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Calibrating traditional inventory-based emission estimates with top-down point source inversion results is of significant importance. To address the challenges posed by satellite remote sensing in accurately assessing methane point source emissions and the inefficiency of ground-based mobile measurement due to the lack of prior information, this paper proposes a novel space-ground integration system of methane emission monitoring and quantification. The system utilizes a classic matched filter (CMF) algorithm to retrieve greenhouse gas concentration increments from multi-temporal hyperspectral images, thereby identifying continuous point sources, which subsequently guides the development of ground-based emission data collection plans. The EMISSION-PARTITION model is applied to quantify point source emission intensities. In April 2024, our team conducted an experiment based on this system in a petrochemical industrial park in Dongying, China. Satellite observations identified key continuous point sources with an uncertainty of 8.08%. The point source emission intensities quantified from mobile measurement ranged from a minimum of 139.36 kg/hto a maximum of 107.42 kg/h, with uncertainties controlled within 19.1%. This experiment provides valuable insights for similar greenhouse gas emission monitoring and quantification tasks.
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1 INTRODUCTION
Anthropogenic greenhouse gas emissions are the primary drivers of climate change, leading to a range of severe environmental issues (Levy et al., 1999). Methane is the second-largest greenhouse gas after carbon dioxide, with a 20-year global warming potential (GWP) 84 times that of carbon dioxide for the same mass (Commission et al., 2021). Therefore, methane emission control is a key measure for mitigating the rapid intensification of global warming in the short term (Erland et al., 2022). Currently, over 150 countries worldwide have signed the Global Methane Pledge, calling for a one-third reduction in anthropogenic methane emissions by 2030. In 2023, China also issued the ‘Methane Emission Control Action Plan,’ explicitly incorporating the control of anthropogenic methane emissions into its next Five-Year Plan.
Currently, reports on anthropogenic methane emissions primarily rely on the ‘bottom-up’ inventory (Omara et al., 2023). Unlike carbon dioxide emission inventories (Xu et al., 2024), compiling methane emission inventories is more challenging and has greater uncertainty (Han et al., 2024a). The reason is that, first, the locations of methane emission sources are often unknown (Jacob et al., 2022; Naus et al., 2023). In recent years, numerous studies have focused on using satellite remote sensing to identify methane super-emitters in the oil, gas, and coal mining industries to address the issue of unknown emission source locations and magnitudes (Irakulis-Loitxate et al., 2021; Cusworth et al., 2022; He T.-L. et al., 2024; Sherwin et al., 2024; Williams et al., 2024; Zhang et al., 2023; Wang et al., 2025a). Second, the applicability of emission factor data can directly determine the accuracy of the emission inventory (Kirschke et al., 2013). Within a specific industry, natural endowments of different basins and the extraction techniques of different companies can significantly impact emission factors, making it difficult to apply default or country-level emission factors to specific regions and enterprises (Buchwitz et al., 2017a; Zhang et al., 2020; Chen et al., 2022; Collins et al., 2022; Meyer et al., 2022). To address these issues, the ‘2019 Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories’ proposed the use of ‘top-down’ greenhouse gas concentration observations to calibrate emission inventories (Allan et al., 2023). The quality of observational data plays a critical role in atmospheric retrieval, and the measurement results obtained from different observation methods and platforms vary significantly in form and characteristics (Zhang et al., 2022; Shi et al., 2022; Yi et al., 2024; Shi et al., 2023a; Wang et al., 2025b). For large-scale detection, satellite remote sensing is the optimal observation method, as it can conduct low-cost, repeated observations over specific regions (Hu et al., 2018; He J. et al., 2024). At present, TROPOMI provides routine [image: image] observation products with a spatial resolution of approximately 7 km, and, without considering cloud cover interference, it is capable of performing daily observations (Zhang et al., 2021; Buchwitz et al., 2017b; Li et al., 2025). However, due to its relatively coarse spatial resolution, it can only reveal methane fluxes on scales above 100 km, making it difficult to conduct more detailed assessments of specific energy production regions (Wang et al., 2023; Parker et al., 2020). Due to its relatively coarse spatial resolution (Pei et al., 2022), it can only reveal [image: image] fluxes on scales larger than 100 km, and therefore cannot conduct more detailed assessments of specific energy production areas. Ground-based mobile measurement can offer more flexibility and speed in observing emission sources (Yu et al., 2022; Shi et al., 2023b). Ground-based mobile measurement can observe emission sources more flexibly and rapidly. Furthermore, the accuracy of in-situ measurement equipment is higher than that of remote sensing measurements, and current cavity ring-down spectroscopy technology can provide methane concentration measurements at the 0.1 ppb level (Huang et al., 2024). However, mobile measurement lacking prior information is highly inefficient, especially in regions with variable wind fields and mixed emission sources (Liu et al., 2024), where unplanned data acquisition tasks often fail to collect useful data for subsequent emission measurements.
To address the aforementioned issues, this work proposes a space-ground integration method for identifying and quantifying methane emissions. First, hyperspectral satellites are used to conduct multiple repeated observations of methane emission areas, employing multi-scene averaging method to identify key methane emission sources within the industrial park. Based on this, meteorological data guide the mobile measurement tasks, involving multiple measurements downwind of the key emission sources to collect reliable and accurate methane concentration data. Finally, the methane emission quantification method is applied to the mobile measurement data to determine the emission rates of the key sources. The remainder of this paper is organized as follows: Chapter 2 describes the study area, as well as the measurement equipment and data used in this study. In this chapter, we will also provide a detailed description of the key algorithms, methods, and processes employed in each step of the work. In Chapter 3, we present the results of identifying key emission sources within the industrial park using the space-ground integration method of methane emission identification and quantification, along with the emission intensities quantified from the mobile measurement data.
2 MATERIALS AND METHODS
2.1 Description of study area
This study selected the Dongying Port Petrochemical Industrial Park in Dongying City, Shandong Province as the study area, as shown in Figure 1. The energy industry is a priority area for methane emission control. In recent years, multiple research groups have focused on super-emitters in the oil and gas sectors in the Permian Basin (United States), Algeria, and Uzbekistan. In China, coal mine is a significant source of the methane emission. Some researchers have conducted quantification experiments on these super-emitters using satellite and ground-based observations. A notable limitation of the above studies is their relatively high detection threshold for emissions. Currently, the widely recognized detection threshold for point-source methane emissions based on satellite remote sensing is approximately 400–500 kg/h. However, recent studies suggest that low-intensity, continuous emission sources can account for over 50% of total emissions, highlighting the need for improvements in current detection technologies. The Shengli Oilfield in Dongying City is China’s second-largest oilfield by crude oil production. According to statistics, approximately 80% of the oil geological reserves and 85% of the crude oil production of Shengli Oilfield are concentrated in Dongying City, Shandong Province, forming a typical large-scale oil extraction and processing cluster in China. As the most important petrochemical base in the region, the Dongying Port Petrochemical Industrial Park has a primary crude oil processing capacity of 15.8 million tons per year, with an annual output of about 80 million tons of energy and chemical products, and an annual industrial output value exceeding 200 billion RMB. The park integrates crude oil extraction, storage and transportation, refining, and downstream product processing. It features a wide variety of methane emission sources with a complex emission structure, encompassing both point and area sources, making it highly representative. Therefore, conducting methane emission monitoring in this area has significant practical relevance and replicability, and can serve as a model for emission verification and intergration observation methods in typical petrochemical industrial parks. Due to its advanced extraction technologies, super-emitters with emission intensities above 500 kg/h are rarely observed in this oilfield. Most emissions belong to low-flux sources. Thus, it provides suitable conditions for testing the detection threshold of this method.
[image: Figure 1]FIGURE 1 | Experimental area and data collection objects: (a) location of Shandong Province in China; (b) petroleum refining facilities; (c) location of Dongying City in Shandong Province; (d) oil extraction facilities.
2.2 Space-based emission tracking system (SETS)
2.2.1 Description of data and procedure
This study utilizes the Gaofen-5 (GF-5) and Ziyuan-1 (ZY-1) satellites, developed and operated by the China National Space Administration, which is designed to provide multi-band, high-resolution Earth observation data. The satellites are equipped with the Advanced Hyperspectral Imager (AHSI) payload (Tang et al., 2023), which primarily collects spectral data with a spatial resolution of 30 m in the 400–2,500 nm range, covering the visible, infrared, and near-infrared bands.
This study utilized 35 scenes of satellite imagery data, including four scenes from GF5A, 14 scenes from GF5B, seven scenes from ZY1E and 10 scenes from ZY1F. For the GF-5 satellite series, the Advanced Hyperspectral Imager (AHSI) has a spectral resolution of approximately 10 nm in the Short-Wave Infrared (SWIR) bands and 5 nm in the Visible-Near Infrared (VNIR) bands. The VNIR bands consist of 150 spectral channels, while the SWIR bands contain 180 spectral channels, resulting in a total of 330 spectral bands. For the ZY-1 satellite series, the AHSI sensor has a spectral resolution of approximately 20 nm in the SWIR bands and 10 nm in the VNIR bands. The VNIR section consists of 76 spectral channels, and the SWIR section comprises 90 spectral channels, totaling 166 spectral bands. Detailed information about the data is provided in Table 1. The data can be accessed at: https://data.cresda.cn/#/home.
TABLE 1 | Details of Satellite data retrieval.
[image: Table 1]After acquiring the 35 scenes of hyperspectral remote sensing data, standard preprocessing steps such as radiometric calibration and geometric correction are applied. Next, land cover masks that could interfere with the CMF results are extracted, including cloud masks, water masks, and shadow masks. Radiometric calibration and masks’ extraction are performed using MATLAB code, while geometric correction is implemented using Python by invoking the GDAL library.
In this study, the Normalized Difference Water Index (NDWI) was used to extract water masks (Qiao et al., 2012). NDWI is a normalized ratio index based on the green and near-infrared bands (Qiu et al., 2024), with the formula shown in Equation 1.
[image: image]
The red, green, and blue channels correspond to spectral bands of 640 nm, 550 nm, and 460 nm, respectively, while the NIR channel utilizes the 850 nm band. After calculating the NDWI values for each pixel, a water segmentation threshold was determined (Yang et al., 2024). Pixels with NDWI values greater than this threshold are classified as water, while those with NDWI values below the threshold are classified as non-water.
In this study, shadow masks are extracted based on the [image: image] color model (Besheer and Abdelhafiz, 2015). The conversion of visible RGB bands to the [image: image] space is defined by Equations 2–4.
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Shadow regions in the RGB space exhibit a decrease in pixel values, with [image: image], where the decrease in the blue band value is minimal, indicating a relatively large blue component. This results in a higher [image: image] component value. Therefore, the method employs a dual-threshold approach for shadow detection based on the [image: image] component and the blue component. A pixel is classified as shadow if its [image: image] component exceeds a certain threshold and its blue component falls below another threshold.
Cloud masks are extracted using the cloud detection method proposed by Wang (Wang et al., 2021). This method first calculates the equivalent apparent reflectance [image: image] for the AHSI bands 11–20, 30–60, 192, and 270–272. A pixel is classified as a cloud pixel if it meets the threshold criteria specified by Equation 5.
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The formulas for calculating the equivalent apparent reflectance for different bands are provided in Equations 6, 7.
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[image: image] represents radiance; [image: image] denotes the average Earth-Sun distance; [image: image] is the mean solar spectral irradiance outside the atmosphere for each band; [image: image] represents the solar zenith angle at the time of image scanning; [image: image] denotes the full width at half maximum of each band; and the [image: image] function is used to compute the difference between vectors.
Calculate the methane concentration increment using CMF for each scene of the imagery after extracting the interference masks, and perform multi-scene averaging. The purpose of averaging is twofold: first, to reduce the noise impact of the CMF results from individual scenes. Multi-scene averaging is grounded in the statistical principle of signal averaging. By computing the pixel-wise arithmetic mean of satellite images acquired over the same area at different times, this technique takes advantage of the assumption that non-systematic background noise follows a zero-mean Gaussian distribution. If the background noise across scenes is independent and identically distributed with constant variance, then averaging N observations reduces the variance of noise by a factor of 1/N. This significantly improves the signal-to-noise ratio (SNR) and helps enhance weak emission signals. Since actual emission sources exhibit spatial consistency across scenes, their signals remain coherent and are preserved during averaging. In contrast, incoherent noise is averaged out, approaching a mean of zero. The second purpose is to identify persistent emission sources within the industrial park. Due to the instantaneous nature of single-scene imagery, methane emission sources identified based on the CMF results of individual scenes may be non-persistent. The retrieval results of such sources have limited reference value for emission inventory corrections. In ground-based data collection efforts, focusing on persistent emission point sources based on the CMF results can enhance the efficiency and quality of data collection.
2.2.2 Classic matched filter
The Classic Matched Filter (CMF) is a data-driven statistical method used to extract spectral background values and enhance signals (Stocker, 1990). In this study, the CMF model effectively isolates the [image: image] enhancement signal from noisy backgrounds (Pei et al., 2023), providing a reliable basis for further research and analysis.
In this study, two methane absorption spectral windows at 1.66 µm and 2.3 µm are utilized. The specific bands employed are listed in the Table 2 below.
TABLE 2 | Details of Satellite data retrieval.
[image: Table 2]Since the AHSI sensor acquires data using a column-by-column scanning mode, the retrieval is performed on a column basis. According to Beer’s Law, the formula obtained is given by Equation 8.
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[image: image] represents the radiance observed by the sensor; [image: image] is the mean radiance of the column unit, used to approximate the reference radiance; [image: image] represents the spectral features to which the matched filter is sensitive, where [image: image] is the absorption coefficient per unit gas concentration; [image: image] represents the enhancement of the average methane mixing ratio.
By solving this formula using the least squares method, the gas concentration increment for each pixel can be obtained, as shown in Equation 9.
[image: image]
2.3 Ground-based emission collecting system (GECS)
2.3.1 Description of data and devices
The ground-based emission collection system (GECS) primarily consists of a civilian vehicle, a methane concentration analyzer (PICARRO G2301), a Global Positioning System (GPS), and an acoustic anemometer (AIRMAR Weather Station 200WX), as shown in Figure 2. The PICARRO G2301 is used to measure [image: image] with a temporal resolution of 1 Hz and a measurement accuracy of ±5 ppb (Crosson, 2008). The acoustic anemometer collects data on environmental temperature, atmospheric pressure, wind speed, and wind direction. The GPS records the location of the sampling points. Additionally, the Picarro inlet is fixed to the top of the vehicle, with the inlet nozzle oriented in the direction of vehicle travel. The vehicle is equipped with a portable power source and an uninterruptible power supply (UPS) to provide stable electrical support to facilities during operation, ensuring their normal functionality. All recorded data are visible in real-time and are used by the researchers to adjust the data collection plan on-site.
[image: Figure 2]FIGURE 2 | Devices of ground-based emission collecting system.
A detailed explanation of how the ultrasonic anemometer was set up is necessary. This instrument is equipped with an internal GPS module, which in theory allows for wind speed measurements on a moving platform by vector summation of the platform’s motion and the measured wind. However, field tests revealed that wind data collected during vehicle movement were significantly affected by platform-induced perturbations, resulting in insufficient accuracy for dynamic observations. To address this issue, we adopted a static wind measurement strategy downwind of the emission sources. The procedure is as follows:
a) The vehicle is stopped at the location exhibiting the maximum methane concentration enhancement;
b) The AIRMAR 200WX is mounted at a height of 1.5 m above ground level, matching the height of the intake tube of the PICARRO analyzer mounted on the vehicle roof, ensuring consistent airflow sampling conditions between the two instruments;
c) The anemometer is left stationary for 2 min, during which wind speed and direction were recorded at a 1 Hz sampling rate;
d) The representative wind speed and direction at each location are determined by computing the arithmetic mean of the 2-min data, which are then used as wind field inputs for downwind flux inversion along the corresponding mobile survey transect;
e) To evaluate measurement uncertainty, the standard deviation of wind speed and direction is also computed at each site, providing a quantitative assessment of the anemometer’s precision under static deployment conditions.
We utilized the GECS to collect data on 1 April 2024, around noon. The timing for data collection was chosen based on preliminary field surveys: at noon, the number of large oil tankers and other heavy vehicles on internal park roads is minimal, which effectively reduces the influence of traffic emissions on the ambient methane background. During the survey period, the weather was cloudy with an air temperature of approximately 20°C and a stable near-surface wind field, conditions that are favorable for back-trajectory analysis of mobile survey data and for conducting high-precision flux inversions. Whenever a [image: image] emission plume was observed on the monitoring screen, the vehicle speed was reduced to 20–30 km/h, conditions permitting, to repeatedly measure the plume. This speed has been validated by Lowry et al. as the optimal velocity for capturing Gaussian plumes (Lowry et al., 2020; Han et al., 2024b). The collected [image: image] data points overlaid on a map are visualized in Figure 3. Anomalies caused by vehicle emissions surrounding the sampling vehicle were removed after the measurements.
[image: Figure 3]FIGURE 3 | Data collected by ground-based emission collecting system.
2.3.2 EMISSION-PARTITION model
The EMISSION-PARTITION model can compute point source emission intensities rapidly and adaptively with only prior information on parameter initial value ranges (Shi et al., 2023b). Its core is the Gaussian dispersion model, as described by Equations 10–12 (Bovensmann et al., 2010).
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A three-dimensional coordinate system is set up based on the location of the emission point source and wind direction, with the point source located at the origin. The [image: image] is aligned with the wind direction, the [image: image] plane is parallel to the ground, and the [image: image] is perpendicular to the [image: image] plane and points upwards. [image: image] represents the emission intensity, [image: image] denotes the wind speed, [image: image] is the effective emission height, [image: image] is the background methane concentration in the area, and [image: image] are the horizontal and vertical diffusion parameters, respectively, which are functions of the horizontal distance [image: image]. The parameters [image: image] and [image: image] are the horizontal diffusion coefficients, while [image: image] and [image: image] are the vertical diffusion coefficients.
The core of the EMISSION-PARTITION model involves solving the unknowns in Equations 10–12 using Particle Swarm Optimization (PSO) and Interior Point Penalty Function (IPPF) (Shi et al., 2020). The fitness function is defined as Equation 13. First, the potential range of the unknown parameters is defined based on the PSO model. Then, using this range as the parameter domain, the unknown parameters are precisely solved using the Interior Point Penalty Function, yielding the optimized parameter results.
[image: image]
[image: image] represents the simulated concentration of data point calculated by fitness function, [image: image] is the actual concentration value of data point, and [image: image] is the total number of selected concentration sample points used for retrieval of emission intensity.
2.4 Space-ground integration system
The space-ground integration methane emission monitoring and quantification system consists of a space-based emission tracking system (SETS) and a ground-based emission collection system (GECS), as shown in Figure 4. Due to the current limitations in satellite image precision for methane plume extraction, the primary function of the SETS in this system is to continuously observe the experimental area and acquire multi-temporal GF-5 hyperspectral remote sensing data. Since single-scene images are instantaneous, the methane emission sources identified from CMF results of individual scenes may be non-persistent sources. The emission intensity retrieval results from such sources provide limited reference value for emission inventory corrections. Therefore, multi-scene averaging is performed to reduce noise in each CMF result, thereby filtering out persistent point sources. This process guides the planning of the collection path for the GECS, improving data acquisition efficiency. The primary function of the GECS is to collect emission data from persistent methane sources within the experimental area. Using the GECS, emission data are precisely collected downwind of the point source to obtain Gaussian plume profiles, and the EMISSION-PARTITION model is then employed to rapidly quantify point source emission intensities. This system uses continuously repeated observations from space-based remote sensing data to provide prior knowledge for ground-based data collection experiments. Additionally, high-precision ground-level methane concentration data help to overcome the challenges of extracting methane plumes from CMF results. The space-ground collaborative observation provides researchers with a new, efficient, and high-precision method for greenhouse gas emission monitoring and quantification.
[image: Figure 4]FIGURE 4 | Concept map of space-ground integration system.
3 RESULTS
We performed multi-scene averaging on the matched filter results from 35 hyperspectral images. Before selecting key methane emission sources, a series of processing steps must be applied to the multi-scene average results to achieve better visualization. First, we manually removed false-positive enhancements from the preliminary results. Due to the relatively low spatial resolution of 30 m from the AHSI sensor, linear anomalies with abnormally high values inevitably appear along water-land boundaries, which significantly interfere with the final map output and subsequent observation planning. Additionally, there are several rooftops with solar panels that caused false-positive enhancements. We manually delineated the vector boundaries of solar panel areas through visual inspection and generated corresponding masks. In the future, solar panels should be extracted during the process of applying masks for interfering ground objects. Second, we filtered and mapped the data where the [image: image] increments were greater than 100 ppb. Methane concentration enhancements in the industrial park ranged between 0 and 1773.05 ppb, with the estimated lower limit of emissions around 100 kg/h. Mapping the data within this range based on the overall distribution helps to better highlight strong methane emission sources in the area. The final [image: image] enhancement distribution map is shown in Figure 5, with high values concentrated in areas with oil and gas storage tanks and petroleum refining facilities. The dark-colored areas indicate significant concentration enhancements across multiple temporal observations, suggesting that conducting observations in these areas is more likely to capture valid emission data. Combining wind direction forecast data and road network information in the industrial park, the following three areas were selected as key regions for ground-based data collection.
[image: Figure 5]FIGURE 5 | Results of CMF, including case 1, case 2 and case 3.
Based on the retrieval results from satellite data, a ground-based emission data collection plan was formulated. The plan involves conducting surrounding measurements of suspected emission sources identified in the satellite retrieval results, with a focus on collecting emission data from downwind locations of the sources. The EMISSION-PARTITION method is then used to invert the emission intensity. In this paper, three sets of emission cases are selected for retrieval analysis.
As shown in Figure 3, the [image: image] concentrations collected by GECS vary significantly within the industrial park, generally ranging between 2.05 and 2.25 ppm. Due to the presence of extensive petroleum production, storage, and refining facilities in the industrial park, [image: image] concentrations are higher in the downwind direction of these facilities, exceeding the values collected on regular roadways. Unlike typical urban roads, industrial park roads have more oil tankers, which can contaminate the collected [image: image] concentration data. Such contaminated data must be removed after data collection. Observations show that the number of oil tankers is lowest at noon, so we chose this period for data collection. Experimental results demonstrate that the GECS can capture the [image: image] distribution characteristics downwind of various facilities.
The first case received emission data from the oil storage tanks in the eastern part of the industrial park. During the actual mobile measurement, the wind direction was recorded as easterly with a wind speed of 2.6 m/s, and three emission plumes were detected downwind of the emission source. These plumes were numbered as the first, second, and third plumes, in order of proximity to the source, corresponding to Figures 6–8. In each figure, (a) represents the [image: image] enhancement caused by the point source, (b) shows the spatial relationship between the emission source and the detected plumes, (c) illustrates the distribution between the fitted sampling data points and the actual sampling data points, and (d) shows the correlation between the fitted and actual sampling data. The concentration values of the three plumes exhibit a decreasing trend, which aligns with objective expectations. The sample size for quantifying the emission intensity from the first plume was 135, with a fitting result of [image: image] and [image: image]; for the second plume, the sample size was 219, with [image: image] and [image: image]; for the third plume, the sample size was 69, with [image: image] and [image: image]. The reconstruction results of the point source diffusion for all three plumes are satisfactory, accurately reflecting the [image: image] emission intensity in the oil storage tank area. The retrieval results of the Gaussian diffusion model parameters are shown in Table 3. The parameter retrieval results for the three plumes were quite consistent, indicating that the algorithm is capable of accurately quantifying [image: image] point source emission intensity, demonstrating reliable performance.
[image: Figure 6]FIGURE 6 | The result of the first strip in Case 1, (a) CMF results of the source, (b) locations of the source, (c) simulated [image: image] concentration and actual [image: image] samples, (d) correlation between simulated [image: image] concentration and actual [image: image] samples.
[image: Figure 7]FIGURE 7 | The result of the second strip in Case 1, (a) CMF results of the source, (b) locations of the source, (c) simulated [image: image] concentration and actual [image: image] samples, (d) correlation between simulated [image: image] concentration and actual [image: image] samples.
[image: Figure 8]FIGURE 8 | The result of the third strip in Case 1, (a) CMF results of the source, (b) locations of the source, (c) simulated [image: image] concentration and actual [image: image] samples, (d) correlation between simulated [image: image] concentration and actual [image: image] samples.
TABLE 3 | Details of ground-based data retrieval.
[image: Table 3]The second case collected emission data from the petroleum refinery in the central part of the industrial park, where methane leakage may occur during the refining process. As shown in Figure 9, during the actual mobile measurement, the wind direction was recorded as southeast with a wind speed of 2.1 m/s, and the GECS captured elevated methane concentrations downwind of the emission source. Seventy-five data points are extracted from the plume to reconstruct the Gaussian diffusion model, with fitting results of [image: image] and [image: image], demonstrating a strong reconstruction performance.
[image: Figure 9]FIGURE 9 | The result of case 2, (a) CMF results of the source, (b) locations of the source, (c) simulated [image: image] concentration and actual [image: image] samples, (d) correlation between simulated [image: image] concentration and actual [image: image] samples.
The third case received mixed emission data from the petroleum refinery and oil storage tanks in the western part of the industrial park. As shown in Figure 10, during the actual mobile measurement, the wind direction was southeast with a wind speed of 2.8 m/s. Due to the distance between the road and the emission source, the plume had narrowed by the time it descended to the road surface, and the GECS captured only 54 data points. Despite the limited number of data points, the EMISSION-PARTITION method successfully reconstructed the point source model, yielding an [image: image] of [image: image] and an [image: image] of [image: image].
[image: Figure 10]FIGURE 10 | The result of case 3, (a) CMF results of the source, (b) locations of the source, (c) simulated [image: image] concentration and actual [image: image] samples, (d) correlation between simulated [image: image] concentration and actual [image: image] samples.
Table 3 presents the retrieved emission intensity, background concentration, wind speed, wind direction, horizontal and vertical diffusion coefficients, and source height for the three cases. The first three cases are sub-cases of Case 1, where three downwind plumes were used to reconstruct the same emission source. The retrieved wind speeds and directions for the three sub-cases are nearly identical. Similarly, for the more abstract parameters of horizontal and vertical diffusion coefficients, the retrieval results show a high degree of consistency. The retrieved source height and background concentration are consistent with the actual conditions. Among all the cases, the highest emission intensity is from Case 3, reaching 139.36 kg/h, while the lowest is from Case 2, at 107.42 kg/h.
4 DISCUSSION
4.1 Uncertainty calculation of CMF
In the CMF algorithm, the standard deviation (std) of non-plume background pixels is typically used to describe the uncertainty of the retrieval increment (Guanter et al., 2021). However, in this study, unlike [image: image] concentration enhancement pixels, methane concentration enhancement pixels are less likely to form a plume. As a result, the traditional criterion of determining background pixels based on whether they belong to a plume region cannot be applied. The Otsu method, or maximum inter-class variance method, can classify pixels into foreground and background based on the grayscale characteristics of the image. Since variance is a measure of data dispersion, a larger inter-class variance between the background and foreground indicates a greater difference between the two parts of the image, which is highly beneficial for distinguishing enhancement pixels from non-enhancement pixels. Therefore, this study applied the Otsu method to threshold the enhancement and non-enhancement pixels in the CMF results, using non-enhancement pixels as background pixels. The calculated uncertainty is 17.581 ppb.
In the study area of this paper, various surface types such as clouds, shadows, and water bodies may lead to incorrect calculations of methane concentration enhancements. Before performing the matched filter calculation, we extracted masks for these three surface types to ensure that they were excluded from the computation. Therefore, when analyzing the sources of uncertainty in identifying the emission source locations, both the spectral uncertainty of the raw data and the uncertainties in the extraction methods for these three masks need to be considered. The calculation formula is shown in Equation 14.
[image: image]
[image: image] represents the uncertainty in total. [image: image] denotes the spectral uncertainty in raw data. [image: image] represent the uncertainties in shadow mask, cloud mask and water mask. As shown in Figure 11, the total uncertainty is 8.08%. Among these, the spectral uncertainty of the raw data is 2.68% (Liu et al., 2020). The uncertainties of the three masks were determined by simulating 10,000 calculations using the Monte Carlo method. Specifically, the uncertainty of the shadow mask is 1.32%, the cloud mask uncertainty is 0.87%, and the water body mask uncertainty is 7.46%. Due to the coastal proximity of the study area and the presence of water bodies within the industrial park, the uncertainty of the water body mask is the highest. Water body segmentation has a significant impact on the matched filter results.
[image: Figure 11]FIGURE 11 | The sources of uncertainty in identifying the location of emission sources.
4.2 Uncertainty analysis of EMISSION-PARTITION model
In the Gaussian diffusion model, factors such as wind speed and wind direction play a crucial role, and the accuracy of emission sample collection also affects the retrieval value of point source emission intensity. The uncertainty in emission intensity calculated by the EMISSION-PARTITION model is derived from the uncertainties of sample accuracy, wind speed, and wind direction, with the calculation formula shown in Equation 15.
[image: image]
[image: image] represents the uncertainty in the emission intensity quantified by the model. [image: image] denotes the uncertainty in sample accuracy, approximately 0.10%, and is calculated based on the standard gas calibration experiments of PICARRO. [image: image] and [image: image] represent the uncertainties in wind speed and wind direction, respectively. These uncertainties are determined based on 2 min of continuous stationary wind speed and direction measurements from a meteorological station at the data collection site. The calculated uncertainties for each case are shown in Table 4. Since the first and second plumes of Case 1 involve repetitive observations of the same point source and the wind speed data are nearly identical, these two cases are discussed together in the uncertainty analysis.
TABLE 4 | Details of uncertainty analysis.
[image: Table 4]By examining Tables 3, 4 together and comparing wind speed with wind speed uncertainty, it is evident that higher wind speeds result in lower uncertainty, with the most pronounced difference observed between Cases 2 and 3. This is because when the wind speed is low, air movement becomes more chaotic, and atmospheric transport exhibits higher randomness. As the wind speed increases, the correlation coefficient [image: image] between the sampled data and the simulated sampling data also increases accordingly. For example, in this study, Case 2 has the highest wind speed of 4.51 m/s, and its corresponding [image: image] is also the highest among the five fitted cases, at 0.9428. According to Shi’s research, there is a positive correlation between sample size and the correlation coefficient between the sampled data and the simulated sampling data (Shi et al., 2023b), which is particularly evident in the first and second plumes of Case 1. However, this study found that this positive correlation is affected by wind speed. When the wind speed increases, the Gaussian diffusion model provides a better simulation of the sampled data, resulting in improved simulation results even with fewer samples, as observed in Case 2.
4.3 Future prospects
Currently, hyperspectral satellites such as the GF-5 series, PRISMA, and EMIT generally have a detection limit for methane emissions of around 400–500 kg/h. For low flux emission sources, the multi-scene averaging approach presented in this study can be used for detection. However, quantification is nearly impossible. With the advancement of satellite remote sensing technology, the addition of higher-performance satellite data will play a crucial role in enhancing the space-ground integration observation system. In recent years, the launch of new satellites such as Methanesat and Carbon mapper will contribute to the direct quantification of low flux emissions based on satellite remote sensing data.
In the ground-based measurement component, integrating site-specific data into a integration system will be crucial. For example, in the oil and gas industry, methane emissions from tanks originate from the irregular release of high-pressure gas through breathing valves. The emission intensity is a highly variable parameter, and it is difficult to estimate the annual emissions from these facilities based on only a few sampling observations. Similar issues are not uncommon; many methane emission sources exhibit significant temporal variability, such as rice paddies, landfills, and sewage treatment plants. Ground-based observations can provide temporally continuous concentration measurements, which help reveal the temporal characteristics of these emission sources—an advantage that satellite remote sensing and airborne observations do not possess (Shi et al., 2021).
5 CONCLUSION
In this study, we propose a space-ground integration system of methane emission monitoring and quantification, offering a solution to the problem of limited precision in satellite remote sensing for methane point source emissions and the inefficiency of data collection in ground-based mobile measurement tasks.
The system first acquires multi-temporal hyperspectral imaging data of the target area and uses the classical matched filter method to retrieve methane emission increments in the region, identifying continuous emission sources based on multi-scene averaging results. Then, a ground-based emission collection system is used to perform circumferential observations around the emission facilities, and the EMISSION-PARTITION model is employed to accurately retrieve the methane point source emission intensity. Using this system, we conducted experiments at the Dongying Port Oil Refining Park, identifying three key emission areas and efficiently quantifying methane emissions from oil production, refining, and storage processes. In the selected cases, the maximum emission intensity was 139.36 kg/h while the minimum was 107.42 kg/h. We performed an uncertainty analysis of the matched filter results, determining that water bodies are the main source of uncertainty affecting methane concentration increments, with the uncertainty controlled within 8.08%. An uncertainty analysis of the EMISSION-PARTITION model concluded that wind speed is the primary factor affecting emission intensity, with the retrieval uncertainty at 19.1%. Experiments demonstrate that the system can effectively combine the advantages of satellite remote sensing and ground-based mobile measurements to efficiently collect and quantify methane point source emission data. In the future, we will use this system to complete more methane point source emission intensity quantification tasks, providing robust data support for the development and revision of emission inventories and policy-making by environmental agencies.
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