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Abstract 

This thesis describes the development of an intelligent methodology for predicting NOx 

emissions from hydrocarbon fuel combustion systems based on in-situ flame 

measurements and incremental deep learning models. The motivation, technical 

requirements and challenges of the subject area are addressed, followed by a 

comprehensive review of existing methodologies and technologies for monitoring and 

predicting NOx emissions. The key original contribution of this thesis is that a novel 

technical strategy that incorporates flame imaging, flame temperature mapping and 

advanced data-driven modelling is then proposed.  

Based on the proposed technical strategy, IDL (Incremental Deep Learning) models for 

predicting NOx emissions of an oxy-biomass combustion process are developed. Flame 

images acquired using a dedicated imaging system are used to calculate the temperature 

maps of the flame through two-colour pyrometry, which are then used as input datasets 

of the IDL models. The IDL model is combined with source DL (Deep Learning) and 

condition recognition models. The source DL model is initially constructed using flame 

data from ‘seen’ operation conditions and can be updated incrementally using flame data 

from ‘unseen’ conditions. A condition recognition model is used to identify whether the 

input data are from ‘seen’ or ‘unseen’ operation conditions (note that a ‘seen’ condition 

means a boiler operation condition having been used to train the IDL model, and a ‘seen’ 

condition means that having not been used to train the model). A new objective function 

that consists of regression loss and distillation loss is introduced in the IDL model to 

improve the prediction accuracy. Detailed model architectures, hyper-parameters 

determination and evaluation are reported.  

In addition, an IMCM (Incremental Multi-mode Condition Monitoring) model is 

developed for identifying ‘seen’ or ‘unseen’ multi-mode combustion conditions based on 

flame images. The IMCM model is built on the SMCM (Source Multi-mode Condition 

Monitoring) model, with updates incrementally using newly ‘unseen’ and a small portion 

of previously ‘unseen’ datasets. The loss balance weight, training epoch, and recognition 

probability threshold are carefully assessed for the optimal performance of the model. 

Moreover, the developed IDL and IMCM models are integrated, forming an IDL-IMCM 

model for predicting NOx emissions based solely on flame data.  

The IDL, IMCM and IDL-IMCM models are evaluated using test data from various oxy-

biomass combustion conditions on an Oxy-fuel Combustion Test Facility. Results 

obtained from these models are presented and discussed. Compared to conventional 

CNNs, the developed IDL-IMCM model has an incremental learning ability that gives it 

great potential for online NOx prediction in practical combustion systems under variable 

operation conditions.   
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Chapter 1  

Technical Requirements for NOx Prediction 

 

1.1 Introduction 

Hydrocarbon fuels (fossil fuel, biomass, etc.) combustion has generated thermal energy 

that humans need and played a vital role in human development history. These fuels, 

however, release harmful emissions, including carbon dioxide (CO2), nitrogen oxides 

(NOx), sulphur dioxide (SO2) and other solid particulates, which have raised serious 

environmental concerns [1]. Fossil fuels (coal, oil and natural gas) now are being replaced 

by renewable energy resources to meet the legally binding target of ‘net-zero’ emissions 

by 2050 under the Paris Agreement. Biomass is regarded as a carbon-neutral and 

dispatchable renewable fuel. With the help of carbon and capture storage (CCS) 

technology, biomass can be used as a substitute for fossil fuel in new and existing boilers 

to generate electric power and thermal energy [1]. In such bioenergy-CCS (BECCS) 

processes, however, NOx remains a harmful emission that needs to be monitored and 

controlled to comply with legislative limits. In addition, new fuels, such as hydrogen and 

ammonia, have recently emerged as potential replacements for hydrocarbon fuels [2]–[4]. 

Although hydrogen or ammonia combustion is considered to be ‘carbon free’, it still 

generates NOx emissions which can be significantly higher than those generated by 

hydrocarbon fuels with the same or similar thermal outputs [5]. Thus, NOx emissions 

from hydrogen combustion processes are still a matter of concern. Despite the rapid 

development and widespread use of new energy sources, hydrocarbon fuels will remain 

a main energy source in foreseeable future in power plants and other energy-intensive 

industries worldwide. Therefore, the development of advanced techniques for the 

monitoring and prediction of NOx emissions from hydrocarbon and hydrogen combustion 

systems is crucial.  



Chapter 1 Technical Requirements for NOx Prediction 

2 

The Instrumentation and Control Group at the University of Kent has made considerable 

progress in developing advanced combustion monitoring techniques which can provide a 

range of spatial and temporal measurements of the flame (size/shape, fuel ignition point, 

temperature, oscillatory frequency, and spectra, etc.) and fuel supply (fuel type 

identification, flow rate, velocity and particle size distribution) on both coal- and biomass-

fired boilers. Attempts have also been made to establish algorithms for the monitoring of 

burner conditions [6], flame stability [7], flame spectra [8], fuel supply (tracking) [9], 

emission (NOx) levels [10], as well as the state of the combustion process [11] based on 

flame measurements and soft-computing techniques.  

The author joined the Group in January 2019 for undertaking a Net-Zero Research funded 

project with the aim of developing an advanced methodology for emission prediction and 

condition monitoring of hydrocarbon fuel combustion processes. This thesis reports the 

work which has been done during the project. 

1.2 Importance of NOx Prediction and its Technical 

Requirements  

Being known as a precursor to the formation of pollutant ozone and acid rain, NOx 

emissions from a combustion process have a significant impact on air quality, human 

health and climate change [12], [13]. There are many factors, such as low-quality fuel 

and poor process control (e.g., unstable flames and thus unstable combustion processes), 

which can cause high NOx emissions from combustion processes. Studies also show that 

removing NOx from flue gas is difficult and costly, and thus it is crucial to keep it low in 

its formation process. There are a number of techniques that have been used for the NOx 

measurement and prediction. Those include conventional gas analysers [14], mechanism 

models [15] and data-driven models [16]. Those techniques, however, suffer several 

drawbacks, such as slow system response, high facility maintenance cost [10] and large 

volume of data sets and a large volume of data sets. For instance, the current data-driven-

based NOx prediction models rely highly on large amounts of boiler data collected over 

a wide range of operation conditions. Weak robustness or complete failure occurs if the 
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boiler operates outside the training range. On the other hand, the advent of advanced 

measurement techniques such as flame imaging systems and boiler routine instruments 

has allowed operators and researchers to acquire a great amount of data from the boiler 

operation. This also makes it possible to develop a sophisticated methodology to analyse 

and interpret these data, and consequently facilitate better monitoring, prediction and 

control of the NOx emissions.  

It is also understood that boilers in power plants normally need to be operated under a 

wide range of operation conditions to meet fluctuating energy demands to meet 

fluctuating energy demands [3]. Accurate, reliable and real-time condition monitoring of 

the combustion process is thus particularly important to ensure that the boiler operates 

under an optimised condition. It is also essential in the NOx prediction as described. This 

is because the change of operation conditions would affect the NOx formation process. 

There are significant efforts that have been made in developing multi-mode condition 

(i.e., variable operation conditions) monitoring techniques [17] based on various 

principles from statistical analyses to machine learning. Although some success has been 

achieved, the existing techniques suffer from several drawbacks which have limited their 

applicability in practical combustion systems. For instance, most data-driven models are 

not functional outside the conditions which are not included in training datasets. Hence, 

a new technical approach allows the condition monitoring model to be self-trained and 

updated so as to recognise any new conditions if their operation data are available.  

The essential requirements for an advanced methodology for the NOx emissions 

prediction and condition monitoring are accurate, reliable, fast and robust. It should be 

capable of assessing NOx emissions and monitoring conditions over a wide range of 

operation conditions of the boilers. It should also enable the methodology to give such 

assessments in general cases without ad-hoc adaptation. Moreover, it should function 

effectively under hostile plant conditions which often present considerable noise 

interference in data acquisition. It is envisaged that a technical strategy of combining 

flame imaging, digital image processing and data-driven modelling would meet the 

requirements. The advent of advanced flame imaging technology has enabled the direct 

acquisition of temporal and spatial information about the flame which is considered the 

central reaction zone in a combustion process. In addition, to examine the relationship 
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between the noisy, non-linear information captured from flames, advanced machine 

learning algorithms should be explored to tackle these complex and ill-defined problems. 

Particularly, the data-driven models to be developed should possess the ability to self-

update so as to adapt to variable operation conditions. The information provided by the 

solutions to the above-mentioned issues can be used either by boiler operators to manually 

regulate or by a control system to automatically adjust the combustion process.  

Flame of a combustion process is three-dimensional and dynamic in nature. The 

characteristics of the flame, such as size, shape, brightness, temperature, soot 

concentration and their distributions, are closely related to fuel types, combustion 

efficiency and the formation of pollutant emissions, including NOx. It is understood that 

the high flame temperature could result in high NOx emissions [18]. It is also reported 

that an unstable flame could directly result in an unstable combustion process and, thus, 

poor combustion efficiency and high pollutant emissions [19]. Recent advance in optical 

sensing, digital image processing and computed technologies has made it possible to 

visualise and characterise flames two-dimensionally and three-dimensionally [20]–[22]. 

Such characteristic data of the flame have substantially enhanced the capability of 

combustion researchers and engineers to study the physical and chemical characteristics 

of flames and, thus, the in-depth understanding and subsequent optimisation of the 

combustion process. It also enables the development of an advanced methodology for 

predicting NOx emissions of a combustion process through in-situ flame monitoring and 

data-driven modelling. 

1.3 Technical Challenges  

The development of the methodology for predicting NOx emissions of a combustion 

process faces the following technical challenges: 

• Complexity of flame characteristics: Whilst the characteristics of flame are closely 

relevant to fuel combustion and emissions, they are dynamic and complex in nature. 

It is challenging to determine and select the characteristic parameter(s) of the flame 

which can effectively be used to train models for NOx prediction and condition 

recognition. 



Chapter 1 Technical Requirements for NOx Prediction 

5 

• Variable operation conditions: Boilers in a power plant may operate under variable 

conditions in terms of fuel types, air and fuel flow rates, air-to-fuel ratios, etc. The 

model to be developed should have the capability of self-updating so as to adapt to 

a wide range of operation conditions. 

• Limited datasets: Flame and other operational data from boilers are often limited. 

Effective approaches should be explored to construct the models based on a small 

number of training data. However, the use of limited data sets should also help to 

improve the system response time of the models. 

• High generalisation ability: The model to be developed should be capable of 

predicting NOx emission and recognising operation conditions with high 

generalisation over a wide range of combustion conditions. 

• Fast system response: Fuel combustion is a highly dynamic exothermic redox 

chemical reaction between fuel and an oxidant. This requires the model to be 

developed is capable of processing a large amount of data and giving a fast response 

to rapid variations in the characteristics of the process, including NOx emissions and 

operation conditions which are particularly of interest in this research programme. 

1.4 Aim and Objectives of the Research Programme 

The research programme aims to develop an intelligent methodology for predicting NOx 

emissions of a combustion process by utilising in-situ flame measurements and data-

driven models. The objectives are, 

• to review the existing techniques for flame monitoring and NOx prediction in 

hydrocarbon fuel combustion processes so as to define the state-of-the-art in the field 

and identify suitable methods for NOx prediction in industrial hydrocarbon fuel 

combustion systems. 

• to develop data-driven models for NOx prediction of a combustion process using 

flame images. Advanced and effective algorithms will be developed to allow the 

models to be self-trained and updated so as to predict NOx emissions under a wide 

range of operation conditions.  
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• to develop a data-driven model for multi-mode condition monitoring based on flame 

images. An effective approach will be developed to allow the model to be self-

trained and updated to recognise a wide range of operation conditions. 

• to integrate the NOx prediction model and multi-mode condition monitoring model. 

• to assess the performance of the developed models using flame and boiler data from 

practical combustion facilities, in terms of the sensitivity to the variations in 

combustion conditions, accuracy, generalisation, system response time, etc. 

1.5 Main Contributions 

The contributions of this thesis to the state-of-the-art can be summarised as follows, 

(1) the development of an incremental learning model for the NOx prediction of a 

combustion process based on flame temperature maps and boiler data under a wide 

range of operation conditions. A novel objective function that deals with the 

distillation loss, loss balance weight and regression loss is developed to mitigate the 

‘catastrophic forgetting’ problem. The developed model is proven to have good 

performance on NOx prediction, in terms of accuracy, robustness, and fast system 

response time, and self-updating ability; 

(2) the development of the incremental multi-mode condition monitoring model for the 

recognition of ‘seen’ and ‘unseen’ combustion conditions using flame temperature 

maps. The developed model is proven to have the self-updating ability by using a 

small number of data from ‘unseen’ conditions; 

(3) the integration of the incremental learning models for NOx prediction under a wide 

range of combustion conditions. The model has good accuracy, high generalisation 

ability, and less requirement of training data size and no requirement of boiler 

operation data. Thus, it has a great potential for the accurate, reliable and robust 

monitoring of operation conditions and NOx emissions on practical combustion 

systems. 
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1.6 Thesis Structure 

The thesis is organised into seven chapters as follows: 

• Chapter 1 introduces the importance of NOx emission prediction and combustion 

condition monitoring, covering the technical requirements, challenges, aims and 

objectives of the research programme. 

• Chapter 2 reviews the existing techniques that could be potentially used for NOx 

prediction and combustion condition monitoring of fossil fuel and biomass 

combustion processes. 

• Chapter 3 presents the detailed theoretical aspects of developing incremental 

learning-based NOx prediction models, incremental multi-mode condition 

monitoring model, and the integration of incremental models for NOx prediction. 

The collection and preparation of flame images and boiler data which are used for 

constructing and evaluating the incremental learning models are also included in this 

chapter. 

• Chapter 4 describes the construction and evaluation of the incremental learning 

models for the NOx prediction of an oxy-biomass combustion process based on the 

flame images and boiler operation data. 

• Chapter 5 gives the construction and evaluation of the incremental multi-mode 

condition model for the condition classification of an oxy-biomass combustion 

process based on flame images. 

• Chapter 6 presents the integration of the incremental learning models (as described 

in Chapters 4 and 5) for the NOx prediction for an oxy-biomass combustion process. 

• Chapter 7 draws conclusions from the work that has been conducted and provides 

suggestions for future work. 
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Chapter 2  

Review of Techniques for NOx Prediction of a 

Combustion Process 

 

2.1 Introduction 

This chapter presents a complete literature review, consisting of an examination of all 

existing techniques that might be used for measuring and predicting NOx emissions from 

hydrocarbon fuel (fossil fuel, biomass, etc.) combustion systems (utility boilers, gas 

turbines, etc.). The state-of-the-art is defined following analysis and discussion of all 

relevant references and materials. The literature survey, therefore, functions both to 

present background knowledge needed to understand the work subsequently presented, 

and to demonstrate how this work contributes to the state-of-the-art.  

The studies of NOx emission and its measurement and prediction span a long history and 

different areas, from fundamental laboratory research to industrial applications. These 

include theoretical and experimental studies on the chemical mechanisms and structure 

properties of fuels and flames. In addition, with the help of the rapid development of 

computing technology, mathematical modelling has formed another important branch of 

combustion study. This research is useful for the fundamental understanding of NOx 

formation and so is briefly discussed in this review.  

2.2 NOx Emissions of Hydrocarbon Fuel Combustion  

One of the main types of pollutants generated by a hydrocarbon fuel combustion process 

is nitrogen pollutant, i.e., nitric oxide (NO) and nitrogen dioxide (NO2), collectively 

referred to as NOx. It is formed by the reaction of nitrogen and oxygen [23] in the air 
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during combustion. NOx generated in a hydrocarbon fuel combustion process consists of 

three types, i.e., fuel NOx, thermal NOx, and prompt NOx [18], depending upon the fuel 

type, oxidiser atmosphere, and temperature of the combustion process [24].  

• Fuel NOx- The oxidation of fuel-bound nitrogen is considered as the major source 

of NOx emissions. The general form of fuel nitrogen consists of nitrogen atoms 

bonded to carbon or to other atoms, and these bonds break more easily than the 

diatomic N2 bonds, leading to higher Fuel NOx formation rates than thermal NOx 

formation rates. Since fuel NOx is very sensitive to stoichiometric conditions, 

preventative thermal treatment, such as flue gas recirculation [18], is not effective at 

reducing these fuel NOx emissions.  

• Thermal NOx- Thermal NOx is formed by a reaction mechanism between oxygen 

and nitrogen radicals. The thermal NOx formation rate is influenced by the 

combustion temperature and residence time. High temperatures are required to break 

the triple bond in the nitrogen molecule. It is found that a significant amount of 

thermal NOx is generated only at temperatures above 1800 K, where O*-radicals 

attack N2 molecules, and that N*-radicals subsequently form NO with O2 according 

to the reaction mechanism established by Zel’dovich [18].  

• Prompt NOx- Prompt NOx is derived by the reaction of fuel-derived hydrocarbon 

radicals with atmospheric nitrogen under fuel-rich conditions. This yields fixed 

nitrogen species, such as NH3 and HCN. The formed NH3 and HCN are then 

oxidised to NO in the lean zone of the flame. The concentration of hydrocarbon 

radicals and oxygen are key factors that determine the quantity of NO formed. 

Prompt NOx forms a much smaller portion of total NOx than either thermal or fuel 

NOx. It is, therefore, only considered where the most stringent control on NOx 

emissions is required [18]. 

In practical combustion systems, NOx emissions can be controlled and reduced through 

combustion control and FGT (Flue Gas Treatment) [25]. Specifically, this is done by 

applying low NOx technology such as low NOx burners, air staging, fuel staging and flue 

gas recirculation. FGT including SCR (Selective Catalytic Reduction) and SNCR 

(Selective Non-Catalytic Reduction) works by removing NOx from the flue gas by 

injecting ammonia  [26]. This can be expensive, though, and the ammonia injection is 
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required to be carefully controlled to match the NOx concentration in the flue gas [13]. 

This requires an accurate and real-time NOx measurement method.  

2.3 NOx Monitoring and Prediction 

Significant efforts have been made to understand the mechanism of NOx formation and 

consequently to control NOx emitted by combustion processes. Techniques for 

monitoring and predicting NOx emission in combustion processes can be categorised into 

three distinct approaches: conventional monitoring systems, mechanism models, and 

data-driven models.  

2.3.1 Conventional NOx Monitoring and Mechanism Modelling 

The conventional NOx monitoring system, also known as CEMS (Continuous Emission 

Monitoring System), analyses the NOx by taking samples in the flue gas in stack [14]. 

While the CEMS can give relatively accurate NOx emission data in flue gas, it does not 

provide actual and real-time information about the NOx formation in relation to fuels, 

burner configurations, and operation conditions. This is due to a significant time delay 

between the measurement of flue gas and the fuel combustion in the combustion chamber. 

This delay in the NOx measurement has led to ineffective NOx control as well as condition 

recognition. Also, intensive studies have been conducted on mechanism modelling, such 

as CFD (Computational Fluid Dynamics), to simulate combustion processes for different 

fuels and operation conditions. CFD modelling is a very powerful tool for a fundamental 

understanding of the combustion phenomenon [15]. It predicts NOx by simulating the 

physical and chemical reactions associated with the combustion process of given fuels. 

Usually, mechanism-based models involve partial differential equations, which is multi-

variate, coupled and nonlinear. It is complicated and time-consuming to find solutions of 

the differential equations with high accuracy [23]. Hence, the approaches based on 

mechanism modelling are not suitable for practical applications in combustion systems 

[15]. Therefore, the following review will focus on the data-driven models which have 

been developed for NOx prediction and condition monitoring.  
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2.3.2 Overview of Data-driven Models 

Data-driven modelling is based on analysing the data about a system. In particular, it finds 

relations among the system variables, such as input, internal and output variables. It does 

not require explicit knowledge of the physical behaviour of the system. The data-driven 

models for the prediction of NOx emissions from combustion processes can be classified 

into two main groups, i.e., non-incremental learning models and incremental learning 

models. Non-incremental learning models are models built on a large amount of data, 

without self-updates. Incremental learning models are those that have the incremental 

learning ability to update themselves based on small datasets. Figure 2.1 gives the 

overview of data-driven models for NOx prediction. Various non-incremental learning 

models have been developed based on conventional machine learning techniques such as 

BPNN (Back Propagation Neural Network) [27], SVM (Support Vector Machine) [13], 

[28], ELM (Extreme Learning Machine) [29], RF (Random Forest), and GP (Gaussian 

Process). Non-incremental deep learning-based approaches have also been developed, 

such as CNN (Convolutional Neural Network), DBN (Deep Belief Network), LSTM 

(Long Short Term Memory), and AE (Auto-Encoder) [10], [30], [31]. Incremental 

learning models include ALSSVM (Adaptive Least Squares Support Vector Machine) 

with novel updates [32], [33], and an adaptive simplified TS (Takagi-Sugeno) with OSC 

(Online Subtractive Clustering) [34]. Detailed review and discussion on those techniques 

are given in the following sections. 
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Figure 2.1 Overview of data-driven models for NOx predictions. 

 

2.3.2.1 Non-incremental Learning Models for NOx Prediction 

BPNNs were widely used to predict pollutant emissions from hydrocarbon fuel 

combustion processes [27]. Li et al. [35] proposed a standard BPNN (Back Propagation 

Neural Network) for NOx prediction based on flame radical intensities (OH*, CH*, CN*, 

and C2*) together with flame temperature. Shi et al. [36] proposed a BPNN and GA 

(Genetic Algorithm)-based model, as shown in Figure 2.2, for optimising a combustion 

process, including predicting NOx emissions, in an ultra-supercritical boiler. In this study, 

452 groups of historical operating data and 100 groups of CFD simulation data (obtained 

from the numerical simulations of the same boiler) were combined and used as training 

datasets for the proposed BPNN and GA model. Zhou et al. [37] combined BPNN with 

GA, in an attempt to predict NOx emission from a 600 MW boiler under a variety of 

operation conditions, where BPNN was used to build a predictive model and the GA was 

employed to search for the best operating conditions. Though these methods have 

achieved some success, some important furnace data such as flame characteristics were 

not incorporated into the models. In addition, BPNNs were proven to be prone to 

overfitting in the case of insufficient training data, thus a large amount of training data 

are required [38]. 

https://www.sciencedirect.com/topics/engineering/genetic-algorithm
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SVMs were also used to predict NOx emissions from combustion processes [10], [32]. Li 

et al. [10] developed a flame radical imaging-based LSSVR (Least Square Support Vector 

Regression) model for NOx prediction, with the combination of CT (Contourlet 

Transform), and ZM (Zernike Moments). Duan et al. [39], introduced an SVM model to 

predict NOx emissions from a hydrogen-enriched compressed natural gas engine. In [40], 

SVR (Support Vector Regression) and ant colony optimisation were combined to estimate 

the relationship between NOx emissions and coal-fired boiler data, such as fuel type, 

primary and secondary air flow rates, the oxygen concentration in flue gas, speed of mills, 

and boiler load. Those SVM-based models have been proven to be useful for supporting 

boiler operator’s decision-making. However, the SVM is thought to be vulnerable to large 

datasets, as its training time increases exponentially with the size of the training datasets 

[38]. 

 

Figure 2.2 Modelling structure of BPNN and GA [36] 
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Different from the above-mentioned regression algorithms, GP (Gaussian Process) is a 

powerful statistical learning method for tackling nonlinear regression tasks. It describes 

a multivariate gaussian distribution to infinitely many variables. In [41], the 

hyperparameters of the GP model were optimised via GA to predict NOx emissions based 

on 670 sets of operation data on a 330 MW tangentially fired boiler, which has four levels 

of primary air inlets, five levels of secondary air inlets and one level of overfire air (OFA) 

inlets. The inputs and outputs of the developed GA model are summarised in Table 2.1. 

The comparison results between the GA model and SVM model shows the GA model has 

slight advantage in performance. Alma also introduced a GP regression model to achieve 

the multi-objective optimisation of a coal-fired boiler [42]. In particular, this GP model 

was deployed to estimate the relations between NOx emissions and plant operation data, 

such as the primary pulverised coal inlet velocity, secondary air inlet velocity, OFA inlet 

velocity, oxygen concentration, coal feeder rotational frequency, and total air 

consumption. 

Table 2.1 The inputs and descriptions of the proposed model [41] 

Variable No of variables 

First air speeds (m/s) 4 

Second air speeds (m/s) 5 

Over fired air speed (m/s) 1 

Oxygen concentration at furnace outlet (%) 1 

Load of the boiler (MW) 1 

Total air rate (Excess air ratio) (t/h) 1 

Pulverised coal feeder speed (r/m) 4 

Coal properties (%, MJ/kg) 4 

 

Tan et.al. [29] introduced an ELM-HS (Extreme Learning Machine and Harmony Search) 

model for predicting and reducing the NOx emissions on a 700 MW coal-fired power 

boiler. Approximately, ten days of recorded boiler operation data from the SIS 

https://www.sciencedirect.com/topics/engineering/nonlinear-regression
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(Supervisory Information System) were acquired to train and verify the ELM-HS model. 

The results indicated that the ELM-HS model was more precise and faster in predicting 

NOx emissions than the BPNN and SVM models. Li et al. [43] proposed an A-ELM 

(Adaptive Extreme Learning Machine), which was integrated with TLBO (Teaching 

Learning Based Optimisation) for predicting NOx emissions on a 300 MW circulating 

fluidised bed (CFB) boiler under different operational conditions. A relaxation factor was 

adaptively introduced to this A-ELM-TLBO to ensure that the model would achieve a 

good accuracy. The optimal relaxation factor is obtained using TLBO. In comparison 

with LNN (Linear Neural Network) and other ELM based NOx prediction models), the 

A-ELM-TLBO model shows better generalisation performance and a greater prediction 

accuracy. Although the proposed A-ELM-TLBO is an adaptive method for predicting 

NOx emissions, its training process is still based on a large amount of historical data, 

without the incremental learning ability to learning new information from new data. In 

addition, the above machine learning-based NOx prediction models are constructed with 

shallow layers. They are unable to learn ‘deep’ features of complex data.  

Whilst conventional machine learning methods have been active areas of research for 

decades, DL (Deep Learning) models have developed rapidly. DL models usually consist 

of hierarchical layers of non-linear information for pattern analysis. However, it is 

difficult to train deep neural networks, because of the complex architecture of the DL 

models and the requirement of large-scale datasets. With the advancement of high-

performance computing technology, DL models have achieved performance 

breakthroughs on a variety of tasks including image processing [44]–[47], speech 

recognition [48]–[50] and language translation [51]–[53]. DL models have also been 

studied for predicting NOx emissions of combustion processes [31], [38], [54], [55]. 

Unlike conventional machine learning models, DL models exploit naturally and 

efficiently the sequential and spatial structure of data [56], which have led to huge success 

in modelling complex nonlinear relationships and learning internal representations for a 

large amount of data [57], [58].  

Being a type of DL model, DBN (Deep Belief Network) is composed of multiple stacked 

layers of RBM (Restricted Boltzmann Machines). With the reputation of acquiring ‘deep’ 

features of data, the DBN has been applied to the fields of pattern recognition, image 

https://www.sciencedirect.com/topics/engineering/boltzmann-equation
https://www.sciencedirect.com/topics/engineering/deep-belief-network
https://www.sciencedirect.com/topics/engineering/image-classification
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classification, and fault diagnosis, as well as NOx prediction of combustion processes [38], 

[56], [59], [60]. The topological structure of a DBN is shown in Figure 2.3. Wang et al. 

[38] developed a DBN-based DL model to predict NOx emissions using field 

experimental data, simulation data, and historical operation data of power plants. The 

DBN was used to extract the features of the input data. The extracted features were then 

used as the input of regression models, i.e., ELM, BPNN, RBF. They also used a mutual 

information method to select optimum features during the model construction process. It 

has been shown that the DBN-based NOx prediction models (i.e., DBNELM, DBNBPNN, 

DBNRBF) outperformed other NOx prediction models (e.g., ELM, BPNN, RBF) in terms 

of the prediction accuracy. However, the feature selection process is independent of the 

NOx prediction process, which degrades the model’s performance.  

 

Figure 2.3 Topological structure of the DBN [38] 

https://www.sciencedirect.com/topics/engineering/image-classification
https://www.sciencedirect.com/science/article/pii/S0967066118303824#fig4
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Furthermore, Li et al. [30] developed flame radical imaging-based DL techniques for 

predicting NOx emissions. The images of flame radicals (i.e., OH*, CN*, CH*, and C2) 

were acquired on a biomass-gas-fired combustion test rig. A DDAE (Deep De-noising 

Auto-Encoder) was introduced to extract representative features from flame radical 

images. A BPNN was then deployed to map the relationship between the extracted 

features and NOx values, as shown in Figure 2.4. The work presented in [30]  has shown 

that the DL-based prediction model has the best performance, in comparison with hand-

crafted feature extraction-based NOx prediction models. However, this model does not 

consider the NOx values during the feature extraction process through the DDAE 

modelling process. 

 

Figure 2.4 Block diagram of the DL model for NOx emission prediction [30] 

LSTM approaches have also been widely used for predicting NOx [23], [61]–[64]. An 

LSTM model is a type of RNN (Recurrent Neural Network) with feedback connections. 

Figure 2.5 gives an example of the LSTM cell structure, where t represents time; xt 

represents the current example; ht-1 represents previous network hidden nodes; tanh is the 

activation function; it represents the input nodes; ct is the cell state at moment t; ht  is the 

hidden state at moment t; ft, it and ot  are forget gate, input gate, and output gate, 

respectively. Tan et al. deployed an LSTM model to predict NOx emissions on a 660MW 

tangentially coal-fired boiler [63]. A comparative study shows that the LSTM model 

outperformed the widely used SVM models, in terms of the accuracy and generalisation 

ability for predicting NOx emissions on the 660MW coal-fired boiler. Yang et al. [64] 

combined LSTM and PCA (Principal Component Analysis) to estimate the relationship 

between boiler operation parameters and NOx emissions from a 660 MW boiler, where 

the PCA was used to extract features from the operational variables. The PCA helped to 

reduce the LSTM training time since the input data size of the LSTM was reduced after 

https://en.wikipedia.org/wiki/Recurrent_neural_network
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the feature extraction through PCA. In addition, Xie et al. [23] proposed an LSTM 

network-based NOx prediction model which was trained using historical operation data 

from a coal-fired power station. They utilised a maximal information coefficient-based 

feature selection method to select optimal inputs. The test results depicted that the 

proposed LSTM model outperformed the SVM models [23], [63], [64]. However, 

although the LSTM network could fit the dynamic, nonlinear, delay, and time-sequential 

characteristics of historical data, it incurs high storage and computing costs [31]. 

 

Figure 2.5 LSTM cell structure [23] 

In comparison with LSTM networks, CNNs are more computationally efficient [65]. The 

CNN is a type of feed-forward artificial neural network without feedback layers, where 

an operation called ‘convolution’ is classic to reduce the computational burden [66]. In 

recent years, deep CNNs as deep as 152 layers have offered state-of-the-art performance 

on image recognition tasks [67].  

Figure 2.6 shows an example architecture of the CNN, which consists of convolutional, 

pooling, and fully connected layers [68]. Studies on the CNNs have depicted that the 

representations learned from data using CNNs are translation invariant, which means the 

representations do not change when the input of the CNN is translated slightly [31]. This 

shows that CNNs have good generalisation power [69]. In recent years, CNNs have been 

dominantly used in computer vision, image processing, and speech detection [68], [70]–
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[73]. CNN-based models have also been used for NOx prediction [31], [62], [74], [75]. Li 

and Hu [31] proposed a deep CNN for predicting NOx emissions based on operation data, 

coal properties, and NOx values from a 330MW tangentially coal-fired boiler. This work 

shows that the CNN-based NOx prediction model has better performance than the LSTM-

based model, in terms of the prediction accuracy. Also, Li et al. combined CNN with 

ECA (Efficient Channel Attention) modules to predict NOx emissions in a coal-fired 

boiler [75]. 

 

Figure 2.6 An example of CNN [68] 

Although considerable studies were conducted in the last decade and achieved reasonable 

success in predicting NOx in various combustion systems through non-incremental data-

driven modelling, the existing techniques suffer from several drawbacks. For instance, 

those models operate without updates. This means that they provide unsatisfactory 

performance when input data are outside the range of training dataset. Hence, an online 

update (i.e., online learning) strategy is required to improve the model performance for 

new conditions.  

2.3.2.2 Incremental Learning Models for NOx Prediction 

The strong nonlinearity [19]  (due to the complex chemical reactions inside the boiler), 

high uncertainty (boiler operation condition might change due to unknown reasons) and 

time-varying nature of a combustion process have made it difficult to predict NOx 

emissions accurately using non-incremental learning-based models. There are a few 

studies that have been conducted to develop incremental learning-based models to meet 

these challenges. Zhao et al. [34] proposed an online identification method based on a 

simplified T-S (Takagi-Sugeno) model for predicting NOx emissions of a power plant 

boiler. The number of clusters and cluster centres was determined adaptively based on an 
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OSC (Online Subtractive Clustering) technique to deal with the increased size of input 

datasets. The corresponding NOx prediction model for each cluster was then adaptively 

updated. The drawback of this model is that the local NOx prediction model is defined for 

each cluster, which is complicated and would result in a large number of local models 

when the number of combustion conditions increases.  

Sample addition and sample replacement approaches were proposed in [33] and [32] to 

update LSSVM (Least Squares Support Vector Machine) models with online updating 

capability for NOx prediction. Lv et al. [32] described an adaptive LSSVM-based NOx 

prediction model where a number of operation variables, including boiler load, coal 

quality, total fuel rate, total air rate, coal-feed rate, primary air rate, secondary air rate, 

circumferential air rate, OFA (Over-Fire Air) rate, and O2 concentration in the flue gas, 

were deployed as the model inputs. Compared to the LSSVM model without updates, the 

proposed adaptive LSSVM model shows higher accuracy for predicting NOx emissions 

on a coal-fired boiler. Zhai et al. [33] also proposed an adaptive LSSVM-based iterative 

model for predicting NOx emissions from a coal-fired power plant. However, both 

approaches require access to data from previous conditions in the updating process. This 

is infeasible if the training data from previous conditions are unavailable. In addition, 

these approaches required large storage space to store historical datasets. Therefore, how 

to update the model with data from ‘unseen’ conditions is challenging but crucial for 

predicting NOx emissions under variable conditions. Note that the ‘unseen’ condition here 

represents conditions that have not been used to train the source NOx prediction model. 

In contrast, ‘seen’ conditions represent conditions that have been used to train the source 

NOx prediction model.  

Furthermore, these models rely on a large number of operation data obtained using 

conventional instruments around the boiler, where the flame characteristics information 

is missed out. Studies have shown that flame characteristics are closely related to 

combustion stability as well as NOx emissions [7], [20], so employing the flame data such 

as temperature maps directly into the model will increase the accuracy and reliability of 

the model in NOx prediction. It has therefore been suggested that a new technical strategy 

needs to be explored for constructing an effective incremental DL model to predict NOx 

emissions. 
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2.4 Combustion Condition Monitoring 

Boilers in power plants are often required to be operated under a wide range of operation 

conditions to meet the fluctuating energy demands. It is, therefore, essential to monitor 

the conditions of the combustion processes to retain high combustion efficiency and low 

emissions. The variation of operation conditions has a significant impact on the NOx 

formation of combustion processes. Hence, condition monitoring provides essential 

information to the NOx prediction model, as it determines whether a condition is ‘unseen’ 

or ‘seen’, and thus whether the prediction model needs to be updated or not, which shows 

that condition monitoring models are closely related to the NOx prediction models. 

Significant efforts have been made in combustion condition monitoring using data-driven 

models. These data-driven models can be classified into two main groups, i.e., non-

incremental learning models and incremental learning models. Various non-incremental 

learning models for combustion condition monitoring have been developed based on 

statistical analysis such as EWMA (Exponentially Weighted Moving Average) chart, 

CUSUM (Cumulative Sum) control chart [76], MSPC (Multivariate Statistical Process 

Control) [77], [78], and machine learning such as BPNN, RWN (Random Weight 

Network) [6], HMM (Hidden Markov Model) [79], SVM [11], ELM [80], [81], CNN 

[82], DBN [83], and AE [84], etc. Studies on incremental learning for combustion 

condition monitoring are also reported. Those include JITL (Just In Time Learning) 

strategy, adaptive LSSVR [85], and FT (Fine-Tuning) [86]. Detailed review and 

discussions on those techniques are given in the following sections. 

2.4.1 Non-incremental Learning Models 

Conventional condition monitoring techniques, such as Shewhart, CUSUM and EWMA, 

recognise conditions by monitoring and analysing a small number of process variables 

[76]. Therefore they are not suitable for process industries that involve more complex 

processing data. The MSPC techniques have shown promise for condition monitoring. 

They are based on the principle that unique noises or variation signatures exist in all 
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dynamic processes. Changes in these signatures indicate a significant change in the 

process. The widely used MSPC techniques include PCA, ICA (Independent Component 

Analysis) and PLS (Partial Least Squares). PCA enables the extraction of low-

dimensional features, which contain the main information about the original data. Many 

PCA-based feature extraction methods have been developed and used for product quality 

control in manufacturing [87], [88] and the condition monitoring of combustion processes 

[11], [20], [79]. Sun et al. [20] applied KPCA (Kernel Principle Component Analysis) for 

the diagnosis of abnormal operation conditions on a heavy oil-fired combustion test 

facility. Compared to the conventional PCA, the proposed KPCA demonstrated better 

performance on recognising combustion conditions. Chen et al. [79] proposed an HMM 

and multiway PCA-based model for monitoring furnace performance, and the 

effectiveness of the proposed method was verified in a practical furnace system. Chen et 

al. [81] described flame imaging-based extreme learning models for estimating the 

sintering quality in a rotary kiln. The experimental results showed that the proposed 

model can recognise sintering states accurately, quickly and robustly. Wang and Ren [89] 

combined flame imaging, KPCA, and GLVQ (Generalised Learning Vector) neural 

network for recognising combustion conditions in a pulverised coal-fired rotary kiln. The 

testing results showed that the proposed model gave good performance on recognising 

combustion conditions. However, these models were developed for detecting a single-

mode condition, thus not suitable for various combustion conditions, which is also called 

multi-mode combustion conditions [6]. Multi-mode condition monitoring techniques 

were therefore proposed to recognise various operation conditions, instead of a single 

operation condition [6].  

Regarding multi-mode condition monitoring, existing non-incremental learning models 

can be divided into two types, i.e., the global model and the local model. The global model, 

also called a uniform model, is built for process monitoring using data from all available 

operation conditions. For example, Shang et al. [90] proposed a global model based on 

feature analysis method which can monitor operation conditions simultaneously. Ma et 

al. [91] suggested a PCA and LNS (Local Neighbourhood Standardisation) based multi-

mode model for fault detection of industrial processes, such as Tennessee Eastman 

process. Wang et al. [92] described a PCA and WKNS (Weighted k Neighbourhood 

Standardisation)-based multi-mode condition monitoring model for Tennessee Eastman 
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process. Wen et al. [93] introduced a self-organising TS-type fuzzy neural network for 

the detection of flame states from different combustion resources, such as N-heptane 

combustion, candle and alcohol lamp. Bai et al. [11] developed a flame imaging-based 

multi-mode model for the condition monitoring of an oxy-gas combustion process. They 

deployed the PCA to extract flame features, which were then used as the input of a multi-

class KSVM model to identify operation conditions. Bai et al. [6] also proposed a 

combustion process monitoring model based on flame imaging, PCA and random weight 

network (also known as extreme learning machine) techniques. The model was evaluated 

on a pulverised fuel combustion test facility, The results show that the proposed model 

outperformed other machine learning-based condition monitoring approaches such as 

PCA-NN (Neural Network) and PCA-KNN (K-nearest Neighbour Classifier). However, 

building a global model can be challenging when the conditions that the model must 

account for are significantly different. 

A local model performs condition monitoring through analysis of each operation 

condition, separately. Yang et al. [94] examined an AMPPCA (Aligned Mixture 

Probabilistic Principal Component Analysis) model for multi-mode chemical process 

monitoring. Feital et al. [95] suggested a multi-mode monitoring approach based on 

maximum likelihood PCA and component-wise identification of operating modes. 

Although the PCA is effective in data dimension reduction, its linear transformation can 

yield a low accuracy. In addition, both PCA and KPCA could only learn shallow features 

of the data. Considering the complexity of combustion system, methods that have an 

ability to learn ‘deep’ features are required. 

DL has a reputation of learning ‘deep’ features from data, and they have been popular in 

combustion condition monitoring. DBN and AE-based models have been developed to 

extract deep features of flame images [83], [96]. For instance, Liu et al. [83] proposed a 

DBN-based model to extract deep features of flame images for predicting the oxygen 

content of a heavy oil combustion process. Lyu et al. [96] proposed a DBN-based model 

to extract deep features of flame images for identifying combustion process faults on a 

heavy oil-fired boiler. Qiu et al. [97] adopted a convolution AE network to extract flame 

features for classifying combustion status of a pulverised coal furnace. Although these 

models have achieved reasonable success, heavy computational cost is usually incurred. 
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CNNs have also been successfully deployed  [82], [98], [99] for condition monitoring. 

Abdurakipov et al. [98] and Wang et al. [99] proposed CNN-based models for condition 

monitoring on a laboratory-scale swirling gas burner and an industry-scale burner, 

respectively. However, the performance of these models is highly reliant on an amount 

of training conditions, without considering new conditions that are outside of the training 

conditions, so they cannot recognise new conditions. 

2.4.2 Incremental Learning Models 

The IL (Incremental Learning)-based model adjusts model parameters adaptively and 

updates the model according to operation conditions [100]. Lee et al. [100] extracted 

process knowledge based on if-then rules for detecting the change in operation conditions 

of a fired heater in an industrial refinery plant. If operating mode changes were detected, 

the developed model would be updated. Ge and Song [85] proposed a JITL and LSSVR-

based approach for online multi-mode process monitoring of a simulated Tennessee 

Eastman benchmark process. An efficient model updating approach was deployed. This 

model’s updates rely on similar data found in searches of a historical database. It could 

not update itself based on new operation conditions, since there were no available 

resembling data available in the database. Being a type of IL-based approach, FT [101] 

is a method that initialises model weights from an existing model, which has been trained 

using a large amount of data. It updates the model for a new task or class with a low 

learning rate. Han et al. [86] proposed a flame imaging-based semi-supervised learning 

model which combined FT and a GPC (Gaussian Process Classifier) to predict 

combustion states. The model can be updated using a small portion of labelled images 

and thus save significant computational costs. However, the updating process relies on 

labelled training data. If the labels of the input data were unknown, the model cannot 

determine whether an update is required.  

The above literature review has shown that limited studies were carried out on the 

incremental learning-based techniques for NOx prediction and combustion condition 

monitoring. In recent years, however, IL-based models have been explored and achieved 

some success to handle multilabel classification and object recognition problems in many 
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other areas rather than combustion [102]-[105]. Those IL-based approaches may have 

potential in combustion condition monitoring and hence are reviewed in the following 

section. 

2.5 Incremental Learning and its Applications beyond 

Combustion 

Building IL-based models involves updating an initial model (often called a source 

model) with datasets from ‘unseen’ conditions (i.e., having not been used to train the 

source model) so that the updated model enables recognition of all the ‘seen’ and ‘unseen’ 

conditions [106]. The IL-based models often suffer ‘catastrophic forgetting’ problems, 

i.e., whilst the updated model recognises an ‘unseen’ condition, it has a degraded 

performance on recognising ‘seen’ conditions. Various attempts have been made to 

prevent the ‘catastrophic forgetting’ problem.  

Figure 2.7 shows some early work that was conducted for task-incremental learning, in 

which the IL models have access to a task-ID [106]. Li et al. [106] proposed LwF 

(Learning without Forgetting) based on CNN and KD (Knowledge Distillation) [107] for 

image classification. These models have the clear advantage that they do not need to 

discriminate among classes from different tasks since task-ID was known [108]. In 

practice, however, these task-IDs are usually unknown. How to recognise classes without 

the information of task-ID is crucial but challenging. Methods proposed to address this 

problem are called class-IL (class-Incremental Learning) [102], [109]. Figure 2.8 shows 

a class-IL example, where the class-incremental learner learns continuously from data of 

a new class while preserving knowledge learned from previously-learned classes. 
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Figure 2.7 Comparison among FT and LwF [106] 

Figure 2.9 shows an overview of class-IL models, which can be divided into two groups: 

exemplar-free class-IL model and exemplar-based class-IL model. The exemplar-free 

class-IL method aims to be self-updated from new classes, without using data from 

previous classes. The exemplar-based class-IL method aims to be self-updated using 

representative data from both new and previous classes. The exemplar-free class-IL 

methods include the FT [106], weight regularisation, LwF [106] and LwM (Learning 

without Memorising) [110], and DMC (Deep Model Consolidation)  [109]. The 

exemplar-based class-IL methods include EEIL (End-to-End Incremental Learning) 

[111], GD (Global Distillation) [112], RWalk (Riemanian Walk) [113], and ICaRL 

(Incremental Classifier and Representation Learning) [114], IL2M (Incremental Learning 

with Dual Memory) [115], BiC (Bias Correction) [116], and LUCIR (Learning a Unified 

Classifier Incrementally via Rebalancing) [117]. Some of these methods such as the FT 

and LwF were originally used for task-IL, but they could also be used for class-IL.  

 



Chapter 2 Review of Techniques for NOx Prediction of a Combustion Process 

27 

 

Figure 2.8 Class-incremental learning [114] 

 

Figure 2.9 Overview of class-IL models [108] 

Weight regularisation methods, such as EWC (Elastic Weight Consolidation) [118], 

PathInt (Path Integral) approach [119] and MAS (Memory Aware Synapses) [120], were 

proposed to prevent large weight drifts by adding an additional loss to the model’s 

objective function. As a KD-based approach, LwF was originally proposed for the task-

IL, while it has been deployed for class-IL widely. Figure 2.10 shows the block diagram 

of the LwM model [110], where a KD loss and an attention distillation loss were 

introduced to capture changes in the classifier attention maps to preserve previous 

knowledge. Same as the LwF, the LwM does not need memory from previous classes. 

DMC [109] was proposed based on LwF and a double distillation loss, to prevent large 

weight shifts of the IL model. Among the exemplar-free class-IL methods, LwF was 

found to have the best performance [108]. The advantage of these methods is that they do 
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not require access to data from previous conditions. However, they suffer from ‘forgetting’ 

problems with model updates. In this case, other methods involved representation data 

from previous tasks or classes were studied to tackle the ‘forgetting’ problem. For 

instance, Lee et al. [112] proposed a GD approach where data from previous classes or 

tasks were used to overcome the ‘catastrophic forgetting’ problem in the class-IL model. 

 

Figure 2.10 Block diagram of the LwM model [110] 

Rebuffi et al. [114] proposed the ICaRL model, which combined the LwF and nearest-

mean-of-exemplar classifier, and it required storing only a small number of exemplars 

per class. This external classifier was deployed to deal with data imbalance between old 

and new classes. Studies [121] on the ICaRL depicted that the fixed-size memory and the 

distillation loss are the key factors that influence the performance of the model. Castro et 

al. [111] proposed an EEIL model to address ‘catastrophic forgetting’, based on the LwF 

and the same number of samples from past and new classes. Experimental results show 

that the proposed model has better performance than the ICaRL model, in terms of 

accuracy and robustness. Chaudhry et al. [113] developed an RWalk method for 

improving the incremental learning accuracy and mitigating the ‘catastrophic forgetting’, 

based on the PathInt method and exemplars from previous and new classes. This model 

was tested on MINST and CIFAR-100 datasets and shows greater accuracy in comparison 



Chapter 2 Review of Techniques for NOx Prediction of a Combustion Process 

29 

with EWC and PathInt. Hou et al. [117] suggested an LUCIR model for learning an 

incremental classifier based on the ICaRL and a modified objective function. They found 

that data imbalance between the ‘seen’ and ‘unseen’ classes is the main cause of the 

‘catastrophic forgetting’. They incorporated three components, i.e., cosine normalisation, 

less-forget constraint and inter-class separation, to mitigate the adverse effects of the 

imbalance. Belouadah et al. [115] proposed an IL2M method for reducing the negative 

effect of the catastrophic forgetting in image recognition, based on the FT and exemplars 

from new and previous classes. Wu et al. [116] proposed a BiC approach to tackle the 

data imbalance problem in a large scale incremental learning model, where a bias 

correction operation was performed. The BiC model was tested using two large datasets, 

i.e., ImageNet ILSVRC 2012 and MS-Celeb-1M and showed better performance than 

ICaRL and EEIL models. Masana et al. [108] found that deploying additional data from 

previous tasks or classes to new networks can improve the condition recognition accuracy. 

These models show that adding a small number of data from previous classes could 

improve the model’s performance on ‘seen’ and ‘unseen’ conditions.  

2.6 Summary 

This chapter has reviewed the existing NOx measurement and prediction techniques, 

including conventional monitoring systems, mechanism models, and data-driven models. 

As an essential part of the NOx prediction, condition monitoring techniques, particularly 

data-driven modelling approaches including incremental learning, have also been 

reviewed. 

It has been shown that a range of data-driven techniques has been developed and used to 

measure and predict NOx emissions. Specifically, conventional machine learning (e.g. 

BPNN, SVM, GP, ELM, GA), and more recently the deep learning approaches (e.g., 

DBN, DDAE, CNN), have provided promising solutions to ‘black-box’ problems in 

combustion and other industrial processes. These models have achieved reasonable 

success and contributed to the improved knowledge of NOx prediction in various 

combustion systems. It has been shown, however, that most existing models suffer from 

some inherent drawbacks. For instance, they operate offline without updates, and thus 
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show unsatisfactory performance when applied with input data that are outside the 

training conditions. Hence, a self-updating (e.g. incremental learning) strategy is required 

to improve the model performance under new conditions. However, very limited work 

has been undertaken in developing incremental learning models for NOx prediction. In 

particular, no efficient self-updating algorithms have been established. It has also been 

found that significant efforts have been made in developing multi-mode condition 

monitoring techniques for combustion condition monitoring. These include multivariate 

statistical analysis and machine learning. However, most existing techniques do not 

function in recognising conditions which are not included in training conditions, which 

makes them unsuitable for use in practical combustion systems. With the advances of 

incremental deep learning technologies, new algorithms could be developed to tackle 

these problems. 

The literature review has clearly demonstrated that there is a certain gap between the 

existing technology and the requirements for NOx prediction and condition monitoring in 

combustion systems. It can also be concluded that the combination of incremental deep 

learning and multi-mode condition monitoring may provide promising and feasible 

solutions. Unlike the non-incremental learning models, an incremental learning model 

has a self-updating capacity, high generalisation on ‘seen’ and ‘unseen’ conditions, less 

demanding in training data size and computational cost, and fast system response. This 

has led to the development of the incremental learning-based NOx prediction models as 

presented in this thesis.  
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Chapter 3 

NOx Prediction of a Combustion Process: The Theory 

and Data Preparation 

 

3.1 Introduction 

The comprehensive literature review as addressed in Chapter 2 has proven the necessity 

of developing a flame imaging-based IDL (Incremental Deep Learning) model for 

predicting NOx emissions from a combustion process. This chapter presents the detailed 

theoretical aspects of developing such an IDL model. A brief introduction to flame digital 

images and temperature maps computed based on the two-colour pyrometry is given. The 

mathematical expressions of the IDL model for the NOx emission prediction and IMCM 

(Incremental Multi-mode Condition Monitoring) are then detailed. The integrated IDL 

and IMCM model for predicting NOx emissions is described. Finally, the collection of 

flame imaging data which were used to train, validate and test the proposed models is 

included. 

3.2 Flame Images and Temperature Maps 

3.2.1 Digital Image of a Flame 

The 2-D image of a flame captured by a camera can be expressed mathematically as a 

luminous intensity function g(x, y), where g is the luminous intensity at the point (x, y). 

If g is continuous, it can be approximately transferred through a digitisation process into 

a discrete form, i.e., an image matrix G with a dimension of U×V, being expressed as, 
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where Bij is the grey-level of pixel (i, j) (0≤i≤U-1, and 0≤j≤V-1), ranging from 0 to 255 

for an 8-bit digitisation. Therefore, The luminous intensity of the flame is then 

represented by the grey-levels of the pixels of its image. Obviously, the pixels 

representing the luminous region of a flame have higher grey-levels than those outside 

the luminous region. The total quantity of the grey-levels depends upon the number of 

bits of the digitisation. 

It should be noted that a burner flame is 3-D in nature. The grey-level intensity of each 

pixel in a 2-D flame image is a function of the radiative intensity along the optical path 

passing through the 3-D flame for the corresponding area of that pixel. Due to the fact 

that the radiative intensity may not be constant along the optical path, the grey-level 

intensity represents the line-of-sight average weighted by the gas/particle concentration 

across the flame. It has, however, been proven that the line-of-sight averaged grey-level 

intensity is reasonably representative of those within the flame [122] 

3.2.2 Flame Temperature based on the Two-Colour Pyrometry 

3.2.2.1 Flame Radiation 

Flame temperature maps are obtained using flame images based on the two-colour 

pyrometry, where flame images of two chosen wavelengths are involved in the 

calculation. The two-colour pyrometry works based on the Planck’s Radiation Law, 

where the radiation intensity of a non-blackbody object is given by [123], 
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where M(λ, T) represents the monochromatic radiation emitted intensity in energy per 

unit area per unit time (W/m2/µm), which is also called spectral radiance; ɛλ is the 

monochromatic emissivity; λ (µm) is the wavelength of the radiation, T (K) is the 

temperature of the object; C1 and C2 are the first and second Planck’s constants (C1 = 

1.1911 × 10-16 W⸱m2 and C2 = 1.4388 × 104 µm⸱K), respectively. The temperature and two 

wavelengths considered in this study are 1000K  to 2200K, 0.65 µm, 0.55 µm, respectively 

(The reason for why the two wavelengths are chosen is detailed in the last paragraph of 

Section 3.2.2.2). Since C2/ λT » 1 within these ranges, the Planck’s Radiation Law given 

in (3.2) can be replaced by Wien’s Radiation Law [124], i.e., 
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3.2.2.2 Two-Colour Flame Temperature 

Optical radiation pyrometry is a practical way to measure the temperature of luminous 

flames. Using Conventional total radiation could not accurately measure the flame 

temperature because the emissivity of the flame is neither known nor uniform. With 

respect to the two-colour method, it is suitable for the temperature measurement of 

luminous flames, because the flame temperature is derived from the relationship between 

the measured radiance values at two given wavelengths, regardless of the absolute 

emissivity of the object [125]. 

To calculate the flame temperature shown in (3.3), the grey-level G(λ, T), which is the 

output of the imaging system, is involved in the two-colour pyrometry. The grey-level 

G(λ, T) is considered to be proportional to the spectral radiance M(λ, T)  of the flame and 

dependent on the spectral sensitivity Sλ of the imaging system (imaging sensor) and can 

be expressed as, 
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where Ic is the instrumentation constant that is independent of wavelength and reflects the 

effects of other factors including the radiation attenuation due to absorption of the optical 

system, observation distance, camera characteristics and signal conversion. 

The ratio between the grey levels at wavelengths λR and λG can be expressed as [124]: 
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Rearranging (3.5) yields: 
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where G(λR, T) and G(λG, T) are the grey-level intensities at the wavelengths λR and λG, 

respectively, for temperature T. λR and λG are the central wavelengths corresponding to the 

R (Red) and G (Green) components of the RGB camera, and λR = 650 nm and λG = 550 

nm, respectively. 
R

S and 
G

S are the spectral sensitivities of the system at the 

wavelengths of λR and λG respectively. The ratio 
G

S /
R

S between the spectral 

sensitivities is the instrument factor that can be determined through a calibration process 

using a standard temperature source.  

The temperature in (3.6) is the temperature of solid particles in the flame. For a solid fuel 

(e.g., pulverised coal and biomass) flame, the solid particles can be soot, char, and ash. 

For a gaseous diffusion flame, they are mainly soot particles. The soot particles of the 

gaseous flame are assumed to behave as a grey body at chosen wavelengths λR and λG, i.e., 

the emissivity of the soot particles at λR and λG is the same (i.e., / 1
R G    ) in (3.4). The 
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grey-body behaviour is assumed for the detected flames, as the size of soot particles 

within a flame ranges from 0.005 to 0.1 µm, and is much smaller than the chosen 

wavelengths [124]. 

Several considerations were taken into account in choosing the two wavelengths. Firstly, 

the Planck’s Radiation Law only fits the continuous spectra from solid particles rather 

than the band spectra of gas molecules or intermediate radicals. Hence, the wavelengths 

should be chosen for the radiation emitted from soot particles only, instead of radiation 

from gaseous species and intermediate radicals in the flame. Secondly, the chosen 

wavelengths should be in a region where the outputs of the camera can be expected to 

vary sufficiently in a view of its sensitivity and signal-to-noise ratio. Thirdly, the 

wavelengths should be close to each other, and then the effect of optical transmission that 

is the passage of radiation through a medium and dependent on the wavelength of the 

radiation [126], and the differences between the emissivity at the chosen two wavelengths 

can be negligible. Fourthly, the effect of the background radiation from the walls of the 

combustion chamber should be minimised. Finally, the choice of wavelengths should be 

considered to prevent the image signals from saturation. Compromising the above factors, 

flame images from the R and G components of the RGB camera were chosen in this study. 

3.3 Incremental Deep Learning Model for NOx Prediction 

Figure 3.1 shows the block diagram of the IDL model proposed for NOx prediction, which 

is formed based on the architecture of a conventional CNN. The CNN is well-known for 

extracting ‘deep’ features of input images. Flame images were deployed to calculate the 

temperature maps based on the two-colour method (Section 3.2). The temperature maps 

were then used as the input dataset of the model. The NOx emission data which were 

collected using a gas analyser concurrently with the flame image acquisition were used 

as the ground-truth of the model. To build the IDL based NOx prediction model, two main 

steps are taken, i.e., 

• to build a source DL model based on the flame temperature maps and ground-truth 

NOx emission data under ‘seen’ conditions. The ‘seen’ conditions in this study refer 
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to conditions which are used to train the source DL model or have participated in the 

incremental learning process of the IDL model. 

 

• to construct the IDL model. Condition recognition is first performed to determine 

whether the input dataset is from a ‘seen’ or ‘unseen’ condition. If the dataset is from 

a ‘seen’ condition, the latest IDL model that is the source DL model before any 

update is used for NOx prediction. Otherwise, the dataset will participate in the 

incremental learning process of the model. During the incremental process, the 

source DL model or existing IDL model is re-trained to form a new IDL model using 

the dataset of the ‘unseen’ condition. An objective function is deployed to optimise 

the parameter values of the new IDL model.  

 

Figure 3.1. Block diagram of the proposed IDL model for NOx prediction. 

Once the IDL model is built, it is capable of predicting the NOx emissions for all the ‘seen’ 

and ‘unseen’ conditions. The following sections give a detailed description of the 
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theoretical background of how the source and incremental DL models are built based on 

the ‘seen’ datasets and updated using the ‘unseen’ datasets. 

3.3.1 Source DL Model 

3.3.1.1 The Architecture 

The source DL model is basically a conventional CNN model, which is built using the 

datasets from ‘seen’ conditions. The model consists of convolutional, pooling, dropout, 

and fully-connected (FC) layers, as shown in Figure 3.2, where N×N is the input image 

size; m is the batch size; b is the number of convolution channels at the first convolutional 

layer; a×a is the feature dimension of a single input flame image at the dropout layer; c is 

the number of convolutional channels at the last convolutional layer; d and g represent 

the dimension of a single image feature at the first and second FC layers, respectively. 

 

Figure 3.2. The architecture of the source DL model. 

Convolutional layer- A CNN model has commonly several convolutional layers, and each 

layer extracts deep features from its input and gives a feature map at its output [73]. To 

ensure that the dimension of the convolution output is the same as that of the convolution 

input, a ‘zero padding’ approach is deployed at the convolution input to get the padding 

output tensor Zϵℝ(Npa)×(Npa)×m. Convolutional kernels [57] are then used to filter the 

padding output. The convolution output, HcϵℝN×N×b×m, can be obtained by,  
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where WϵℝK×L×b and BϵℝN×N×b represent the convolutional kernel weights and biases, 

respectively; Npa×Npa are the dimensions of the 1st and 2nd orders of Z, respectively; K 

and L represent the dimensions of the 1st and 2nd orders of convolutional weights, 

respectively; i, j, h, and q are the subscripts of the 1st, 2nd, 3rd, and 4th orders, respectively; 

b represents the number of convolutional channels. In each convolutional layer, batch 

normalisation and activation operations are performed. The batch normalisation reduces 

the influence of the parameter initialisation and the risk of overfitting in the training 

process [127], and is expressed as, 
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where HbϵℝN×N×b×m
 is the batch normalisation output; ɛ is a constant (its default value is 

10-5) to improve the numerical stability of Hb; E(Hc) and Var(Hc) represent the mean and 

variance of a batch convolutional output, respectively. 

In this study, the activation function, i.e., ReLU (Rectified Linear Unit) [128] is used 

along with the convolution operation to extract the nonlinear features of the convolution 

input, which is expressed as,  

 

b( , , , )

r ( , , , ) b( , , , )

b( , , , ) b( , , , )

0,             if  0
ReLU( )

, if  0

i j k q

i j k q i j k q

i j k q i j k q


= = 



H
H H

H H
, (3.9) 

where Hr ϵℝN×N×b×m represents the extracted output feature after the ReLU operation.  

Pooling layer- The pooling layer, usually after a convolutional layer, is to reduce the 

dimension of the feature map [70]. The widely used max-pooling approach is employed 
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to downsample the input of the pooling layer using a max-filter [129]. The filter size of 

2×2 is chosen to reduce the dimension of Hr to half at each pooling layer.  

Dropout layer- Dropout is an operation that omits the hidden neurons of input features at 

a dropout layer randomly with an appropriate probability during the training process to 

reduce the risk of ‘overfitting’ and increase the generalisation ability and prediction 

accuracy of the model [130]. In comparison with other machine learning models, such as 

ANN and SVM, a DL model has generally more layers, often resulting in increased 

complexity of the model and a high risk of 'overfitting' in the training process. A dropout 

can be deployed to prevent the ‘overfitting’ after either the conventional, pooling, or FC 

layers. In this study, the dropout was performed before the first FC layer. 

Fully-connected (FC) layer- An FC layer is composed of many neurons, each neuron is 

connected to all the neurons in the adjacent layers [73]. Two FC layers are used in the 

source DL and IDL models in this study. The output of the first FC layer can be expressed 

as,  

 f1 f1 h f1ReLU( )= +H W H B
, (3.10) 

where Hf1ϵℝg×m represents the output of the first FC layer; Wf1ϵℝg×d and Bf1ϵℝg×m
 

represent the weights and biases of the first FC layer, respectively. The output tensor of 

the dropout layer is reshaped to the input Hhϵℝd×m of the first FC layer. Hf1 is also the 

input of the second FC layer which operates without the ReLU function, i.e., 

 f2 f1 f2= +Y W H B
, (3.11) 

where Y is the model output in a batch; Wf2ϵℝ1×g and Bf2ϵℝ1×m
 are the weights and biases 

of the second FC layer, respectively. 
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3.3.1.2 Objective Function  

In a regression model, the objective function defines the difference between the estimated 

value and the ground-truth value of the model. In this study, the objective function of the 

source DL model is expressed as, 

 

2

0 20 0

1

m

o sJ Y Y−=
, (3.12) 

where Y
o 

0 ϵℝ1×m is the model’s output vector for a batch; Y
s 

0 ϵℝ1×m
 is the scaled ground-

truth (NOx) vector. To increase the convergence speed, the ground-truth data are scaled 

as follows, 
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where Y0ϵℝ1×m
 is the ground-truth vector; Ymin and Ymax represent the minimum and the 

maximum of the ground-truth values, respectively.  

To minimise J0, parameter values (e.g., weights and biases) of the model are optimised 

using the SGD (Stochastic Gradient Descent) method [131]. The network parameters are 

updated by backpropagation of their gradients. The SGD method is widely deployed in 

deep learning due to its simplicity and computational efficiency in comparison to other 

approaches such as second-order methods.  

3.3.2 IDL Model 

The IDL model is expected to be updated incrementally only using the dataset from an 

‘unseen’ condition, as shown in Figure 3.3. The purpose of the incremental learning 

process is to find the optimal parameter values of the IDL model and update the model 

for NOx prediction of both ‘seen’ and ‘unseen’ conditions. This can be done in two steps. 
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Firstly, the output of the (i-1)th IDL model is obtained based on the input dataset (i.e., 

flame temperature maps) of the ith ‘unseen’ condition. Secondly, the ith IDL model is 

formed by re-training the (i-1)th IDL model using the dataset of the ith ‘unseen’ condition 

and the output of the (i-1)th IDL model. If i=1, the (i-1)th IDL model is the source DL 

model.  

 

Figure 3.3. The incremental learning process (i shown in this figure is larger than 1). 

It is also worth noting that, in the proposed IDL model, all the ‘unseen’ data will become 

the ‘seen’ data once they are used to update the model. They are equally important and 

should be treated fairly based on their contributions to the updating process of the model. 

This is done by proposing a dedicated objective function where a loss balance weight is 

introduced to ‘balance’ the distillation loss (relating to all the ‘seen’ and previously 

‘unseen’ conditions) and the regression loss (relating to the ‘unseen’ conditions only). A 

detailed description of the proposed objective function is given in the following section. 

3.3.2.1 Objective Function 

When building an IDL model, say the ith IDL model, we intend to re-train the (i-1)th IDL 

model based on the dataset only from the ith ‘unseen’ condition. The training purpose is 

to minimise the regression loss, i.e., the difference between the output of the ith IDL model 

and its corresponding ground truth data, represented commonly as a mean squared error, 

so that the ith IDL model is functional for the ith ‘unseen’ condition. To reduce the 

forgetting problems and ensure that the ith IDL model works for ‘seen’ conditions, a 

distillation loss which is the difference (again, represented as a mean squared error) 

between the outputs of the (i-1)th and ith IDL models is introduced in the objective function. 
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A small distillation loss indicates that the parameter values are very similar between the 

ith and (i-1)th IDL models, which means that the ith IDL model can predict the NOx for 

‘seen’ conditions as the (i-1)th IDL model does. Therefore, it is important to minimise the 

regression and the distillation losses of the ith IDL model. To achieve this goal, the 

following objective function is proposed,  
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where Ji is the loss which carries the information of distillation loss Ld  and regression 

loss Lr; ηi is the loss balance weight for the ith IDL model; Y
o 

i-1ϵℝ1×m is the output of the 

(i-1)th IDL model based on the input data of ith ‘unseen’ condition; Y
o 

i ϵℝ1×m is the output 

of the ith IDL model; Y
s 

i ϵℝ1×m
 is the scaled ground-truth (i.e., NOx) vector from the ith 

‘unseen’ condition; n is the number of updates of the IDL model.  

The regression loss, Lr, the distillation loss, Ld, and the output of the ith IDL model, Y
o 

i , 

in (3.14) are defined as follows, 
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where fi represents the ith IDL model; Xiϵℝa×a×m is a tensor representing the temperature 

maps from the ith ‘unseen’ condition; W1(i), W2(i), …, Wn_c(i), B1(i), B2(i), …, Bn_c(i), Wf1(i), 

Wf2(i), Bf1(i), Bf2(i) represent the parameters of the ith IDL model; n_c represents the number 

of convolutional layers.  
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To minimise Ji, all the parameter values of the ith IDL model are optimised using the SGD 

method. As can be seen from (3.14)-(3.16), the minimum objective loss, min(Ji), happens 

when Y
o 

i =ηiY
o 

i-1+(1- ηi)Y
s 

i , i.e., 
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. (3.18) 

It is clear that the minimum objective loss is related to ηi, Y
s 

i  and Y
o 

i-1. The output Y
o 

i-1 of 

the (i-1)th IDL model generally resides in the domain of the scaled ground-truth of the 

‘seen’ conditions. When Y
s 

i  is close to Y
o 

i-1, the parameter values of ith IDL model are the 

same as that of the (i-1)th IDL model, and thus the ith IDL model can predict the NOx for 

the previously ‘seen’ and ith ‘unseen’ conditions. In practice, however, Y
s 

i  can be very 

different from Y
o 

i-1, resulting in an unacceptable objective loss. One way to solve this 

problem is to scale the ground-truth data of the ith ‘unseen’ condition to a new domain 

which is close to that of Y
o 

i-1, i.e., 
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i
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,  (3.19) 

and, 

old new( )i iD = −Y Y
,     (3.20) 

where Yi represents the ground-truth data of the ith ‘unseen’ condition; Ymin and Ymax 

represent the minimum and maximum ground-truth values of the ‘seen’ and ‘unseen’ 

conditions, respectively; Di represents the difference between the average ground-truth 

NOx values of the ‘seen’ conditions and ‘unseen’ conditions,Yold, and that of the ith 

‘unseen’ condition,Ynew.  

When testing input X is fed into the ith IDL model, the output Y of which can be expressed 

as, 
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Hence, the predicted NOx, Ypred, is calculated by, 

 pre max min min( ) iD= − − +Y Y Y Y Y
 (3.22) 

As Di changes with the ith condition, it’s crucial to determine Di through a condition 

recognition approach to obtain Ypred. 

3.3.3 Condition Recognition 

It is needed to be stressed that Di in (3.20) can only be determined if the operation 

condition is known. Hence, recognising flame conditions is crucial in applying the IDL 

model described in Section 3.3.2. In practice, flame images and corresponding boiler 

operation data are normally recorded simultaneously. The boiler operation data can then 

be used for condition recognition through the cosine similarity approach [132], which is 

a method to measure the similarity among given data, i.e., boilers operation data from 

variable conditions. The cosine similarity between the operation data of condition Aj (i.e., 

a new condition which needs to be examined) and previously ‘seen’ conditions Bi (i.e., 

the conditions which are used to train or re-train the source DL or IDL model) are 

calculated by, 
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j i
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S
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=
A B
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, (3.23) 

where Aj, Bi are the vectors representing operation data from the jth test and ith test, 

respectively. If S=1 and ‖Aj‖=‖Bi‖, then i=j, i.e., condition Aj is recognised as the ith 

condition. If the criterion is not met, Aj is recognised as an ‘unseen’ condition. 
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3.3.4 Evaluation Criteria 

MAPE (Mean Absolute Percentage Error), σ (Standard Deviation of Absolute Percentage 

Error) and APEmax (Maximum Absolute Percentage Error), are deployed to evaluate the 

model performance, and they are defined as,  
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whereYtrue(i) andYpre(i) are the average reference and predicted NOx values for the ith 

combustion condition, respectively, n is the number of combustion conditions. In addition, 

the training time is considered as it is also an important criterion, particularly for the 

incremental model construction and practical uses. 

It is worth mentioning that, in comparison to other commonly used scale-dependent 

evaluation metrics, the MAPE is one of the most accepted criteria for evaluating the 

model’s performance in regression modelling. This is due to its advantages of scale-

independency and intuitive interpretation in terms of relative error [133]. Meanwhile, the 

APEmax is very effective to evaluate the worst case of the proposed model, as it provides 

the maximum absolute percentage error among all the conditions. 
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3.4 Incremental Multi-mode Combustion Condition 

Monitoring 

In Section 3.3.3, a cosine similarity-based boiler condition recognition approach is 

proposed, which requires information on boiler operation data. In practice, however, the 

boiler operation data might be missing or unavailable. Hence, a flame imaging-based 

condition recognition method needs to be developed. This is achieved using an IMCM 

model. The IMCM model is built based on the architecture of a conventional CNN.  

Figure 3.4 shows the block diagram of the IMCM model proposed for recognising 

combustion conditions, where sc represents the number of ‘seen’ conditions, and uc 

represents the number of ‘unseen’ conditions. In the diagram, the input dataset is the 

flame temperature maps, and the output is the corresponding condition label. The SMCM 

(Source Multi-mode Condition Monitoring) model is firstly constructed based on flame 

temperature maps and their corresponding condition labels for ‘seen’ conditions. The 

IMCM model is then built using flame temperature maps from an ‘unseen’ condition. 

Consequently, if the condition label of the input temperature maps is ‘unseen’, it will be 

directly used to update the IMCM model. Otherwise, if the condition label of the input 

temperature maps is unknown, a condition recognition strategy needs to be employed to 

recognise whether this input dataset is ‘seen’ or ‘unseen’. A soft-max probability 

threshold is introduced to determine whether the input dataset is from ‘seen’ or ‘unseen’ 

conditions. If the soft-max probability of recognising the unlabelled flame temperature 

maps as a ‘seen’ condition is below a defined threshold, those temperature maps will be 

recognised as ‘unseen’. Then the flame temperature and its condition label of the ‘unseen’ 

condition will then participate in the incremental learning process. During the incremental 

process, the existing IMCM model or SMCM model is retrained to form a new IMCM 

model using the dataset of the newly ‘unseen’ condition and a small portion of dataset 

from previously ‘unseen’ conditions. A new objective function (refer to Equation 3.29)  

is  used to optimise the parameter values of the new IMCM model. 

Once the IMCM model is built, it has the capability of predicting the combustion 

conditions for all ‘seen’ and ‘unseen’ conditions. Detailed information on how the source 
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and incremental multi-mode condition monitoring models are built is given in the 

following sections. 

 

Figure 3.4. Block diagram of the IMCM model for combustion condition recognition. 

3.4.1 SMCM Model 

3.4.1.1 The Architecture 

The SMCM model is trained using datasets from the ‘seen’ conditions. Figure 3.5 shows 

the architecture of the SMCM model, which consists of convolutional, pooling, and fully-

connected (FC) layers, where Nc×Nc is the input image size; mc is the batch size; bc is the 

number of convolution channels at the first convolutional layer; dc and gc represent the 

dimension of a single image feature at the first and second FC layers, respectively; sc is 

the number of labels of ‘seen’ conditions. Compared to the IDL model that is described 

in Section 3.3, the IMCM model does not consist of a dropout layer. The last layer of the 

IMCM model represents the class (also refer to the condition labels of training dataset in 

this study) neurons. 
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Figure 3.5. The architecture of the SMCM model. 

3.4.1.2 Objective Function 

In multi-class classification models, the objective function is commonly defined by the 

multinomial logistic loss, being expressed as, 

 0 0 0logSMCM g SMCMJ y y= −  , (3.27) 

where 0

gy ϵℝ is the one-hot ground-truth label matrix for the ‘seen’ condition. 0

SMCMy ϵℝ 

is the soft-max output matrix in batch training, being expressed as, 

 00 0   ( )SMCM SMCMy f X= , (3.28) 

where 0

SMCMf represents the SMCM model; 0
c c cN N m

X
 

 is a tensor representing 

the input training data of the SMCM model. To minimise J0, parameter values of the 

model are optimised using the SGD method. 
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3.4.2 IMCM Model 

3.4.2.1 The Architecture 

The architecture of the IMCM model is shown in Figure 3.6. Compared to the SMCM 

model shown in Figure 3.5, the number of neurons in the output layer grows when a new 

condition is added to the model, where uc is the number of ‘unseen’ conditions added to 

the IMCM model. 

 

Figure 3.6. The architecture of the IMCM model. 

The IMCM model is expected to be updated incrementally with a small dataset from 

‘unseen’ conditions, as shown in Figure 3.7. The purpose of the incremental learning is 

to determine the optimal parameter values of the IMCM model so that the model has the 

ability to recognise the input flame temperature maps from both the ‘seen’ and ‘unseen’ 

conditions. This is done by the following two steps, 

• firstly, the output of the (i-1)th IMCM model is obtained based on the training dataset 

(i.e., flame temperature maps) of the ith IMCM model.  

• secondly, the ith IMCM model is formed by re-training the (i-1)th IMCM model using 

the training dataset from the ith ‘unseen’ condition. If i=1, the 0th IMCM model is the 

SMCM model. To improve the model performance, it is beneficial to introduce a 
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small proportion of the training dataset from previously ‘unseen’ conditions. This 

will be discussed in detail in Chapter 5.)  

 

Figure 3.7. The incremental learning process. 

3.4.2.2 Objective Function 

When building an IMCM model, e.g., the ith IMCM model, the (i-1)th IMCM model needs 

to be retrained based on the dataset only from ‘unseen’ conditions. The purpose of 

retraining is to minimise the multinomial logistic loss and the knowledge distillation loss 

[106] and thus enabling the IMCM model to recognise the ‘seen’ and ‘unseen’ conditions. 

Therefore, the objective function is as follows, 
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where IMCM

iJ  is the loss that consists of the knowledge distillation loss Lold among the 

‘seen’ conditions and the multinomial logistic loss Lnew among the newly ‘unseen’ 

conditions; ηi is the loss balance weight for the ith IMCM model; where IMCM

iy  is the soft-

max output of the ith IMCM model and 
g

iy is the one-hot ground-truth label vector; 

_

1

o IMCM

iy −  is the recorded output using the (i-1)th IMCM model based on the input data of 

‘unseen’ conditions. 
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The multinomial logistic loss Lnew, the knowledge distillation loss Lold, the output of the 

ith IMCM model, and the recorded output  are defined as follows, 
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where Ct is the probability softness factor which was called Temperature (Please note this 

different from the flame temperature in this Thesis) when it was proposed in [107]. Hinton 

et al. [107] suggests that Ct is set to be larger than 1, which could help the model balance 

its performance on ‘seen’ and ‘unseen’ conditions. As suggested and proven by [106], Ct 

is usually set to 2, thus producing a softer probability distribution over classes, compared 

to Ct=1; 1

IMCM

if − , and 
IMCM

if represent the (i-1)th and ith IMCM model; XiϵℝN×N×m is a tensor 

representing the input data of the ith IMCM model. The proposed objective loss shown in 

(3.29) is to be minimized using the SGD method. 

3.4.3 Evaluation Criteria 

To evaluate the performance of the condition monitoring model, MRSR (Mean 

Recognition Success Rate), and σ (Standard Deviation of Recognition Success Rate), 

RSRmax (Maximum Recognition Success Rate), RSRmin (Minimum Recognition Success 

Rate) are deployed to evaluate the model performance, and they are defined as [6], 
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where Ztrue(i) is the number of flame images that are recognised correctly, Zall(i) is the total 

number of flame images under condition i, and n is the number of conditions.  

3.5 Integrated IDL and IMCM Model for Predicting NOx 

Emissions 

The proposed IDL-based NOx prediction model (Section 3.3) requires access to the boiler 

operation data and flame images. In practice, however, the boiler operation data might be 

missing or not available. Hence, a sole flame-imaging-based NOx prediction model is 

desirable. This is done by integrating the IDL and IMCM models. Following the 

construction of IDL and IMCM models, an IDL-IMCM (Integrated IDL and IMCM) 

model is established for predicting NOx emissions of a combustion process using flame 

images, without boiler operation data. Figure 3.8 shows the block diagram of the IDL-

IMCM model. To integrate the two models, the first step is to build the source DL model 

for NOx prediction and SMCM for condition monitoring based on the same ‘seen’ 

conditions. With the lack of the corresponding boiler operation data of the testing dataset, 



Chapter 3 NOx Prediction of a Combustion Process: The Theory and Data Preparation  

53 

the flame images from the testing dataset need to be tested using the SMCM model to see 

whether the flame images are from ‘seen’ or ‘unseen’ conditions. If the testing flame 

images are from ‘seen’ conditions, the source DL could be used to predict the 

corresponding NOx emissions. If the testing flame images are from an ‘unseen’ condition, 

the ground truth NOx of which needs to be obtained to participate in the incremental 

learning process of the IDL model. Meanwhile, the testing images from the ‘unseen’ 

condition need to be used to update the SMCM model to obtain the IMCM model. 

 

Figure 3.8. Block diagram of the integrated IDL and IMCM model for predicting NOx 

emissions. 

Figure 3.9 shows the architecture of the IDL-IMCM model. As can be seen,  if the IMCM 

model recognises the input flame temperature maps from ‘seen’ conditions (including the 

previously ‘unseen’ conditions), its condition label together with the input flame 

temperature maps will be as input of the IDL model to predict the NOx emissions. If the 

output of the IMCM model is a newly ‘unseen’ condition, the corresponding NOx 
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emission values are required to update the IDL model. For the IDL-IMCM model, the 

output of the IMCM model indicates whether the IDL model needs to be updated.  

 

Figure 3.9. The architecture of the IDL- IMCM model. 

It needs to be mentioned that the IMCM and IDL models are shown in Figure 3.9 share 

the same architecture as the independent IMCM and IDL models as described in Sections 

3.3 and 3.4. It also means that the objective function and parameters are the same. The 

IDL-IMCM model is expected to be updated incrementally with a small portion of the 

dataset from ‘unseen’ conditions, as shown in Figure 3.10. It should also be noted that 

the evaluation criteria used for the IDL model are employed for evaluating the IDL-

IMCM model since the models have the same aim, i.e., the NOx emission prediction. 
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Figure 3.10. The incremental learning process of the IDL-IMCM model. 

3.6 Flame Data Collection and Preparation 

3.6.1 Combustion Test Facility 

Flame data used for training, validation, and testing the models proposed in this research 

programme were obtained from the oxy-biomass combustion tests that were carried out 

on the UK Carbon Capture and Storage Research Centre (UKCCSRC) Pilot-Scale 

Advanced Capture Technology (PACT) 250 kWth Air/Oxy-fuel Combustion Test Facility 

(CTF).  

Figure 3.11 is the overview of the PACT 250kW Air/Oxy-fuel CTF [134], whilst Figure 

3.12 shows the schematic of the CTF and the flame imaging system. The CTF has a single 

burner firing down in a cylindrical combustion chamber with an inner diameter of 0.9 m. 

The burner is a purpose-designed Low-NOx biomass-fired burner with a primary annulus 

for conveying pulverised biomass fuels. The rest of the oxidiser is introduced through 

swirled secondary and tertiary annuli to ensure the completion of the combustion. The 

burner also has an internal flow splitting system to control the secondary to tertiary flow 

ratio. At the secondary to tertiary flow split position ‘0’, all flow went through the 

secondary annulus, whereas with an increasing split position the secondary flow to 

tertiary flow ratio decreases [6]. The flame imaging system mainly consists of an optical 

probe with a water jacket, a digital camera, and a personal computer with system 

application software [21]. The optical probe is a rigid endoscope with a 90 field of view 

and is protected by a water-air cooled jacket. The camera is an industrial RGB CMOS 



Chapter 3 NOx Prediction of a Combustion Process: The Theory and Data Preparation  

56 

(Complementary Metal Oxide Semiconductor) camera with an image resolution of 1216 

(H) × 1936 (V) pixels and a frame rate of up to 900 frames per second with reduced 

resolution. The probe was installed at the viewport on a top section of the furnace where 

the burner quarl and primary reaction zone of the flame was fully visualised. Figure 3.13 

shows the site installation of the system [6]. 

 

Figure 3.11. Overview of the PACT 250kW Air/Oxy-fuel CTF. 

 

Figure 3.12. Block diagram of the CTF and the flame imaging system. 
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Figure 3.13. Site installation of the flame imaging system [6]. 

3.6.2 Test Conditions and Data Collection 

A total of ten test conditions were conducted using pulverised whitewood as biomass fuel 

under different oxy-combustion conditions with a fixed furnace load of 150 kWth. The 

recycled flue gas was simulated by using CO2. The secondary and tertiary flows 

(CO2+O2) were used as rig variables to obtain different percentages of O2, primary to 

total flow, and secondary to tertiary flow ratio (split). Table 3.1 summarises the test 

conditions and corresponding operation data.  

For each test condition, a total of 150-170 flame images were captured by the imaging 

system over about four minutes when the condition was stable. NOx data were also taken 

concurrently by a gas analyser from the flue gas (Table 3.1), which were then used as the 

reference NOx (ground-truth) for the model construction. The ground truth, i.e., NOx 

emission data, for each Test is generated based on the Gaussian distribution using the 

means and standard deviation as shown in Table 3.1. 
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Table 3.1 Summary of test conditions 

Test 
O2 (vol 

%) 

Primary 

to total 

flow (%) 

Secondary 

to tertiary 

flow split 

position 

O2 (%) 

in the 

flue gas 

Mean 

NOx in 

flue gas 

(ppm) 

Standard 

deviation 

of NOx 

(ppm) 

1 21 24 4 3.31 73 1 

2 23 24 4 3.73 83 2 

3 25 24 4 3.99 79 2 

4 27 24 4 4.16 78 2 

5 27 21 4 4.94 67 2 

6 27 27 4 4.40 81 2 

7 27 30 4 4.15 94 2 

8 27 24 1 4.00 84 4 

9 27 24 2 3.72 73 3 

10 27 24 3 4.19 75 2 

 

Figure 3.14 illustrates the typical flame images and corresponding temperature maps 

under different test conditions. The flame temperature maps from ten Tests were 

computed based on the two-colour method (Section 3.2) and blackbody as standard 

reference temperature. To calculate the flame temperature, the first step was to establish 

the relationship between the instrument factor and the temperature using a standard black 

body temperature source. Once the instrument factor was defined using temperature, the 

flame temperature can be obtained using equation (3.6).  

It should be mentioned that flame images from some tests were taken under different 

camera settings to avoid possible image saturation. Previous studies reveal that the two-

colour method based flame imaging system appears to be linear [21].  means that the 
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camera settings, such as the exposure time, iris, and objective distance, have no or a very 

limited impact on the temperature measurement. In addition, it is found that the 

temperature of the furnace wall (shown as the blue in the flame temperature maps in 

Figure 3.15), was stable and much lower than the flame temperature throughout the tests, 

and thus should have limited contribution performance of the IDL and IMCM models for 

NOx prediction and condition monitoring. It is for this reason, the temperature maps of 

the complete field of view were used to form the input datasets. 
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Figure 3.14. Example flame images under ten test conditions. 



Chapter 3 NOx Prediction of a Combustion Process: The Theory and Data Preparation  

61 

 

Figure 3.15. The flame temperature maps corresponding to the images in Figure 3.14
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3.7 Programming 

The MATLAB and Python languages were deployed for programming in this study. The 

temperature maps were calculated and obtained using MATLAB, and the IDL, IMCM, 

IDL-IMCM models were developed in Python. The models developed were trained, 

validated, and tested on a personal computer with an intel i9-10900K processor, 32GB 

RAM, and 8GB GPU. 

3.8 Summary 

Following a brief introduction to the digital presentation of flame images and computation 

of flame temperature based on the two-colour pyrometry, the mathematical expression of 

the flame imaging-based IDL (Incremental Deep Learning) model predicts NOx 

emissions from a combustion process has been described in detail. The flame imaging-

based IMCM (Incremental Multi-mode Combustion Condition Monitoring) model has 

also been proposed to replace the boiler data based condition recognition method when 

the boiler operation data are not available. Furthermore, the integration of the IDL and 

IMCM models has been performed so as to predict the NOx emissions of a combustion 

process only using the flame temperature maps. Finally, the flame image data and 

operation conditions of test facilities have been introduced. The flame images, test 

conditions and NOx emissions in flue gas will be used as input datasets, ground truths in 

the construction of the IDL and IMCM models for the NOx prediction of an oxy-biomass 

combustion process which will be presented in detail in the following chapters. 
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Chapter 4 

Construction and Evaluation of the IDL Model for 

NOx Prediction 

 

4.1 Introduction 

This chapter presents the construction and evaluation of the flame imaging-based IDL 

model for predicting the NOx emission under ‘seen’ and ‘unseen’ conditions of an oxy-

biomass combustion process. The IDL model as described in Section 3.3 is constructed 

using the flame data, boiler operation data, as well as corresponding NOx emission data 

as introduced in Section 3.6. The impact of hyper-parameters, such as training epoch, 

input image size, the number of convolutional layers and batch size, on the model’s 

performance is examined using the grid search technique [135]. The IDL model is 

evaluated using flame data as given. The results obtained are analysed and discussed. 

4.2 Datasets  

Figure 4.1 shows the overview of the dataset structure used in this study. The temperature 

map and NOx emission data from ten Tests construct the total datasets, which consists of 

the ‘seen’ and ‘unseen’ datasets. The dataset from each Test was randomly split into the 

training dataset (75%), testing dataset (12.5%), and validation dataset (12.5%). Training 

dataset split from ‘seen’ datasets were used to train the source DL and SMCM models, 

and training dataset split from an ‘unseen’ dataset was introduced to the incremental 

learning of the IDL, IMCM or IDL-IMCM models.  
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Figure 4.1. Overview of the dataset structure. 

The flame and NOx emission data from Tests 1-3, 6, 7, 9, and 10 were used to build the 

source DL model whilst those from Tests 4, 5, and 8 (Table 3.1) were used to train, 

validate and test the IDL model. The training dataset consists of flame temperature maps 

as the IDL model input and their corresponding ground-truth NOx emission data. The 

flame temperature maps from the validation, and testing datasets are then used as the IDL 

model input, and the corresponding output from the IDL model will be used to compare 

with the ground-truth NOx values to evaluate the model performance. The validation 

dataset is used to determine the hyper-parameters of the IDL model, and the testing 

dataset is used to evaluate the established model performance.  
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4.3 Construction of the IDL Model  

4.3.1 Overview 

The construction process of the IDL model is illustrated in Figure 4.2, where the ith IDL 

model is initialised based on the (i-1)th IDL model. Note: when i=1, the (i-1)th represents 

the source DL model.  

To construct the IDL model, the 1st step is to construct the source DL model using the 

training datasets from ‘seen’ conditions. The IDL model is then updated incrementally 

using datasets from ‘unseen’ conditions. The objective function ensures that the IDL 

model performs satisfactorily under both ‘seen’ and ‘unseen’ conditions. A stochastic 

gradient descent (SGD) method is used to minimise the objective loss by optimising the 

parameters (e.g., weights and biases) of the model and thus minimise the catastrophic 

forgetting problem in the updating process. A condition recognition approach based on 

cosine similarity is integrated into the IDL model to recognise the conditions. The MAPE, 

APEmax and σ described in Section 3.3.4, Chapter 3, were used to evaluate the 

performance of the model constructed. 
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Figure 4.2 The construction process of the IDL model. 

4.3.2 Determination of Hyper-parameters 

The determination of optimum hyper-parameters such as training epoch, input image size, 

batch size, and the number of convolutional layers of the source DL model is crucial for 

achieving satisfactory performance of the model in terms of the prediction accuracy, 

computational efficiency and the usage of system resources. In this study, a grid search-

based trial-and-error method was deployed to determine the optimum hyper-parameters, 

which involves searching through a range of hyperparameter combination to find a subset 

of results that achieve the best performance on a given dataset. 
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4.3.2.1 Training epoch 

The training epoch needs to be defined to control the stop point of the training process. 

Figure 4.3 shows the MAPEs of the training and validation losses when the source DL 

model is trained under different training epochs, with the input image size of 144×144, 

batch size of 64, and convolutional layers of 4. The validation loss is slightly higher than 

the training loss, which is expected as the validation dataset is not used to train the model. 

It can be seen that the training and validation losses decrease with the increasing epochs 

and tend to be unchanged (around 0.37% and 0.59% MAPEs for the training and 

validation, respectively) after 7500. It was therefore decided to set a training epoch of 

7500 throughout the construction process of the model.  

 

Figure 4.3. Variation of MAPE for the training and validation losses against different 

epochs. 
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4.3.2.2 Input image size 

The original flame image size is 719×719, which was scaled down to 288×288, 144×144, 

and 72×72, respectively, to speed up the modelling process. The scaled images were then 

used as the inputs of the source DL model with a batch size of 64, convolutional layers 

of 4, and training epoch of 7500. Due to the influence of dropout, the model output 

slightly changes when the model was tested using the same validation dataset, at different 

times. Hence, the model was tested 5 times for each validation dataset, and their average 

output was used as the model output. Table 4.1 shows the variations of the MAPE and 

training time of the model for the different hyper-parameters. It is clear that the larger the 

input image size, the smaller the MAPE, and thus the higher the prediction accuracy, but 

the longer the training time. The results suggest that the input image size of 144×144 is a 

trade-off between the prediction accuracy (MAPE of 0.57%) and the training time. 

4.3.2.3 Batch size 

The batch size is the number of samples that are considered in each iteration during the 

model training process. The optimal batch size can lead to a better performance of the 

model and also reduce the training time. Thus, the batch size needs to be defined. As can 

be seen in Table 4.1, the MAPE increases slightly with the batch size but remains almost 

unchanged when the batch size is 64 or greater. However, the larger the batch size is, the 

greater GPU (Graphics Processing Unit) capacity is required [136]. In practical uses, the 

model with less demanding computational resources is preferable. It is hence decided to 

use the batch size of 64 in the model construction. 

4.3.2.4 The number of Convolutional Layers 

The number of convolutional layers is an important hyper-parameter in the construction 

of the source DL model. Generally, the more convolutional layers, the deeper features 

can be extracted, while it could lead to longer training time and overfitting problems. 

Therefore, it is crucial to determine the optimum convolutional layers for the model. As 
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can be seen in Table 4.1, the MAPE is almost unchanged for the different numbers of 

convolutional layers. However, the more convolutional layers resulted in increased 

training time considerably. It is therefore 4 convolutional layers were chosen in this study. 

Table 4.1. MAPEs and training times against different hyper-parameters 

  MAPE (%) Training time (h) 

Input image size (Batch size: 64, 

Convolutional layer: 4) 

72×72 0.72 1.20 

144×144 0.57 4.93 

288×288 0.31 19.50 

Batch size (Input image size: 

144×144, Convolutional layer: 

4) 

32 0.42 5.15 

64 0.57 4.93 

Number of convolutional layers 

(Input image size: 144×144, 

Batch size: 64) 

4 0.57 4.93 

8 0.56 11.58 

12 0.63 17.66 

 

4.4 Evaluation and Discussion  

4.4.1 Source DL model 

To validate the source DL model performance, the total datasets from each condition were 

randomly split into 75% training, 12.5% testing and 12.5% validation datasets four times, 

as shown in Figure 4.4. As can be seen, the model performance is quite similar for the 

four different dataset settings, with the MAPEs ranging from 0.56% to 0.57%. This 

suggests that the performance of the model is not sensitive to the randomly split datasets. 
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Figure 4.4. MAPE (%) for random splits of the training, validation and test samples. 

Following the determination of the hyper-parameters, the source DL model was evaluated 

using the testing datasets from all 10 test conditions as given in Table 3.1. Figure 4.5 

illustrates the predicted NOx based on the source DL model against the reference NOx 

(ground-truth) for the ‘seen’ and ‘unseen’ conditions. Note that, in the figure, dash lines 

‘y=x-4’ and ‘y=x+4’ represent the ideal line y=x plus and minus the maximum standard 

deviation (the maximum standard deviation is 4 ppm, existing in Test 8, as shown in 

Table 3.1) of the reference NOx. As can be seen, the predicted NOx values for the ‘seen’ 

conditions are mostly within the STD of ±4 ppm. The MAPE of the predicted NOx is 

0.60% for all the ‘seen’ conditions, suggesting that the source DL model can predict NOx 

accurately if the conditions have been ‘seen’. The source DL model gives higher 

prediction accuracy for the testing dataset from ‘unseen’ condition 1 (Test 4 as given in 

Table 3.1), as the reference NOx value under Test 4 is close to that under the ‘seen’ 

condition Test 3. However, the MAPE increases dramatically up to 15.49%, 14.01% for 

the testing dataset from ‘unseen’ condition 2 (Test 5) and ‘unseen’ condition 3 (Test 8), 

respectively. The results suggest that the source DL model could provide poor prediction 

accuracy for the ‘unseen’ conditions, and thus an updated model is required. 
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Figure 4.5. Predicted and reference NOx values based on the source DL model. 

4.4.2 IDL model 

As the IDL model is constructed based on the source DL model, the hyper-parameters are 

kept the same as that of the source model, i.e., the input image size of 144×144, the batch 

size of 64, and the convolutional layers of 4. However, the training epoch applied is 100, 

which is determined after a careful examination of the training process to ensure its 

convergence after the selected training epoch. It is worth noting that the epoch of 100 is 

much smaller than that used in the source model training (7500). This is due to the fact 

that, in the updating process, only the training dataset from one ‘unseen’ condition is used 

to maintain high computational efficiency.  

In this study, the 1st update is performed based on the source DL model and the training 

dataset from the 1st ‘unseen’ condition (Test 4); the 2nd update is based on the 1st IDL 

model and the training dataset from the 2nd ‘unseen’ condition (Test 5); the 3rd update is 

based on the 2nd IDL model and the training dataset from the 3rd ‘unseen’ condition (Test 

8). The validation datasets from ‘seen’ and ‘unseen’ conditions were applied to examine 
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the performance of the updated model. It is worth mentioning that, in this study, the model 

is updated continuously for three ‘unseen’ conditions due to the availability of ‘unseen’ 

conditions. However, the model can be updated continuously if more ‘unseen’ conditions 

are available. 

4.4.2.1 Impact of loss balance weight on the model’s performance 

As described in Chapter 3, the loss balance weight is introduced to the objective function 

of the IDL model to ‘balance’ the performance of the IDL model between the ‘seen’ and 

‘unseen’ conditions. A larger ηi tunes the ith IDL model to the (i-1)th IDL model, leading 

to a better performance of the ith IDL model for the ‘seen’ conditions. On the other hand, 

a smaller ηi tunes the (i-1)th IDL model to the ith IDL model, leading to a better 

performance of the ith IDL model for the ‘unseen’ conditions.  

To determine the appropriate value of ηi in each update, a grid search technique is applied, 

where ηi is set between 0 to 1 with an interval of 0.1. The training and validation datasets 

are then applied to the model for the different values of ηi. Figure 4.6 illustrates the 

MAPEs of the IDL model for different values of ηi when the model was updated by the 

training and validation datasets from three ‘unseen’ conditions incrementally. Note that 

the number of the ‘seen’ conditions varies depending upon the number of updates as the 

‘unseen’ condition which is used to update the IDL model becomes one of the ‘seen’ 

conditions in the next updated IDL model. Thus, the ‘seen’ conditions shown in Figure 

4.6 (a) are Tests 1-4, 6, 7, 9-10, in Figure 4.6 (b) are Tests 1-7, 9-10, and in Figure 4.6 (c) 

are Tests 1-10. As can be seen, a larger ηi leads to higher validation’s MAPEs for the 

‘unseen’ condition and lower validation’s MAPEs for the ‘seen’ conditions. It is found 

that the appropriate value of ηi would be in a range between 0.6 and 0.8. 
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Figure 4.6. Variation of MAPE with ηi for the ith updates (i=1, 2, 3). (a) the 1st update, 

(b) the 2nd update, (c) the 3rd update. 

Figure 4.7 shows the variation of the APEmax with ηi for three updates using the validation 

datasets from the ‘seen’ and ‘unseen’ conditions. The APEmax decreases with ηi in the 1st 

and 2nd updates. This is because, as ηi increases, the contribution of the regression loss is 

reduced, and the distillation loss dominates the total loss of the model (refer to Chapter 

3). It also means that the performance of the ith IDL model is close to that of the (i-1)th 

IDL model (or the source model). When ηi reaches 1, the contribution of the regression 

loss is ‘zero’, and only the distillation loss exists. In other words, the model remains 



Chapter 4 Construction and Evaluation of the IDL Model for NOx Prediction 

74 

unchanged. It is also noted that the mean ground truth (NOx) of the 2nd ‘unseen’ condition 

(Test 5) is significantly different from other ‘seen’ conditions (maybe due to the reduced 

primary to total flow). This explains that the APEmax of the 2nd update is higher than that 

of the 1st update. The APEmax of the 3rd update is consistently higher than that of the 1st 

and 2nd updates because the 3rd ‘unseen’ condition (Test 8) is very different from the ‘seen’ 

conditions (refer to Table 3.1). However, it does not show a monotonically decreasing 

trend. This is believed to attribute a greater standard deviation in comparison with the 

‘seen’ and the 1st and 2nd ‘unseen’ conditions. Therefore, a loss balance weight of 0.7 is 

considered to be a trade-off among the ‘unseen’ conditions examined. 

It should be noted that, when the loss balance weight is set to 0, the knowledge distillation 

loss introduced to the IDL model will not exist, leading to an FT (Fine-Tuning) model. 

Figure 4.6 shows that the IDL model outperformed the FT model among the ‘seen’ 

conditions. Also, when the loss balance weight is set to 0.7, the IDL model functions 

better than the FT model. This has revealed that the proposed IDL model has a strong 

ability to tackle the ‘catastrophic forgetting’ problem by adjusting the value of the loss 

balance weight. 

 

Figure 4.7. Variation of APEmax with ηi for the ith updates (i=1, 2, 3). 
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4.4.2.2 Performance of IDL model  

Figure 4.8 illustrates the NOx emissions predicted using the IDL model for three updates, 

respectively (η1=η2=η3=0.7). It can be seen that the predicted NOx emissions for ‘seen’ 

and ‘unseen’ conditions are around the reference line ‘y=x’ for the three updates. 

Compared to the results in Figure 4.5, it is evident that the prediction accuracy of the IDL 

model was significantly improved through incremental updating. 

Table 4.2 summarises the prediction errors of the source DL and IDL models for the ‘seen’ 

and ‘unseen’ testing datasets. As can been seen, although the prediction errors of the 

models have increased due to the updating, they remain small, e.g., the MAPE is 2.56% 

with a standard deviation of 1.45%, and the APEmax is no greater than 5%, after three 

updates. The results have revealed that the proposed technical approach is effective to 

allow the IDL model to be learnt incrementally based on the datasets only from ‘unseen’ 

conditions. In addition, the updated model enables to predict the NOx emissions under 

‘seen’ and ‘unseen’ conditions with acceptable errors. Furthermore, the IDL model can 

be updated by an ‘unseen’ condition dataset in a very short period (0.01 hours). Note that 

the training time for each update varies slightly, but is rounded to 0.01 hours. In 

comparison, it will take more than 4.93 hours when more and more data from ‘unseen’ 

conditions are combined with the data from ‘seen’ conditions to train a DL model. This 

also depicts that the IDL has a less requirement of training data than the source DL model. 

This has shown the great potential of the proposed IDL approach for online NOx 

prediction in practical combustion systems with variable operation conditions.  
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     (a)                                                                (b) 

 

(c) 

Figure 4.8. Predicted and reference NOx values based on the 1st, 2nd and 3rd updated IDL 

models. (a) the 1st updated IDL model, (b) the 2nd updated IDL model, (c) the 3rd 

updated IDL model. 

It is also worth mentioning that, at the training stage, the input (flame temperature maps) 

and ground truth (NOx values) at each batch are randomly sampled (by the model being 

trained) from a ‘seen’ or ‘unseen’ training dataset. There is no particular input order 

among the different ‘seen’ and ‘unseen’ training datasets during the training process. At 

the testing stage, on the other hand, the model was tested by the testing datasets from 

‘seen’ and ‘unseen’ conditions. The testing data were fed into the model one by one with 
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no particular order. Thus, the input order of different ‘seen’ and ‘unseen’ testing datasets 

to the model does not influence the model’s performance. It is also worth noting that the 

three ‘unseen’ conditions selected were considered to be the extreme cases, particularly 

Tests 5 and 8, in comparison with the ‘seen’ conditions (in terms of the means and 

standard deviations of NOx emissions, please refer to Table 3.1). Thus, it is believed that 

if any other ‘seen’ conditions were selected as ‘unseen’ conditions and used to construct 

the model, the performance of the model should be better than that presented in the thesis. 

Table 4.2. Prediction errors and training times of the source DL and IDL models  for 

the ‘seen’ and ‘unseen’ testing datasets 

 Source DL 1st updated IDL 2nd updated IDL 
3rd updated 

IDL 

Test 1-3, 6, 7, 9, 10 1-4, 6, 7, 9, 10 1-7, 9, 10 1-10 

MAPE (%) 0.60 1.05 1.46 2.56 

APEmax (%) 1.47 2.42 3.84 4.87 

σ (%) 0.59 0.77 1.25 1.45 

Training time 

(hour) 
4.93 0.01 0.01 0.01 

It is thought that the problem of increased error with the number of updates could be 

minimised by introducing a small portion of the dataset from ‘seen’ conditions to the 

updating process, which would be a trade-off between the accuracy and efficiency of the 

IDL model. 

4.5 Summary 

A flame imaging-based IDL model has been developed for predicting NOx emissions 

from an oxy-biomass combustion process. Flame temperature maps obtained under a 

range of operation conditions on an Oxy-fuel Combustion Test Facility have been used 

as the input datasets. The IDL model (the source model) was constructed based on CNN 



Chapter 4 Construction and Evaluation of the IDL Model for NOx Prediction 

78 

by updating the model incrementally only using ‘unseen’ datasets. The improved 

accuracy and efficiency of the model have also been achieved by introducing a loss 

balance weight into the objective function. The criteria for choosing the loss balance 

weight were carefully set to ensure that the IDL model would not lose the information 

from ‘seen’ and ‘unseen’ conditions. The test results have revealed that the proposed IDL 

model is capable of predicting NOx emissions for ‘seen’ and ‘unseen’ conditions with a 

mean absolute percentage error of less than 3% even after three updates. In comparison 

with the conventional CNN, the IDL model has an incremental learning ability which 

gives great potential to the proposed IDL model for the online NOx prediction in practical 

combustion systems under variable operation conditions.
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Chapter 5 

Construction and Evaluation of the IMCM Model for 

Condition Monitoring 

 

5.1 Introduction 

The load of power generation systems needs to be varied to meet fluctuating energy 

demands. Online and reliable condition monitoring in such combustion processes is thus 

essential for the control and optimisation under variable conditions. In Chapter 3, a 

condition recognition approach based on cosine similarity is proposed and integrated into 

the IDL model to recognise the conditions based on boiler operation data. If boiler 

operation data are not available, however, a flame imaging-based condition recognition 

technique can be very useful. This chapter presents the construction and evaluation of the 

IMCM (incremental multi-mode combustion condition monitoring) model for the 

condition monitoring of an oxy-biomass combustion process. The architecture and 

relevant theoretical aspect of the IMCM model has been given in Chapter 3. A CNN is 

deployed as the SMCM (source multi-mode combustion condition monitoring) model, 

which is built using the datasets from the ‘seen’ operation conditions. The impact of the 

training dataset and hyper-parameters, such as training epoch and loss balance weight, on 

the model’s performance, is examined using the grid search technique. The developed 

IMCM model is evaluated using the flame data as given in Chapter 3. The results obtained 

are analysed and discussed. 
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5.2 Construction of the IMCM Model  

5.2.1 Overview 

The construction process of the IMCM model is illustrated in Figure 5.1. To construct the 

IMCM model, the 1st step is to construct the SMCM model using the training dataset from 

‘seen’ conditions. The ith IMCM model is then achieved by updating (i-1)th IMCM model 

which represents the SMCM model when i=1, using datasets from the ith ‘unseen’ 

condition. The objective function ensures that the IMCM model recognises both the ‘seen’ 

and ‘unseen’ conditions. A stochastic gradient descent method is also deployed to 

minimise the objective loss by optimising the parameters (e.g., weights and biases) of the 

IMCM model and thus minimise the catastrophic forgetting problem during the updating 

process.  

 

Figure 5.1 The construction process of the IMCM model. 
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The input training, validation, and testing datasets used in this Chapter are the same as 

the datasets introduced in Section 4.2, while the output for the IMCM model is the 

corresponding ground-truth condition labels instead of NOx emissions. The validation 

dataset was used to determine the hyper-parameters of the IDL model, and the testing 

dataset was used to evaluate the established model performance.  

5.2.2 Determination of Training Datasets and Hyper-parameters 

As discussed in Chapter 3, the source DL and SMCM models’ architectures are similar, 

essentially modified models of conventional CNN. In the source DL model, the hyper-

parameters such as the input image size, batch size, and the number of convolutional 

layers were carefully determined for the feature extraction and these hyper-parameters 

have been proven effective in feature extraction of the temperature maps (Section 4.3.2). 

It is therefore decided that the same hyper-parameters of feature extraction layers were 

applied in the SMCM model. Careful consideration was taken to determine the training 

dataset, training epoch, and loss balance weight of the IMCM model. The mean 

recognition success rate (MRSR), maximum recognition success rate (RSRmax), minimum 

recognition success rate (RSRmin), and standard deviation σ as defined in Section 3.4.3 

were used to evaluate the performance of the constructed IMCM model. 

5.2.2.1 Training Datasets 

To build the SMCM model, the flame temperature maps from ‘seen’ conditions (Tests 1-

3, 6, 7, 9, and 10 as shown in Figure 4.1) were used. Flame temperature maps from 

‘unseen’ conditions (Tests 4, 5, and 8 as given in Figure 4.1) were then used to train, 

validate and test the IMCM model. The proportion of training, validation, and testing 

datasets from each condition is 75%, 12.5%, and 12.5%, respectively (refer to Figure 4.1, 

Chapter 4). A study on the IMCM model built without training datasets from previously 

‘unseen’ conditions was carried out to decide whether data from previously ‘unseen’ 

conditions were needed. Initially, the 1st IMCM model was built based on the SMCM 

model and the training dataset from the 1st ‘unseen’ condition (Test 4); the 2nd IMCM 
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model was obtained based on the 1st IMCM model and the training dataset from the 2nd 

‘unseen’ condition (Test 5); the 3rd IMCM was constructed based on the 2nd IMCM model 

and the training dataset from the 3rd ‘unseen’ condition (Test 8).  

Table 5.1 summarises the MRSR, and σ of the SMCM and IMCM models, which were 

tested using the validation datasets from the ‘seen’ and ‘unseen’ conditions. As can be 

seen, the MRSR of the 3rd IMCM model is 86.40%, with a σ of 19.39%. Hence, adding 

some portions of input data from previously ‘unseen’ conditions might be helpful to 

improve the performance of the model. 

Table 5.1 The mean recognition success rates, and standard deviation of recognition 

success rates of the SMCM and IMCM models for the validation dataset from ‘seen’ 

and ‘unseen’ conditions 

 SMCM 1st IMCM 2nd IMCM 3rd IMCM 

Test 
1-3, 6, 7, 9, 

10 

1-4, 6, 7, 9, 

10 
1-7, 9, 10 1-10 

MRSR (%) 100 98.94 95.47 86.40 

σ (%) 0 2.01 8.50 19.39 

 

Table 5.2 shows the MRSR, RSRmax, RSRmin of the 2nd IMCM model using different 

portions of training datasets from the 1st and 2nd ‘unseen’ conditions, respectively. As can 

be seen, the greater the portion of training data from the 1st ‘unseen’ condition, the higher 

the MRSR. The MRSR does not increase much when the portion of the training data 

increases from 50% to 100%, this might be due to that fact that the useful feature 

information of training data reaches saturation when the portion of the training data is 

above 50%. Hence, 100% of training data from the 1st ‘unseen’ condition is added to the 

1st IMCM model construction process. 

To build the 3rd IMCM model, the determination of the training dataset was also 

performed. Table 5.3 summarises the condition recognition success rate of the 3rd model 
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for different percentage of training data from the 1st, 2nd, and 3rd ‘unseen’ conditions. In 

comparison to those without training data from the 1st ‘unseen’ condition, greater MRSR 

and RSRmin were found when training data from the 1st ‘unseen’ condition were used to 

train the 3rd IMCM model, which suggests the necessity of adding a small percentage of 

training data from the 1st ‘unseen’ condition for the improved performance of the 3rd 

IMCM model. 

Table 5.2 The mean, minimum, and maximum recognition success rates of the 2nd 

IMCM model for different percentages of the training data. 

Training data 

from the 1st 

‘unseen’ 

condition (%) 

Training data 

from the 2nd 

‘unseen’ 

condition (%) 

MRSR (%) RSRmin (%) RSRmax (%) 

100 100 97.88 91.23 100 

50 100 97.50 92.98 100 

0 100 95.47 75.00 100 

 

Table 5.3 also depicts the highest RSRmin when more training data from previously 

‘unseen’ conditions are introduced to the IMCM model training process. Please note that 

the 1st and 2nd ‘unseen’ conditions were used to train the 2nd IMCM model, so those 

conditions were treated as previously ‘unseen’ conditions in the 3rd IMCM model. It is 

shown that the increasing proportion of training data from the 1st and the 2nd ‘unseen’ 

condition improves the performance of the 3rd IMCM model in terms of RSRmin. In 

addition, compared to 100% of training data from the 1st ‘unseen’ condition, a 1.18% 

higher MRSR is seen when 75% of training data from the 1st ‘unseen’ condition was 

introduced to the IMCM model. This may be attributed to the data saturation or noise of 

the training data in the 1st ‘unseen’ condition. Hence, a dataset that consists of 75% of 

training data from the 1st ‘unseen’ condition, 100% of training data from the 2nd ‘unseen’ 

condition, and 100% of training data from the 3rd ‘unseen’ condition was used to build 

the 3rd IMCM model. Overall, the MRSR of the 2nd IMCM model increases from 95.47% 

to 97.88%, when the percentage of the 2nd IMCM model’s training data from the 1st 
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‘unseen’ condition increases from 0 to 100%. In addition. The MRSR of the 3rd IMCM 

model increases from 86.40% to 93.59%, when the percentages of the 3rd IMCM model’s 

training data from the 1st and 2nd ‘unseen’ conditions increase from 0 to 75% and 100%, 

respectively. 

Table 5.3 The mean, minimum, and maximum recognition success rates of the 3rd 

IMCM model for different percentages of the training data. 

Training data 

from the 1st 

‘unseen’ 

condition (%) 

Training data 

from the 2nd 

‘unseen’ 

condition (%) 

Training data 

from the 3rd 

‘unseen’ 

condition (%) 

MRSR 

(%) 

RSRmin 

(%) 

RSRmax 

(%) 

100 100 100 92.41 78.95 100 

75 100 100 93.59 78.95 100 

50 100 100 92.31 63.16 100 

0 100 100 89.41 60.00 100 

0 50 100 88.21 55.00 100 

0 0 100 86.40 42.86 100 

 

5.2.2.2 Training Epoch 

The training epoch is to control the stop point of the incremental training process. To 

build the 1st IMCM model, the training dataset consists of 100% of training data from the 

1st ‘unseen’ condition as discussed in Section 5.2.2.1. In addition, the loss balance is set 

to 0.6 as discussed in Section 5.2.2.3. Figure 5.2 shows the variation of MRSRs for the 

‘seen’ and the 1st ‘unseen’ validation conditions against different epochs. To obtain the 

1st IMCM model, only the training data from the 1st ‘unseen’ condition (Test 4) was used, 

that is why with the increasing training epoch from 0 to 1000, the MRSR under the 1st 

‘unseen’ condition increases from 0 to 100%. However, the MRSR under the ‘seen’ 

conditions decreases from 100% to 80.45% because of the ‘forgetting’ issue during the 
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incremental learning process. The MRSR of the total eight conditions increases from 

training epoch 1 to training epoch 98 and then starts decreasing to 82.98%, and the highest 

success rate 98.84% is achieved at epoch 98. Hence, the training epoch was set to 98 for 

the 1st IMCM model.  

 

Figure 5.2. Variation of MRSR of the 1st IMCM model for recognising the validation 

dataset from the ‘seen’, and the 1st ‘unseen’ conditions against different epochs. 

Figure 5.3 shows the variation of MRSR for the ‘seen’, 1st, and 2nd ‘unseen’ validation 

conditions with epoch increasing from 1 to 2000, with the learning rate set to 10-6, and 

the training dataset including 100% of training data from the 1st and 2nd ‘unseen’ 

conditions, and the loss balance set to 0.8. Since 100% of training data from the 1st and 

2nd ‘unseen’ conditions participate in the incremental learning process of the 1st IMCM 

model, the MRSR for the 1st and 2nd ‘unseen’ conditions increases from 95% to 100% 

and 0 to 100%, respectively, with the training epoch increasing from 1 to 2000. In contrast, 

the MRSR among the ‘seen’ conditions slightly increases from 98.58% to 99.24% and 

then decreases to 89.24% because of ‘forgetting’ issues. Overall, the MRSR reaches 97.88% 

with the lowest standard deviation of 3.34%, at the training epoch 1074. Therefore, 

training epoch 1074 was set to the stop training point for the 2nd IMCM model.  
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Figure 5.3. Variation of MRSR of the 2nd IMCM model for recognising the validation 

dataset from the ‘seen’, the 1st and 2nd ‘unseen’ conditions against different epochs. 

A similar study was done for the 3rd IMCM model. 75%, 100%, and 100% of training 

data from the 1st, 2nd, and 3rd ‘unseen’ conditions are deployed to participate in the training 

process of the 3rd IMCM model. Figure 5.4 shows the variation of MRSR for ‘seen’, the 

1st, 2nd, and 3rd ‘unseen’ validation conditions against different epochs, with the learning 

rate set to 10-6, and the loss balance set to 0.8 (The loss balance weight is discussed in the 

next section). Since the data from the 1st, 2nd, and 3rd ‘unseen’ conditions were introduced 

to the 3rd IMCM model, the recognition success rate of the 1st ‘unseen’ condition remains 

100%, and the recognition success rates of the 2nd and 3rd 'unseen' conditions increase 

from 94.74% to 100%, 0 to 100%, respectively, with the training epoch increasing to 

1500. When the model starts to learn to recognise the ‘unseen’ conditions, its weights 

will shift to satisfy the ‘unseen’ conditions instead of the ‘seen’ conditions. Thus, the 

MRSR increases and then decreases gradually with the training epoch. Overall, the 

MRSR peaks at 93.59% with the lowest standard deviation of 8.77%, at the training epoch 

970. Hence, the training epoch of 970 is set to be the stop training point for the 3rd IMCM.  
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Figure 5.4. Variation of MRSR of the 3rd IMCM model for recognising the validation 

dataset from the ‘seen’, the 1st, 2nd and 3rd ‘unseen’ conditions against different epochs. 

5.2.2.3 Loss Balance Weight 

The loss balance weight that is introduced to the objective function of the IMCM model 

is to ‘balance’ the IMCM model performance over the ‘seen’ and ‘unseen’ conditions. A 

larger η tunes the model to the previous IMCM model, leading to a better performance of 

the model for the ‘seen’ conditions. On the other hand, a smaller η tunes the model to 

satisfy the newly ‘unseen’ conditions, leading to a better performance of the model for 

the ‘unseen’ conditions. A grid search technique was used to determine the appropriate 

value of η for each update of the IMCM model, where η is set between 0 to 1 with an 

interval of 0.1. 
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Figure 5.5. Variation of MRSR with η for the 1st, 2nd and 3rd IMCM model. 

Figure 5.5 illustrates the variation of MRSRs with η for the 1st, 2nd, and 3rd IMCM models 

using the validation datasets from the ‘seen’ and ‘unseen’ conditions when the model was 

updated by the training datasets from the three ‘unseen’ conditions incrementally. As can 

be seen, the MRSR of the 1st IMCM model increases with η ranging from 0.1 to 0.6 and 

then decreases when η is over 0.6. Similar trends are also found in the MRSRs of the 2nd, 

and 3rd IMCM models with η, where the MRSRs reach their peak values when η is around 

0.8. This is because, as η increases, the IMCM models learn the information from the 

newly ‘unseen’ condition at a lower speed, and forget the information from the ‘seen’ 

conditions at a lower speed as well. It is found that the appropriate value of η would be 

0.6 for the 1st IMCM model, and η 0.8 for the 2nd, and 3rd IMCM models.  

It should also be noted that, when the loss balance weight is set to 0, the IMCM model is 

considered to be an FT (Fine-Tuning) model without the knowledge distillation. Figure 

5.5 shows that the IMCM model functions better than the FT model for recognising 

conditions under ‘seen’ and ‘unseen’ conditions. This has further proven the proposed 

IMCM model’s ability in tackling the ‘catastrophic forgetting’ problem and balancing the 

model’s performance on a wide range of combustion conditions. 
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5.2.2.4 Recognition Probability Threshold  

When a ‘new’ condition without labels arrives, it is essential to decide whether the 

SMCM or IMCM model needs to be updated. A condition recognition approach is 

therefore needed to check whether the ‘new’ condition is ‘seen’ or ‘unseen’. To reach 

such a goal, a recognition probability threshold is set, which is based on the soft-max 

output from the IMCM model. The soft-max output is a vector with probability values of 

each possible class. Without setting a soft-max output threshold, the SMCM or IMCM 

models could recognise a newly ‘unseen’ condition to one of the ‘seen’ or previously 

‘unseen’ conditions. However, if the mean soft-max output value is smaller than a defined 

recognition probability threshold, then those images are recognised as an ‘unseen’ 

condition. The threshold is determined based on the comparison result of the soft-max 

output matrix of the SMCM and IMCM models, based on input from training and 

validation datasets, respectively.  

Figures 5.6-5.8 depict the mean soft-max output matrices of the SMCM, 1st, 2nd IMCM 

models based on the flame temperature maps from the training and validation datasets as 

the input, respectively. Note that the diagonal values in the soft-max output matrices in 

Figures 5.6(a), 5.7(a), and 5.8(a) represent the probabilities for the reference test 

conditions being classified to themselves correctly, while the off-diagonal elements are 

those that are mislabelled by the models. As can be seen, the probabilities among the 

‘seen’ conditions decrease slightly in the incremental learning process but remain above 

90%. This is because of the forgetting issue caused by the absence of the ‘seen’ conditions 

during the incremental learning process, and the data (temperature maps) similarity 

among the ‘seen’, and previously ‘unseen’ conditions. In addition, the soft-max output 

values using training, and validation datasets as inputs from each condition are very close 

for each IMCM model. This is because the training and validation datasets are randomly 

split from the same condition and should carry similar information. The diagonal values 

in the soft-max output matrices [Figures 5.6(a), 5.7(a), and 5.8(a)] are treated as the 

ground-truth probabilities for the actual conditions being classified to themselves 

correctly. The probability difference between the training and validation datasets being 

recognised to a correct condition is assessed using, 
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where APE is the absolute percentage error. pv and pt are the probabilities for the 

validation and training datasets being recognised to a correct condition, respectively. As 

can be seen from Figures 5.6-5.8, the absolute percentage errors between the probabilities 

when using the training and validation datasets from the ‘seen’ and previously ‘unseen’ 

conditions being classified to themselves are lower than 3.50% for the SMCM, 1st and 2nd 

IMCM models (note that Tests 1-3, 6, 7, 9-10 represent ‘seen’ conditions; Test 4 refers 

to the 1st ‘unseen’ condition; Test 5 refers to the 2nd ‘unseen’ condition; Test 8 refers to 

the 3rd ‘unseen’ condition). However, low soft-max output values for the newly ‘unseen’ 

condition are found in those models. This is because the training dataset from the newly 

'unseen' condition is not deployed in the incremental learning process of the models.  

As shown in Figures 5.6 (b), 5.7 (b) and 5.8 (b), the greatest probabilities are seen when 

the validation datasets from newly ‘unseen’ conditions (Tests 4, 5, 8) are recognised to 

seen conditions (Tests 2, 4, 9) respectively. In comparison with probabilities for training 

datasets from those conditions (Tests 2, 4, 9) being recognised to themselves using the 

SMCM, 1st, and 2nd IMCM models, much lower probabilities for validation datasets from 

newly ‘unseen’ conditions (Tests 4, 5, 8) being recognised to conditions (Tests 2, 4, 9) 

are seen, with APEs of 49.53%, 32.14%, and 10.42%, respectively. Therefore, the 

recognition probability threshold could be (pt-pt×10.42%). 
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(a) 

 

(b) 

Figure 5.6. Values (%) in the mean soft-max output matrix of the SMCM model, based 

on training, and validation datasets from ‘seen’ conditions (Tests 1-3, 6, 7, 9, 10), and 

newly ‘unseen’ conditions (the 1st ‘unseen’ condition: Test 4). (a) Training datasets, (b) 

Validation datasets. 
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(a) 

 

(b) 

Figure 5.7. Values (%) in the mean soft-max output matrix of the 1st IMCM model, 

based on training, and validation datasets from ‘seen’ conditions, previously ‘unseen’ 

conditions (the 1st ‘unseen’ condition: Test 4), and newly ‘unseen’ conditions (the 2nd 

‘unseen’ condition: Test 5). (a) Training datasets, (b) Validation datasets. 
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(a) 

 

(b) 

Figure 5.8. Values (%) in the mean soft-max output matrix (%) of the 2nd IMCM model, 

based on training, and validation datasets from ‘seen’ conditions, previously ‘unseen’ 

conditions (the 1st ‘unseen’ condition: Test 4; the 2nd ‘unseen’ condition: Test 5), and 

newly ‘unseen’ condition (the 3rd ‘unseen’ condition: Test 8). (a) Training datasets, (b) 

Validation datasets. 
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5.3 Evaluation and Discussion 

The condition recognition strategy and recognition probability threshold proposed are 

evaluated using the testing datasets from the ‘seen’, 1st, 2nd, and 3rd ‘unseen’ conditions. 

Figures 5.8-5.10 illustrate the soft-max output matrices of the SMCM, the 1st, and 2nd 

IMCM models using different testing datasets. Similar probability values in the soft-max 

output matrices are given in Figures 5.5-5.6. The values in the soft-max output matrix of 

the actual condition that is predicted to be the correct condition are 94% or over, which 

is above the recognition probability threshold as determined in Section 5.2.  

As can be seen, the probabilities for testing datasets from those newly ‘unseen’ conditions 

being classified to a ‘seen’ or previously ‘unseen’ condition is lower than the determined 

recognition probability threshold. For example, the recognition probability threshold of 

the SMCM model under Test 3 is 89.48%, the 1st IMCM model recognition probability 

threshold under Test 4 is 66.82%, and the 2nd IMCM model recognition probability 

threshold under Test 9 is 87.58%, and those values are higher than the values in the last 

column of the soft-max matrices as shown in Figures 5.9-5.11, respectively. Hence, the 

proposed IMCM model can recognise ‘seen’ and ‘unseen’ conditions. 

Table 5.4 summarises the recognition success rate of the SMCM and IMCM models for 

the testing datasets from the ‘seen’ and ‘unseen’ conditions. As can be seen, although the 

recognition success rates of the models have decreased due to the updating, they remain 

high. Compared to using only data from a newly ‘unseen’ condition, the new strategy has 

highly increased the IMCM model performance with a small proportion of training data 

from previously ‘unseen’ conditions. The results have revealed that the proposed 

technical approach is effective to allow the IMCM model to be learnt incrementally based 

on the datasets only from ‘unseen’ conditions. 
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Figure 5.9. Soft-max output matrix (%) of the SMCM model, based on test datasets 

from ‘seen’ (Tests 1-3, 6, 7, 9, 10) and the 1st ‘unseen’ conditions (Test 4). 

 

Figure 5.10. Soft-max output matrix (%) of the 1st IMCM model, based on testing 

datasets from ‘seen’, the 1st and 2nd ‘unseen’ conditions. 
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Figure 5.11. Soft-max output (%) of the 2nd IMCM model, based on testing datasets 

from ‘seen’, the 1st, 2nd, and 3rd ‘unseen’ conditions. 

Table 5.4 Success rate of the SMCM and IMCM models for recognising the testing 

datasets from the ‘seen’ and ‘unseen’ conditions. 

 SMCM 1st IMCM 2nd IMCM 3rd IMCM 

Test 1-3, 6, 7, 9, 10 1-4, 6, 7, 9, 10 1-7, 9, 10 1-10 

MRSR (%) 99.32 98.94 97.89 92.40 

σ (%) 1.80 2.00 3.67 9.05 

 

5.4 Summary 

In this Chapter, the IMCM model has been constructed and evaluated for recognising 

multi-mode combustion conditions from an oxy-biomass combustion process. Flame 

temperature maps obtained on an Oxy-fuel Combustion Test Facility have been used as 

the input datasets. The IMCM model has been built based on the SMCM (source model) 

by updating the model incrementally only using newly ‘unseen’ and a small portion of 
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previously ‘unseen’ datasets to reach improved accuracy, compared to updating the 

model only using newly ‘unseen’ datasets. The loss balance weight, training epoch, and 

recognition probability threshold have been carefully considered for the optimal 

performance of the model. The condition recognition strategy and the determined 

threshold have been proven to work well. The test results have revealed that the proposed 

IMCM model is capable of recognising the ‘seen’ and ‘unseen’ conditions with an MRSR 

of 92.40% after three updates. In comparison with the conventional multi-mode 

combustion condition monitoring models, the IMCM model has an incremental learning 

ability which has given a great potential for incremental multi-mode combustion 

condition monitoring in practical combustion systems under variable operation conditions. 

In addition, the IMCM model work based on flame images only and thus can be integrated 

into the IDL model (Chapter 4) to predict NOx emissions incrementally without boiler 

operation data.
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Chapter 6 

NOx Prediction of an Oxy-biomass Combustion 

Process using the IDL-IMCM Model 

 

6.1 Introduction  

This chapter focuses on the construction, validation and test of the IDL-IMCM (integrated 

IDL and IMCM) model for predicting NOx emissions from an oxy-biomass combustion 

process. In Chapter 3, the mathematical expression of the IDL-IMCM model was given. 

The construction and evaluation of IDL and IMCM models were detailed in Chapters 4 

and 5, respectively. The IDL-IMCM model combines the architectures of the IDL and 

IMCM models. The hyper-parameters determined in the IDL and IMCM models were 

directly deployed in the model construction. The model was tested and validated using 

flame datasets from ‘seen’ and ‘unseen’ conditions. Three updates were performed. 

Results of the IDL-IMCM based NOx prediction model were detailed and compared with 

that of the IDL based NOx prediction model. 

6.2 Construction of the IDL-IMCM Model  

Figure 6.1 gives the block diagram of the IDL-IMCM model. The input flame temperature 

maps first go through the condition recognition sub-model (i.e., IMCM model), where 

the condition recognition is performed based on the fed flame temperature maps. If a 

condition is classified as one of the ‘seen’ conditions, these flame data will be fed into 

the NOx prediction sub-model (i.e., IDL model) where the NOx prediction is executed. 

However, if the condition is classified as a newly ‘unseen’, the corresponding flame data 

are not fed into the current IDL model for NOx prediction; instead, they are used to update 

the IDL and IMCM models through an incremental learning process. It should be noted 
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that the performance of the IDL and IMCM models was optimised through the careful 

determination of their hyper-parameters as detailed in Sections 4.3.2 and 5.2.2. The 

hyper-parameters of the IDL-IMCM model were then kept the same as that of the IDL 

and IMCM models, which are included in Table 6.1 for convenience. It should also be 

mentioned that the IDL-IMCM model is essentially an integration of the pre-trained IDL 

and IMCM models, and thus does not need to be re-trained after the integration. However, 

once an updating is required (i.e., an ‘unseen’ condition is recognised), incremental 

learning will occur in the IDL model and IMCM model separately and independently.  

 

Figure 6.1. The block diagram of the IDL-IMCM model. 
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Table 6.1 Hyper-parameters and input image size of the IDL-IMCM model. 

Number of convolutional layers 4 

Batch size 64 

Input image size 144×144 

Loss balance weight of the 1st IMCM model 0.6 

Loss balance weight of the 2nd and 3rd IMCM models 0.8 

Loss balance weight of the 1st, 2nd and 3rd IDL models 0.7 

 

6.3 Results and Discussions 

6.3.1 Model Performance on Validation Dataset 

The IDL-IMCM model performance was evaluated using the validation and testing 

datasets from the oxy-biomass combustion process, as described in Chapter 2. The 1st 

IDL-IMCM model was obtained based on the integrated source DL (Deep Learning) and 

SMCM (Source Multi-mode Condition Monitoring) model and the training data from the 

1st ‘unseen’ condition (i.e., Test 4); the 2nd IDL-MCM model was built based on the 1st 

IDL-IMCM model and the training data using the 1st and 2nd ‘unseen’ conditions (i.e., 

Tests 4 and 5); and the 3rd IDL-IMCM model was formed based on the 2nd IDL-IMCM 

model and the training data using the 1st, 2nd and 3rd ‘unseen’ conditions (i.e., Tests 4, 5 

and 8). The validation datasets from the ‘seen’ and ‘unseen’ conditions were applied to 

examine the performance of the IDL-IMCM model. It should be mentioned that the 

IMCM model is a part of the IDL-IMCM model. The performance of the IDL-IMCM 

model on condition recognition is expected to be the same as that of the corresponding 

IMCM model. However, the performance of the IDL-IMCM model on NOx prediction is 

dependent upon the IMCM and IDL models. This also means that the output of the IDL-

IMCM model can be different from that of the original IDL model. 
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6.3.1.1 Condition Monitoring 

Figures 6.2 and 6.3 show the validation results of the SMCM, the 1st, 2nd, and 3rd IMCM 

models, respectively, for recognising different operation conditions. It is clear that the 

SMCM model recognises successfully the validation datasets from the ‘seen’ conditions. 

It should be noted that ‘seen’ conditions represent Tests 1-3, 6-7, 9-10, as shown in Table 

3.1, and the 1st, 2nd, and 3rd ‘unseen’ conditions represent Tests 4, 5, and 8, respectively.  

Figure 6.3(a) illustrates that the 1st IMCM model recognises correctly Tests 1, 6, 7, 9, and 

10, but has some false recognition under Tests 2, 3, and 4, which may be due to the 

similarity of flame data among those conditions. Figures 6.3(a)-6.3(c) show increased 

false rates among the latest ‘new’ condition and ‘seen’ conditions, which may attribute to 

the ‘forgetting’ problem during the incremental learning process. It has been noted that 

the MRSRs of the proposed SMCM and IMCM models presented in Table 5.4, Chapter 

5, are above 90% based on optimum hyper-parameters. From a practical engineering 

perspective, these success rates in the condition recognitions are acceptable.  

 

Figure 6.2. Condition recognition of the SMCM model for the validation dataset from 

‘seen’ conditions (Tests 1-3, 6, 7, 9 and 10). 
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(a)                                                                        (b) 

 

                                     (c) 

Figure 6.3. Condition recognition of the 1st, 2nd, and 3rd IMCM models for the validation 

datasets under the ‘seen’, 1st, 2nd, and 3rd ‘unseen’ conditions (‘seen’ conditions: Test 1-

3, 6, 7, 9, 10; 1st ‘unseen’ condition: Test 4; 2nd ‘unseen’ condition: Test 5; 3rd ‘unseen’ 

condition: Test 8), respectively. (a) the 1st IMCM model, (b) the 2nd IMCM model, and 

(c) the 3rd IMCM model. 

6.3.1.2 NOx Prediction 

Figure 6.4 illustrates the predicted NOx using the source DL-SMCM model against the 

reference NOx (ground-truth) for the ‘seen’ conditions (Tests 1-3, 6, 7, 9, 10). As can be 
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seen, the predicted NOx for the ‘seen’ conditions are mostly within the two dash lines 

(‘y=x-4’ and ‘y=x+4’). The MAPE of the predicted NOx is 0.38% for all the ‘seen’ 

conditions, suggesting that the source DL-SMCM model is capable of predicting NOx 

accurately for all the ‘seen’ conditions.  

Figure 6.5 illustrates the NOx emissions predicted using the 1st, 2nd, and 3rd IDL-IMCM  

models against the reference NOx emissions for validation datasets under the ‘seen’ and 

‘unseen’ conditions. Compared to the results in Figure 4.4, Chapter 4, it is clear that the 

prediction accuracy of the IDL-IMCM model was significantly improved through 

incrementally updating. This is because the information from the ‘unseen’ conditions was 

gradually fed to the IDL-IMCM model. 

 

Figure 6.4. Predicted NOx values using the source DL-SMCM model against the 

reference NOx for validation datasets of the ‘seen’ conditions. 
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(a)                                                              (b) 

 

          (c) 

Figure 6.5. Predicted NOx values using the 1st, 2nd, and 3rd IDL-IMCM models against 

reference NOx values for validation datasets. (a) the 1st IDL-IMCM model, (b) the 2nd 

IDL-IMCM model, and (c) the 3rd IDL-IMCM model. 

Table 6.2 summarises the prediction errors of the source DL-SMCM and IDL-IMCM 

models for the validation datasets under the ‘seen’ and ‘unseen’ conditions. It can be seen 

that, although the prediction errors increase slightly due to the updating, they remain 

small, e.g., the MAPE is 2.36% with a standard deviation of 2.03%, after three updates. 
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The results reveal that the IDL-IMCM model enables learning incrementally from the 

datasets only from the ‘unseen’ conditions.  

Table 6.2. Prediction errors of the source DL-SMCM and IDL-IMCM models for 

validation datasets under the ‘seen’ and ‘unseen’ conditions. 

 
Source DL-

SMCM model 

1st IDL-IMCM 

model 

2nd IDL-IMCM 

model 

3rd IDL-

IMCM model 

Test 1-3, 6, 7, 9, 10 1-4, 6, 7, 9, 10 1-7, 9, 10 1-10 

MAPE (%) 0.38 0.73 1.54 2.36 

APEmax (%) 1.08 1.28 3.01 6.31 

σ (%) 0.35 0.45 0.98 2.03 

 

6.3.2 Model Performance on Testing Dataset 

6.3.2.1 Condition Recognition 

Figures 6.6 and 6.7 show the condition recognition results using the SMCM, the 1st, 2nd, 

and 3rd IMCM models for testing datasets under the ‘seen’ and ‘unseen’ operation 

conditions, respectively. Figure 6.6 depicts that the SMCM model recognises the testing 

datasets under Tests 1-3, 7, 9, and 10 correctly, except for one false recognition (among 

19 flame images in Test 6). Figure 6.7(a) illustrates that the 1st IMCM model recognises 

Tests 1, 3, 6, 7, 9, and 10 correctly but has some false condition recognition under Tests 

2, 4, which may be due to the similarity of the data under Tests 2 and 4. Figures 6.7(a)-

6.7(c) show growing false recognitions among the latest new condition and ‘seen’ 

conditions, which reveals the ‘forgetting’ problems during the incremental learning 

process still exist in the IDL-IMCM model. However, it has shown a small portion of the 
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previously ‘unseen’ data being introduced during the incremental learning process could 

mitigate such ‘forgetting’ problems. 

 

Figure 6.6. Condition recognition using the SMCM model for the testing dataset under 

the ‘seen’ conditions (Tests 1-3, 6, 7, 9, 10). 
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(a)                                                             (b) 

 

(c) 

Figure 6.7. Condition recognition using the 1st, 2nd, and 3rd IMCM models for the testing 

dataset under the ‘seen’, the 1st, 2nd, and 3rd ‘unseen’ conditions (‘seen’ conditions: 

Tests 1-3, 6, 7, 9, 10; 1st ‘unseen’ condition: Test 4; 2nd ‘unseen’ condition: Test 5; 3rd 

‘unseen’ condition: Test 8) , respectively. (a) the 1st IMCM model, (b) the 2nd IMCM 

model, and (c) the 3rd IMCM model. 

6.3.2.2 NOx Prediction 

The testing datasets from ‘seen’ and ‘unseen’ conditions were applied to examine the 

performance of the IDL-IMCM model. Figure 6.8 illustrates the predicted NOx based on 

the source DL-SMCM model against the reference NOx (ground-truth) for the testing 
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datasets under the ‘seen’ conditions. As can be seen, the predicted NOx for the ‘seen’ 

conditions are mostly within the two dash lines (‘y=x-4’ and ‘y=x+4’), the MAPE of the 

predicted NOx is 0.38% for all the ‘seen’ conditions, suggesting that the source DL-

SMCM model could predict the NOx accurately if the conditions have been ‘seen’. Figure 

6.9 depicts the NOx emissions predicted using the 1st, 2nd, and 3rd IDL-IMCM  models 

against the reference NOx emissions of the testing dataset from ‘seen’ and ‘unseen’ 

conditions. Compared to the results shown in Figure 4.7 in Chapter 4, the IDL-IMCM 

model performs similarly to the IDL model. 

 

Figure 6.8. Predicted NOx values using the source DL-SMCM model against reference 

NOx values for testing datasets under the ‘seen’ conditions (Tests 1-3, 6, 7, 9, 10). 
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(a)                                                                     (b) 

 

   (c) 

Figure 6.9. Predicted NOx values using the 1st, 2nd, and 3rd IDL-IMCM model against 

reference NOx values for testing datasets, respectively. (a) the 1st IDL-IMCM model, (b) 

the 2nd IDL-IMCM model, and (c) the 3rd IDL-IMCM model. 

Table 6.3 summarises the prediction errors of the source DL-SMCM models and IDL-

IMCM models for the testing datasets from ‘seen’ and ‘unseen’ conditions. As can be 

seen, although the prediction errors of the IDL-IMCM models increase due to the 

updating, they remain small, e.g., the MAPE is 2.62% with a standard deviation of 2.00%, 

after three updates. The results reveal that the proposed technical approach effectively 



Chapter 6 NOx Prediction of an Oxy-biomass Combustion Process using the IDL-IMCM Model 

110 

allows the model to be learnt incrementally using a small amount of data. Since the testing 

datasets were not used in the training process of the models, the low prediction errors of 

these models among these testing datasets have proven the high generalisation of the 

model on NOx prediction. The results shown in Tables 6.2 and 6.3 have demonstrated that 

the IDL-IMCM model is capable of predicting NOx emissions under the ‘seen’ and 

‘unseen’ operation conditions. In addition, compared to the results given in Table 4.2 in 

Chapter 4, similar NOx prediction performance is found in the IDL-IMCM without the 

use of boiler operation data, which reveals the advantage of the IDL-IMCM model over 

the IDL model.  

Table 6.3. Prediction errors of the source DL-SMCM and IDL-IMCM models for the 

testing datasets under ‘seen’ and ‘unseen’ conditions 

 
Source DL-

SMCM model 

1st IDL-IMCM 

model 

2nd IDL-

IMCM model 

3rd IDL-

IMCM model 

Test 1-3, 6, 7, 9, 10 1-4, 6, 7, 9, 10 1-7, 9, 10 1-10 

MAPE (%) 0.38 0.80 1.35 2.62 

APEmax (%) 0.65 1.49 2.99 6.52 

σ (%) 0.23 0.47 0.95 2.00 

 

6.4 Summary 

A flame imaging-based integrated IDL and IMCM (IDL-IMCM) model has been 

constructed and evaluated for predicting NOx emissions from an oxy-biomass combustion 

process on an Oxy-fuel Combustion Test Facility. The IDL-IMCM model has been 

constructed based on CNN (the source model) by updating the model incrementally only 

using ‘unseen’ datasets (Flame temperature maps) for improved accuracy and efficiency. 

Different from the boiler operation data-based condition recognition method that has been 
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combined with the IDL model, the IDL-IMCM model can recognise new conditions 

based on flame images. The test results have revealed that the proposed IDL-IMCM 

model is capable of predicting NOx emissions for ‘seen’ and ‘unseen’ conditions with a 

mean absolute percentage error of less than 3% even after three updates. In addition, the 

high generalisation of the model has also been achieved under the ‘seen’ and ‘unseen’ 

conditions. In comparison with the IDL model, the IDL-IMCM model has an incremental 

learning ability with less demanding training data size, which has given great potential 

for online NOx prediction in practical combustion systems. It is, however, worth 

mentioning that, in this study, the model is updated continuously for three ‘unseen’ 

conditions due to the availability of ‘unseen’ conditions.
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Chapter 7 

Conclusions and Recommendations for Future Work 

 

7.1 Introduction 

The research work presented in this thesis is concerned with the development of a 

methodology for predicting the NOx emissions of combustion processes through flame 

imaging and data-driven deep learning modelling. Through the course of the research 

programme, flame imaging-based IDL (Incremental Deep Learning) models have 

successfully been developed for the NOx prediction and multi-mode condition monitoring 

of an oxy-biomass combustion process over a wide range of operation conditions. This 

chapter concludes the research programme and makes recommendations for future work 

in the field. 

7.2 Conclusions 

7.2.1 NOx Prediction through Flame Imaging and Incremental Deep 

Learning  

An IDL model has been developed for predicting NOx emissions of an oxy-biomass 

combustion process using flame images obtained on a 250 kWth Air/Oxy-Fuel 

Combustion Test Facility under a range of operation conditions. Flame temperature maps 

derived from the flame images based on the two-colour method were used as the input 

data of the IDL model. A source model was initially constructed based on a conventional 

CNN (Convolutional Neural Network). The IDL model was then built based on the source 

model through self-updating incrementally using data from ‘unseen’ operation conditions. 

Condition recognition has also been performed to determine whether the input dataset is 

from a ‘seen’ or ‘unseen’ condition through a cosine similarity algorithm. In addition, the 
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ground-truth data of the training dataset from an ‘unseen’ condition was projected to a 

domain that is close to ‘seen’ conditions.  

A loss balance weight was introduced to the objective function of the IDL model, which 

has successfully mitigated the ‘forgetting’ problem in the incremental learning process. 

The value of the loss balance weight was carefully chosen to ensure that the IDL model 

does not lose the information from both the ‘seen’ and ‘unseen’ conditions. Furthermore, 

the validation results (Section 4.4.2.1) have shown that a larger loss balance weight leads 

to a greater MAPE (Mean Absolute Percentage Error) for the ‘unseen’ condition and a 

smaller MAPE for the ‘seen’ condition. A loss balance weight of 0.7 has thus been chosen 

as a trade-off among the ‘seen’ and ‘unseen’ conditions. It should also be noted that when 

the loss balance weight was set to 0, the IDL model turned out to be an FT (Fine-Tuning) 

model, without the involvement of knowledge distillation loss proposed in Section 3.3.2.1. 

The comparison results among the ‘seen’ conditions have shown that the proposed model 

outperforms the FT model. This has revealed that the proposed IDL model has a strong 

ability to tackle the ‘catastrophic forgetting’ problem. 

Moreover, a systematic assessment has been carried out to determine the optimum hyper-

parameters such as the input image size, batch size, and convolutional layers. It is found 

that the input image size of 144×144, batch size of 64, and convolutional layers of 4 are 

trade-off choices in terms of prediction accuracy, system response time and economical 

usage of system resources of the model. Results given in Section 4.4.2.2 has shown that 

the IDL model can be updated only using a training dataset from an ‘unseen’ condition 

in a very short period of time (around 0.01 hours in this study). In addition, it has been 

found that the training data size for the IDL models is much smaller than the size of 

training data used for the source DL model (Section 4.2). This has proven that the IDL 

has less demand for training data size than conventional DL models.  

Compared with the conventional CNN, the IDL model has an incremental learning ability 

which has given the great potential of the developed IDL model for real-time NOx 

prediction under variable operation conditions in practical combustion systems. It should 

also be noted that although the presented work focused on the prediction of NOx 
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emissions from power plants, the proposed IDL model can potentially be applied for 

predicting other pollution emissions such as SO2. 

The test results obtained (Section 4.4) have demonstrated the effectiveness of the 

proposed IDL model for predicting NOx emissions under ‘seen’ and ‘unseen’ conditions 

of an oxy-biomass combustion process. An MAPE of NOx prediction has been found to 

be lower than 3% for testing datasets under ‘seen’ and ‘unseen’ conditions, after three 

updates. This has proven the proposed model’s good generalisation ability and prediction 

accuracy over a wide range of combustion conditions. 

7.2.2 Multi-mode Condition Monitoring through Flame Imaging and 

Incremental Deep Learning  

Accurate, reliable and real-time multi-mode condition monitoring is essential for 

improved combustion efficiency and reduced pollutant emissions. An IMCM 

(Incremental Multi-mode Condition Monitoring) model has been developed based on the 

same flame temperature data as used in the IDL-based NOx prediction model. The IMCM 

model has been built based on the SMCM (Source Multi-mode Condition Monitoring) 

model by updating the source model incrementally using flame temperature maps from 

‘unseen’ conditions. In addition, a soft-max output-based condition recognition strategy 

has been introduced into the IMCM model for the recognition of ‘seen’ and ‘unseen’ 

conditions. Moreover, the training data size, loss balance weight, training epoch, and 

condition recognition threshold have been carefully assessed for the optimal performance 

of the model.  

The results presented in Section 5.2.2.1 have demonstrated that deploying a small 

percentage of the training data from previously ‘unseen’ conditions during the 

incremental learning process has effectively improved the MRSR (Mean Recognition 

Success Rate) of the IMCM model. Furthermore, the training epochs of the 1st, 2nd and 

3rd IMCM models were carefully determined (98, 1074, and 970, respectively). The loss 

balance weight has also been found to have a significant impact on the model’s training 

epochs and thus the IMCM models’ performance. The appropriate values of loss balance 
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weights have been suggested to be 0.6 for the 1st IMCM model, and 0.8 for the 2nd and 

3rd IMCM models, respectively.  

As an element of the proposed condition monitoring model, the recognition probability 

threshold has been examined based on the soft-max output of the IMCM model to 

recognise whether a condition is new or not. The determined threshold has been evaluated 

using the testing datasets. Results have revealed that the proposed recognition probability 

threshold can help the SMCM and IMCM models to identify ‘seen’ or ‘unseen’ conditions 

effectively. 

Overall, the test results presented in Section 5.3 have revealed that the developed IMCM 

model is capable of recognising ‘seen’ and ‘unseen’ conditions with an MRSR of 92.40% 

after three updates. In comparison with the conventional multi-mode condition 

monitoring models, the IMCM model has an incremental learning ability which has given 

great potential for incremental multi-mode combustion condition monitoring in practical 

combustion systems under variable operation conditions. 

7.2.3 The IDL-IMCM Model for NOx Prediction 

The IDL and IMCM models have been integrated into the IDL-IMCM for predicting NOx 

emissions from an oxy-biomass combustion process. The IDL-IMCM model has been 

constructed based on CNN (the source model) by updating the model incrementally only 

using flame temperature maps from ‘unseen’ conditions. The model is not dependent on 

the boiler operation data. The results presented in Section 6.3 have revealed that the IDL-

IMCM model is capable of predicting NOx emissions for ‘seen’ and ‘unseen’ conditions 

with a mean absolute percentage error of less than 3% after three updates. It can be 

concluded that the proposed flame imaging-based IDL-IMCM model has provided a new 

way to predict NOx emissions under a wide range of combustion conditions incrementally, 

particularly where the boiler operation data are not available. It has demonstrated its great 

potential for real-time NOx emission prediction and multi-mode combustion condition 

monitoring.  
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Furthermore, it is envisaged that the completion of IDL, IMCM, and IDL-IMCM models 

would lead to a practical and robust soft-computing instrumentation technology for 

effective, accurate and reliable monitoring, including NOx emission prediction of 

combustion processes. It has been demonstrated that such a technology can rapidly 

predict NOx emissions and operation conditions. Compared with conventional DL 

technology, the proposed IDL technology requires less input data, which is particularly 

important for industrial applications. Finally, the developed IDL and IDL-IMCM models are 

expected to have the potential for predicting other emissions of combustion processes such 

as SO2 and CO2, thus providing plant operators and engineers with a way to control and 

optimise the operations of boilers.  

7.3 Recommendations for Future Work  

The outcomes of this research programme have demonstrated the usefulness and great 

potential of the incremental deep learning technology for NOx prediction and multi-mode 

condition monitoring of hydrocarbon fuel (fossil fuel, biomass, etc.) combustion 

processes. There are, however, several areas that need further research and development. 

This section covers the areas that should be pursued over the next few years. 

Regarding the developed IDL, IMCM, and IDL-IMCM models, further evaluation of 

these models beyond three updates needs to be explored. In addition, the developed 

models should be evaluated over a wider range of conditions (i.e., variable boiler loads, 

fuel types, burner types, excess air ratios) on other combustion systems and processes. 

Future work should also be conducted to discover new ways of tackling the ‘catastrophic 

forgetting’ problem. This includes exploring the combination of weight regularisation 

and knowledge distillation loss, as well as representative data from ‘seen’ and ‘unseen’ 

conditions. Apart from building CNN models as source models, other DL models, such 

as deep brief networks, could be studied for NOx prediction. Moreover, with the rapid 

development of incremental learning, new algorithms for NOx prediction and condition 

monitoring can be explored. 
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Another potential research area is to introduce advanced 3-D flame measurement and 

incremental deep learning models to predict NOx emissions. Through the 3-D 

measurement, comprehensive 3-D information about the flame in the boiler is obtained. 

Such information can be used in the construction of the NOx prediction model for 

improved accuracy and reliability. In addition, a flame is 3-D and dynamic in nature. Its 

characteristic parameters are closely related to the boiler configuration, fuel diets, and 

thus combustion efficiency and pollutant emissions formation process. The incremental 

deep learning approach has great potential of mapping the relationship between the 3-D 

information of the flames and the overall performance of the boiler for improved 

combustion efficiency and reduced pollutant emissions. 

In addition, it is also possible to use incremental deep learning for furnace slagging and 

corrosion prediction by using flame radical data. This is because the spectroscopic 

characteristics of the flame radicals are closely relevant to the composition of the fuel 

burnt. In particular, the intensities of radicals Sodium (Na) and Potassium (K) are closely 

linked with the concentration of alkali chlorides, which are the main cause of furnace 

fouling and corrosion, particularly where biomass fuels are used.  

Finally, the outcomes raised in this research offer real-time and quantitative information 

for boiler operation. The measured flame temperature, predicted NOx emissions and 

identified combustion conditions can directly be fed into the boiler control system for the 

optimisation of the combustion processes. 
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