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Abstract

Methane (CHy) is the dominant constituent of natural gas and plays a significant role in climate change as a
powerful greenhouse gas. CHy lingers 30 times more than CO; in the atmosphere and has a greater potency in
trapping heat. Human activities such as Oil and Gas production, underground mining, and landfill activities
contribute to 25% to 33% of global warming worldwide. Traditional methods often lack real-time and accurate
monitoring capabilities. To reduce the effect of methane emissions on global warming, several research works
have demonstrated the efficiency of Passive Infrared Optical Gas Imaging in methane detection and quantification,
which is widely used in Leak Detection and Repair programs (LDAR) as a non-destructive and non-invasive
method. The combination of Machine Learning procedures such as Faster Region Convolutional Neural Network
(Faster R-CNN) along with thermal infrared cameras was proven to be effective for methane detection and
quantification. However, challenges remain in accurately determining emission rates. Recent studies have also
revealed that methane emissions estimates provided by agencies like the Environmental Protection Agency (EPA)
are often significantly underestimated. Recently, several detection projects demonstrated that the estimates the
Environment Protection Agency (EPA) provided are underestimated. This paper explores the integration of
machine learning models with optical gas imaging, examining methodologies, results, and limitations in methane
detection across the petroleum industry, underground mining, and landfill sectors.

Future research directions include improving detection algorithms to enhance accuracy under varying
environmental conditions, developing lower-cost sensor technologies for widespread deployment, and addressing
regulatory challenges to ensure consistent and reliable methane reporting practices. This addition outlines
promising future research areas and emphasizes key technical and regulatory challenges that must be addressed to
advance methane monitoring capabilities.
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1. Introduction

In recent years, observations of greenhouse gas emissions revealed a necessary urgency to monitor and reduce
hazardous gas release in the air, such as methane, carbon dioxide, and nitrous oxide. Among these gases,
methane overshadows all the other greenhouse gases because of its potency and occurrence across multiple
fields, such as the petroleum industry, coal mining, and agriculture. Its concentration is increasing over time and
attracting escalating concerns [1].

Methane leakage, therefore, is one of the most critical phenomena encountered in the industrial and environmental
context. The increasing number of oil and gas wells in the world, particularly in the US, makes methane emissions
hazardous, especially because methane is a greenhouse gas that lingers 10 years in the atmosphere beforeError!
Reference source not found.Error! Reference source not found. decomposition. Although released in smaller
quantities than carbon dioxide, methane is roughly twenty-five times more effective at trapping heat [2]. Figure 1:
2022 U.S. Methane Emissions by source [3] shows that several sources cause the increasing quantities of methane
leaks. Oil and natural gas systems, according to [3], are the source of 30% of the total emissions registered in 2022
in the U.S. taking place in all stages of the oil and natural gas industry from production operations to distribution.
Gas production accounts for the highest percentage of leakage among the other segments, comprising 39% of
emissions in the oil and gas industry [4,5]. Studies investigating most of the oil and gas wells in the New Mexico
Permian revealed that 9% of the total production is leaked, while the EPA estimated that only 1.4% is leaked,
proving that methane emissions are more hazardous than previously expected. Enteric fermentation and landfills
[1] participate in 27% and 17% of emissions respectively; notably, Municipal Solid Waste (MSW) is considered
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the third largest source of emissions caused by humans, comprising 14% of the total emissions in the U.S. in 2022.
Reports indicating accurate emission rates of Greenhouse Gases (GHG) are obligatory for nations and individual
landfills to monitor emissions [3,6]. Methane can be captured from landfills and used as a renewable energy source,
70% of which can be used for electricity and heat generation. Studies showed that around 200 Nm?/dry tons of
CHy, is generated by anaerobic biodegradation of municipal solid waste [7].

2022 U.S. Methane Emissions, By Source
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Figure 1: 2022 U.S. Methane Emissions by source [3]

Several research works have tested the efficiency of multiple detection tools and methods. However, recent
research focuses on pivots around thermal imaging found in infrared cameras. Passive infrared optical gas imaging
is consistently used as a leak detection method as it provides high sensitivity to greenhouse gases, especially
methane [8]. The convenience of optical gas imaging was proved in several studies [8-12,13] that showed the
technology is qualitative and depends on the conditions in which thermal cameras are used. Some studies [2,14]
affirmed that the emissions quantified by several research works are more critical than the quantities the
Environmental Protection Agency estimated. The aspiration to mitigate methane emissions is based on developing
robust sensors that can efficiently detect leaks. Other studies [31,32] focused on mathematical modeling and
spectral imagers to measure the column density and methane concentration. However, these studies did not cover
the use of conventional IR (Infrared) cameras as a quantification tool [115].

This paper addresses recent advances and technologies used in Optical Gas Imaging in the petroleum industry,
mining, and landfill emissions, applications of infrared technology, and its limitations.

2. Optical Gas Imaging

Optical gas imaging (OGI) is an effective non-contact method that utilizes thermal cameras to create images and
envision gases, including methane and different organic gases, mainly hydrocarbons [15,16]. Infrared cameras
generate expeditious results when used to detect gas leaks and minimize fugitive gas emissions [17]. Their
principle of operation is based on capturing the induced temperature in a certain frame and recognizing different
wavelengths of infrared light that, when sufficiently intense, can emit heat (infrared radiation is directly
proportional to the temperature of the object). The camera’s internal measuring devices, called microbolometers,
capture this thermal energy. Every pixel has one measuring device to measure and record the temperature and
allocate every pixel to the appropriate color, showing the findings on the camera screen. Consequently, the captured
data will be converted into an image that can be interpreted with the naked eye [18].

Optical Gas Imaging (OGI) is generally more cost-effective than traditional methane detection methods,
particularly when considering its ability to provide rapid, non-contact inspections over large areas. Traditional
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methods, such as flame ionization detectors (FIDs) and toxic vapor analyzers (TVAs), often involve point-based
sampling, which requires physical proximity to leak sources and tends to be labor-intensive, time-consuming, and
costly, especially in large-scale industrial settings. In contrast, OGI cameras can detect methane emissions visually
from a distance, reducing the need for extensive labor and repeated site visits.

While the initial investment for OGI equipment, such as thermal infrared cameras, can be high, the long-term
operational costs are lower. OGI allows operators to scan wide areas and detect leaks that would be missed by
point-based sampling, thus avoiding the costs associated with undetected leaks, such as methane fines and lost
products. Moreover, OGI enhances safety by allowing workers to remain at a safe distance from potentially
hazardous gas emissions during inspections. Additionally, the ability of OGI to integrate with machine learning
and automated detection systems can further reduce costs by minimizing the need for constant manual monitoring.
As OGI technology continues to improve and becomes more widely adopted, these cost savings are expected to
increase, making it an increasingly viable option for industries that rely on continuous methane monitoring.
Optical gas imaging, using infrared cameras, was combined with Convolutional Neural Networks (CNN) since”
Machine Learning models present extraordinary success in plume identification thanks to analysis enhancement
and recognition of the gas flow patterns [19-21]. The purpose of this approach was to detect objects. Several
research studies have been conducted on this topic; however, the first two generations of CNN (R-CNN and Fast
R-CNN) were not applied to methane detection. Only the third one, Faster R-CNN, was applied along with infrared
cameras to visualize methane. To develop an efficient model to detect leaks, Optical Gas Imaging registers a
massive number of videos where leak recordings have been made to train the R-CNN Model and do the testing.
The model's accuracy is conditional on the number of image proposals used for training, and the speed of treatment
is sensitively harmed by large proposals [22,23]. Furthermore, it was proven that the detection accuracy is
significantly affected by the imaging distance of the camera, which is considered the most important parameter.
From an imaging distance of 10 m, 80% of emissions can be detected. Both elevated temperature and super emitters
enhance detection accuracy; however, their influence is not as remarkable as the imaging distance [14].

One of the dominant methods in examining imagery is CNN, a type of deep neural network [24]. The use of CNN
was significant in the 1990s. The primary model used was LeNet in 1989 by Lecun et al which focused on
recognizing manually scripted digits [25]. Thereafter, it witnessed another renaissance in 2012, starting with
AlexNet [26], then came [27] which trained a large and deep CNN to classify 1.2 million high-resolution images
into 1000 classes—seemingly achieving a top 1 error rate of 37.5% as a top 5 error rate of 17%, which is considered
a significant improvement. Despite this relative efficiency, they were still considered slightly expensive to be
utilized on high-resolution images. However, using some GPUs (Graphics Processing Unit) coupled with a highly
optimized implementation of 2D convolution was robust enough to ease the training of CNNs [27]. [28,29]
developed and trained a CNN model to combine with OGI using TensorFlow software. The purpose was to assess
the ability of GasNet (assembly of three CNN model variants) to effectively detect methane leaks and to
differentiate between leak images and non-leak images. Building the CNN went through the ordinary method of
construction as well as the image processing. They first used different leaking equipment to record around one
million videos and collect labeled videos. The operation was conducted on various leak sizes ranging from 5.3 to
2051.6 g CH4/h, as demonstrated in Table /: Leak rates and the associated leak classes recorded from each imaging
distance [29].. A variety of distances, from the source of the image to the source of the leak, ranges from 4.6 to
15.6 m. Then, the methane plume was extracted after testing different background subtraction methods. Finally, to
locate the gas plume in the recorded video, the GasNet was tested.

Table 1: Leak rates and the associated leak classes recorded from each imaging distance [29].

Leak class label Leak rate in scfh (£95% CI) Leak rate in g/h (£95% CI)
Class 0 0.3+0.0 53+0.1

Class 1 16.8+0.1 277.7+1.1

Class 2 43.2+0.2 713.1+2.6

Class 3 58.1+0.2 958.8+3.1

Class 4 68.1+0.3 11243+ 4.3

Class 5 84.2+0.3 1389.8 +4.8

Class 6 109.5+25 1806.1+41.4

Class 7 1243+29 2051.6 £48.0

The leak rates were recorded using a FLIR GF-320 Infrared camera generating many videos needed for CNN to
train a deep learning network. The results of the study showed that the detection process became easier, and the
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accuracy became higher, considering that the distance of the image and the strength of the plume signal in the
images are inversely proportional. While dealing with large leaks (greater than 710 g CH4/h) and installing the
camera at a distance of 5 to 7 m, the accuracy is optimum and can exceed 97%. It was noticed that at the distance
of 5 to 10 m, the accuracy is above 94%, while it decreases significantly at furthest distances of 13 to 16 m;
however, if the leak is bigger (greater than 950g CHa/h), the accuracy can reach 95% [29].

The US EPA recognized challenges related to quantifying emissions using OGI. [30] The Agency noted that one
of the most important limitations of thermal IP cameras is their incapacity to measure the concentration of gas
plumes. Several studies pointed out detailed limitations. [31] Hagen highlighted that while IR cameras can detect
gas leaks, they are a recent invention and are still a subject of continuous research due to the challenges
encountered. [32] Fox et al. demonstrated that the thermal cameras used to mitigate gas emissions do not give a
quantitative assessment, they only give a qualitative assessment. [33] Implementing recent Artificial Intelligence
(AJ) assisted OGI systems developed by FLIR is limited to intelligent gas detection and segmentation.
Considering these limitations, the EPA suggests that additional devices should be used to quantify the emissions
after an OGI system has detected and located the emission [34]. As a result, Almeida et al. [35] used an infrared
gas analyzer to scrutinize the composition and concentration of gases; Ravikumar et al. [36] used the emission
factor method [37] and the Hi-Flow sampler [38] to determine the emission rate. Al-hilal et al. [39] used flame
ionization detectors (FID) or photoionization detectors (PID) for measuring gas concentration, and Gal et al. [40]
used a combination of multiple devices (including an infrared gas analyzer, micro-chromatography, and the
accumulation chamber technique) to quantify gas concentrations and flux. Moreover, Englander et al. [41,42] used
laser absorption spectroscopy (LAS) [43] for column concentration measurements, and Lev-On et al. [44]
characterized these OGl-assisted quantification methods into five types: average expected, leak/no leak, random
sample screening, periodic screening, and high leaker sniffing.

The CNN algorithms were convenient for object classification since they were based on feature extraction and
object classification [45], but they necessitated an additional step for further improvement. Object recognition was
essential for the improvement of object detection using bounding boxes, which will eventually facilitate object
detection [46]. This step will make the process more complex because instead of focusing only on object
classification, it will assemble two different tasks: classification and recognition. This new technique is integral in
the multistage detector group of the Region-Convolutional Neural Network, and it is divided into three different
generations discussed in the upcoming sections [47]. CNN is not necessarily related to OGI and Infrared
technology. However, the suggested models can be used and developed with OGI [48]. In particular, Faster R-
CNN was the most widespread method combined with OGI for methane detection.

1.1. First Generation: R-CNN

R-CNN represents the commencement of all generations of R-CNN. It consists of three steps:
1- Propose region first by scanning the input image for possible objects using an algorithm called Selective
Search, generating roughly ~2000 region proposals.

2- Run a convolutional neural network (CNN) on top of these region proposals to extract features.

3- Classify the features based on the features by taking the output of each CNN and feeding it into a) an SVM to
classify the region and b) a linear regressor to tighten the bounding box of the object if such an object exists.

The main goal of this approach was to convert object detection into an indolent image classification task. That is
why more expanded approaches were developed [47]. Girshik et al. suggested a new algorithm that could increase
the Mean Average Precision (mAP) by more than 30% compared to the latest result, which was 53.3% registered
on VOC2012. Their reasoning depended on coupling two main ideas to combine the region proposal with CNN.
The first was to localize and segment objects; high-capacity CNNs can be applied to bottom-up region proposals.
The second one was the application of supervised pre-training for an auxiliary, followed by domain-specific
tuning, to generate an important improvement in performance when using rare labeled training data.

These studies’ suggested system is illustrated in Figure 2: R-CNN Architecture [51]. The system attained a mean
average precision of 53.7% on Pascal VOC 2010. When they compared this result to others previously registered
(35.1% registered using a spatial pyramid and bag-of-visual-words approach, while 33.4% was registered when
using the popular deformable part models), it was clear that R-CNN showed the best mAP. [49]. The R-CNN
manifested drawbacks such as significant time waste, the need to provide a huge storage capacity, and outstanding
computing performance. In addition to that, the multi-stage training pipeline contributing to this version is intricate.
Consequently, the necessity to develop a more advanced generation of R-CNN was crucial to conquer the
disadvantages of the previous generation. [49, 50].
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1.2. Second Generation: Fast R-CNN

A year after the elaboration of R-CNN, Fast R-CNN, the second generation, was developed to address the issues
found in the first generation. The particularity of this new generation compared to the first one is the integration
of a new process called Region of Interest Projection (Rol projection). After feeding an image to the underlying
CNN and launching the selective search, the coordinates of the bounding box are determined from the Rol Proposal
and then projected while always respecting the subsampling ratio (the ratio of the feature map size to the original
size of the image), into the feature map. The image used is a fixed-size image. The grid used for pooling is a 7x7
grid, and instead of employing the SVM (Support Vector Machine) classifier used in R-CNN, Fast R-CNN uses
SoftMax [50].

This development shows an exponential improvement in the speed of training and testing. Unlike R-CNN, Fast R-
CNN does not regularly feed 2000 region proposals to the convolutional neural network. The feeding operation is
done once to create the feature map by feeding the input image to CNN. However, it shows a 66.9% accuracy on
the PASCAL VOC 07 dataset, which is not considered good progress [50,51]. The results of the time consumption
comparison between R-CNN and Fast R-CNN made by Aakarsh Yelisetty are shown in Table 2: Time
consumption in R-CNN and Fast R-CNN [50] below:

Table 2: Time consumption in R-CNN and Fast R-CNN [50]

R-CNN Fast R-CNN
Training time 84 hours 9.5 hours
Speedup 1x 8.8x
Test time per image 47 seconds 0.32 seconds
Speedup 1x 146x
Test time per image with selective search 50 seconds 2 seconds
Speedup 1x 25x

Although Fast R-CNN significantly improved the training time and the image detection time, it still has a similar
downside to R-CNN, consisting of the complexity of using selective search to extract 2000 region proposals in
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which the objective was to reduce this amount. So, the faster R-CNN was implemented in object detection, mainly
in methane detection. The major change was implementing a separate Neural Network to reduce the computational
cost of object detection [52].
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Figure 3: Fast R-CNN Architecture [52]

1.3. Third Generation: Faster R-CNN

To propose a region, Faster R-CNN had to use an independent neural network using CNN first to procure region
proposals. Then, the predicted region proposal is reshaped using a Rol (Region of Interest) pooling layer.
Subsequently, the image is classified within the proposed region, and the offset values for the bounding box are
speculated by the Rol. A comparison between time consumption in the three generations is shown in Table 3: Time
consumption in R-CNN, Fast R-CNN, and Faster R-CNN [52]: [51,52].

Table 3: Time consumption in R-CNN, Fast R-CNN, and Faster R-CNN [52]

R-CNN Fast R-CNN Faster R-CNN
Test time per image 50 seconds 2 seconds 0.2 seconds
with proposals
Speedup 1x 25X 250x
mAP (PASCAL VOC 66.0 66.9 66.9
07)

[22] stated that using OGI solely is a source of errors as it is ponderous. Manual analysis of the video frame can
cause errors in interpreting the results. Therefore, they developed an automated model of hydrocarbon leak
detection by integrating the Faster Region-Convolutional Neural Network (Faster R-CNN) that was first published
in 2015 - a third generation of the Convolutional Neural Network Family- along with OGI. Faster R-CNN is the
most extensively used approach among the R-CNN family. This approach is principally based on implementing
the Regional Proposal Network (RPN) with Fast R-CNN. It considers that the RPN is the Regional Proposal
Algorithm that will generate the Regional Proposal while the Fast R-CNN is the Detector Network. Implementing
the RPN decreased the region proposal time from 2s to 10 ms per image. In addition, it collaborated in enhancing
the feature representation as a consequence of sharing layers with the next detection stage [22, 53].
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Figure 4: Faster R-CNN Architecture for Hydrocarbon leakage detection [22].

The RPN has a specific architecture containing a classifier and a regressor. The classifier. For the training purposes,
the Loss Function is used:

1 1
L(pifs 1)) = 57— 2Lets (Pis i) + A 2pi Lreg(ti, ) ()
cls reg
Lreg(tis ti ) = Xiegx,y,w,ny SMOOth 1 (ti — i), )
smooth;,(x) =] 0.5x% if |x| <1 3)

|x] — 0.5 otherwise,

71


http://www.iiste.org/

Journal of Energy Technologies and Policy Www.iiste.org
ISSN 2224-3232 (Paper) ISSN 2225-0573 (Online) mey
Vol.14, No.3, 2024 STE

1 1s the Index of anchor,

pi is the predicted probability of being an object or not,

t is a vector of 4 parameterized coordinates of the predicted bounding box,

ti is a vector of the ground-truth box,

Les and Ly, represent the Log form of the classification Loss and the regression form, respectively,

X, y,w and h represent the coordinates of the bounding box,

Neis and Nieg are the normalization terms,

A is 10 by default and is done to scale the classifier and regressor on the same level,

p with regression term in the loss function ensures that if and only if an object is identified as yes, then only
regression will count, otherwise, p will be zero, so the regression term will be equal to zero in the loss function
[54].

[22] suggested a methodology that leads to an optimal Faster R-CNN joined with an Infrared camera to eventually
detect leaks in real time of occurrence without the need for the intervention of humans (Figure 5: The proposed
methodology to determine the optimal Faster R-CNN Model [22]). Their work showed that the exactitude of the
Faster R-CNN is not directly influenced by the increasing depth of the feature extractor or by the reduction of the
proposal number from 300 to 100 in this case. However, if the proposal number significantly decreases, the
accuracy of the approach is remarkably damaged. On the other hand, the detection speed is directly related to and
influenced by these parameters. The increasing depth of the feature extractor tends to slow down the detection
speed while a lower proposal number improves the detection speed. According to the experiments, it has been
found that the developed model based on Faster R-CNN and Resnet 101 coco with Resnet 101 feature extractor
and 100 proposals is remarkably precise and secure than the Single Shot MultiBox Detector (SSD) models.

One constraint in this approach is that the developed system could detect other systems with the same number of
pixels as the leaks, which will probably cause erroneous results. In addition, if we want the accuracy of the manual
annotation procedure to be improved, it is vital to implement an automated annotation technique. The main reason
for these constraints is still unknown, but it may be due to the size of the dataset, the frame resolution, or the
surrounding sounds. [23] Shi et al conducted another research study aiming to use Faster R-CNN with Infrared
camera for real-time methane leak detection in offshore platforms. Although it is difficult to record many videos
and execute real-time detection in offshore conditions, the experimental approach suggested that the thermal
camera creates an ample number of virtual pictures using a Computational Fluid Dynamics (CFD) Simulation tool
as a cost-effective method. The Faster R-CNN model was then trained and tested to minimize the Loss Function.
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Figure 5: The proposed methodology to determine the optimal Faster R-CNN Model [22]

Recent advancements in Convolutional Neural Networks (CNNs) have significantly enhanced methane detection
applications, particularly when combined with Optical Gas Imaging (OGI) technology. CNNs excel at image
recognition tasks, making them highly effective for identifying methane leaks in infrared imagery. With improved
architectures, such as Faster R-CNN, CNNs can detect leaks with greater accuracy and speed, even in challenging
conditions with complex backgrounds or low contrast.

The improvements in CNN algorithms benefit methane detection by enhancing the precision of leak localization,
enabling real-time detection and quantification of emissions. Advanced CNNs can be trained on large datasets to
recognize the unique thermal signatures of methane leaks, allowing the models to distinguish methane from other
gases or environmental features, reducing false positives. Additionally, optimized CNNs require less
computational power, which facilitates on-site processing and integration into portable devices, making methane
monitoring more efficient and accessible across various industries.

3. Applications of infrared technology in methane detection

While thermal imaging is used in various fields such as electrical maintenance, plumbing, mechanical and building
construction, transport navigation, and health care and medicine, infrared technology is showing great potential in
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methane detection and quantification, especially for accurate real-time results. Multiple academic research works
have been conducted to test the efficiency and applicability of infrared cameras in detecting and quantifying CHa
in different sites and locations [55].

Traditional sensors, such as laser detectors, could only indicate that the pre-defined gas threshold had been
exceeded but could not delineate the source of the leak [23]. Infrared sensors, contrariwise, can precisely indicate
the location of the leak. The US Environmental Protection Agency (EPA) indicated, through a comparative study
of different optical technologies, that Infrared Optical Gas Imaging is the current efficient technology that could
potentially replace current Leak Detection and Repair (LDAR) techniques [15,30]. The atomic and molecular
weight of the gas determines the absorption rate of certain light waves. The wavelengths range from 2200 nm to
2400 nm as shown in Figure 6 can be absorbed by CHa4in a distinctive pattern called a spectral fingerprint. For
larger methane plumes, the absorption is higher which results in a higher intensity of the signal [56, 57].

Infrared technology is used as a non-destructive precise gas sensing method based on thermal wave imaging. It
absorbs the light emitted from a source and uses an optical transducer for the measurement of the signal [57]. This
technology has recently witnessed a large spread in both academia and industry. [58] Joyce et al. used the
PRecursore IperSpettrale della Missione Applicativa (PRISMA) satellite to localize the source of methane plumes
and quantify methane emissions from different human activities. This method proved successful in locating and
quantifying methane plumes in quasi-real time from 30m resolution satellite data and ultimately alleviate emissions
in the atmosphere.

Methane spectral fingerprint
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Figure 6: Methane spectral fingerprint [57].

[59] NASA, in a new space mission, initiated Earth Surface Mineral Dust Source Investigation (EMIT) to send on
a space mission. These detectors were initially used to investigate the effect of dust on weather patterns; however,
they can also be employed to spot methane emissions. In addition to precisely spotting the location of the leaks,
this pristine technology will also mitigate against methane exhaust. The collection of data is executed in desert
areas on five different continents: Africa, Asia, Australia, and North and South America. However, what they called
“Super Emitters” were found only in two continents: Asia and America. The biggest leaks were mainly a result of
the waste from fossil fuel activities (facilities, equipment, and oil and gas infrastructures) and agriculture activities.
The effectiveness of infrared detection varies depending on climate conditions. Temperature has a great effect on
efficiency. According to a study conducted by Wang et al. [60], the detection uncertainty decreases when the
ambient temperature is low and vice versa.

3.1. Oil and Gas Industry

Optical Gas Imaging using infrared cameras can also be utilized in the petroleum industry, specifically in offshore
platforms, even though it represents a challenge [61]. A bi-annual monitoring frequency in onshore and offshore
well sites is mandatory using Optical Gas Imaging as the Best System of Emission Reduction (BSER). This
technology works by generating a fading wave from infrared light. It is used to detect the presence and measure
the concentration of dissolved CH4 in seawater. [23] Due to the scarcity of CHy4 fugitive discharges, it was
challenging to record many videos using OGI solitary in deep water drilling offshore platforms. Hence, it was
required to combine infrared cameras with faster R-CNN to generate virtual images for instantaneous detection.
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[62] Ravikumar et al tested the performance of a commercial infrared camera while considering environmental
effects and imaging conditions. They conducted the experiments in the Methane Emissions Technology Evaluation
Center (METEC) at Colorado State University. The center where the study was applied perfectly mimics a natural
gas exploration area with the following components: wellheads, separators, and tank batteries. The gas was flowing
from a cylinder at a pressure of 2500 psi, and it leaked through several leaks existing in every component.

[63,64] Another study was performed on 128 plugged and 206 unplugged abandoned wells in the state of Colorado
in the United States, which showed that plugged wells emit 0 g ch4 well"! h'!; however, unplugged wells emit an
average of 586 g chs well'! h'! whereas the first super-emitting abandoned well was found at a rate of 76 kg chyg
well! h'l. The average methane quantity found in the atmosphere in this study is 75 times larger than the current
US average of gas emissions. At the United States level, collected data showed methane rates emissions from
abandoned wells in five different American states. The results are shown in Table 4.

Table 4: Methane rates in abandoned wells in 5 states in the United States [63]

US State Number of wells CHqa rate (g chawell*h)
Pennsylvania 40 12

Oklahoma 20 4

California 97 0.3

West Virginia 112 0.1

Ohio 6 0

Satellites are considered efficient tools for recognizing large greenhouse sources. [65] A FLIR Gas Finder 320
infrared camera was used in the borders between Arizona and California in a single-blind fixed location study to
evaluate methane sensing systems designed for point-source real-time detection and quantification and to follow
the dispersion of the gas plume. The team used a flowing liquified natural gas from a van directly to a heater trailer
and then to a metering and releasing trailer. This installation was an imitation of an oil and gas flaring system of a
production field. The results of this study showed that the satellites could detect most emissions and did not report
any false positives.

[66] To identify any potential sources of flowing gas in the atmosphere, Allen et al used infrared cameras to look
over four different natural gas production sites in the United States and to identify the source of the leak according
to the work practice 40C FR 60.18. The method used could detect a methane threshold of 30g/hr. Those sites
include Appalachian, Gulf Coast, Midcontinent, and Rocky Mtn. The measurement was made at 189 gas wells,
and the study could only measure methane leaks during the completion phase. Further studies should be done
during the production phase to determine the total rate of methane emissions during oil and gas production using
the same method since the measurement uncertainties are not significant. [67] Furthermore, Brown et al worked
on an estimation of methane emissions in midstream. In six months, they evaluated the gas outflows using several
technologies, including OGI and LDAR. The main goal was to correlate the flow rate of emissions with operation
and maintenance events. It was found that, in operating conditions, top-down techniques are less likely to be as
efficient as bottom-up techniques for midstream facilities. Additional testing should be completed to further
compare top-down and bottom-up techniques. [9,68] In oil and gas wells, a comparison between ground and aerial
surveys demonstrated that the detected methane rates were significantly higher when the first method (Ground
survey) was implemented. The responsiveness of the ground survey tool is superior; however, the effectiveness
will be affected by ambient temperature. Additionally, it was demonstrated that the leakage frequency from storage
tanks is greater, [10,11] which signifies that the control and mitigation of fugitive emissions from this source will
considerably reduce methane and volatile organic compounds (VOC) emissions. [10] An evaluation of VOC and
Hazardous Air Pollutants (HAPs) emissions revealed that both on-site and remote measurements gave the same
results. However, results obtained when a High-Volume Sampler (HVS) was used were underestimated.
Transmission and storage systems of natural gas in the US also play a crucial role in methane emissions. A quarterly
monitoring frequency is mandatory using Optical Gas Imaging as the best BSER (Best System Of Emissions
Reduction). [69-70] It was shown that the largest emission sources were fugitive emissions from certain
compressor-related equipment and “super-emitter” facilities. The total methane emissions estimate from the
Transmission and Storage sector were at 1,503 [1,220 to 1,950] Gg/yr compared to the 2012 EPA’s Greenhouse
Gas Inventory (GHGI) estimate of 2,071 [1,680 to 2,690] Gg/yr. The confidence level of their estimate was 95%.
During gathering and processing operations, the CH4 loss rate was estimated to be 2421 (+245/-237) Gg,
representing 0.47% (£0.05%) loss for all the U.S. The source of these emissions was the primarily normal operation
of gathering facilities followed by the operation of processing plants. The estimates were 1.7 times lower than the
2012 EPA Greenhouse Gas Inventory (GHGI) estimate for processing plants; however, they were 3 times higher
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than the EPA Greenhouse Gas Reporting Program. Since not all CHs emissions are reported, a significant
difference is registered in gathering operations emissions. These emissions represent 30% of the total estimate.
[71] It is suggested to combine Tunable Laser Spectroscopy (TLS) with mid-infrared imaging as a sensitive method
to visualize the gas plume.

Gas pipelines demonstrate high leakage rates of methane. [72] The Environmental Defense Fund (EDF) announced
that methane leaks originating from natural gas pipelines are estimated to be 2.6 million tons yearly representing
the equivalent emissions of 50 million cars operating for a year. EDF also indicated that the U.S. Environmental
Protection Agency’s Greenhouse Gas Inventory estimates of methane leaks from pipelines are significantly
underestimated. [73-80] Thermal imaging and multi-wavelength imaging, in this case, represent a major advantage
as they can be used from the ground, vehicle, aircraft, and satellite platforms. Table 5 represents a comparison
between annual methane leaks reported by EDF and EPA from U.S. gas pipelines.

Table 5: Annual methane emissions from U.S. pipeline leaks [72]

ANNUAL METHANE EMISSIONS FROM U.S. PIPELINE LEAKS IN METRIC TONS

EDF EPA 2022
Gathering pipelines 482,000 — 1,890,000 127,000
Transmission pipelines 6,400 3,300
Distribution pipelines 761,000 203,000
Total 1,250,000 — 2,660,000 333,000

The estimates provided by EDF and EPA demonstrate the quantification gap related to methane emissions,
referring to differences in the methods, technologies, and data collection used by both entities. The primary reason
for the rate difference could be that EPA uses periodic inventories provided by companies. However, EDF uses
satellite imagery, ground-based imagery, and air-based imagery for real-time emission data, providing a
comprehensive representation of real methane rates.

3.2. Underground mining

[81] Lorenzo-Bayona et al made an experimental comparison of some methane sensors used in underground coal
mining. The study’s objective was to test the efficiency of the key methane sensing technologies, such as laser and
LDAR, used to bolster safety measures in this kind of environment. The factors taken into consideration that could
affect the operation process of the sensors are the temperature, pressure, time taken to respond, and dust influence.
The EN 60079- 29-1 standard, one of the standards of Directive 2014/34/EU of the European Parliament and of
the Council of 26 February 2014, was applied on 10 mobile devices and six non-mobile devices to have a total of
16 methane sensors. If the infrared sensors are not supplied with a temperature sensor, a calibration should be
executed to match the operation temperatures [82].

It was found from [81] that optical sensors always have the highest response time compared to interferometric
sensors were found inaccurate because weather conditions highly impact them and also catalytic sensors were
found to be untrustworthy when the sensing operation is applied on low methane concentration in a long period or
when it is applied on high methane concentration in a short time. According to this study, infrared sensors are not
influenced by oxygen concentration changes. However, they are significantly influenced by the pressure change
as well as the presence of humidity in the air which causes the dilution of gas and affects the photonic absorption
of the infrared light by the gas. Ethane is another factor affecting infrared functioning since its presence decreases
its efficiency by 10%.

3.3 Landfills gas emissions

The constant growth of the number of landfills across the world is due to industrial, human, and agricultural
activities. Solid Waste disposal produces around 20% of the total methane in the air [1,83]. In landfill gas emissions
(LFG), the gas is composed of 40-60% of methane, 40-50% of CO,, and the rest is composed of some other gases
present in a small amount. Most landfill gas detection was executed using ground-based screening tools; however,
remote sensing screening tools have been utilized more in recent years. [84] Since the anaerobic digestion process
is sensitive to ambient conditions and surrounding changes, traditional methods used by biogas plant operators
were not practical due to the complexity of monitoring the process. Henceforth, machine learning algorithms were
developed to be implemented in anaerobic digestion to monitor and optimize biogas production. [85,86] The
passive infrared camera is effective not only in detecting methane emissions from landfills but also in detecting
temperature variations caused by aerobic respiration during the day and the night. If the surface temperature from
the airborne Long-Thermal Infrared (LWIR) can be precisely corroborated and mapped with surface temperature
measurements, high surface temperature, and high methane concentration areas can be identified. [87,88] Methane
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indices included Particular Narrow Spectral SWIR ranges such as 1630 — 1699 nm and 2100 — 2300 nm to localize
high methane concentration areas. [89] Infrared absorption spectra experiments using Fourier Transform Infrared
Spectroscopy in the wavelength range of 1.0 to 1.7 um enable the real-time determination of CH,4 concentrations.
[90,91] In Melbourne, Australia, Lewis et al focused on the adaptability and constraints of infrared thermography
to measure gas leakage emitted from landfills by investigating the effect of weather, ground conditions, and sensor-
leak distance. The work targeted the potential leak spots and used the Thermal Infrared Spectroscopy (TIR) by
taking pictures with a camera of 320 x 240 pixels resolution and a field of view of 24° x 18°. The camera used
could not successfully detect all the leaks. The temperatures read by the camera and the thermometer were different
in the presence of the same methane concentration. Therefore, other factors such as light, wind, and barometric
pressure significantly affected the detection accuracy. Under windy weather, the temperature tends to decrease
when using TIR, so the concentration of methane detected was insignificant (less than 0.03%). Apropos of the
ambient temperature, in cooler temperatures, the camera can demonstrate higher accuracy in detecting methane
leaks as an abnormality. While in higher temperatures, the leak could not be recognized. The surface material can
also play a role in confusion. In some cases, plastic bags can be misinterpreted as landfill gas leaks. [92] Fjelsted
et al used the same method in Denmark in two landfill areas of 100 m? fragmented into 100 measurements. The
same type of camera was used but with a different resolution of 382 x 288 pixels. The outcomes revealed that the
method had the same temperature differences as the previously mentioned method. Moreover, the emission rate
must be greater than 150 g CH4 m™ d'! and the area must be greater than 1 m?. Another successful experiment
conducted by [93] Tanda et al. demonstrated that the use of unmanned flight vehicles (UAVs) in landfill surfaces
is successful in determining thermal anomalies recorded on a large piece of surface. The aerial infrared
photographs explicitly showed the thermal anomalies generated from biogas digestion. Thus, the method was
efficient in revealing accurate biogas production from urban waste disposals.

[94] It was proved that the prediction of CHj4 is contingent upon temperature anomalies of the ground as well as
solar radiation in in-situ conditions. Low rates of untreated methane constitute a powerful source of greenhouse
gas. [95] Tian et al. highlighted the importance of low methane content landfill gas mitigation. A photocatalyst,
Y203:Er3+ -Ti02-0.05% graphene (GR) was combined with the sol-gel method. When exposed to visible near-
infrared sunlight, the experiment showed a good response, promising a practical alternative to the classic
photocatalytic degradation technology that depends on ultraviolet (UV) light. [96] Njoku et al. investigated the
influence of meteorological conditions on subsurface emissions using a government-accredited GA 2000 landfill
gas analyzer. The subsurface CH4 concentrations are inversely proportional to the distance from the landfill
activities and CH4 migrates to shallower depths towards the soil surface through pores. It was found in this study
that carbon dioxide was present in larger concentrations compared to methane. [97] Therefore, for isolation
purposes, a bottom base sealing is always mandatory to prevent the migration of any gas and water from the landfill
base to the atmosphere and to deeper depths. Additionally, an HDPE (High-Density Polyethylene) piping system
is used to recuperate and direct the generated gas to treatment units to be used in energy regeneration.

Previous studies show that passive infrared imaging models can accurately produce infrared images in the
petroleum industry and landfills especially when the leak rate is sufficiently high. The technology is a valuable
tool for leak identification. However, further studies should be conducted to estimate the gas leak rate, particularly
when the rate is low.

4. Contrast between thermal passive infrared detection and laser detection

Thermal Passive infrared and laser technologies can be used with drones to detect and measure hazardous methane
leaks. However, their fundamental operating mechanism is entirely different. The main difference resides in the
type of detection. While infrared cameras detect a leak in a wide area, the laser detector detects only a spot in a
narrow field of view of one point.

Both can be equally efficient in detecting dangerous gas leaks mounted on drones, but they are based on different
principles and serve various purposes. Methane absorbs specific wavelengths. This absorption reduces the infrared
radiation that hits the detector, thus indicating the existence of gas. The mid-IR region is often referred to as the
'molecular fingerprint' region of the electromagnetic spectrum because molecules can be uniquely identified from
their spectral signatures. This opens applications in a range of fields from environmental monitoring to health and
medical diagnostics, industry, security, and defense. The mid-IR range also spans the spectral peak of thermal
emissions from most biological and mechanical objects with temperatures between 200 K and 1400 K. This
spectral range is, therefore, critical for security and defense applications aimed at thermal targeting and night
vision, as well as for energy auditing and conservation [98-102].

Optical gas sensors that work based on LAS (Laser Absorption Spectroscopy) are typically combined with multi-
pass gas cells, optical resonators—cavities—and photoacoustic spectroscopy [103-105]. The most advanced and
universal optical technique for gas measurement is tunable diode laser spectroscopy (TDLS). TDLS can be used
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for in situ and remote measurements. This technique is now capable of detecting trace gas concentrations with
sensitivities at the parts-per-trillion (ppt) level [106-110]. In the Tunable Diode Laser Technique (TDLA), the
wavelength of a single line emission of a laser diode is scanned precisely over a single gas absorption line, and the
peak absorption at the line center is compared to the baseline on either side of the line [111]. In laser sensor-based
technology, the gas beam may be pointed at different targets, such as gas pipelines, gas piping systems, or even
the ground. A diffused ray will reflect back from the objective after directing a primary laser beam to the same
objective. Eventually, the device will collect the imitated beam, quantify the absorptivity of the light ray after
receiving it, and give a final result of the methane column density (ppm-m). According to Works Well, there are
higher chances of locating a hazardous gas leak using an infrared camera than using a laser detector. The other
advantage of using a thermal camera is reducing the time needed to locate the same gas leak. Further differences

are shown in Table 6.

Table 6: Differences between Infrared and Laser Technologies [64,112-114]

Passive Infrared

Laser

Principle technology

« Infrared source light and filter
technology

* Near-infrared laser technology

Spectrum

» Only weak resolution is achieved

* High resolution is achieved
therefore there is no resolution
problem

Long term stability

« Infrared light life is similar to the
life of light bulbs. It becomes less
potent progressively due to aging.

» Longer operating life thanks to
the adoption of the latest and the
steadiest semiconductor
photoelectric components.

Single channel stability

« IR sensors need a second
measurement  channel as a
reference

* Regular calibration is required to
avoid any issues and further
complications which may lead to
erroneous results

*+ No necessity for regular
calibration or a reference channel.
The laser detector has long-term
stability with only a single channel

Detectable gases

* Variety of gases (more than 100
gases)

« Exclusively one gas

Type of measurement

* Image stream (the area where the
leak is found)

e Infrared sensor measures the
dissemination of gas and the point
of release for a leak

* Thorough scanning of a complete
area

* Spot measurement (Just one spot,
not an area)
* Only the presence of gas

* Liner inspection

Power consumption

* High power consumption

e The laser diode in the laser
detector emits 100% of its light and
consumes less energy.

Response time

« A relatively high response time
that takes more than 30 seconds
due to the utilization of only a
small amount of effective Infrared
radiation.

» Response time varies from 6
seconds to 8 seconds for a laser-
type methane sensor.

Humidity

» Water molecules demonstrate a
noteworthy absorption capacity in
the Infrared range, resulting in an
impotent infrared response.

« Infrared sensors are affected by
the ambient temperature as well.

» Laser sensors do not absorb
vapor; therefore, they do not
exhibit any response for water
molecules and demonstrate
efficient vibration resistance.

« Laser sensors are not affected by
the ambient temperature as well.
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5. Limitations and Conclusions

At the moment, one of the greatest threats to environmental sustainability is methane, which is caused by
uncontrolled emissions in different industries. Earth observation fully supports the monitoring of the abundant
greenhouse gas emissions. Traditional methane detection methods often fall short in providing accurate, real-time
data, highlighting the need for advanced technologies. Passive Infrared Optical Gas Imaging, coupled with
machine learning algorithms like Faster R-CNN, has shown promise as an effective, non-destructive tool for
methane leak detection and quantification. This paper reviewed the methodologies and challenges associated with
these technologies across various sectors, indicating that current estimates of methane emissions may be
significantly underestimated. From the previously mentioned studies, several limitations were revealed:

(1) Non-pure gases, especially the ones with higher molecular weight result in a lower detection threshold.
Oil and gas production and processing produce a mixture of gases in the quasi-totality of the cases.
Moreover, wet gas is responsible for reducing the detection threshold compared to the cases where only
dry gas is leaked.

(2) Meteorological conditions such as low temperature and high wind velocity constrain the cameras to
localize and quantify the leak. Therefore, detection is more efficient in warmer weather and low wind
velocities.

(3) Water molecules demonstrate a noteworthy absorption capacity in the Infrared range, resulting in an
impotent infrared response. Therefore, low levels of humidity are favorable for accurate estimates and
precise determination of the gas plume.

(4) Localizing and quantifying gas leaks at low rates and distances are still challenging. The detection range
is limited to short distances (lower than 5 m) from the leak source to the camera’s location which could
represent a challenge in big industrial plants. Machine learning tools were efficient in localizing gas
plumes; however, the development of the Faster R-CNN method is still needed for intermittent emissions
and low emission rates.

Improving passive infrared technology to be more reliable and applicable for methane detection and quantification,
to make better environmental management and mitigation strategies possible, requires overcoming these
limitations through advanced research and development. The ultimate goal is to develop technologies and systems
that are accurate, robust, convenient, and cost-effective to make them suitable for engineering practice. The
developments would be designed to enhance the capabilities of the present gas analysis and spectroscopic
techniques. This emphasizes the need for interdisciplinary research that integrates developments in artificial
intelligence, machine learning, and data science, extend 2D IR images to 3D spectral ones combined with
spectroscopy, and leverages the global structure information by Al to make concentration and emission rate data
from IR images. The refinement of these technologies is essential to contribute to global efforts in addressing
climate change.

Future research directions in this field should focus on enhancing detection algorithms to improve accuracy under
diverse environmental conditions, developing cost-effective sensor technology to facilitate broader deployment,
and addressing regulatory inconsistencies that impact methane reporting practices. Tackling these areas will be
crucial for refining methane monitoring systems, reducing emissions, and mitigating the environmental impact of
this potent greenhouse gas.
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