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a b s t r a c t 

Industrial flares are used to burn off unwanted gas during operation. If not combusted completely, in- 

termediate products or incomplete combustion products are formed, and they will cause significant envi- 

ronmental and health issues. The EPA Refinery Sector Rule emphasizes smokeless flaring with combustion 

efficiency (CE) ≥ 96.5% and destruction and removal efficiency (DRE) ≥ 98% for all types of flares in the 

refineries. In this research, a novel zone-based modeling approach was developed for predicting CE and 

Opacity of steam assist flares. Flare CE data were partitioned into two zones based on the partition of the 

carbon and hydrogen atomic ratio (CHR), then random forest (RF) and Catboost algorithms were used to 

develop CE predictive models, respectively. This CHR-based zone partition has a clear implication in en- 

gineering. It was also found out that no zone division for flare Opacity prediction is needed, and both RF 

and Catboost algorithms generated good prediction results. All the models match extremely well with all 

the original experimental data. These predictive models under the same zone-partition use either RF or 

Catboost algorithm can both give superior prediction accuracy. This demonstrates the simplicity, general 

applicability, and high reliability of the zone-based ML approach. 

© 2022 Elsevier Ltd. All rights reserved. 
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. Introduction 

Currently, the industry is going through “The Fourth Indus- 

rial Revolution”, also called Industry 4.0, which is featured by 

he integration between physical and digital systems of produc- 

ion environments ( Carvalho et al., 2019 ). The availability of mas- 

ive amount of data has prompted many industries to reposition 

hemselves to take advantage of the disruptive potentials of data 

nalytics and machine learning (ML) ( Abubakirov et al., 2020 ). The 

apid and successful development of ML, combined with the ad- 

ent of the Internet of Things, Big Data, and the fourth industrial 

evolution, have transformed many industries, including energy in- 

ustries and chemical process industries (CPI). 

Flares are important safety devices for pressure relief from pro- 

ess units, oil and gas fields, pipelines, and storage vessels during 

ormal operation as well as start-up, shutdown, and malfunction 

SSM) situations. Flaring can dispose flammable “waste” gases in 

ownstream refineries and chemical facilities, midstream, and up- 
∗ Corresponding author. 
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tream industries. However, during flaring, undesirable pollutants, 

ncluding unburned hydrocarbons (such as methane) and combus- 

ion byproducts like soot, CO, CO 2 , unburned volatile organic, and 

xides of nitrogen and sulfur, are formed from the combustion pro- 

ess ( Singh et al., 2014 ). These emissions cause significant health 

nd environmental impacts. 

In 2015, the Refinery Sector Rule (RSR), 40 CFR 63.670, was 

ublished by the U.S. Environment Protection Agency (EPA), which 

equires smokeless flaring and aims at achieving the objectives of 

6.5% combustion efficiency (CE) and 98% destruction and removal 

fficiency (DRE). Currently, RSR assumes that CE and DRE objec- 

ives and smokeless flaring are achieved if the flares are operated 

nder specific conditions: Net Heating Value Combustion Zone 

NHV CZ ) > = 270 BTU/scf, or Net Heating value dilution parame- 

er (NHV dil ) > = 22 BTU/ft 2 and Vent Gas Velocity (V tip ) < V max 

 V tip < 400 ft/s ( US EPA, 2016 ). CE denotes the percentage of hy-

rocarbon in the flare vent gas that is completely converted to CO 2 

nd water vapor. DRE denotes the percentage of a specific pollutant 

n the flare vent gas converted to a different compound (such as 

O 2 , CO, or other hydrocarbon intermediates). DRE of a flare will 

lways be greater than CE. It is generally estimated that a CE of 

6.5% is equivalent to a DRE of 98% ( US EPA, 2016 ). However, flar-

ng performance depends on many parameters, such as the compo- 

https://doi.org/10.1016/j.compchemeng.2022.107795
http://www.ScienceDirect.com
http://www.elsevier.com/locate/compchemeng
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compchemeng.2022.107795&domain=pdf
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ition, flow rate, velocity, and heating value of the vent gas, wind 

peed, the flow rate of assist steam or air, and makeup fuel. Be- 

ides, Flare operators should establish the smokeless capacity to 

nsure 98% DRE or 96.5% CE or higher at all times and assess the 

xceedance of the smokeless capacity based on cumulative volu- 

etric flow rate and/or flare tip velocity ( US EPA, 2006 ). Still, there

s no guarantee that the CE will be ≥ 96.5% and DRE will be ≥ 98%

ll the time ( Zeng et al., 2016 ). All these issues lead to questions

f how to operate the flares in a most environmentally responsible 

nd cost-effective manner to comply with the regulations, achieve 

mokeless flaring, or even maximize CE and DRE under a given set 

f design and operating conditions. A few studies were performed 

o predict flare emissions and performance using data-driven mod- 

ls as presented below. 

While the contributions of chemical engineers in process moni- 

oring and inferential sensors are well known, thousands of papers 

ave been published in recent decades using latent variable meth- 

ds, neural networks, and other ML or statistical methods in CPI 

 Qin and Chiang, 2019 ). Lou and Gai (2020) provided of a novel

ethod of “trustworthy AI (TAI)” for the CPI and its successful ap- 

lication in two chemical processes for improving operational ex- 

ellence. Recent advances include the development of support vec- 

or machines (SVM) and kernel methods ( Nguyen et al., 2021 ). Sta- 

istical ML becomes a major framework for artificial intelligence, 

hich bridges computations and statistics with information theory, 

ignal processing, control theory, and optimization theory ( Qin and 

hiang, 2019 ). 

Complex models using deep neural networks can give accurate 

rediction in many circumstances. On the other hand, in order to 

chieve interpretability, simpler models are preferred ( Qin and Chi- 

ng, 2019 ). Interpretability is critical for industrial adoption since 

perators and decision-makers must establish trust in the algo- 

ithms. For practical application in the industry, it is encouraged 

o build models that are more accurate but simpler. 

Ensemble learning is a branch of machine learning, and it is 

ainly divided into Bagging and Boosting algorithms ( Gomez et al., 

010 ; Prokhorenkova et al., 2019 ). Bagging renders the model a 

igh generalization by reducing the variance. Random Forest (RF) 

s a popular Bagging-based ensemble learning algorithm for re- 

ression or classification ( Breiman, 2001 ; Chrysafis et al., 2017 ; 

ouppe, 2014 ; Scornet, 2015 ). It is a meta estimator that fits a

umber of decision trees on various sub-samples of the dataset 

nd uses majority voting (for classification problems) or averag- 

ng (for regression problems) to improve the predictive accuracy 

nd control over-fitting. The sub-sample size is always the same 

s the original input sample size, but the samples are drawn ran- 

omly. The predictions from the forests are averaged using boot- 

trap aggregation and random feature selection. RF models have 

een demonstrated to be robust predictors for both small sam- 

le sizes and high dimensional data ( Biau and Scornet, 2016 ). 

marra et al. (2018) built a Data-driven model of Predictive 

ontrol (DPC) based on historical building data using a regres- 

ion tree and RF algorithm and applied DPC to three case stud- 

es to demonstrate the performance, scalability, and robustness. 

immerman et al. (2018) explored the appliance of RF calibration 

odels to air quality. Wang et al. (2019) presented a novel data- 

entric predictive control (DPC) approach which utilizes RF for on- 

ine control and optimization of a nonlinear chemical process, and 

eported a case study of feed rate control for aluminum smelter 

ells. 

Catboost, an adaptive boosting ensemble learning algorithm 

ased on decision trees, is powerful and very fast ( Hancock and 

hoshgoftaar, 2020 ). It is widely applied to multiple data types to 

olve a wide range of problems like fraud detection, recommen- 

ation items, and forecasting. Catboost can also return very good 

esults with relatively less data, unlike the classical algorithms 
2 
hat need to learn from a massive amount of data ( Luo et al.,

021 ). Hancock and Khoshgoftaar (2020) developed an hourly for- 

st fire risk index (HFRI) with 1 km spatial resolution using ac- 

essibility, fuel, time, and weather factors based on Catboost ma- 

hine learning. The performance of HFRI ensemble model was 

etter than the meteorological model. The Catboost model con- 

rmed that most forest fires were caused by anthropogenic factors. 

e et al. (2021) combined a Catboost model with a mechanism 

odel and applied it to an industrial fluid catalytic cracking unit 

o maximize the yield of iso-paraffins. In the test, the total liquid 

ield was increased by 1.19% on average, and the coke yield was 

ecreased by 1.05% on average. In particular, the computing time 

as reduced from more than 20 h to less than 1 min. 

Machine learning is widely used to analyze large-scale data 

ets in this age of big data. Extracting useful predictive model- 

ng from these types of data sets is a challenging problem due 

o their high complexity. One ML approach to handle a large data 

et is to partition the data set into subsets, run the learning algo- 

ithm on each of the subsets, and combine the results ( Chan and 

tolfo, 1995 ). Some ML approaches use weak learners in the par- 

itioned data, and then build a strong learner from a set of weak 

earners ( Çatak, 2017 ). For example, Li et al. (2022) developed pre- 

iction models for earthquakes using four ML algorithms based 

n 113 datasets, which were developed into different spatial di- 

isions based on the partition of two features: the densities of 

opulation and geological faults. It was found that the predictive 

erformance of different types of algorithms are significantly dif- 

erent under the same partition. Mohammadi et al. (2022) devel- 

ped the advanced random forest (RF) and Boosted regression tree 

BRT) models to understand the factors influencing surface water 

ulnerability to arsenic pollution. The data were partitioned into 

wo zones by arsenic concentration in the sediment samples (pol- 

uted: > 8 ppm and non-polluted: < 8 ppm), 144 polluted arsenic 

ediment samples and 144 non-polluted arsenic sediment samples. 

hese reported researches used prior domain expertise, for exam- 

le, population and geological faults for the severity of earthquake 

amage, or known obvious facts, for example, arsenic concentra- 

ion in the sediment determines surface water arsenic pollution. 

hey did not address the issue of how to find the best feature to 

artition the data when there is no clear clue. 

It is hypothesized by the authors that “one ML model first all”

pproach does not work well for complicated systems/processes. 

his study seeks to develop the applicable novel zone-based ML 

pproach to identify the best zone partitions of the data and the 

orresponding predictive zone-based ML sub-models. This zone- 

ased ML approach is not dealing with a well-known, well- 

xplained situation that gives the modeler a clear direction on 

hich feature should be used for zone partition. A set of novel 

one-based ML models were successfully developed to predict flar- 

ng performance of steam-assisted flares. Random forest, repre- 

enting Bagging algorithm, and Catboost, representing boosting al- 

orithm, were utilized for comparison and to justify the robustness 

f the zone-based approach. 

The unique contribution of this novel zone-based ML approach 

s that this algorithm is applicable when the modeler does not 

now which feature is the best one for data partition. This algo- 

ithm can figure out the best data partition approach automatically 

nd develop high-performance ML models. This algorithm was ap- 

lied to the prediction of the flaring performance. The novel zone- 

ased ML approach eventually found out the carbon and hydrogen 

tomic ratio (CHR) is the best choice for data partition to predict 

ombustion efficiency. While for Opacity prediction, a one-piece 

L model is sufficient. The zone-based models for CE and Opac- 

ty predictions have significantly higher predictive accuracies than 

hose of the prior one-piece models, and none of the original data 

ere deleted. 
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1983 McDaniel, 2

1984 Pohl , 58

2010 Marathon TXC, 44

2010 Marathon Detroit, 56

2010 TCEQ, 70

2014 Carleton University , 33

2016 Providence Photonics, LLC , 17

Fig. 1. Data source of the flare experimental data. 
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. Data collection 

The flare experimental data mainly come from the follow- 

ng resources: flare efficiency study completed by EPA in 1983 

 McDaniel and Tichenor, 1983 ), evaluation of the efficiency of in- 

ustrial flares ( Pohl et al., 1984 ), Texas Commission of Environ- 

ental Quality (TCEQ) 2010 flare study final report ( Allen and 

orres, 2011a , 2011b ), Marathon Petroleum company flare study 

eports ( Cade and Evans, 2010 ; Ewing et al., 2010 ), Carleton 

niversity soot emission rate measurement results ( Corbin and 

ohnson, 2014 ; Johnson, 2014 ), and Providence Photonics, LLC 

 Zeng et al., 2016 ). The distribution of the data is shown in Fig. 1 . 

The data collected from the literature include the geometry of 

he steam-assist flares represented flare tip diameter (“D”), operat- 

ng data such as net heating value of combustion zone (“NHV cz ”), 

et heating value of vent gas (“NHV vg ”), flare tip exist velocity 

“V”), steam assist flow rate (“S”), ratio of actual assist steam to 

toichiometric steam (“SER”), ratio of carbon and hydrogen atomic 

“CHR”), molecular weight of vent gas (“MW”), carbon number of 

uel species (“CN”), flare efficiencies (“CE”), soot emission (“Opac- 

ty”), p-bond in vent gas (“Pi vg ”), and p-bond in the combustibles 

“Pi cz ”), and the meteorological data including crosswind speed 

“U”) and crosswind speed/flare tip exit velocity (“U/V”). A total of 

80 sets of the flare experimental data are available. The composi- 

ion of the flare gas includes methane, ethane, ethylene, propane, 

ropylene, etc. In those experiments, no make-up fuel was used 

ince the net heating values of the vent gas were high. 

Fig. 2 shows box plots of the flare experimental data consist- 

ng of 280 datasets for 13 dependent variables (features) and two 

ndependent variables (model output: CE and Opacity). In Fig. 2 , 

t is clear that data for all 13 features follow a normal distribu- 

ion, and the outliers of each feature are less than 0.7% of the to- 

al data available. In addition, the model input (NHV vg and NHV cz ) 

ata are more dispersed, covering a wide range. Thus, the quality 

f the database is acceptable for developing good ML models. 

In Fig. 3 (a), the histogram of CHR showed that the CHR spread 

s from 0.215 to 0.504 and its distribution skewed left. The data 

ainly distributes in the bins of 0.30 – 0.35, 0.35 – 0.40, and 0.45 

0.504. The scatter plot in Fig. 4 did not disclose any obvious 

one-based relationship between CE and CHR. However, the zone- 

m

3 
ased ML approach eventually figured out CHR is the best feature 

or zone partition in CE prediction. 

Since the composition of the flare gas includes different fuel 

ixtures, such as methane, ethane, ethylene, propane, propylene, 

tc., features including Pi vg , Pi cz , CN, and CHR of vent gas were

ntroduced to account for the effect of vent gas composition 

 Alphones et al., 2020 ). 

CHR reflected different species of gas in the combustion zone. 

lkanes or alkenes include the sigma bonds, the double bonds or 

riple bonds. A single bond is a sigma bond that is formed by end- 

ng the overlap of two atomic orbitals, hybrid orbitals, or one of 

ach ( Albright et al., 2013 ). The first bond between any two atoms 

s always a sigma bond and any additional bonds are pi bonds that 

tand for the overlap of two adjacent parallel p orbitals. Thus, a 

ouble bond has one sigma and one pi bond. A triple bond has 

ne sigma and two pi bonds. Additionally, alkenes and alkyne with 

igher CHR have p-bonds, which are highly correlated with SP 2 

ybridization of carbon atoms, and may also lead to higher Opac- 

ty, as absorption efficiency increases due to high electron density 

 Jäger et al., 1999 ). Prior research found CHR is more suitable for 

are performance prediction than Pi vg , Pi cz , and CN ( Wang, 2019 ). 

Note that the CHR values for CH 4 , C 2 H 6 , C 2 H 4 , and C 3 H 8 are

.250, 0.333, 0.500, and 0.375, respectively. Alkenes and alkynes 

ith higher CHR consume more oxygen, which is highly corre- 

ated with the net heating value of combustion zone and net heat- 

ng value of vent gas, may lead to lower CE and higher Opacity 

s the consumption of oxygen increases due to insufficient air as- 

ist flow rate. This is consistent with the conclusions of Trivanovic 

 Trivanovic et al., 2020 ), which showed that flare gas with higher 

eating value produced substantially more soot. 

. Prior research 

It is stated that the flare.IQ Advanced Flare Control Solution by 

aker Hughes ensures high-efficiency flare combustion, while re- 

ucing methane emissions and steam usage in flare systems. The 

are.IQ software is pre-programmed with the company’s patented 

lgorithms to calculate molecular weight. From molecular weight, 

he net heating value of the flare gas is determined. Fuel gas de- 

and and steam demand are then set based on current net heat- 
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Fig. 2. Box-plots of the flare experimental data. 

Fig. 3. Frequency histograms of the CHR (a) and CE (b). 
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 Hughes, 2019 ). It’s stated that the flare.IQ is capable of operating 

ith a wide variation of flare installations but its core algorithms 

re not disclosed. 

In Lamar University’s flare research team, the predictive 

odels based on the experimental data have been systemati- 

ally developed using three algorithms: response surface model 

 Alphones et al., 2020 ), artificial neural networks ( Damodara et al., 

020 ), and random forest algorithm ( Wang, 2019 ). 

.1. Response surface models 

The robust response surface models were developed using 

initab 18 statistics toolbox to express CE and Opacity as a func- 

ion of operating variables for the experimental data, and then the 

odels were validated based on R 

2 ( Alphones et al., 2020 ). Outliers 

ere removed in each step based on standardized residual plot 

nalysis. The adequacy and significance of each parameter in the 

odels was checked by the analysis of variance table and p-value, 

espectively. It was found that CHR, CN, NHV cz , U/V, S, and U had

ignificant impacts on Logit (100 - CE), while CHR, CN, NHV cz , V, S,
4 
nd U had significant effects on Logit (Opacity) for steam-assisted 

ares. 

The quadratic form of the response surface model, General 

uadratic Response Surface Models, or GQM is expressed as 

 = 

∑ 

i 

a i x i + 

∑ 

i 

a ii x 
2 
i + 

∑ 

i 

∑ 

j 

b i j x i x j + C + e (1) 

here y is the independent variable, x is the dependent variable, 

 and j are numbers from 1 to n ( n are the number of variables),

 i are the linear coefficients, a ii are the quadratic coefficients, and 

 ij are the interaction coefficients, C is the constant term, e is the 

esidual error. 

Seventy seven (77) data were considered as outliers for CE. 80% 

f 203 data were randomly selected using Excel for GQM devel- 

pment, and the remaining 20% of data were used for GQM vali- 

ation, such that the data used in model validation lie within the 

ange of the variables used in models. The R 

2 value of the predic- 

ive GQM-CE was 0.93, and its mean absolute error (MAE) value 

as 2.1 for steam-assisted flares, and the mathematical function 
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as derived as shown below: 

ogit ( 100 − CE ) = 0 . 237 − 7 . 06 × 10 

−3 × NH V CZ + 1 . 88 × CN 

+ 1 . 6 × 10 

−6 × NHV 

2 
CZ − 8 . 7 × 10 

−6 × S 2 − 12 . 3 × CH R 

2 

+ 3 . 3 × 10 

−3 × U/V × U − 3 . 68 × 10 

−4 × U/V × S 

− 2 . 9 × 10 

−5 × U × NH V CZ − 6 . 6 × 10 

−5 × NH V CZ × S 

+ 9 . 3 × 10 

−3 × NH V CZ × CHR − 9 . 28 × 10 

−4 × NH V CZ × CN 

+ 0 . 054 × S × CHR − 6 . 77 × 10 

−3 × S × CN 

(2) 

Ninety six (96) data were considered as outliers for opacity. 80% 

f 184 data were randomly selected using Excel for GQM develop- 

ent, and the remaining 20% of data were used for GQM valida- 

ion, the R 

2 value of the predictive GQM-Opacity was 0.91, and its 

AE value was 0.94 for steam-assisted flares, and the mathemati- 

al function was derived as shown below: 

ogit ( Opacity ) = −2 . 36 − 2 . 4 × 10 

−3 × NH V CZ − 8 . 1 × 10 

−3 × S 

− 0 . 034 × V + 0 . 0777 × U + 1 . 67 × CN + 1 . 4 × 10 

−5 × S 2 

+ 4 . 4 × 10 

−5 × V 

2 − 3 . 02 × U 

2 − 0 . 3774 × C N 

2 

+ 6 . 7 × 10 

−5 × NH V CZ × V + 3 . 5 × 10 

−3 × NH V CZ × CHR 

+ 6 . 6 × 10 

−4 × CN × NH V CZ + 5 . 4 × 10 

−4 × V × S 

− 5 . 7 × 10 

−3 × S × CHR 

− 2 . 4 × 10 

−3 × V × U − 0 . 039 × V × CN 

(3) 

.2. ANN algorithm 

Based on the GQM, ANN models were developed for the flares 

xperimental data. The ANN model consists of a two-layer feedfor- 

ard network using one hidden layer of ‘tansig’ neurons followed 

y an output layer of linear neurons in the neural network toolbox 

n MATLAB ( Damodara et al., 2020 ). The network was trained using 

he Levenberg-Marquardt backpropagation algorithm. It was found 

hat seven important variables (CHR, CN, NHV cz , U/V, S, U, and D) 

nd five important variables (NHV cz , U/V, S, U, and D) were used 
5 
o develop two Logit (100 - CE) models, and three important vari- 

bles (CHR, NHV cz , and U/V) and two important variables (NHV cz , 

nd U/V) were used to build up two Logit (Opacity) models. The 

NN predictive models have three layers (input, middle, and out- 

ut). The middle layer for CE prediction has 7 neurons while the 

iddle layer for Opacity prediction has 5 neurons. They were vali- 

ated based on R 

2 and MAE values. 

The high accuracy of ANN models for CE and Opacity confirmed 

he utility of ML algorithm. However, no systematic feature selec- 

ion was conducted, and the ANN predictive models were complex. 

hese limit the potential implementation of ANN models for online 

pplication. 

.3. Random forest (RF) algorithm 

In Wang’s work ( Wang, 2019 ), based on the aforementioned ex- 

erimental data, the following seven features, NHV vg , NHV cz , S, 

HR, D, U, and U/V, were chosen as the top features for CE and 

pacity predictive models. Comparing with NHV vg , NHV cz consid- 

rs steam, air, makeup fuel added into the combustion zone. High- 

peed assist steam can also draw ambient air into the combustion 

one and help to increase the mixing of the steam and air with 

ent gas exiting the flare tip ( Allen and Torres, 2011a ). However, 

he assist steam had a negative effect on CE. Fifty five (55) outliers 

ere removed using local outlier factor and isolation forest meth- 

ds. For the remaining 225 data, 90% of data (202) were randomly 

hosen as training data and the remaining 10% of data were used 

o test the prediction RF models, respectively. RF predictive models 

f CE and opacity were built. The performances of the RF models 

ere evaluated using R 

2 and MSE values. The R 

2 values of the pre- 

ictive RF-CE and RF-Opacity models were 0.992 and 0.936, and 

heir MSE values were 1.320 and 0.980, respectively. 

. A novel zone-based ML approach 

In statistics, an outlier is a data point that differs significantly 

rom other observations ( Maddala, 1992 ). Even though the so- 

alled “outliers” computed by the ML partition algorithms have a 

lear statistical implication, the exclusion of too many “outliers”

ay significantly reduce the amount of available data, which hin- 

ers the general applicability of the models. In an industrial set- 
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Table 1 

Features importance results for the prediction of CE. 

Features Mean decrease impurity importance 

NHVcz 0.3837 

S 0.1954 

NHVvg 0.1627 

U/V 0.1074 

U 0.0931 

CHR 0.0442 

D 0.0136 
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ing, it is true that some data points differ significantly from the 

ther data points due to process variation, sensor malfunction, etc. 

owever, sometimes the “outliers” issue arises because the model 

oes not fit the data very well. In order to increase model ac- 

uracy, the modeler may declare some “bad data” as “outliers”

nd delete them to increase model accuracy. On the other hand, 

f a model is generally applicable, the issue of “outliers” may be 

voided. It is hypothesized by the authors that “one ML model 

rst all” approach may not work well for complicated processes 

nd may cause the unnecessary issue of “outliers”. In our prior 

esearch of flaring performance prediction based on reported ex- 

erimental data, some ML models with high accuracy were ob- 

ained after deleting a large number of “outliers”. A synopsis of 

he group’s prior research is provided in Section 3 . However, all 

he reported flaring experiments were well planned and well con- 

ucted by the industry, researchers, and/or environmental protec- 

ion agencies, following strict quality control protocols. Therefore, 

he authors hypothesized that these “outliers” are not bad data, 

hey are just not fit for a one-piece ML model. Since the combus- 

ion reactions during the flaring process are different under differ- 

nt conditions, we can characterize different flaring processes us- 

ng different models. A novel zone-based ML modeling approach 

nsuring model accuracy and avoiding deleting outliers, was de- 

eloped in this study. 

.1. The general methodological framework 

A novel zone-based ML modeling approach was introduced in 

his study. The basic concept of the approach is the division of the 

hole dataset into several distinct zones, instead of identifying and 

emoving outliers. This was especially important for predictive flar- 

ng performance in the real-world applications since flare CE was 

trongly dependent on flare gas composition. The idea was the re- 

lacement of a narrowly applicable, low accuracy model by a high 

ccuracy, unified zone-based model. However, the development of 

one-based ML models is challenging, since it involves the identifi- 

ation of boundary points for each zone, partitioning the input and 

utput space, and optimization of each sub-model. 

The general methodological framework for a novel zone-based 

L approach is presented in Fig. 5 . In the “I: Data Prepara- 

ion” part, during the “Data Cleaning” step, the collected data are 

leaned, including converting data types, filling incomplete data, 

xing or removing incorrect data, and identifying “outliers”. Then 

he modeler will decide if the “outliers” are true outliers, or a 

one-based ML model is more suitable to accommodate these out- 

iers by developing and comparing the performance of one-piece 

odels vs. zone-based models. When developing the one-piece 

odels, the “outliers” identified in the “Data Cleaning” step are 

eleted; When developing the zone-based models, the “outliers”

re kept. In the “II: Zone-based ML Model” part, the algorithm 

tilizes a loop to identify the best feature for the data partition 

nto different zones. Then, this algorithm generates the best zone- 

artitions automatically, builds the corresponding zone-based ML 

odels, evaluates them and identifies the best zone-based ML 

odels. If the best zone-based model performs better than the 

est one-piece model, then the formal one will be the final choice. 

.2. Best feature for zone partition 

Feature importance and the best feature for zone partition are 

undamentally different. Feature importance calculates a score for 

ll the input features for a given model — the scores simply repre- 

ent the “importance” of each feature. A higher score means that 

he specific feature will have a larger effect on the model that is 

eing used to predict a certain variable. The important features 

an be identified through the feature selection methods, such as 
6

earson correlation coefficient and Feature dependency matrix, etc. 

 Benesty et al., 2009 ; Ye and Liu, 2005 ). Our prior research showed

hat for a one-piece ML model, the most important features are 

HV vg , NHV cz , S, CHR, D, U, and U/V ( Wang, 2019 ), and their fea-

ure importance results are shown in Table 1 . 

However, feature importance is calculated based on a one-piece 

odel and feature importance can not tell which feature is the 

ost important one for zone partition. This is a fundamental flaw 

n the typical workflow of data analytics and machine learning. 

f we use the feature importance for zone partition, the choice 

hould be NHV cz , and nobody will consider CHR. However, our al- 

orithm eventually found out CHR is the best choice in CE predic- 

ion. 

In refineries and combustion plants, the composition of the 

ent gas changes all the time, which means the chemical proper- 

ies of the net heating value of vent gas (NHV vg ) and CHR change

ll the time. The fluctuation in NHV vg affects NHV cz . Trivanovic 

 Trivanovic et al., 2020 ) showed that flare gas with a higher heat- 

ng value produced substantially more soot. Additionally, alkenes 

nd alkyne with higher CHR have p-bonds, which are highly corre- 

ated with SP 2 hybridization of carbon atoms, and may also lead to 

igher Opacity, as absorption efficiency increases due to high elec- 

ron density ( Jäger et al., 1999 ). This research found out that both 

HV and CHR are important for the flaring performance but did 

ot give a conviction which feature or the combination of these 

eatures are the best for data partition. USEPA uses NHV cz to guild 

he flare operation and CHR is not mentioned in the guideline 

 US EPA, 2016 ). So the common sense is that NHV cz is the most

nfluential feature for flare combustion. 

This zone-based ML approach is not dealing with a well-known, 

ell-explained situation that gives the modeler a clear direction on 

hich feature should be used for zone partition. Instead, this algo- 

ithm figured out the best data partition approach automatically 

nd give a unique contribution. 

.3. A zone-based ML approach 

At the beginning of ML modeling work, it is not known how 

any zones need to be divided for the i th feature (1 ≤ i ≤ I) and

ow to identify the boundary points for zone k (1 ≤ k ≤ K). The 

seudocode of the zone-based ML approach is shown in Fig. 6 , and 

he logic flow of the algorithm is depicted in Fig. 7 . 

Step 1: Set up the outer loop to investigate how many zones 

eed to be divided for a feature. In the outer loop, each feature 

an be randomly selected, or the modeler can investigate the zon- 

ng potential of each feature based on its importance to the target 

utput, or based on some scientific principles. 

Step 2: Set up the middle loop to identify the number of zones. 

t the beginning, the datasets are sorted in an ascending order of 

he current feature. Then, the lower boundary point of zone (LBZ) 

or zone 1 is set at the minimum value of feature i ( X i,MIN ) . The

pper boundary of the zone (UBZ) for zone k (1 ≤ k ≤ K) is the 

arget to be identified in future steps. 
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Fig. 5. The general methodological framework for a zone-based ML approach. 
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Step 3: Build the inner loop to identify the best ML predictive 

odel in each sub-zone. This task can be accomplished by testing 

he performance of the ML model throughout the data in each sub- 

one. The model evaluation criterion can be set up based upon the 

odeler’s preference. 

Step 4: Figure out the UBZ of zone k , which is also the LBZ of

one k - 1. For example, the UBZ of zone 2 is identified by re-

eating Step 3. The middle loop iteration repeats until the value of 
7

he UBZ of zone k is greater than the maximum value of feature 

 ( X i,MAX ) , at which point the command flow returns to the outer 

oop. 

Step 5: Investigate how many zones need to be classified for 

he rest features by repeating Steps 2, 3, and 4. The outer loop 

teration repeats until all the features have been processed, and 

he command flow ends. Finally, the key feature, the partition of 

ones, and the best zone-based ML predictive sub-models are iden- 
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Fig. 6. The pseudocode of the zone-based ML approach. 

Fig. 7. Detailed breakdown of nested loops in the zone-based ML approach. 

Note: Y LBZ : the lower boundary point of the current zone (LBZ); Y UBZ : the upper boundary point of the current zone (UBZ). 

8 
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Table 2 

Examples of the vent gas compositions and the corresponding CHR 

values. 

Compounds Molecular formula CHR value 

Methane CH 4 0.250 

Ethane C 2 H 6 0.333 

Ethylene C 2 H 4 0.500 

Propane C 3 H 8 0.375 

Propylene C 3 H 6 0.500 

Acetylene C 2 H 2 1.000 

1,4 Butadiene C 4 H 6 0.667 
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ified. In this case, the criterions are R 

2 ≥ 0.99 and the minimal 

SE value. 

.4. Identification of boundary points for each zone 

After zone division, the sub-models for each zone can be devel- 

ped using any suitable ML algorithms. In this work, two ensemble 

earning algorithms, random forest (representing the bagging algo- 

ithms) and Catboost (representing the boosting algorithms) were 

hosen. 

For CE prediction, this research was found out that CHR is 

he best feature for zone partition of the entire datasets. The val- 

es of CHR ranges between 0.215 and 0.504 ( X CHR,MIN = 0 . 215 and

 CHR,MAX = 0 . 504 ), while the values of available CE ranges from 

6.0 0 to 10 0.0 0, expressed as Y CE,MAX = 10 0 . 0 0 and Y CE,Min = 16 . 0 0 ,

s shown in Fig. 3 (a) and (b), respectively. For zone 1, certainly, 

he lower boundary point of zone 1 ( X CHR,LBZ _ 1 ) denoted the mini- 

um value of CHR as X CHR,LBZ _ 1 = 0 . 215 in the outer loop. 

A middle loop was built to identify the upper boundary point 

f zone 1 ( X CHR,UBZ _ 1 ) . The initial zone index ( k ) was set at 1, and

 CHR,LBZ _ 1 = X CHR,MIN = 0 . 215 . The inner loop iterates until the R 

2 

alue of the ML predictive sub-model was less than 0.99, which 

ndicates that the ML model does not fit well with the inclusion of 

ore data in this zone. Then the inner loop stopped and returned 

o the middle loop. X CHR,UBZ _ 1 , which is also the lower boundary 

oint of zone 2 ( X CHR,LBZ _ 2 ) , was identified as X CHR,UBZ _ 1 = 0 . 37 . 

For zone 2, a similar procedure was conducted to repeat the 

iddle and inner loops. X CHR,UBZ _ 2 was identified as X CHR,UBZ _ 2 = 

 . 504 . It was found out that a two-zone model was sufficient, and

o more zone division was needed. In addition, using a similar ap- 

roach, it was found out that a one-zone model is sufficient for 

pacity prediction. 

.5. Performance evaluation of the zone-based random forest and 

atboost models 

Seven features, NHV vg , NHV cz , S, CHR, D, U, and U/V, were se-

ected as the input features to train the zone-based ML models for 

E and Opacity. 90% of data were randomly chosen as the training 

ata and the remaining 10% of data were used to test the predic- 

ion model, respectively. The zone-based ML CE and Opacity mod- 

ls using RF and Catboost algorithms, respectively, were built in 

ython. No data from the original experiment datasets was deleted. 

he prediction accuracy of the predictive sub-models were eval- 

ated based on R 

2 and mean squared error (MSE, %). Note that 

t’s easier to use MSE, a differentiable function, to perform mathe- 

atical operations, in comparison to a non-differentiable function 

ike MAE. In other word, MAE is more resilient when handling data 

ith many outliers. 

. Results and discussions 

.1. Two-zone RF-CE models 

For CE prediction, the original 280 data were divided into two 

ones based on the CHR value of the vent gas. CHR values repre- 

ent the compositions of the vent gas. A higher CHR value indi- 

ates higher concentrations of longer-chain alkanes or alkenes, as 

hown in Table 2 . For zone 1 (0.215 ≤ CHR ≤ 0.370) and zone 2

0.370 < CHR ≤ 0.504), the corresponding zone-based CE predic- 

ive models using random forest algorithm, RF-CE zone 1 and RF- 

E zone 2 , were built, respectively. After training the two-zone RF- 

E models, the predicted CE values vs. its corresponding test data 

ere presented in Fig. 8 (a). In comparison, an one-zone RF-CE 

redictive model was trained using all the data to predict CE val- 

es, and the predicted CE values vs. its corresponding test data 
9 
ere presented in Fig. 8 (b). Fig. 8 (a) showed that the RF-CE 

one 1 ( ∗ symbols) and RF-CE zone 2 ( � symbols) worked extremely 

ell. Clearly, the zone-based RF-CE model outperformed the origi- 

al one-zone RF-CE model. 

In Fig. 9 , the two-zone-based RF-CE predictive models were de- 

icted using the long dash line for zone 1 (0.215 ≤ CHR ≤ 0.37) 

nd the square dot line for zone 2 (0.37 < CHR ≤ 0.504), respec- 

ively. The R 

2 values of these models were 0.9910 and 0.9818 each, 

nd the corresponding MSE values were 0.5624 and 6.4377, respec- 

ively. Nevertheless, the R 

2 of the one-zone RF-CE model was only 

.8987. 

Clearly, the zone-based RF-CE models were more reasonable 

nd accurate than the one-zone RF-CE model. Additionally, the 

one-based RF-CE models successfully avoided the scenarios in 

hich a large number of “outliers” have to be omitted for the pur- 

ose of increasing the accuracy of a narrowly applicable model. 

.2. One-zone RF-Opacity model 

The same seven features, i.e., NHV vg , NHV cz , S, CHR, D, U, 

nd U/V, were used as the input features to train the opacity 

odel. The one-zone RF-Opacity model was built, fully utilizing 

80 datasets in total, in which 252 datasets were randomly se- 

ected as training the data while the subset of the remaining 28 

atasets were used for testing the model. The R 

2 value was calcu- 

ated to evaluate the performance of the RF-Opacity model. Fig. 10 

ompares the predicted value of Opacity vs. the test data, where 

he symbol “ο” denotes the RF-Opacity prediction results and the 

ymbol “�” denotes the experimental data. The RF-Opacity model 

chieved the R 

2 value of 0.992 and the corresponding MSE value 

f 0.231. 

.3. Comparison of prior models and zone-based ML models 

Compared with the validation of the prior flare performance 

odels, general quadratic response surface models, ANN algorithm 

odels, and RF algorithm models, for CE prediction, the zone- 

ased models achieve high predictive accuracy (R 

2 ≥ 0.98) with- 

ut excluding any original data; its prediction accuracy is higher 

han GQM’s 0.920 with 77 outliers, ANNs model’s 0.929 (R value), 

nd the same as prior RF model’s 0.992 with 55 outliers. This 

omparison is listed in Table 3 . For Opacity prediction, the zone- 

ased models achieve high predictive accuracy (R 

2 ≥ 0.99) without 

eleting outliers; its accuracy is better than GQM’s 0.900 with 96 

utliers, ANNs model’s 0.949 (R value), and the same as prior RF 

odel’s 0.936 with 55 outliers. 

The zone-based CE models gives better results because car- 

on and hydrogen atomic ratio (CHR) values reflect the com- 

ositions of the vent gas, which affects the combustion mecha- 

ism and the eventual combustion efficiency significantly. A higher 

HR value indicates higher concentrations of longer-chain alka- 

es, alkenes or alkynes, as shown in Table 2 . The algorithm used 

HR values to divide the entire dataset into two zones, zone 1 
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0.215 ≤ CHR ≤ 0.370) and zone 2 (0.370 < CHR ≤ 0.504). The CHR 

alue of different molecules are shown in Table 2 . This indicates 

atasets in zone 1 representing vent gas with more alkanes while 

atasets in zone 2 representing vent gas with more longer-chain 

lkanes, alkenes and/or alkynes. Due to the impact of the double 

ound(s) in alkene and triple bound(s) in alkyne, their combustion 
10 
echanisms are different from that of alkanes. While for Opacity 

rediction, a one-piece ML model is sufficient. 

Overall, the zone-based models for CE and Opacity predictions 

ave significantly higher predictive accuracies than those of the 

rior three one-piece models and none of the original data were 

eleted. 
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Table 3 

Summary of different flare performance of ML models. 

Model Output Features Outliers R 2 / R MAE / MSE 

GQM Alphones et al. (2020) Logit (100 - %CE) CHR, CN, NHV cz , U/V, S, and U 77 0.920 2.100 

Logit (%Opacity) CHR, CN, NHV cz , V, S, and U 96 0.900 0.940 

ANNs Damodara et al. (2020) Logit (100 - %CE) CHR, CN, NHV cz , U/V, S, U, and D - 0.929 (R) 1.390 

Logit (%Opacity) CHR, NHV cz , and U/V - 0.949 (R) 1.280 

RF Wang (2019) CE NHV vg , NHV cz , S, CHR, D, U, and U/V 55 0.992 1.320 

Opacity NHV vg , NHV cz , S, CHR, D, U, and U/V 55 0.936 0.980 

One-zone RF CE NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.899 4.562 (MSE) 

Zone-based RF (Zone 1) CE NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.991 0.562 (MSE) 

Zone-based RF (Zone 2) CE NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.982 6.438 (MSE) 

One-zone RF Opacity NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.992 0.231 (MSE) 

Zone-based Catboost (Zone 1) CE NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.998 0.141 (MSE) 

Zone-based Catboost (Zone 2) CE NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.991 3.256 (MSE) 

One-zone Catboost Opacity NHV vg , NHV cz , S, CHR, D, U, and U/V 0 0.996 1.287 (MSE) 

5

m

(

R

r

o

c

m

z

6

i

i

t

p

d

p

(

t

o

n

p

d

O

d

m

T

a

e

n

w

e

w

.4. Comparison of the zone-based Catboost and RF algorithms 

odels 

For CE prediction using the Catboost algorithm in zone 1 

0.215 ≤ CHR ≤ 0.370) and zone 2 (0.370 < CHR ≤ 0.504), the 

 

2 values of these models were 0.998 and 0.982 each, and the cor- 

esponding MSE values were 0.141 and 3.256, respectively. For a 

ne-zone Catboost-Opacity model, the R 

2 value of 0.996 and the 

orresponding MSE value of 1.287. Clearly, the zone-based Catboost 

odels were as accurate as the zone-based RF models. This shows 

one partition is the most important step in model development. 

. Conclusions 

This study developed a novel zone-based ML approach that 

s applicable when the modeler does not know which feature 

s the best one for data partition. This algorithm can figure out 

he best data partition approach automatically and develop high- 

erformance ML models. This algorithm was applied to the pre- 

iction of the flaring performance. The novel zone-based ML ap- 
11 
roach eventually found out the carbon and hydrogen atomic ratio 

CHR) is the best choice for data partition when the modeler tries 

o predict combustion efficiency. While for Opacity prediction, a 

ne-piece ML model is sufficient. 

The zone-based models for CE and Opacity predictions have sig- 

ificantly higher predictive accuracies than those of the prior one- 

iece models, and none of the original data were deleted. In ad- 

ition, both the zone-based RF and Catboost models for CE and 

pacity achieved superior predictive performance, and no original 

ata were deleted. 

It was also found that the appropriate zone partition is the 

ost important factor in the modeling of complicated processes. 

hese high prediction accuracies achieved by zone-based models 

re notable, particularly with regard to the models’ simplicity, gen- 

ral applicability, and high reliability in the broader fields of engi- 

eering. 

Theoretically, the zone-based ML approach is also applicable 

hen multiple features are selected for zone partition. The mod- 

ler needs to try different combinations of the features to find out 

hich one is the best. It will take much more computational time 
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han exploring every single feature. In this case, domain knowl- 

dge can help the modeler narrow down the list of combinations 

nd reduce the computational workload. 
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