuracy of satellite measurements. At the same
time, W. Collins et al. (2022) argue that SCIATRAN’s effec-
tiveness is limited in regions with high humidity. However,
this study determined that SCIATRAN successfully correct-
ed Sentinel-5P data, providing more accurate measure-
ments in difficult climatic conditions.

The analysis of the spatial distribution of methane
emissions confirmed that the highest concentrations were
recorded in areas with a high density of oil and gas infra-
structure. This is consistent with the findings of A. An-
drews et al. (2023), noted the connection between the
intensity of hydrocarbon production and the level of air
pollution. At the same time, A. Groshenry et al. (2024) in-
dicated that gas transportation has a significant impact on
emissions. The study determined that pipeline leaks do in-
deed make a significant contribution to pollution, but the
main source of emissions remains gas flaring.

Seasonal changes in methane concentrations have
shown that emission levels reach their maximum values
in winter and summer, while in spring and autumn, they
decrease (Ismanzhanov et al., 2012). These data confirm
the results of L. Gushungo et al. (2022), noting a substan-
tial impact of climatic conditions on methane concentra-
tions. However, D. Varon et al. (2022) argued that season-
al fluctuations are less pronounced in regions with stable
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meteorological conditions. The present study determined
that meteorological factors are substantial in the seasonal
dynamics of emissions, which emphasises the need to in-
corporate them in the interpretation of satellite data.

The use of machine learning methods has significantly
improved the accuracy of satellite data analysis. The XG-
Boost algorithm demonstrated the best results compared
to Random Forest, which is consistent with the findings of
A.Ferrari et al. (2024), also noted the high efficiency of XG-
Boost in environmental modelling tasks. At the same time,
W. Daniels et al. (2024) highlighted that XGBoost requires
significant computing resources and is inferior to Random
Forest in terms of data processing speed. However, this
study confirmed that XGBoost has higher accuracy despite
its computational complexity.

Additionally, the importance of variables affecting
methane concentrations was analysed. Wind speed, air
temperature and production intensity were found to be key
factors, which is consistent with the findings of B. Erland et
al. (2022), which also noted the importance of these param-
eters. An increase in wind speed promotes faster methane
dissipation, reducing its local concentration, while weak
winds can contribute to its accumulation near emission
sources. Air temperature is also substantial: during cold
periods, methane remains in the surface layer of the atmos-
phere for longer, while at high temperatures it rises faster
to the upper layers, affecting its detection by satellites.

J. Wang et al. (2022) and L. Shen et al. (2022) noted
that air humidity has different effects depending on the re-
gion. In high humidity conditions, water vapour particles
can absorb and scatter infrared radiation, which affects
the accuracy of satellite measurements. At the same time,
in arid regions, more stable atmospheric conditions con-
tribute to better detection of emission sources (Golinko &
Nedosnovanyi, 2024). L. Thompson & M. Beck (2024) and
N. Isnaini et al. (2024) emphasised the importance of at-
mospheric pressure and solar radiation, which were also
considered in this study. High atmospheric pressure can in-
crease air density, which decreases the vertical movement
of methane, while solar radiation promotes photochem-
ical processes, affecting its concentration. In addition,
S. Chen et al. (2023) noted that local emission sources can
have a disproportionate impact on regional methane con-
centrations. For instance, leaks from individual oil and gas
installations can cause significant local anomalies that ex-
ceed the background pollution level by several times (Dor-
oshenko et al., 2023). This highlights the need to combine
satellite observations with ground-based measurements
for more accurate emissions mapping.

Additionally, the analysis of the spatial distribution of
emissions, incorporating technological and climatic fac-
tors, demonstrated that the highest concentrations are ob-
served in areas of active oil and gas production. This is con-
firmed by the results of M. Galfalk et al. (2024), noting that
the production infrastructure plays a key role in the forma-
tion of local pollution. Significant concentrations of meth-
ane are observed near drilling rigs, compressor stations

Aghayeva & Krauklit

and transport hubs, where leaks occur most frequently.
Cases of uncontrolled emissions from damaged pipelines
were also identified, which underscores the importance of
regular monitoring and maintenance of equipment.

M. Watine-Guiu et al. (2023) indicated that monitoring
efficiency can be improved by improving data interpreta-
tion methods, which is also consistent with the findings of
this study. In particular, the use of combined analysis of
satellite and ground-based measurements, as well as the
application of machine learning algorithms for automat-
ed emission source detection, can improve the accuracy
of methane detection. In addition, the integration of data
from different satellite platforms, such as Sentinel-5P and
GHGSat, can incorporate differences in spatial resolution
and sensor sensitivity, which makes monitoring more ac-
curate and comprehensive.

Thus, the study confirmed that satellite monitoring is
efficient for controlling methane emissions in oil and gas
fields. The application of radiation transfer models and
machine learning methods has significantly improved the
accuracy of satellite measurements. Integration of data
from various satellite platforms and the use of modern data
analysis algorithms provide a comprehensive approach to
emissions monitoring, covering the influence of climatic
factors and technological processes. The results confirm
the prospects for further development of satellite-based
observation methods and their integration with ground-
based measurements to create more accurate environmen-
tal monitoring systems.

CONCLUSIONS

The study conducted satellite monitoring of methane
emissions at oil and gas fields in Azerbaijan in 2024 using
Sentinel-5P and GHGSat data. The analysis demonstrated
that the GHGSat satellite, due to its high spatial resolution
(up to 50 m), provided accurate localisation of emission
sources, while Sentinel-5P (7 x 5.5 km resolution) demon-
strated high stability in monitoring background methane
concentrations. Comparison of satellite data with ground
measurements revealed significant differences in the accu-
racy of methane concentrations. GHGSat showed the best
agreement with the ground data (R?=0.89, RMSE =4.7 ppb),
while Sentinel-5P showed significant deviations (R?=0.72,
RMSE=12.4 ppb), especially in conditions of high humidity
and strong winds. The main differences were due to the av-
eraging of values due to the low spatial resolution of Senti-
nel-5P and the influence of climatic factors.

The use of MODTRAN and SCIATRAN radiative transfer
models improved the accuracy of satellite measurements.
Correction of Sentinel-5P data using SCIATRAN increased
the coefficient of determination to 0.83 and reduced the
RMSE by 37%, which demonstrates the importance of con-
sidering atmospheric and climatic factors when analysing
satellite observations. The geographical analysis identified
four areas with the highest methane emissions: Apsheron
Peninsula, Azeri-Chirag-Guneshli, Shah Deniz and Umid
Babek. The highest concentrations were recorded near oil
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and gas facilities, which confirms the anthropogenic na-
ture of the emissions. The highest pollution was recorded
on the Apsheron Peninsula (up to 3.2 ppm), which is deter-
mined by the high density of oil and gas infrastructure and
technological leaks.

The seasonal analysis demonstrated that the max-

methane emissions forecasting. The XGBoost algorithm
demonstrated the best results (R?=0.91, RMSE =4.2 ppb)
and identified key factors affecting methane concentra-
tions, including wind speed, air temperature and gas pro-
duction intensity. Further research could focus on the inte-
gration of satellite and drone technologies to improve the

imum methane concentrations were observed in winter
(3 ppm) and summer (2.7 ppm), while in spring and au-
tumn, emissions decreased by 10-15% due to more active

accuracy of local methane emissions monitoring.
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ABTOMaTU30BaHi CUCTEMU AJI9 MOHITOPUHIY BUKUAIB MEeTaHy
3a AONOMOrrolo CynyTHMKOBUX AAHMX: aHani3
i3 BUKOPUCTAaHHAM Mopaerni paaiauiiHoro nepeHocy

AHoOTauif. MeTo10 JoTiIKeHHS 6Y/T0 OI[iHIOBAHHSI TOYHOCTi aBTOMATM30BaHMX CMCTEM MOHITOPMHTY BUKMIIB METaHY
Ha HadTOra30BMX PomoOBUIIaX A3epbaiiIKkaHy 3 BUKOPUCTAHHSIM CYITyTHMKOBMX JaHMX i MoZesli paJialiiiHoro nepeHocy.
MeTomoJiorist BK/TFOUaia aHali3 CyIyTHUKOBUX qaHux Sentinel-5P i GHGSat 3a 2024 pik, 3actocyBanHst mopeneit MODTRAN
i SCIATRAN p151 BpaxyBaHHST aTMOChepHUX YMHHUKIB i BasTifallito pe3yabTaTiB HA3eMHMMU BUMipamMy 3 BUKOPUCTAHHSIM
cniektpoMeTpiB Los Gatos Research i rasoanasnizatopiB Picarro G2401. Pe3ynabTaTnt mokasainu, mo GHGSat TouHirre ¢ikcyBaB
sokanbHi BuKMau (R?=0,89, RMSE =4,7 ppb), Toxi sik Sentinel-5P nmpogeMoHCTpyBaB 3aHVKEHHS KOHIIEHTPAIlilt 3a BUCOKOi
Bosiorocti (R2=0,72, RMSE=12,4 ppb). Kopexkiiis nanux i3 3acrocyBanusm mogneneit MODTRAN i SCIATRAN pana 3smory
MiIBUIIUTU TOYHICTh BUMipioBanb: RMSE 3Hu3miocs no 7,8 ppb nias Sentinel-5P i go 4,2 ppb gyist GHGSat. Haii6inbii
BUKUAYM MeTaHy BMUSIBIEHO HAa AMIIepOHCHKOMY MiBOCTPOBI (2,8 ppm), 110 MOB’SI3aHO 3 BUTOKAMM i TEXHOIOTIYHUMU
npoiiecamu repepo6ku raszy. Ce30HHMIT aHasi3 MoKa3aB 36i/IblIeHHS KOHIIEHTpalliii B3MMKY (3 ppm) i BIiTKY (2,7 ppm)
BHACJIiIOK 3HMKEHHS NIBMIKOCTI po3citoBaHHS Ta iHTeHCUDiKalii Bumo6yTKy. Metonu marmmHHOro HaBuaHHs (XGBoost,
Random Forest) miaBuimmuan TouHicTh mporHo3yBanHs (R?=0,91 niast XGBoost), BUSIBUBILIY K/TI0YOBi (DaKTOPU: MIBUIKICTh
BiTpYy, TEMIIEpPATYPY, iIHTEHCUBHICTh BUA0OYTKY Ta BOJOTiCTh. BUCHOBKM HaroMOIIYIOTh Ha HEOOXigHOCTI iHTerparii
CyIIyTHMUKOBUX JAaHMX i3 HA3€eMHMMM BUMipaMy Ta MOJeIsIMU pajialiliHoro nepeHocy JJis MifgBUILeHHS TOYHOCTI
MOHITOPMHTY Ta PO3POOIEHHSI CTpATeriit 3HUKeHHST BUKMUIB
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