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ABSTRACT 
Bio-energy facilities are critical aspects of sustainability and low-

carbon energy transitions, even though emitting pollutants from the 
combustion of biomass materials, anaerobic fermentation, and biofuel use is 
a serious environmental issue. Efficient real-time monitoring is the necessary 
requirement to maintain a clean energy production, satisfy regulations and 
care human's health. In most previous works, traditional monitoring methods 
are used which demonstrate obvious disadvantage with slow response time 
and poor flexibility of operation and unsatisfactory detection performance in 
a dynamic state; therefore, creating a gap that will only improve with further 
research for the intelligent in-situ pollution detecting application. The purpose 
of this project is to explore the use of deep learning to the real-time detection 
and monitoring of pollutants in bio-energy production/consumption systems. 
A comprehensive methodology is used to combine multi-sensor 
measurements of gas concentration, process parameters, and temporal 
response with state-of-the-art deep learning methods including convolutional 
and recurrent neural networks. The results suggest that the deep learning-
based models provide remarkably high detection accuracy, efficiency and 
robustness compared to conventional approaches, leading to an earlier 
abnormal emission pattern detecting process. These findings indicated that 
intelligent monitoring system can help to achieve the optimized process 
control, emission reduction and predictive maintenance in bio-energy plant. 
Practical implications This work contributes directly to Sustainable 
Development Goals, namely SDG 7 (Affordable and Clean Energy), SDG 9 
(Industry, Innovation and Infrastructure), SDG 12 (Responsible Consumption 
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and Production) and SDG 13 (Climate Action) by supporting cleaner bio-energy operations, environmental friendliness 
and sustainable industrial development. 
Keywords: Deep learning; Bio-energy systems; Real-time pollutant detection; Emission monitoring; Sustainable 
Development Goals (SDGs) 

1. Introduction 
Bio-energy is one of the critical renewable energy sources, which uses organic materials (agricultural 

residues; forest biomass, output from biogas and biofuel) for electricity and/or heat production in the global 
market. Although bio-energy is renewable, its production processes can produce air pollutants if not properly 
managed. Hence, continuous monitoring of pollutants is imperative for the environmental consciousness and 
system effectiveness, along with human life security. Deep learning technologies serve as an enabling 
analytical framework to address the demand in environmental monitoring and data interpretation. In particular, 
deep learning that is a subfield of machine learning (ML), has great power in capturing complex features upon 
large-scale environmental datasets and it becomes the "game-changer" for understanding convoluted Earth 
systems and adapting to environmental changes [1]. This allows better predictions and on-line monitoring of 
diverse environmental factors such as the quality of air and water [2, 3]. These are of significant relevance for 
bio-energy systems and particularly when considering the dynamic nature of pollutant generation, there is a 
need to have advanced automatic monitoring tools [1,4]. This paper systematically introduces the current 
progress about using deep leaning technology and it’s related to realize rapid pollutant monitoring (mainly 
focuses bio-energy production and utilization system) under complicated environment. The incorporation of 
artificial intelligence, especially deep learning, allows for automated data gathering and real-time analysis as 
well as predictive model development that can alleviate the restrictions posed by conventional monitoring 
techniques in bioenergy systems [3, 5]. Such advanced methodologies support quick reaction against 
environmental threats and enhance decision-making on sustainable remediation actions [6]. The use of deep 
learning models, such as convolutional neural networks, recurrent neural networks and transformers, facilitates 
complex analysis of sensor-based environmental data and industrial parameters at large scale predicting 
pollutant level accurately and anomaly detection [4]. Additionally, hybrid models based on deep learning 
algorithm that ensembles the individual strengths of different models have advanced the predictive capability 
and generalization performance for proactive management of environment [4]. Such flexibility is extremely 
important to bio-energy processes that tend to be variable with respect to feedstock quality and operating 
condition which directly affect the pollutant emission [7].  
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Figure 1. Deep Learning–Driven Intelligent Framework for Real-Time Pollutant Monitoring in Bio-Energy Systems 

This figure 1 illustrates an integrated framework where IoT sensors continuously monitor pollutant 
emissions across bio-energy production and utilization processes. The collected data are analyzed using 
advanced deep learning models to enable real-time prediction, anomaly detection, and emission forecasting. 
The framework supports sustainable bio-energy operation by improving environmental compliance, 
operational efficiency, and alignment with Sustainable Development Goals. This review focuses on the 
different deep learning methodologies for bio-energy systems, critically evaluating their performance in real-
time pollutant characterizations and describing potential study cases to maximize their utilization [4, 8]. This 
includes the investigation into the deployment of Internet of Things sensors for acquiring rich data, combined 
with cloud computing for real-time data processing, as well as boosting interpretability with explainable AI 
methods in industrial environments [4]. Finally, this in-depth review addresses how deep learning can help 
improve the sustainability and operational efficiency of bio-energy systems by improving robustness and 
enabling real-time monitoring for pollutant detection within the environmental protection framework [9]. The 
conversation will then address the fundamental principles underpinning deep learning in relation to pollutant 
detection and provide a complementary detailed treatment on specific model architectures and their respective 
application within a range of bio-energy arenas. This involves overcoming considerations such as data 
heterogeneity, model interpretability and building reliable real-time deployment techniques [4,10]. In addition, 
the review will show how DL is supporting the sustainable development goals through allowing cleaner energy 
generation and reducing potential environmental problems connected with bioenergy conversion processes 
[10]. It will also address the policy implications, stressing how advanced detection can inform tighter 
environmental standards and reduce compliance burden. The knowledge extracted from the deep learning 
models can further be used to guide predictive EIA for optimization of greener and more efficient set ups in 
industries [4]. This sort of cooperation will be a necessity in the creation of self-adaptive systems that are more 
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adaptable to economics as well as social values, to get closer toward the intelligent manufacturing systems 
where interconnected machines and sensor networks support real-time communication and automation [11]. 

The traditional monitoring of pollutants has been carried out mainly through a laboratory analysis or rule-
based sensors that are usually slow and cannot be used under variable operating conditions. Deep learning, 
which is a subset of AI research, proved to be an effective candidate as it can handle large quantities of 
complicated data and detect non-linear relationships. With the development of deep learning, it is impossible 
to achieve real-time detection for pollutants in bio-energy systems through sensor networks and industrial 
control system. This transformative potential is important for contributing towards several Sustainable 
Development Goals by improving resource utilization, energy efficiency and reducing environmental footprint 
in industrial processes [12, 13]. Deep learning models have succeeded in online and efficient processing of the 
monitoring data, which supports timely detection of anomalies and the prompt implementation of protective 
measures to protect environmental safety as well as economic interests [14]. Additionally, these sophisticated 
diagnostic capabilities allow for proactive maintenance and plant tuning to minimize overall downtime as well 
as maximize energy conversion efficiency. Moreover, machine learning for bioenergy is not limited to real-
time monitoring but it also includes prediction of enough energy consumption and carbon emission pattern 
that helps industry take proactive action in preventing environmental issues [4, 7, 15]. The addition of digital 
twins to those AI-controlled systems further optimizes and improves control in smart bio refineries, as a result 
improving efficiency and profitability [16]. This additional integration enables a circular bio economy by 
lowering waste and emissions and improving energy self-sufficiency as well [16]. Such a combined application 
of AI, IoT, and digital twin technologies has set up an effective infrastructure for intelligent manufacturing 
systems that can make industries environmentally friendly and growth sustainable in nature [17]. These modern 
systems, beneficial as they may be, are faced with challenges in terms of the privacy and security of data; 
computational requirements, as well as the need for robust validation mechanisms to guarantee safe and 
trustworthy autonomous decision-making [18]. In order to tackle these challenges, a multi-disciplinary 
collaboration among the pertinent parties must be created to enable energy innovations in line with 
sustainability objectives and develop complete regulatory frameworks [19]. Deep learning approaches are 
increasingly being used in a broad range of fields, including the biofuels industry, to improve process 
efficiency and reduce environmental impact [20]. 

Table 1. Deep Learning–Based Pollutant Monitoring in Bio-Energy Systems 

Aspect Description Relevance to Bio-Energy Systems 

Bio-energy 
sources 

Energy derived from organic materials such as 
agricultural residues, forest biomass, biogas, 

and biofuels 

Provides renewable electricity and heat but generates 
dynamic pollutant emissions depending on feedstock and 

operating conditions 

Pollutant 
generation issue 

Emission of air pollutants during bio-energy 
production if processes are not properly 

managed 

Requires continuous, accurate, and real-time monitoring to 
ensure environmental safety and compliance 

Traditional 
monitoring 

methods 

Laboratory analysis and rule-based sensors 
with slow response and limited adaptability 

Ineffective under variable operating conditions and 
unsuitable for real-time decision-making 

Deep learning 
(DL) 

Subfield of machine learning capable of 
learning complex non-linear patterns from 

large datasets 

Enables accurate prediction, anomaly detection, and real-
time pollutant characterization 

DL model 
architectures 

CNNs, RNNs, Transformers, and hybrid 
models 

Capture spatial–temporal features of sensor data and 
improve prediction accuracy 

Hybrid DL models Ensemble approaches combining multiple DL 
models 

Enhance robustness and adaptability to feedstock and 
operational variability 

IoT sensor 
integration 

Networked sensors continuously collect 
environmental and industrial data 

Provides high-resolution real-time data streams for 
monitoring 
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Aspect Description Relevance to Bio-Energy Systems 

Cloud computing Centralized platforms for large-scale data 
processing and storage Enables scalable real-time analytics and DL deployment 

Real-time 
monitoring & 

prediction 

Continuous pollutant estimation, forecasting, 
and anomaly detection 

Supports rapid response to environmental risks and 
operational optimization 

Explainable AI 
(XAI) 

Methods that improve transparency and 
interpretability of DL models Builds trust and facilitates industrial adoption 

Digital twins Virtual replicas of bio-energy systems 
integrated with AI Optimize control strategies and reduce emissions 

Sustainability 
impact 

Improved resource efficiency and emission 
reduction 

Supports Sustainable Development Goals and circular bio-
economy 

Policy and 
regulation 

AI-driven monitoring informs environmental 
standards and compliance Reduces compliance burden and supports predictive EIA 

Challenges Data heterogeneity, privacy, computational 
cost, and validation issues 

Limits large-scale deployment without multidisciplinary 
collaboration 

Future outlook Integration of AI, IoT, DL, and intelligent 
manufacturing Enables self-adaptive, sustainable bio-energy industries 

Table 1. (Continued) 

Table 1 summarizes the role of deep learning–based frameworks in real-time pollutant monitoring for 
bio-energy systems, highlighting key technologies, models, and system components. It also outlines their 
environmental benefits, sustainability impact, and associated challenges in achieving efficient and compliant 
bio-energy operations. 

Bio-energy systems, though renewable, generate dynamic and process-dependent pollutant emissions. 
Conventional monitoring methods lack real-time capability, adaptability, and accuracy under varying 
operating conditions, limiting early detection and effective emission control. This study aims to apply deep 
learning–based models for real-time detection and monitoring of pollutants in bio-energy production and 
utilization systems, enabling accurate emission prediction, early anomaly identification, and improved 
environmental compliance. 

2. Pollutant Emissions in Bio-Energy Systems 
Bio-energy production and utilization encompass a range of conversion technologies; each associated 

with specific pollutant emission pathways across different operational stages. During biomass combustion, 
the incomplete oxidation of organic matter leads to the emission of particulate matter (PM₂. ₅ and PM₁₀), which 
poses serious respiratory and cardiovascular health risks. In addition, gaseous pollutants such as carbon 
monoxide (CO), nitrogen oxides (NOₓ), and sulphur dioxide (SO₂) are released depending on combustion 
efficiency, fuel sulphur content, and air–fuel mixing conditions. These emissions contribute to local air 
pollution, smog formation, and acid rain. Furthermore, the thermochemical conversion of lignocellulosic 
biomass, while offering a renewable carbon source for biofuels, presents challenges in accurately quantifying 
renewable carbon content due to complex process dynamics, often requiring advanced AI-aided approaches 
for real-time tracking [21]. Similarly, anaerobic digestion and fermentation processes, while generating biogas 
and other bio-products, can release volatile organic compounds and methane, a potent greenhouse gas, if not 
properly managed [22]. Beyond these direct emissions, the broader life cycle of bioenergy systems, including 
biomass cultivation, transport, and processing, can also contribute to environmental burdens such as 
eutrophication from fertilizer runoff or land-use change impacts [16]. The figure 2 diverse biomass feedstocks 
to specific conversion technologies and their distinct pollutant profiles, ranging from particulate matter and 
methane to complex tars. It illustrates the critical role of AI and deep learning in real-time monitoring to detect 
these emissions and ensure environmental compliance. 



6 

In biogas and anaerobic digestion systems, emissions mainly arise from gas leakage and by-product 
formation. Methane leaks are of particular concern due to their high global warming potential. Hydrogen 
sulphide (H₂S), a toxic and corrosive gas, is commonly present in raw biogas and can damage equipment if 
not properly removed. Ammonia emissions may also occur, especially when nitrogen-rich feedstocks such as 
animal manure are used, leading to odor issues and secondary particulate formation. These diverse pollutant 
streams necessitate a comprehensive understanding of bioenergy conversion pathways to implement targeted 
monitoring and mitigation strategies effectively [23]. Moreover, the variability in biomass feedstocks and 
operational parameters further complicates emission profiles, necessitating real-time monitoring to capture 
these fluctuations accurately [24].  

Biofuel production and utilization processes, including fermentation, transesterification, and fuel 
handling, can release volatile organic compounds (VOCs) and aldehydes. These compounds contribute to 
photochemical ozone formation and may have adverse health effects upon prolonged exposure. Emissions are 
often influenced by process control, solvent use, and storage conditions. Conversely, while some biomass 
conversion processes yield greenhouse gas emissions, these are generally lower than those from fossil fuels, 
contributing to the substantial environmental benefits of renewables [25]. Nevertheless, the complexities of 
bioenergy systems, involving numerous interconnected processes and diverse pollutant sources, necessitate 
sophisticated monitoring and prediction models [26, 27]. Therefore, advanced deep learning approaches become 
indispensable for discerning intricate patterns within vast datasets generated by these systems, enabling precise 
pollutant identification and quantification in real-time [28]. This becomes particularly crucial for understanding 
the occurrence, fate, and toxicological interactions of contaminants, which is vital for minimizing the 
environmental impact of centralized bio economy systems [29]. This is especially pertinent as biogas production 
itself can introduce airborne contaminants such as micro plastics, carbonyl compounds, and ammonia, which 
is often overlooked in environmental impact assessments [29].  

 

Figure 2. Pollutant Emission Pathways and AI-Integrated Monitoring in Bio-Energy Systems 

In gasification and pyrolysis units, high-temperature thermochemical reactions generate complex 
pollutants such as tar compounds, polycyclic aromatic hydrocarbons (PAHs), and trace metals. These 
pollutants can foul downstream equipment and pose environmental hazards if released untreated. The diverse 
and dynamic nature of these pollutants underscores the critical need for sophisticated, real-time detection 
systems to ensure both operational efficiency and environmental compliance. Therefore, deep learning 
techniques, particularly that leveraging image analysis, offer a promising avenue for monitoring complex 
combustion processes and predicting emission levels from bio-energy systems with high accuracy [30, 31]. 
Furthermore, machine learning algorithms, including Random Forest and gradient boosting, have 
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demonstrated efficacy in predicting the presence of nitrogen heterocycles in bio-oil, which are critical 
precursors for NOx emissions [32]. The monitoring and prediction of nitrogen oxides emissions from biomass 
combustion remain a significant concern in the power generation industry, emphasizing the need for robust 
real-time techniques to meet stringent environmental regulations [33].  

Overall, pollutant concentration and composition in bio-energy systems are highly dynamic, varying with 
feedstock characteristics, moisture content, operating temperature, and system load. This variability 
underscores the necessity for real-time, adaptive monitoring and control strategies to ensure environmental 
compliance and sustainable operation. 

3. Role of Deep Learning in Real-Time Pollutant Detection 
Deep learning (DL) is attractive as a tool for real-time pollutant detection in bio-energy production and 

utilization systems, since it can learn complex, nonlinear relationship between different process variables. In 
contrast to traditional rule-based and statistical approaches, DL models are capable of learning hierarchical 
features from raw (or minimal pre-processed) sensor data in an automated manner, which results in more 
accurate predictions with reduced inference time. This feature is particularly critical in a dynamic bio-energy 
system where the pollutant formation is affected by fluctuating feedstock characteristics, operative conditions 
and system loads. To ensure that abnormal emissions are detected as early as possible and that corrective action 
is timely, DL-based systems allow for the continued learning along with fast reaction to resolve it accordingly. 
For example, deep learning coupled with flame radical imaging enables to predict NOx emissions in case of 
biomass combustion with high accuracy better than the image processing-based and machine-learned models 
[33]. Additionally, the ability of deep learning models to learn for long periods and adapt themselves to varying 
conditions makes them very well suited for environmental monitoring in which systems need to be able to 
grow with incoming data streams and maintain good predictive performance over time [4]. This flexibility is 
important for ensuring the efficacy of pollution detection systems in the presence of different operating 
conditions and feedstocks that are typical to bioenergy processes [34]. On the other hand, applying deep 
learning features for real-time process monitoring in practical industrial processes would require computation 
efficiency and algorithm robustness to consider the applicability. [35] For instance, while ensemble methods 
may cushy slightly longer prediction times, the approach is always appropriate for monitoring and it can be 
useful to obtain coincidence intervals in order to robustly quantify uncrusty [36]. 

 

Figure 3. Deep Learning Architecture for Real-Time Bio-Energy Pollutant Detection 

The figure 3 integrates multimodal data sources—including chemical sensors, flame imagery, and 
spectral data—into deep learning models like CNNs and LSTMs to handle spatial and temporal complexities. 
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The system enables real-time detection of nonlinear pollutant patterns and facilitates adaptive control to ensure 
environmental compliance despite fluctuating feedstock conditions. 

Moreover, deep learning architectures such as convolutional neural networks (CNNs), recurrent neural 
networks (RNNs), and long short-term memory (LSTM) networks are well suited for handling spatial, 
temporal, and spatio-temporal data. These models can capture transient emission patterns, sensor drift effects, 
and short-term process instabilities, making them highly effective for real-time monitoring applications. When 
deployed at the edge or integrated with industrial control systems, DL models enable low-latency decision-
making and adaptive emission control. 

3.1. Data sources and sensor integration 
DL-based pollutant identification systems use various and dissimilar sources of data acquired in the 

different sensors deployed within bio-energy plants. Concentration of gases can be continuous monitored 
using electrochemical, metal oxide and infrared sensors for main pollutants such as CO, NOₓ, SO₂, CH₄ and 
H₂S which have high sensitivity and fast response in order to track the real time emissions. 

Flame images and exhaust plume visuals taken by cameras are key sources of optical combustion related 
data such as, quality of combustion, flame stability and particulates generation. Detection of visual patterns 
that indicate incomplete burning or potential abnormal emissions is usually done in these images using 
convolutional neural networks. In addition, dedicated sensors such as lidar and differential absorption 
spectroscopy can observe greenhouse gases and trace pollutants in plumes at high spatial and temporal 
resolution complementing information for sophisticated deep learning type models [37]. In addition to pollutant 
measurements, the operational conditions involving temperature, pressure, flow rates and fuel composition 
are essential to provide a context for sensor readings and enhance model precision. 

Both Fourier-transform infrared (FTIR) spectrometers and laser-based analyzers provide spectral 
information that allows the identification as well as quantification of multiple gas species in a single 
measurement. Such high-dimensional data are particularly amenable to deep learning models, which can be 
trained to identify the minute spectral features that are characteristic of different pollutants even in a noisy 
context. Combining interpretable machine learning data processing techniques with state of the art deep-
learning network architectures, like LSTM and CNN, further improves prediction performance and provides 
an idea on how much operational input parameters influence the model [38]. Furthermore, by being able to 
capture the dynamic of sequential time series data, recurrent neural networks especially LSTMs are good at 
predicting future emission trends and operation changes in a timely manner [38]. Effective noise reduction 
methods including wavelet transform and Kalman Filter are also important to enhance the quality of data for 
robustness in DL models against environmental variations and sensor measurement uncertainties. [4]. 

Operational parameters like temperature, pressure, air flow rates and fuel feed rate are then added so as 
to get contextual insights on the status of the system. Through data fusion of multi-sensor data, DL contributes 
to solve the problem by increasing robustness, decreasing false alarms and enhancing reliability leading to 
accurate and real time pollutant detection in complex bio-energy systems. This shared multimodal data 
integration approach gives a holistic overview of the system, and DL models can capture subtle relationships 
and enhance the prediction of pollutant concentrations compared to using single sensors [39]. The combination 
of spatial and temporal data by using deep learning approaches, such as the use of convolutional neural 
networks for spatial analysis and recurrent neural networks for handling the time series nature data, improves 
predictive models’ accuracy by efficiently integrating multiple information streams [40]. 

4. Deep learning architectures used 
A range of deep learning architectures has been adopted for pollutant monitoring in bio-energy production 

and utilization systems. These architectures are designed to handle heterogeneous sensor data, nonlinear 
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emission behavior, and rapidly changing operating conditions, thereby enabling accurate and real-time 
emission analysis. The figure 4 categorizes key neural network models (CNN, RNN/LSTM, Auto encoders, 
Hybrid) used to process heterogeneous spatial and temporal data. It illustrates how these architectures enable 
accurate anomaly detection, real-time emission monitoring, and predictive control in complex bio-energy 
processes. 

 

Figure 4. Deep Learning Architectures for Pollutant Monitoring in Bio-Energy Systems 

4.1. Convolutional Neural Networks (CNNs) 
These are widely employed in bioenergy emission monitoring for spatial and high-dimensional data 

analysis, such as flame pictures, smoke field distributions, exhaust plume visuals, spectral patterns. Such 
networks can extract appropriate spatial features reflecting the quality of combustion and emission to 
accurately characterize incomplete combustion, dust formation and abnormal flame patterns from different 
operating conditions. For example, CNNs can fuse data from the thermal camera with gas sensor signals to 
deal with incomplete or noisy information, resulting in a more robust detection system [41-49]. The CNNs can 
also directly learn complex patterns from raw sensor inputs (e.g., identifying specific pollutant signatures in 
the spectral data), further alleviating the reliance on hand-crafted feature engineering [50]. Moreover, combined 
approaches with CNN and recurrent neural networks or long short-term memory networks hybrids can consider 
both spatial and temporal dimensions of environmental data to gain a better understanding on pollution 
dynamics as well as predictive models [51-59]. 
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4.2. Recurrent Neural Networks (RNNs) 
These are intended for handling time series data and may be used for online environmental pollution 

concentration monitoring. Through the modelling of short-term temporal dependencies between sensor signals 
and operating conditions, RNNs allow for monitoring of fast perturbations in emissions due to changes in 
feedstock characteristics, system load or process upsets. They are thus particularly suited to model the 
temporal dynamics and dependencies inherent in emission data [60] as they can store an internal history of past 
inputs. In particular, Long Short-Term Memory networks (LSTM) which is a member of RNN family solves 
the vanishing gradient problem, and therefore has an ability to model long-term dependencies in time-series 
data such as pollutant forecasting and capturing emerging trends [61-69]. 

4.3. Long Short-Term Memory (LSTM) Networks 
A more advanced RNN form to overcome the shortcomings of standard RNNs, long short-term memory 

(LSTM) has been proposed to capture long-range temporal dependencies in emission data. In bio-energy 
networks, LSTM models are commonly used to predict slow accumulation of pollutants and further emissions 
lagged responses as well as projected concentration trends, thus enabling early-warning and proactive 
emission control. Their gating (the input, the forget and the output gates) allows selectively to retain or discard 
information over long timescales, making it particularly suitable for modelling pollutant concentration with 
complex non-linear temporal dynamics [70]. This feature would enable LSTMs to discriminate transient spikes 
and sustained pollution level increases, providing a more comprehensive monitoring of system stability and 
potential environmental effects [71-79]. 

4.4. Auto encoders 
They are primarily used for unsupervised anomaly detection and sensor fault diagnosis. By training an 

auto encoder based on a normal operation emission data and similar to process data, anomalies caused by 
abnormal emissions, sensor drifting or equipment misusing can be found jeopardizing the process, even with 
only few labelled fault data. In particular, auto encoders reconstruct input data and a large difference between 
the original and reconstructed data is indicative of an alarm event (e.g., an emission of pollution or sensor 
failure) [80-85]. Bi-directional LSTM auto encoder has demonstrated excellent performance of anomaly detection 
in time series data and is superior to normal LSTM-auto encoder such as wind power dataset [86]. This latter 
capability is very important for site/process monitoring systems where new types of faults may occur, thus 
making supervised anomaly detection unfeasible because of the lack of pre-labelled anomalous data. 

4.5. Hybrid CNN–LSTM Models 
These combine CNN-based spatial feature extraction with LSTM-based temporal modelling to capture 

instantaneous emission characteristics and their change over time. This integrated method is expected to 
significantly enhance the accuracy and robustness of real-time pollutant detection and prediction in complex 
bio-energy production and utilization processes. This interplay provides a comprehensive view on pollutant 
production and emission dynamics by observing both spatial patterns and their temporal change, which is a 
necessary condition for predictive maintenance practices and reduction of emissions [87-95]. This architectural 
mixture greatly enhances the accuracy in anomaly detection and prediction by putting together expr variable 
swishes of both convolutional layers and recurrent architectures [96-99]. What’s more, the attention mechanisms 
similar to the one in Dual-Stage Attention RNNs can be added to improve forecasting through learning on 
how dynamically to weight relevant features and critical time steps, which leads to more interpretable and 
accurate pollution prediction [100]. 

Table 2. Deep Learning Architectures for Pollutant Monitoring in Bio-Energy Systems 
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Architecture Key Characteristics Typical Input Data 
Main Applications 

in Bio-Energy 
Systems 

Advantages 

Convolutional 
Neural Networks 

(CNNs) 

Designed for spatial 
and high-dimensional 

feature extraction; 
automatically learn 

complex spatial 
patterns 

Flame images, smoke 
field distributions, 

exhaust plume visuals, 
spectral and thermal 
images, fused sensor 

data 

Detection of 
incomplete 

combustion, dust 
formation, abnormal 

flame patterns, spatial 
pollutant 

characterization 

High spatial feature 
extraction capability; 

reduces need for hand-
crafted features; robust to 

noisy data 

Recurrent Neural 
Networks (RNNs) 

Models short-term 
temporal 

dependencies using 
internal memory 

Time-series gas sensor 
signals, emission 

concentration data, 
operating condition logs 

Real-time monitoring 
of fast emission 

fluctuations due to 
feedstock variation, 

load changes, or 
process disturbances 

Effective for sequential 
data; captures temporal 

emission dynamics 

Long Short-Term 
Memory (LSTM) 

Advanced RNN with 
gating mechanisms 

(input, forget, output) 
to capture long-term 

dependencies 

Long-term pollutant 
concentration time 

series, delayed emission 
responses 

Pollutant forecasting, 
trend analysis, early-

warning systems, 
discrimination 

between transient 
spikes and sustained 

emissions 

Handles vanishing gradient 
problem; accurate long-

term prediction and trend 
detection 

Autoencoders (AE) 

Unsupervised learning 
models focused on 
data reconstruction 

and deviation 
detection 

Normal-operation 
emission data, sensor 

signals, process 
variables 

Anomaly detection, 
sensor fault diagnosis, 

abnormal emission 
identification 

Effective with limited 
labelled fault data; suitable 
for unknown or emerging 

faults 

Hybrid CNN–
LSTM Models 

Combines CNN-based 
spatial feature 
extraction with 

LSTM-based temporal 
modelling 

Multimodal spatial–
temporal data (images + 

sensor time series) 

Real-time pollutant 
prediction, anomaly 
detection, predictive 

maintenance, 
emission trend 

forecasting 

High robustness and 
accuracy; captures both 

spatial patterns and 
temporal evolution 

Attention-Enhanced 
Hybrid Models 

Incorporates attention 
mechanisms to 

dynamically weight 
important features and 

time steps 

Multivariate emission 
and operational datasets 

Improved 
interpretability and 

precision in pollution 
forecasting and 

control 

Enhanced prediction 
accuracy and explainability 

The table 2 summarizes the main deep learning architectures used for pollutant monitoring in bio-energy 
systems, highlighting their input types, key characteristics, and applications. It also outlines their advantages 
in enabling accurate, real-time emission detection, anomaly identification, and predictive control for 
sustainable bio-energy operations. 

The overall adoption of these deep learning architectures allows for better early detection of irregular 
emission patterns, more predictive emission control and an efficient operation of sustainable and 
environmentally friendly bio-energy systems. 

5. Real-time implementation framework 
A deep learning–based real-time pollutant detection framework for bio-energy plants is designed to ensure 

continuous monitoring, rapid decision-making, and adaptive control under dynamic operating conditions. The 
framework typically begins with sensor data acquisition and pre-processing, where data are collected from 
gas sensors, optical cameras, spectroscopic instruments, and process sensors distributed across the plant. Pre-
processing steps such as noise filtering, normalization, synchronization of multi-sensor streams, and handling 
of missing data are essential to improve data quality and ensure reliable model inputs in real time. Subsequently, 
these refined data streams are fed into a distributed deep learning architecture, often leveraging hybrid CNN-
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LSTM models or similar advanced neural networks, which are optimized for rapid inference to identify subtle 
pollutant signatures and predict their concentrations instantaneously [101-109].  

 

Figure 5. Real-Time Deep Learning–Based Pollutant Detection Framework for Bio-Energy Plants 

The figure 5 illustrates an end-to-end real-time framework integrating multi-sensor data acquisition, deep 
learning–based feature extraction, and low-latency inference for continuous pollutant monitoring in bio-energy 
plants. Edge–cloud architecture enables rapid alert generation and automated control actions, while supporting 
continuous model updating for adaptive and sustainable emission management. 

The next stage involves feature extraction using deep learning models, where raw or minimally 
processed data are transformed into meaningful representations. Convolutional neural networks extract spatial 
features from images and spectral data, while recurrent or LSTM networks capture temporal patterns from 
time-series sensor measurements. This automated feature learning reduces dependence on manual feature 
engineering and improves robustness under varying feedstock and operating conditions. The extracted features 
are then fed into detection and prediction modules, which utilize trained deep learning models to classify 
pollutant types, quantify their concentrations, and forecast future emission trends. This enables real-time 
monitoring and proactive mitigation strategies, as the deep learning system can optimize fuel-air ratios to 
reduce emissions and consumption, or adjust parameters in chemical reactors to balance productivity and 
energy efficiency [110-115].  

In the real-time inference and pollutant classification stage, trained deep learning models are deployed 
to continuously estimate pollutant concentrations, classify emission types, and detect abnormal emission 
patterns. These predictions are generated with low latency, enabling near-instantaneous assessment of 
environmental performance and regulatory compliance. Such systems can then trigger alarms, generate alerts, 
and provide actionable insights to plant operators, facilitating immediate intervention to rectify operational 
anomalies or optimize process parameters for emission reduction [116]. This real-time feedback loop ensures 
that bio-energy systems operate within permissible emission limits while maximizing efficiency and 
minimizing environmental impact.  

Based on inference results, alert generation and control system feedback mechanisms are activated. 
When pollutant levels exceed predefined thresholds or abnormal trends are detected, alerts are issued to plant 
operators and corrective actions such as airflow adjustment, fuel feed control, or emission treatment activation 
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can be automatically initiated through integration with plant control systems. This automated response 
capability significantly reduces human intervention, ensuring swift and precise mitigation of environmental 
risks and optimizing plant performance for sustainable bio-energy production [117-122].  

Finally, the framework supports continuous model updating using new operational data. As new data 
are generated during plant operation, models can be periodically retrained or fine-tuned to account for sensor 
aging, equipment wear, and changing process conditions. To achieve both low latency and scalability, edge 
computing is commonly used for real-time inference near the sensors, while cloud-based platforms support 
large-scale data storage, model training, and long-term analytics. This hybrid edge–cloud approach ensures 
efficient, scalable, and reliable real-time pollutant monitoring in bio-energy systems. 

6. Benefits of deep learning-based monitoring 
Deep learning methods for monitoring in bio-energy generation and utilization system have many 

advantages compared with traditional pollutant detection method. One of the major advantages is that they 
have high detection performance even in cases of variable operation conditions–because deep learning models 
can work with complex non-linear connection among sensor signals and operating parameters, to emission 
behavior. This provides sure identification of pollutants, even if the properties of the feedstocks, humidity or 
the loads are varying. Other notable benefits are the immediate response in real time, and the early warning, 
so an emission abnormality is detected as soon as it arises and proactive measures can be taken before 
pollutants exceed legal limits. Deep learning–enabled monitoring also results in less reliance on manual 
sampling and laboratory testing, which are often time-consuming, expensive, as well as not applicable for 
continuous monitoring. The use of the sensor-based automation reduces the need for costly human surveillance 
made it possible to perform continuous monitoring of emissions. Furthermore, they facilitate the adaptation 
to new feedstocks and process changes as models can be retrained or fine-tuned with freshly obtained 
operational data making them still robust and relevant in the long-term. In addition, deep learning improves 
overall compliance to environmental regulations by delivering accurate, real-time and verifiable emission data 
which can help manufacturers report in a timely manner while ensuring compliance with the latest regulatory 
requirements. These benefits together lead to the cleaner bio-energy production, lower environmental impact 
and better operation reliability and sustainability for bio-energy system. 

7. Challenges and research gaps 
Despite the progress in using deep learning for pollutant monitoring in the bio-energy systems, challenges 

and research gaps are still present which impede its large-scale adoption by industry. One such difficult 
problem is that of limited emissions label datasets, as establishing trust and ground truth values for emission 
data is costly in terms of both the time involved and expense, and often requires laboratory quality instruments. 
This constrained availability prevents the training of supervised models and generalizing over different plants 
and operating conditions. The other reason lies on the sensor drift and data noise especially in harsh bio-energy 
environments with hot temperature, humidity, dust and corrosive gas. These effects will degrade the long-
term performance of sensor leading to inaccurate measurement and unstable model. The interpretability and 
transparency of model are greatly concerned, since the deep learning models are “black box” method. 
Regulation and operator´s trust It is crucial for the regulation as well as for the confidence of operators, to 
know how are models make following predictions or forecast alarms. Furthermore, intensive computations 
during testing on real-time deployment is another difficult task, for large-scale architecture which are not 
affordable to tiny edge devices due to their huge memory and computing need. Yet another practical barrier 
is the inability of advanced data-driven monitoring systems to coexist with traditional industrial control 
systems since deep learning work on one system need not necessarily be compatible with legacy infrastructure. 
To address these challenges, future explorative works in the direction of physics-informed DL will require 
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solution approaches that incorporate domain knowledge to enhance interpretability, data-efficient transfer 
learning methods and lightweight/low-energy models for edge deployments. Searching the above gaps and 
shortcomings will be a future research direction, towards its reliable and scalable deep learning-based pollutant 
monitoring for industrial-grade bio-energy production and utilization systems. 

8. Future perspectives 
Deep learning in combination with ubiquitous digital technologies is expected to have a significant 

influence on the future of pollutant predictive monitoring and control for bio-energy systems. The coalescing 
of deep learning and the Internet of Things (IoT) can facilitate denser sensor networks, perpetual data streaming 
in addition to ubiquitous IoT-based thermal management interconnection among bio-energy plants resulting 
with more extensive real-time emissions monitoring. At the other hand digital twins (virtual representations 
of a real-world object) will let calculate (by deep learning-based model for example) emission behaviors under 
different operation modes, to optimize control strategies and predict effects from process changes ahead of 
realization. Combining with RL: Reinforcement learning can also be employed alongside deep-learning-based 
monitoring systems for realizing autonomous emissions regulation, where the control strategies are refined on 
line by interacting with the environment to minimize emission at a permissible level of efficiency. In addition, 
the incorporation of XAI will be crucial to improve transparency and interpretability of models. XAI may 
increase the operator’s confidence and regulatory acceptance of AI based emission monitoring system by 
describing the features of importance, decision path and confidence level. However, federated learning also 
may be an attractive alternative to continuously updating a model with new bio-energy plants. Federated 
learning enables the separation of model training and raw data sharing, thereby safeguarding sensitive patients' 
data, whilst improving models’ robustness and generalization under even extreme operative settings. That are 
expected to convert what reactive pollutant sensors are now using deep learning into a new class of proactive, 
intelligent emission management systems that will help promote cleaner, energy efficient and sustainable 
production and use of bio-energy. 

9. Conclusion 
This study demonstrates that deep learning–based frameworks offer a reliable and effective solution for 

real-time pollutant detection in bio-energy production and utilization systems. By integrating multi-sensor data 
with advanced deep learning architectures, the proposed approach captures the complex and dynamic emission 
behaviors associated with varying feedstocks and operating conditions. Compared with conventional 
monitoring techniques, deep learning models provide higher prediction accuracy, faster response, and 
improved adaptability, enabling early identification of abnormal emission patterns and timely corrective 
actions. Despite existing challenges related to data availability, sensor reliability, computational requirements, 
and model transparency, ongoing progress in sensor technology, edge computing, and explainable artificial 
intelligence is steadily improving practical deployment. Overall, the findings highlight that intelligent, data-
driven emission monitoring can strengthen environmental compliance, enhance operational efficiency, and 
reduce the environmental footprint of bio-energy systems, supporting their role as a sustainable component of 
future energy infrastructures. 
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