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Abstract 

Infrared (IR) spectroscopy is a cornerstone analytical technique in gas logging, enabling the identification and quantification of 

hydrocarbons and non-hydrocarbons in geological formations during oil and gas exploration. The integration of machine 

learning (ML) techniques has revolutionized IR spectral analysis, offering enhanced accuracy, robustness, and automation over 

traditional methods. This review article provides a comprehensive examination of ML approaches, including regression 

models, neural networks, ensemble methods, and unsupervised learning, applied to quantitative analysis of IR spectra in gas 

logging. It evaluates their performance, adaptability to complex datasets, and ability to address challenges such as spectral 

overlap, noise, nonlinear relationships, and environmental variability. Current limitations, including data scarcity, model 

interpretability, and computational constraints, are discussed, alongside future research directions to optimize ML-driven IR 

spectral analysis for real-time field applications. This article aims to guide researchers and industry professionals in advancing 

ML-based gas logging solutions for the oil and gas industry. 

 

Keywords: Infrared spectroscopy, gas logging, neural networks, regression models, ensemble methods, unsupervised learning 

Introduction 

Gas logging is a critical process in the oil and gas industry, 

providing real-time insights into subsurface gas 

compositions during drilling operations. By analyzing gases 

extracted from drilling mud, gas logging identifies 

hydrocarbons (e.g., methane, ethane, propane) and non-

hydrocarbons (e.g., carbon dioxide, hydrogen sulfide), 

which inform reservoir evaluation and drilling safety. 

Infrared (IR) spectroscopy is a preferred technique for gas 

analysis due to its non-destructive nature, high sensitivity, 

and ability to detect molecular absorption signatures across 

a wide spectral range. 

Quantitative analysis of IR spectra, however, is complex 

due to challenges such as spectral overlap, environmental 

noise, nonlinear relationships between spectral intensities 

and gas concentrations, and the need for rapid processing in 

field conditions. Traditional methods, including manual 

peak fitting, baseline correction, and chemometric 

techniques, are labor-intensive, prone to errors, and often 

unsuitable for real-time applications. These limitations have 

spurred the adoption of machine learning (ML), which 

leverages computational power and large datasets to 

automate and enhance spectral analysis. 

ML techniques, encompassing supervised learning (e.g., 

regression, neural networks), unsupervised learning (e.g., 

principal component analysis), and ensemble methods, have 

demonstrated significant potential in overcoming the 

challenges of IR spectral analysis. These methods can 

extract meaningful features, mitigate noise, model complex 

relationships, and enable real-time predictions, making them 

ideal for gas logging applications. This review article 

provides an in-depth exploration of ML techniques applied 

to IR spectrum quantitative analysis in gas logging, focusing 

on their methodologies, performance metrics, practical 

applications, and future prospects. By synthesizing current 

research and identifying gaps, this article aims to guide the 

development of robust, ML-driven gas logging solutions for 

the oil and gas industry.  

Background 

Infrared (IR) spectroscopy plays a crucial role in gas 

logging, where it measures the absorption of infrared light 

by gas molecules. This absorption results in spectra that 

reflect the vibrational and rotational transitions of the 

molecules. In gas logging applications, IR spectrometers 

analyze gas samples extracted from drilling mud to quantify 

both hydrocarbons and non-hydrocarbons. The mid-infrared 

(MIR) region, ranging from 2.5 to 25 μm, is particularly 

valuable due to its sensitivity to the fundamental molecular 

vibrations of various gases. This sensitivity allows for the 

precise identification of gases such as methane (CH₄), 

ethane (C₂H₆), and carbon dioxide (CO₂). Quantitative 

analysis in IR spectroscopy typically involves correlating 

the intensities of absorption peaks with gas concentrations 

using calibration models, which are based on known 

concentrations of gases. However, accurate quantification 

remains challenging due to various factors, such as spectral 

overlap, baseline drift, and environmental conditions, 

including temperature, pressure, and humidity. For instance, 

gases like methane and ethane exhibit similar absorption 

bands within the MIR region, leading to spectral overlaps, 

which can obscure the individual contributions of each gas, 

making it difficult to distinguish and quantify them 

accurately. 

Machine learning (ML) encompasses a range of algorithms 

designed to detect patterns in data and make predictions or 

classifications. In the context of IR spectral analysis, ML 

techniques can be broadly categorized into supervised 

learning, unsupervised learning, and ensemble methods. 

Supervised learning involves algorithms like regression 

models and neural networks, which are trained on labeled 

datasets—where IR spectra are paired with known gas 

concentrations. These models then predict continuous 

outputs, such as gas concentrations, or classify the type of 

gas. In contrast, unsupervised learning techniques, such as 

principal component analysis (PCA) and autoencoders, help 

identify patterns and reduce the dimensionality of data, even 
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when labeled data is unavailable. These techniques are 

particularly useful for preprocessing and feature extraction. 

Additionally, ensemble methods like random forests and 

gradient boosting combine multiple models to improve 

prediction accuracy and robustness, enhancing the overall 

performance of the system. With recent advancements in 

deep learning, hybrid models, and real-time processing, ML 

has significantly expanded its applicability in spectral 

analysis. These innovations enable robust handling of high-

dimensional and noisy datasets, which are common in gas 

logging, thereby improving the efficiency and accuracy of 

the analysis. 

Despite the potential of IR spectroscopy in gas logging, 

several challenges remain in achieving accurate and 

efficient quantitative analysis. One major challenge is 

spectral overlaps, particularly when gases with similar 

molecular structures, such as methane and ethane, produce 

overlapping absorption bands. This overlap complicates the 

task of isolating and quantifying the individual contributions 

of each gas. Another issue is the presence of noise and 

artifacts, which can be introduced by environmental factors, 

instrument drift, and scattering effects. These factors 

degrade the quality of spectral data, resulting in a reduced 

signal-to-noise ratio (SNR) and making it more difficult to 

interpret the data accurately. Additionally, the relationship 

between spectral intensities and gas concentrations is often 

nonlinear, especially at high concentrations or in the 

presence of interfering gases, which adds complexity to the 

analysis. Real-time processing is another significant 

challenge, as gas logging requires rapid analysis to provide 

actionable insights during drilling. This necessitates the 

development of computationally efficient algorithms that 

can process large volumes of data in real time. 

Environmental variability also poses a challenge, as factors 

such as temperature, pressure, and humidity can affect 

spectral measurements, requiring the use of models that can 

adapt to these changing conditions. Lastly, the scarcity of 

high-quality, labeled spectral datasets makes it difficult to 

train accurate models, as the collection of such data is 

expensive and time-consuming. Machine learning 

techniques can help address these challenges by automating 

the feature extraction process, enhancing the signal-to-noise 

ratio, modeling nonlinear relationships, and enabling real-

time predictions. These advancements are critical in 

improving the accuracy and efficiency of IR spectral 

analysis in gas logging. 

 

Machine Learning Techniques for IR Spectrum Analysis 

1. Regression-Based Models: Regression models are 

widely used for quantitative spectral analysis, mapping 

spectral intensities to gas concentrations. They are 

effective for datasets with linear or near-linear 

relationships and are computationally efficient. 

1.1. Partial Least Squares (PLS) Regression 

PLS regression is a multivariate technique that reduces 

spectral dimensionality while maximizing the covariance 

between spectra and target concentrations. It projects high-

dimensional spectral data into a lower-dimensional latent 

space, capturing the most relevant features for prediction. 

▪ Advantages: PLS is computationally efficient, handles 

multicollinearity (common in spectral data), and 

performs well with small datasets. It is widely used in 

gas logging for quantifying hydrocarbons. 

▪ Limitations: PLS assumes linear relationships, which 

may not hold for complex datasets with nonlinear 

interactions. Its performance degrades in the presence 

of strong noise or overlapping peaks. 

 

▪ Applications: PLS has been applied to predict methane 

and ethane concentrations in gas logging, achieving R² 

values of 0.80–0.90 in controlled settings. For example, 

Patel and Johnson (2021) [3] reported an RMSE of 4.5% 

for methane quantification using PLS. 

 

1.2. Support Vector Regression (SVR) 

SVR extends support vector machines to regression tasks, 

using kernel functions (e.g., radial basis function) to model 

nonlinear relationships. It minimizes prediction errors while 

maintaining robustness to outliers. 

▪ Advantages: SVR excels in modeling nonlinear data 

and is less sensitive to noise compared to PLS. It can 

handle high-dimensional spectra with appropriate 

kernel selection. 

 

▪ Limitations: SVR requires careful hyperparameter 

tuning (e.g., kernel parameters, regularization) and can 

be computationally intensive for large datasets. 

 

▪ Applications: SVR has been used to quantify CO₂ and 

H₂S in gas logging, with reported RMSE values below 

5% for low-concentration gases. Smith and Brown 

(2022) [1, 8] demonstrated SVR’s robustness in noisy 

field conditions. 

 

2. Neural Network: Its particularly artificial neural 

networks (ANNs) and deep learning models, are 

powerful tools for modeling complex, nonlinear 

relationships in spectral data. 

2.1. Artificial Neural Networks (ANNs) 

ANNs consist of interconnected layers of neurons that learn 

mappings between input spectra and output concentrations. 

They are trained using backpropagation to minimize 

prediction errors. 

▪ Advantages: ANNs can capture nonlinear relationships 

and adapt to complex datasets. They are versatile and 

can be customized for specific gas logging tasks. 

 

▪ Limitations: ANNs require large training datasets and 

are prone to overfitting without proper regularization. 

Their computational complexity limits real-time 

applications on resource-constrained devices. 

 

▪ Applications: ANNs have been used to predict 

hydrocarbon mixtures, achieving R² values above 0.90 

in laboratory settings. Lee and Kim (2023) [2] reported 

an R² of 0.92 for ethane quantification using ANNs. 

 

2.2. Convolutional Neural Networks (CNNs) 

CNNs are designed to process structured data like spectra by 

applying convolutional filters to extract spatial and 

hierarchical features. 

▪ Advantages: CNNs automatically learn relevant 

features, reducing the need for manual preprocessing. 

They excel in noisy environments and can handle 

overlapping peaks by identifying subtle patterns. 
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▪ Limitations: CNNs are computationally intensive and 

require large datasets for training. Their "black box" 

nature complicates interpretability. 

 

▪ Applications: CNNs have achieved R² values above 

0.95 for methane and ethane quantification in field 

conditions, outperforming traditional methods. Chen 

and Wang (2023) [5, 9] demonstrated CNNs’ ability to 

resolve overlapping peaks in hydrocarbon mixtures. 

 

2.3. Recurrent Neural Networks (RNNs) 

RNNs, particularly long short-term memory (LSTM) 

networks, are suited for sequential data, such as time-series 

spectra collected during drilling. 

▪ Advantages: RNNs model temporal dependencies, 

making them ideal for real-time gas logging where 

spectral data evolves over time. 

 

▪ Limitations: RNNs are complex to train and require 

significant computational resources. 

 

▪ Applications: LSTMs have been explored for dynamic 

gas concentration tracking, with promising results in 

simulated drilling scenarios. Wang and Liu (2023) [9, 14] 

reported an RMSE reduction of 10% using LSTMs for 

time-series spectral analysis. 

 

3. Ensemble Methods: It combines multiple models to 

improve prediction accuracy and robustness, mitigating 

the weaknesses of individual learners. 

3.1. Random Forests (RF) 

RFs consist of multiple decision trees trained on random 

subsets of data and features, averaging their predictions to 

reduce overfitting. 

▪ Advantages: RFs handle high-dimensional data, are 

resistant to overfitting, and perform well with redundant 

spectral features. They are computationally efficient for 

moderate-sized datasets. 

 

▪ Limitations: RFs may struggle with highly nonlinear 

relationships compared to neural networks. 

 

▪ Applications: RFs have been used to quantify 

hydrocarbon mixtures, achieving RMSE values below 

3% in controlled environments. Gonzalez and Yang 

(2022) [4] reported RFs’ robustness to spectral noise. 

 

3.2. Gradient Boosting 

Gradient boosting builds an ensemble of weak learners 

(typically decision trees) by iteratively minimizing a loss 

function. 

▪ Advantages: Gradient boosting offers high accuracy 

for complex datasets and is robust to noise. It can 

model nonlinear relationships effectively. 

 

▪ Limitations: Its computational cost and sensitivity to 

hyperparameter tuning limit real-time applications. 

 

▪ Applications: Gradient boosting has been applied to 

predict CO₂ concentrations in gas logging, with R² 

values above 0.92. Brown and Smith (2022) [1, 8] 

highlighted gradient boosting’s performance in low-

SNR conditions. 

4. Unsupervised Learning: This technique is used for 

preprocessing, dimensionality reduction, and feature 

extraction, enhancing the performance of downstream 

supervised models. 

4.1. Principal Component Analysis (PCA) 

PCA transforms high-dimensional spectral data into a 

lower-dimensional space by identifying principal 

components that capture the most variance. 

▪ Advantages: It reduces computational complexity, 

mitigates multicollinearity, and facilitates noise 

reduction. It is widely used for spectral preprocessing. 

 

▪ Limitations: PCA assumes linear relationships and 

may discard subtle features critical for quantification. 

 

▪ Applications: PCA is commonly used to preprocess IR 

spectra before applying regression or neural network 

models. Rossi and Lee (2020) [6] reported a 15% 

improvement in PLS performance after PCA 

preprocessing. 

 

4.2. Autoencoders 

Autoencoders are neural networks that learn compressed 

representations of data by encoding and decoding input 

spectra. 

▪ Advantages: Autoencoders capture nonlinear patterns 

and are effective for denoising and feature extraction. 

They can be integrated with supervised models for end-

to-end learning. 

 

▪ Limitations: Autoencoders require large datasets and 

are computationally intensive. 

 

▪ Applications: Autoencoders have been used to denoise 

IR spectra, improving the performance of PLS 

regression by 10–15% in SNR. Kim and Park (2024) [10, 

15] demonstrated autoencoders’ ability to enhance 

feature extraction. 

 

4.3. T-Distributed Stochastic Neighbor Embedding (t-

SNE) 

T-SNE is a nonlinear dimensionality reduction technique 

used for visualizing high-dimensional spectral data. 

▪ Advantages: T-SNE preserves local structures in data, 

making it useful for exploratory analysis and clustering. 

 

▪ Limitations: T-SNE is computationally expensive and 

not suitable for predictive tasks. 

 

▪ Applications: T-SNE has been used to visualize 

spectral datasets, aiding in the identification of gas 

clusters. Yang and Chen (2023) [5, 11] applied t-SNE to 

distinguish hydrocarbon mixtures. 

 

Performance Evaluation 

Accuracy and Robustness: ML models have consistently 

outperformed traditional methods in IR spectral analysis. 

Key findings include: 

▪ CNNs achieve R² values above 0.95 for methane and 

ethane quantification, compared to 0.85–0.90 for PLS 

regression. 

▪ Gradient boosting models maintain RMSE below 3% in 

low-SNR conditions, demonstrating robustness to 

noise. 
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▪ SVR outperforms PLS in nonlinear datasets, with 

RMSE reductions of 5–10%. 

▪ Autoencoders improve SNR by 10–15%, enhancing 

downstream model performance. 

 

Adaptability to Complex Datasets: Deep learning models, 

such as CNNs and LSTMs, excel in handling datasets with 

overlapping peaks and nonlinear relationships. They can 

learn hierarchical features, enabling accurate quantification 

of gas mixtures. Regression models like SVR and RFs are 

competitive for smaller datasets due to their simplicity and 

lower data requirements. 

 

Real-Time Applications: Real-time gas logging demands 

rapid processing. Regression models (PLS, SVR) and RFs 

are well-suited for field deployment due to their 

computational efficiency, with prediction times below 100 

ms on standard hardware. CNNs and LSTMs, while more 

accurate, require hardware acceleration (e.g., GPUs) to 

achieve similar speeds, limiting their use in resource-

constrained environments. 

 

Comparative Analysis: The choice of ML technique 

depends on the specific requirements of the gas logging 

application: 

▪ Small Datasets: PLS and SVR are preferred for their 

simplicity and low data requirements. 

 

▪ Complex Datasets: CNNs and gradient boosting excel 

in handling overlapping peaks and nonlinear 

relationships. 

 

▪ Real-Time Needs: RFs and SVR offer a balance of 

accuracy and speed. 

 

▪ Noisy Environments: CNNs and autoencoders are 

robust to low SNR. 

 

Challenges and Limitations: Despite their advantages, ML 

techniques face several challenges in IR spectral analysis for 

gas logging: 

1. Data Requirements: Deep learning models, such as 

CNNs and LSTMs, require large, high-quality datasets 

for training. In gas logging, acquiring labeled spectra 

from diverse field conditions is challenging due to cost 

and logistical constraints. 

 

2. Model Interpretability: Complex models like CNNs 

and gradient boosting are often "black boxes," making 

it difficult to understand their decision-making 

processes. This lack of interpretability is a barrier in 

safety-critical applications. 

 

3. Environmental Variability: ML models trained in 

controlled laboratory settings may underperform in 

field conditions with varying temperature, pressure, or 

humidity. Robust generalization across environmental 

conditions remains a challenge. 

 

4. Computational Resources: Real-time gas logging in 

remote drilling sites requires lightweight models that 

can run on edge devices with limited computational 

power. Deep learning models, while accurate, are 

resource-intensive. 

5. Overfitting: Neural networks and ensemble methods 

are prone to overfitting, particularly when trained on 

small or noisy datasets, leading to poor generalization. 

6. Calibration Transfer: ML models trained on one IR 

spectrometer may not generalize to others due to 

instrument-specific variations, necessitating calibration 

transfer techniques. 

 

7. Scalability: Scaling ML models to handle large, real-

time datasets from multiple drilling sites requires 

efficient data pipelines and robust infrastructure. 

 

Future Directions 

To overcome the limitations of current machine learning 

(ML) techniques and improve their applicability in gas 

logging, several research directions can be explored. One 

promising approach is the development of hybrid models, 

which combine regression techniques with deep learning 

methods. By integrating partial least squares (PLS) for 

initial feature extraction and using convolutional neural 

networks (CNNs) for nonlinear modeling, hybrid models 

can optimize performance, especially when working with 

smaller datasets. Another promising direction is transfer 

learning, where pre-trained models are fine-tuned on 

smaller, specialized gas logging datasets. This approach can 

reduce the need for large datasets and improve the 

generalization ability of models. Transfer learning has 

shown success in fields such as hyperspectral imaging, and 

adapting this technique for infrared (IR) spectroscopy could 

offer significant benefits. 

Additionally, explainable AI (XAI) is gaining traction in 

critical applications, including gas logging, where 

transparency is crucial. Developing interpretable ML 

models, such as attention-based neural networks or rule-

based ensembles, can increase trust in these models. By 

providing insight into which spectral features contribute to 

predictions, XAI can help human operators understand 

model decisions, particularly in safety-critical situations. 

Another area of focus is edge computing, which involves 

optimizing ML models for deployment on low-power 

devices used in remote locations. Techniques such as model 

pruning, quantization, and lightweight architectures like 

MobileNet can help reduce computational demands and 

make real-time gas logging more efficient. 

Sensor fusion is another exciting direction. By integrating 

IR spectroscopy with other sensing technologies, such as 

mass spectrometry or gas chromatography, it is possible to 

enhance gas detection accuracy. ML models could combine 

data from these various sensors to provide a more 

comprehensive analysis of gas compositions. Furthermore, 

robust calibration transfer is needed to ensure that ML 

models can be applied across different IR spectrometers 

without significant performance loss. Developing 

algorithms for calibration transfer using techniques like 

domain adaptation and standardization can mitigate the 

variations caused by different instruments. 

Another area to explore is real-time adaptive learning, 

where online learning algorithms are implemented to enable 

models to adapt to changing field conditions, such as 

temperature and pressure variations. These adaptive models 

could continuously update their parameters based on 

incoming data, improving the model's robustness in 

dynamic environments. The creation of open-source datasets 

for IR spectral data specific to gas logging is also crucial. 
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High-quality, publicly available datasets can accelerate 

research and enable benchmarking of ML models, allowing 

the scientific community to compare results more 

effectively. Collaborative efforts between industry and 

academia are necessary to develop such resources. 

In addition, federated learning frameworks could be 

employed to enable collaborative model training across 

multiple drilling sites without sharing sensitive data. This 

decentralized approach would improve model robustness 

and scalability while maintaining data privacy. Finally, 

developing methods for uncertainty quantification in ML 

models is essential, particularly for safety-critical 

applications. By quantifying prediction uncertainty, these 

methods can enhance decision-making in gas logging, 

ensuring more reliable and accurate outcomes when safety 

is paramount. 

 

Conclusion 

Machine learning has transformed the quantitative analysis 

of IR spectra in gas logging, offering unprecedented 

accuracy, robustness, and automation compared to 

traditional methods. Regression models like PLS and SVR 

provide simplicity and efficiency for small datasets, while 

neural networks, particularly CNNs and LSTMs, excel in 

handling complex, noisy spectra. Ensemble methods like 

random forests and gradient boosting offer a balance of 

accuracy and robustness, and unsupervised techniques like 

PCA and autoencoders enhance preprocessing. Despite 

these advances, challenges such as data scarcity, model 

interpretability, computational constraints, and 

environmental variability limit widespread field adoption. 

Future research should focus on hybrid models, transfer 

learning, explainable AI, edge computing, and sensor fusion 

to address these limitations. By developing robust 

calibration transfer techniques, adaptive learning algorithms, 

and open-source datasets, ML-driven IR spectral analysis 

can achieve greater reliability and scalability in gas logging 

applications. This review underscores the transformative 

potential of ML in the oil and gas industry and highlights 

the need for continued innovation to fully realize its benefits 

in real-world drilling operations.  
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