
Copyright is owned by the Author of the thesis.  Permission is given for 
a copy to be downloaded by an individual for the purpose of research and 
private study only.  The thesis may not be reproduced elsewhere without 
the permission of the Author. 
 



 

Machine Learning Based Calibration Techniques 
for Low -Cost Air Quality Sensors 

 

 

 

 

 

 

Mohammad Sharafat Ali 

Electronic and Computer Engineering 

Massey University 

 

 

Thesis 

For 

Doctor of Philosophy 

 

May 2024 



i 
 

ACKNOWLEDGEMENT  

 

First and foremost, I convey my deepest gratitude to the Almighty, the most merciful and 

gracious, for giving me the guidance, patience, knowledge, and determination to complete 

this research. This thesis is the result of the work where many people have accompanied 

and supported me. I now have the opportunity to express my gratitude to all of them. I 

want to convey my sincerest gratitude, regards and thanks to my supervisors, Professor 

Fakhrul Alam, Dr. Khalid Arif and Professor Johan Potgieter, for their support and 

guidance. I am especially indebted to Professor Alam whose mentorship has been 

instrumental throughout this doctoral study. As my supervisor, he has taught me more 

than I could ever give him credit for. It was my great pleasure to be a part of the 

Department of Mechanical and Electrical Engineering, School of Food and Advanced 

Technology and Massey University. I am also grateful for the financial support in the 

form of a doctoral scholarship offered by the New Zealand Product Accelerator (NZPA). 

I thank Auckland Council and National Institute of Water and Atmospheric Research 

(NIWA) for their support, as well as all the members of the CAIRNet team for their 

assistance with the sensor development. I would also like to thank all my fellow 

researchers, faculty members and administrators for their heartiest cooperation. I also 

acknowledge Dr. Nasim Ahmed and Dr. Daniel Konings for their valuable time and 

suggestions. I thank De Vito et al. and Liang et al. for making their research data 

available for this study. Finally, I thank my family for always being there as an inspiration 

and for their continuous support and encouragement throughout all my studies and work. 

My late father Dr. Maksud Ali, who was an excellent researcher in his own right, is and 

will always be my inspiration. I want to thank my mother, Shirin Ahmed, whose love, 

wisdom, and guidance are with me in whatever I pursue. Most importantly, I wish to 

thank my loving and supportive wife, Fatima Zohora, for providing me with unending 

inspiration in the pursuit of this doctoral study. 



ii 
 

ABSTRACT 

 

 

Breathable air is the single most essential element for life on earth. Polluted air, 

contaminated by particulate matter and harmful gases, poses numerous risks to health and 

the environment, especially in urban areas with large populations and many active sources 

of air pollution. Therefore, researchers from a wide range of disciplines have been 

working on mitigating the impact of air pollution. Monitoring ambient air pollution is one 

of the means to ensure public health safety, raise public awareness and build a sustainable 

urban environment. However, conventional air quality monitoring stations are mostly 

confined to a few locations due to their costly equipment and large sizes. As a result, 

although these monitoring stations provide accurate air pollution data, they can only offer 

a low-fidelity picture of air quality in a large city, leading to a poor spatial resolution of 

urban pollution data. Low-cost sensor (LCS) technologies aim to address this challenge 

and intend to make it possible to monitor air quality at a high spatio-temporal resolution. 

The pollutant data captured by these LCSs are less accurate than their conventional 

counterparts and thus require calibration techniques to improve their accuracy and 

reliability. Researchers have proposed different calibration methods and techniques to 

improve the accuracy of the LCSs, including machine learning based calibration models. 

This thesis investigates and proposes several machine learning-based techniques for 

calibrating low-cost ambient gas sensors and rigorously benchmarks their performance 

using a robust training, validation and testing method. Based on the findings, One 

Dimensional Convolutional Neural Network (1DCNN) and Gradient Boosting 

Regression (GBR) based calibration techniques provide consistently accurate 

performance. Both of these machine learning techniques, which have not been widely 

used or evaluated for low-cost ambient gas sensor calibration, can improve the state of 

the art. This research also demonstrates that readily available and previously unemployed 

co-variate data, namely the number of days the sensor has been deployed and the time of 

day at which the reading is taken, can significantly improve the accuracy of Machine 

Learning based calibration algorithms. 
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CHAPTER 1 

 

INTRODUCTION  

 

1.1 Introduction  

Air pollution in urban areas adversely affects public health, environment, and 

quality of life. A large part of the world's population currently lives in regions where air 

pollution levels have exceeded the specified limits of the World Health Organization 

(WHO) [1, 2]. Ambient air pollution has been associated with many serious health issues, 

including cancer, respiratory infections and cardiopulmonary diseases [3-6].  Monitoring 

ambient air pollution can be an effective tool for governments, policymakers and 

scientists working to alleviate this issue.  

Conventional air quality monitoring systems are expensive, bulky and stationary, 

confining monitoring to only a select number of spots [7]. However, the pollutant 

concentration in ambient air can vary significantly within a few hundred meters. 

Therefore, the sparse coverage provided by conventional monitoring systems results in a 

lower spatial resolution, which fails to provide sufficient real-time data to quantify air 

pollution in a large area [8]. While the data from these stations are accurate, the poor 

spatial resolution hinders the generation of robust, city-wide air quality data. Therefore, 

monitoring air pollution levels over a large area using traditional monitoring systems is 

very difficult to accomplish [9]. Low-Cost Sensors (LCS) have been identified as an 

option to supplement the information captured by conventional air quality monitoring 

systems [10-14]. Researchers have proposed to interpolate the information gaps between 

these sparsely distributed air quality monitoring stations with LCS to increase the spatio-

temporal resolution [9, 15]. Thus, researchers have started proposing an extensive 

network of sensor nodes consisting of inexpensive instrumentation to increase the spatio-

temporal resolution of the present air quality monitoring [10, 16, 17]. Many countries 

worldwide have started to adopt this approach to monitor urban pollutants at high spatial 

resolution [10, 14, 18]. 

Real-time data of air pollution at a large number of locations may also raise the 

general public's awareness regarding their health and could lead to the uptake of 
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1.2 Problem Statement 

Literature review on air quality monitors, LCS and next generation air quality 

monitoring systems bring forth the following questions to attention: 

1. Can advanced machine learning techniques improve the performance of LCS? 

2. Which algorithms provide good accuracy on a consistent basis for LCS 

calibration? 

3. What inputs or co-variate factors need to be considered to improve the 

performance of the algorithms during low-cost air pollutant sensor 

calibration? 

By answering these research questions, this research aims to suggest suitable 

calibration models and guidelines for low-cost air quality sensors.  

 

1.3 Scope of Work 

This work utilizes existing datasets from research groups working with field 

deployment of low-cost air quality monitoring. The LCS used in these field deployments 

were assembled by the research groups using commercially available components. The 

said research groups also collected the pollutant data. Only datasets reported in high-

impact journal articles were selected in this PhD work to ensure the quality of the data. 

These datasets included ground truth data from co-located reference sensor to develop 

and evaluate different calibration techniques. Existing machine learning techniques have 

been adopted and modified through a rigorous training-validation-testing process using 

these collected datasets to make recommendations for low-cost air quality sensor 

calibration. 

 

1.4 Organization of the Thesis 

This thesis has been compiled with six chapters. The first chapter is introduction 

where the overall work is briefly introduced followed by problem statements and scope 

of this work. Chapter 2 presents the literature review relevant to this research covering 

the details of air pollution, low-cost sensors, sensor calibration and summary of prior 

works reported by researchers. The next chapter (Chapter 3) describes the methodology 

employed for this research. The various aspects of the gas pollutant datasets that were 



5 
 

utilized for the study are described in this chapter. This is followed by a detailed, step by 

step description of the calibration process. The proposed calibration algorithms and 

performance metrics that are used to evaluate the efficacy of the various algorithms are 

also described in this chapter. The results are presented in Chapters 4 and 5. Chapter 4 

focuses on benchmarking various ML-based calibration techniques and identification of 

the algorithms that can provide consistently good accuracy for LCS calibrations. Chapter 

5 introduces co-variate factors that can be exploited to improve the performance of the 

algorithms. Chapter 6 concludes this thesis and provides some suggestions for future 

work. 
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However, the PM measurement and low-cost PM sensor calibration take a slightly 

different route from the low-cost gas sensors. As this research focuses on the latter, PM 

sensor calibration is not explored in this thesis.  

Table 2.1: Composition of dry air. 

Substance Proportion by volume (%) 

Nitrogen (N2) 78.1 

Oxygen (O2) 20.9 

Argon (Ar) 0.93 

Carbon dioxide (CO2) 0.035 

Neon (Ne) 0.0018 

Ozone (O3) 0.0008 

Helium (He) 0.00052 

Methane (CH4) 0.00017 

Hydrogen (H2) 0.000053 

Nitrous oxide (N2O) 0.000031 

Carbon monoxide (CO) 0.000025 

Sulfur dioxide (SO2) 0.00001 

Xenon (Xe) 0.0000087 

Nitrogen dioxide (NO2) 0.000002 

Ammonia (NH3) 0.0000003 

The five major pollutants typically reported to specify air quality are PM, ground-

level O3, CO, SO2 and NO2 [81, 85, 87-90]. WHO has released thresholds for health-

Particulate Matter (PM) 

Coarse Particulate 
Matter (PM10) 

Fine Particulate Matter 
(PM2.5) 

 

Ultrafine Particulate 
Matter (PM0.1) 

 

Figure 2.1: Classification of PM according to their sizes. 
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2.3 Low-Cost Sensors (LCS) 

At present, ambient air quality monitoring systems are mainly confined to only a 

small number of locations due to their high cost, resulting in a limited observation of real-

time air quality index over a larger area [92]. An intuitive approach to tackle this issue 

could be to increase the spatiotemporal resolution of available air pollution monitoring 

equipment. A driving factor that enables the increased monitoring efforts is the 

development of air pollution sensors with lower cost [9, 46, 47, 93]. 

 

2.3.1 Properties of Air Quality Sensors  

Suitability of the sensors for measuring the concentration of pollutants in the air 

depends on a few important properties such as specificity [94], sensitivity [95], reliability 

[96], reproducibility [95], stability [97], response time [17], accuracy and precision [98], 

and cost [35, 46]. Table 2.4 describes these properties along with the corresponding 

features of both accurate but expensive sensors and LCS. 

LCS tend to be affected by environmental factors and may suffer from relatively 

low sensitivity and specificity [20, 45, 94, 95]. For obvious reasons, LCS use cheaper 

hardware than their more accurate counterparts. As a result, environmental factors such 

as temperature and relative humidity can easily affect the LCS response towards a 

pollutant [30, 31]. Also, these cheap components efficiently respond to a range of gases 

instead of being specific towards a target pollutant gas [99]. LCS can also drift over time 

and have poor reliability and stability [100-103]. The low-cost components have a short 

usable lifespan and thus LCS are well known for responding much differently to an air 

pollutant after some time in their deployment [100-103]. 

Some research groups are focusing on developing affordable but accurate LCS 

and pollutant measurement systems while other research groups are trying to develop new 

calibration techniques to improve the accuracy of currently available LCS [44, 45, 47, 

104]. Our focus of this research work is on the calibration techniques for available LCS. 

A condensed summary of LCS hardware and pollutant measuring technologies is 

compiled in Section 2.3.2 before we describe the calibration techniques in detail.  
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Table 2.4: Properties of a sensor that needs to be balanced when choosing a sensor. 

Sensor 

Properties 
Description 

Features of 

Expensive Sensors 

Features of Low-Cost 

Sensors 

Specificity 

Ability  to measure only the 

gas of interest and not have a 

response to other gases 

Very specific 

Cross-sensitivity with 

other gases is a major 

concern 

Sensitivity 

Measuring the expected 

highest and lowest gas 

concentrations 

Reasonable scaling of 

sensitivity 

Unable to maintain noise-

free measurements at one 

end while adjusting the 

highest or lowest points 

Reliability 
Property of the instrument to 

be used continuously 

Highly reliable and 

usually requires less 

frequent maintenance 

visits 

Less reliable 

Reproducibility 

Keeping the measured sample 

gas unaltered in chemical and 

physical composition after the 

measurement is taken 

Usually reproducible 

Show problems with 

reproducibility in many 

cases 

Stability 

Ability to generate accurate 

responses in longer 

unattended measurement 

periods 

Can be calibrated and 

then left to operate 

unattended for a 

longer time 

Errors get introduced in 

the measurements with 

passing time 

Response time 

The time for sampling over 

which measurement samples 

are taken 

Usually lower (with 

exceptions) 

Usually higher (with 

exceptions) 

Accuracy and 

precision 

Closeness of the measured 

values to the actual value and 

to each other 

Highly accurate and 

very precise 

Lower accuracy and 

precision 

Cost 

Cost of the sensor equipment, 

setup, energy consumption, 

and operation 

Very expensive Lower overall cost 
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2.3.3 Common Errors in LCS 

One of the main reasons of LCS not being able to replace costly equipment and 

instruments (reference sensors) for air quality monitoring is comparatively lower 

accuracy [11, 18]. Although it is not expected from LCS to generate the same results of 

an expensive device while measuring air pollutant concentrations, it should exhibit a 

strong correlation.  

The effects of ambient conditions and interference from other pollutants cause a 

combination of different types of errors in LCS, namely, dynamic boundaries [9, 21], 

systematic errors [11, 18], non-linear response [149, 150] etc. These errors are usually 

related to the working principle of the sensor, used hardware, measurement technique etc. 

[21]. A brief description of these errors is given in Table 2.6. 

According to many reports, systematic errors and signal drift are the two most 

commonly found errors in commercially available sensors for ambient air quality 

monitoring [99, 103]. EC and MOX gas sensors generally exhibit dynamic boundary 

errors and non-linear response respectively [79, 120]. Ambient conditions and cross-

sensitivity can directly cause these errors. However, pin pointing an error to a particular 

reason especially for LCS is very hard as the errors are the product of multiple inherent 

properties of LCS. 

A commonly used approach to minimize the errors or the combination of errors 

in these pollution monitoring LCS is calibration. Several different calibrations methods 

have been reported by researchers to reduce the effect of sensor errors which are discussed 

in the next section. 
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expensive high quality sensor is reduced down to tolerable level [34, 51, 52]. Calibration 

models are the fundamental keys to overcome the major shortcomings of low-cost 

sensors. In the following sections, calibration setups, models and strategies for low-cost 

air pollution sensor deployment found in literature are reported. 

 

2.4.1 Calibration Setup 

Calibration models for air quality LCS are strategies followed to compare its raw 

measurement readings with that from a reliable reference sensor and transforming them 

to more accurate calibrated values. These calibration models vary depending on the type 

and number of sensors used in the measurement [15], source of the error [50], placement 

and lifetime of the sensor [37], and availability of the reference sensor or setup with 

accurate measurements [68]. The calibration setup can be classified into two general 

groups (Figure 2.3): laboratory setup under a controlled environment and field setup 

under an observed environment (sensor co-located at reference monitoring site) [21, 51, 

153].  

 

 

 

 

 

Figure 2.3: Classification of calibration models on the basis of setup environment. 

 

Although lab setups are faster and convenient, many researchers recommend field 

setups for calibration [37, 42, 99, 150, 157]. While lab based calibration allows stringent 

control over the concentration ratios and ranges of pollutants [51, 152, 158], field 

calibration takes into account the inherently complex nature of the ambient conditions 

[34, 45, 50, 148]. In order to properly characterize sensor responses to which the sensors 

are subjected to, the calibration approach should consider the number of pollutants 

present in the surrounding and their interference concentrations [50, 94, 100]. It is 

difficult to emulate the actual ambient conditions in the lab setup because there are too 

Sensor Calibration Setup 

Lab Setup Calibration 

(Controlled environment) 

Field Setup Calibration 

(Observed environment) 
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One of the most common examples of cross-sensitivity in EC sensors is between 

NOx and O3 [30, 36, 97, 99, 119]. Pang et al. reported the compensation for the influences 

of NOx concentrations on ambient O3 measurements in EC sensors by applying linear 

regression [119]. Similar approach was also performed by Maag et al. where O3 

concentrations were compensated for NO2 measurements in an EC sensor [99]. Similarly, 

the cross-sensitivity errors of NO2 sensor were reduced in low-cost MOX sensors by 

incorporating measurements of an additional O3 sensor in the calibration process [21].  

Sensor array calibrations facilitated by field co-location have provided the best 

performance regarding stability, accuracy and precision [15, 17, 68, 94]. However, this 

requires a large-scale analysis of concurrent data from multiple sensors [15, 21]. In 

addition, cross-sensitivity becomes more complex as different factors in the environment 

also affect the sensor responses [15, 45, 160]. More sophisticated training models are 

needed to manage this complexity in order to calibrate the LCS for real-world 

deployments. Thus, different machine learning methods are becoming more and more 

popular for calibration to compensate for the errors caused by cross-sensitivity, 

temperature and humidity effects present in LCS. In spite of recent developments in the 

calibration of air quality monitoring sensor arrays, selecting the optimal sensor array 

calibration to tackle all types of errors in outdoor environment remains a challenge. Table 

2.7 summarizes different calibration setups and methods used by research groups for 

various sensor types and pollutants. 

Table 2.7: Different calibration techniques used by various research groups as reported in the literature. 

Pollutant Setup 
Sensor 

Type 
Method Reference 

CO, NOX Field MOX Linear Regression (LR/MLR) 
Carotta et al. 2001 

[157] 

NO2 
Field 

and Lab 
MOX Linear Regression (LR/MLR) 

Tsujita et al. 2005 

[138] 

O3, NO2 Lab MOX Neural Networks (MLP) 
Kamionka et al. 

2006 [165] 

C6H6 Field MOX Neural Networks (MLP) 
De Vito et al. 2008 

[48] 

CO, NO2, 

NOX 
Field MOX Neural Networks (MLP) 

De Vito et al. 2009 

[36] 
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CH4 Field MOX Linear Regression (LR/MLR) 
Eugster et al. 2012 

[163] 

O3 Lab MOX Linear Regression (LR/MLR) 
Hasenfratz et al. 

2012 [166] 

C2H5OH Field MOX 
Gaussian Processes Regressors 

(GPR) 

Monroy et al. 2012 

[136] 

CO, NO2, 

NOX 
Field MOX Neural Networks (MLP) 

De Vito et al. 2012 

[167] 

NO, NO2, 

CO, SO2,O3 
Field EC, MOX Support Vector Regression (SVR) 

Nieto et al. 2013 

[168] 

CO, NO, NO2 
Field 

and Lab 
EC Linear Regression (LR/MLR) 

Mead et al. 2013 

[25] 

C2H5OH Field MOX 
Gaussian Processes Regressors 

(GPR) 

Monroy et al. 2013 

[137] 

CO, NO2 
Field 

and Lab 
MOX Linear Regression (LR/MLR) 

Piedrahita et al. 

2014 [42] 

C2H5OH, 

C2H4, C3H6O 
Lab MOX 

Recurrent Neural Networks (RNN-

RC) 

Sheik et al. 2014 

[169] 

CO2, CO, O3, 

NO2 

Field 

and Lab 
MOX Linear Regression (LR/MLR) 

Piedrahita et al. 

2014 [42] 

CO, C2H4 Lab MOX 
Recurrent Neural Networks (RNN-

RC) 

Fonollosa et al. 

2015 [76] 

O3, CO Field MOX, EC Linear Regression (LR/MLR) 
Saukh et al. 2015 

[170] 

O3, NO2 Field MOX Linear Regression (LR/MLR) 
Lin et al. 2015 

[171] 

O3, NO2 Field EC Linear Regression (LR/MLR) 
Spinelle et al. 2015 

[55] 

CO 
Field 

and Lab 
MOX Linear Regression (LR/MLR) 

Masson et al. 2015 

[150] 

CO, NO, 

NO2, O3 

Field 

and Lab 
EC Linear Regression (LR/MLR) 

Gerboles et al. 

2015 [172] 

O3, NO2 Field MOX, EC 
Linear Regression (LR/MLR), 

Neural Networks (MLP) 

Spinelle et al. 2015 

[30] 

NO2, O3, CO Field MOX, EC Linear Regression (LR/MLR) 
Maag et al. 2016 

[99] 

CO, NO, NO2 
Field 

and Lab 
EC Linear Regression (LR/MLR) 

Popoola et al. 2016 

[28] 
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CO, SO2, NO, 

O3, NO2, CO2, 

H2 

Field 

and Lab 
EC 

Gaussian Processes Regressors 

(GPR) 

Lewis et al. 2016 

[100] 

O3 Lab MOX Linear Regression (LR/MLR) 
Spinelle et al. 2016 

[56] 

O3, CO, NO2, 

SO2 
Field EC, MOX 

Neural Networks (MLP), Random 

Forest Regression (RFR) 

Borrego et al. 2016 

[34] 

NO, NO2, 

O3, CO 
Field EC Neural Networks (MLP) 

Esposito et al. 2016 

[50] 

CO, NO2, O3 
Field 

and Lab 
EC Linear Regression (LR/MLR) 

Sun et al. 2016 

[33] 

O3, NO2, NO, 

CO, SO2 
Field EC, MOX Linear Regression (LR/MLR) 

Jiao et al. 2016 

[18] 

CO, NO, O3, 

NO2 

Field 

and Lab 
EC Linear Regression (LR/MLR) 

Castell et al. 2017 

[11] 

CO, NO, 

NO2, O3 
Field EC 

Linear Regression (LR/MLR), 

High-Dimensional Model 

Representation (HDMR) 

Cross et al. 2017 

[94] 

NO2 Field EC Linear Regression (LR/MLR) 
Mijling et al. 2017 

[173] 

NO2 Field MOX Linear Regression (LR/MLR) 
Fang et al. 2017 

[37] 

O3, NO2 
Field 

and Lab 
EC Linear Regression (LR/MLR) 

Sun et al. 2017 

[103] 

NO, CO, CO2 Field MOX, EC 
Linear Regression (LR/MLR), 

Neural Networks (MLP) 

Spinelle et al. 2017 

[31] 

O3 
Field 

and Lab 
EC Linear Regression (LR/MLR) 

Pang et al. 2017 

[119] 

NO, NO2, CO Field MOX Neural Networks (MLP) 
Barakeh et al. 2017 

[174] 

O3, NO2 Field EC Linear Regression (LR/MLR) 
Mueller et al. 2017 

[96] 

CO, NO, 

NO2, NOX, 

O3, SO2 

Field EC 

Linear Regression (LR/MLR), 

Neural Networks (MLP), Gaussian 

Processes Regressors (GPR), 

Support Vector Regressor (SVR), 

Recurrent Neural Networks (RNN-

RC) 

Esposito et al. 2017 

[58] 

CO, NO, O3, 

NO2 

Field 

and Lab 
EC Linear Regression (LR/MLR) 

Wei et al. 2018 

[120] 
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CO Lab MOX 

Neural Networks (MLP), Support 

Vector Regressors (SVR), Recurrent 

Neural Networks (RNN-GRU) 

Wang et al. 2020 

[178] 

CO, NO2, O3 Field EC Neural Networks (MLP) 
De Vito et al. 2020 

[16] 

CO, NO2, O3 Lab MOX Support Vector Regressors (SVR) 
Djedidi et al. 2021 

[66] 

CO, NO2 
Lab and 

Field 
EC 

Linear Regression (LR/MLR), 

Neural Networks (MLP) 

De Vito et al. 2021 

[10] 

NO2 Field EC 
Convolution Neural Network 

(CNN), Linear Regression 

Vajs et al. 2021 

[179] 

CO, NO, 

NO2, O3 
Field EC Linear Regression (LR/MLR) 

Zuidema et al. 

2021 [61] 

CO, NO2, O3 Field EC Linear Regression (LR/MLR) 
Liang et al. 2021 

[14] 

NO2 Field EC Linear Regression (LR/MLR) 
Laref et al. 2021 

[145] 

NO, NO2, 

PM10 
Field EC Linear Regression (LR/MLR) 

Wahlborg et al. 

2021 [180] 

CO, NO2, 

SO2, O3 
Field EC Neural Networks (RNN-LSTM) 

Han et al. 2021 

[77] 

O3 Field EC 

Random Forest Regression (RFR), 

Gradient Boosting Regression 

(GBR), Extreme Gradient Boosting 

(EGB) 

Bagkis et al. 2022 

[69] 

NO2 Field EC Linear Regression (LR/MLR) 
Rogulski et al. 

2022 [60] 

OX, NO, NO2, 

CO 
Field EC 

K-Nearest Neighbors (KNN), 

Random Forest Regression (RFR), 

High-Dimensional Model 

Representation (HDMR), Quadratic 

Regression (QR), Linear Regression 

(LR/MLR) 

Bittner et al. 2022 

[70] 

NO2 Field EC Linear Regression (LR/MLR) 
Hofman et al. 2022 

[19] 

O3 Field EC, MOX Linear Regression (LR/MLR) 
Badura et al. 2022 

[59] 

CO 
Lab and 

Field 
EC 

Bayesian Linear Regression (BLR), 

Neural Networks (MLP) 

Tancev et al. 2022 

[181] 
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CO, NO2, 

SO2, O3 
Field EC 

Linear Regression 

(LR/MLR), Random Forest 

Regression (RFR), Gaussian 

Process Regression (GPR) 

Martín-Baos et al. 

2022 [73] 

CO, NO2, 

SO2, O3 
Field EC Linear Regression (LR/MLR) 

Daepp et al. 2022 

[182] 

CO, CO2, 

NO2, SO2 
Field EC Linear Regression (LR/MLR) 

Jabbar et al. 2022 

[183] 

NO2, O3 Field EC Neural Networks (MLP) 
Ganji et al. 2023 

[184] 

NO2 Field EC 
Linear Regression (LR/MLR), 

Random Forest Regression (RFR) 

Wang et al. 2023 

[72] 

O3 Field EC 

Linear Regression (LR/MLR), 

Neural Networks (MLP), Gradient 

Boosting Regression (GBR), 

Adaptive Boosting (AB), Extreme 

Gradient Boosting (EGB) 

Sa et al. 2023 [74] 

SO2 
Lab and 

Field 
EC Linear Regression (LR/MLR) 

Rivero et al. 2023 

[62] 

CO2, Field EC Linear Regression (LR/MLR) 
Kappelt et al. 2023 

[64] 

CO, NO2, O3 Field EC 

Linear Regression (LR/MLR), 

Polynomial Regression (PR), 

Random Forest Regression (RFR) 

Hasan et al. 2023 

[185] 

 

The pie chart in Figure 2.4 summarizes the information presented in Table 2.7 

where different calibration methods are shown with their overall percentage of use. It can 

be observed that almost half of the used calibration methods in the literature are linear 

regressions (or multiple linear regressions). MLP has been also frequently used in the 

previous works, just over 17%. RFR, SVR and RNN (including RC, GRU and LSTM) 

are the only other calibration methods that have been utilized over 5%. All other 

mentioned algorithms (e.g., GBR and CNN) have been utilized only on a few occasions.   

The literature review shows that among the NN-based techniques, CNN or more 

specifically, One Dimensional Convolutional Neural Network (1DCNN) has not been 

well investigated for LCS calibration. 1DCNN has demonstrated excellent performance 

for a variety of applications (e.g., indoor localisation [186], human activity recognition 

[187], time series forecasting [188]). However, there are only two reports [179, 189] of 
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1DCNN being utilized for the calibration of air pollution monitoring. Kureshi et al. [189] 

employed it for the calibration of Particulate Matter (PM) sensors. In a recent publication 

that investigated the impact of the pandemic on the air quality, Vajs et al. [179] employed 

1DCNN to calibrate low-cost NO2 and PM sensors. However, they did not benchmark its 

performance against any other ML techniques; therefore, it is difficult to ascertain its 

(comparative) efficacy. Similarly, GBR, an ensemble learning technique, has also not 

been widely utilized for ambient gas pollutant sensor calibration although it has shown 

good performance in other applications (e.g., PM sensor calibration [190], and prediction 

and forecasting [191, 192]). While Bagkis et al. [69] and Sa et al. [74] employed GBR 

for gas sensor calibration, their works mainly focused on temporal drift correction and 

the performance of GBR was not benchmarked against sophisticated techniques like NNs. 

 

 

Figure 2.4: Summary of used calibration methods found in the literature. The numbers beside the 

calibration methods show the percentage of being utilized overall. 

 

  

LR 48.39

SVR 6.45
RFR8.06

MLP 17.74
GPR3.23
GBR1.61
EGB 1.61
AB 0.81
QR 0.81
PR0.81
BLR 0.81
HDMR 1.61
RNN-RC 4.03
RNN-GRU 0.81

RNN-LSTM
0.81

KNN 1.61

CNN 0.81
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CHAPTER 3 

 

METHODOLOGY  

 

This chapter describes the methodology employed for this research. The various 

aspects of the gas pollutant datasets that were utilized for the study are described in this 

chapter. This is followed by a detailed, step by step description of the calibration process. 

The proposed calibration algorithms and performance metrics that are used to evaluate 

the efficacy of the various algorithms are also described in this chapter. 

 

3.1 Dataset Utilized 

For this study, three different datasets were used to develop and test novel 

machine learning based calibration algorithms. The datasets were acquired from 

published online open sources or via a direct request to the corresponding research 

groups. Table 3.1 provides an initial summary of the datasets. Figure 3.1 shows an 

approximate map of the deployment of these LCS across the globe. 

Table 3.1: Summary of the datasets. 

Dataset 
Target 

Pollutant  

LCS 

array 
Collection Source Location Reference 

Dataset 1 CO, NO2 MOX Online open source Lombardy Region, Italy 
[17, 36, 48, 

167] 

Dataset 2 CO, NO2 EC Acquired through request Naples, Italy [10, 16] 

Dataset 3 CO, NO2 EC Acquired through request Guangzhou, China [14] 

 

 
Figure 3.1: Locations of the LCS used in this study. 
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3.2.1 Dataset 1 

The dataset was recorded by a multi-sensor device [17] containing an array of five 

low-cost MOX sensors that measure CO, NO2, O3, Non-methanic Hydrocarbons 

(NMHC), and NOX along with temperature (T) and relative humidity (RH). It includes 

9357 samples of hourly averaged responses recorded between March 10, 2004, to April 

04, 2005, Lombardy Region, Italy.  

 

 

 

 
Figure 3.2: Distribution (histogram) of the reference and raw LCS data, box plots of temperature and 

relative humidity from dataset 1.  
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3.2.3 Dataset 3 

This dataset was recorded by a multi-sensor device [14] deployed in the Chinese 

city of Guangzhou. The array of EC gas sensors measures CO, NO2 and O3 along with T 

and RH. Total of 4368 samples of hourly average data were collected over a span of six 

months between October 1, 2018, and March 1, 2019. More details of the dataset can be 

found in [14]. Please note that this dataset is also available at a higher per-minute, 

sampling rate. 

 

 

 

 

Figure 3.4: Distribution (histogram) of the reference and raw LCS data, box plots of temperature and 
relative humidity from dataset 3. 
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3.3 Dataset Cleaning 

It was found that the data collected by the LCS and reference sensors have missing 

samples. Also, as discussed, having other pollutant data and temperature and relative 

humidity data are important for addressing the dependency to these co-variates in the gas 

measurements. Therefore, for any given instant, all pollutant (and temperature and 

relative humidity) data need to be available from the cost-effective sensor alongside the 

reference data for multivariate calibration. As a result, readings of selected time instants 

were removed from each dataset if any pollutant data (and temperature and relative 

humidity data) from the cost-effective sensors or the ground truth data were missing.  

These datasets contained some extreme values in their samples which are outside 

the expected range or unlike the other samples. Performance can be improved in machine 

learning modelling by removing these outliers. The standard deviation of the sample can 

be used as a cut-off for identifying outliers if the distribution of values is a Gaussian or 

Gaussian-like distribution. Three standard deviations from the mean is a common cut-off 

in practice for removing outliers from the samples [193, 194]. In this case, the mean and 

standard deviation of the samples are calculated, and samples having more than three 

standard deviations from the mean are identified as outliers and removed from the dataset. 

The final sample numbers after data cleaning are given in Table 3.3. 

Table 3.3: Number of samples used in the datasets after data cleaning. 

Dataset Target Pollutant Number of samples 

Dataset 1 
CO 6941 

NO2 6743 

Dataset 2 
CO 12982 

NO2 12123 

Dataset 3 
CO 3639 

NO2 3412 
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Step 5: The final output is evaluated on the (unseen) testing dataset by computing the 

performance metrics. 

 
Table 3.4: List of hyperparameters that were tuned for ensemble based algorithms. 

Algorithm  List of hyperparameters 

RFR 
maximum depth of the tree, maximum number of leaf nodes, 

number of trees in the forest 

GBR 

maximum depth of the individual regression estimators, 

minimum number of samples required to be at a leaf node, 

minimum number of samples required to split an internal node 

 

 

Figure 3.5: Details of k-fold cross-validation hyperparameter training. 

 

3.5.1.3 Calibration Steps for NN Method 

 The NN methods have a grid search on top of the ten-fold cross-validation 

hyperparameter tuning. Each grid based on the combination of different model parameters 

has individual ten-fold cross-validation performed to tune the hyperparameters. The 

overall process is mostly similar to the ensemble methods in the first and the last three 

steps mentioned in section 3.5.1.2. However, the last step to select the final output for NN 
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based calibration also has an additional step compared to the ensemble ones. This 

calibration process is described below: 

Step 1: The dataset is split into two parts: training and testing datasets.  

Step 2: A grid search was performed on Neural Network based algorithms, namely MLP, 

LSTM and 1DCNN for the parameters presented in Table 3.5. 
 

Table 3.5: Parameters for the grid search on Neural Network based algorithms. 

Algorithm  Parameters for grid search 

MLP  Number of hidden layers (1, 2, 3) 

LSTM  Number of LSTM layers (1, 2, 3), number of time steps (1, 3, 5) 

1DCNN Number of 1D Convolution layers (1, 2, 3), lookback (1, 3, 5) 

 

Step 3: For each grid, the training is conducted using a ten-fold cross-validation, where 

the training dataset is divided into ten equal-sized parts. Each time nine out of the 

ten parts are used to perform grid search for hyperparameters tuning and then 

evaluated against the remainder 10th part (validation). The MSE (Mean Squared 

Error) is calculated on this holdout fold. This process is repeated ten times and the 

overall MSE is observed by averaging the ten MSE values from all the 10 folds. 

The best hyperparameter combination is found across all ten evaluations by 

selecting the one with the lowest overall MSE.  Table 3.6 lists the hyperparameters 

that were tuned for the neural network (NN) based algorithms. Similar process 

mentioned in Figure 3.5 at section 3.5.1.2 has been followed for calibration. 

However, instead of letting the training datasets to run for a set number of epochs, 

an early stopping method has been used during the training-validating stage. This 

method allowed the training to end once the model performance stopped 

improving on the validation set. MSE of the validation sets were monitored for 

each epoch and the training would stop when the MSE ceased to decrease by a 

certain tolerance threshold for a select number of epochs (patience). The model 

weights with the minimum MSE within that patience was taken as the final weight 

for that validation set. 
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ensemble models (Section 3.5.1.2), we have tuned the following parameters during the 

training-validation process using MSE as loss function: 

 

3.6.2.1 n_estimator 

This represents the number of decision trees running in the regression model. A 

large number of trees can sometime reduce overfitting in RFR as increasing the number 

of trees generally reduces model error at the cost of a longer training time and higher 

computational power. 

 

3.6.2.2 max_depth 

This parameter sets the maximum depth of each tree. More information about the 

data is taken into account with larger depth of the tree. Thus possible number of feature 

or value combinations can be increased by increasing the tree depth. In an individual tree 

this increase can cause overfitting, however in RFR, it is harder to overfit due to the way 

the ensemble is built.  But it is still possible to overfit for a very large depth value. So this 

parameter should be set to a reasonable value depending on the number of features of 

your tree. 

 

3.6.2.3 max_leaf_nodes 

This parameter controls the growth of the trees by limiting the maximum number 

of leaf nodes. If not defined, then unlimited number of leaf nodes can be produced in the 

training. 
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Figure 3.6: General structure of ensemble type algorithms (RFR and GBR). 

 

3.6.3 GBR 

Gradient Boosting Regression (GBR) is based on boosting algorithms and is 

considered to be more efficient as the algorithm deals with bias variance trade-off by 

controlling both aspects (bias & variance) [201]. GBR is a sequential technique which 

uses the principles of ensemble models. Improved prediction accuracy has been obtained 

using boosting based regression [202]. Figure 3.6 shows the typical example of an 

Ensemble learning model for GBR. 

GBR has also not been widely utilized for gas sensor calibration and the 

performance of GBR was not benchmarked against sophisticated techniques like NNs 

(see Section 2.4.2 and Table 2.7). Training and validation process mentioned in Section 

3.5.1.2 has been used to calibrate the LCS data and the following parameters have been 

tuned in this study for GBR during the training and validation stage: 

 

3.6.3.1 max_depth 

This represents the maximum depth of a tree. A higher depth can allow model to 

learn relations very specific to a particular sample and thus control over-fitting. 
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3.6.3.2 min_sample_split 

It is the minimum number of observations (or samples) that are required in a node 

to be considered for splitting. This parameter is for controlling the model over-fitting. A 

higher value can prevent the model from learning relations which might be highly specific 

to a particular sample selected for a tree. However, too high values can lead to under-

fitting of the model. 

 

3.6.3.3 min_sample_leaf 

This represents the minimum observations (or samples) required in a terminal 

node or leaf. It is used to control over-fitting similar to min_samples_split. 

 

3.6.4 MLP  

Artificial neural networks (ANN) are often just called neural networks (NN) or 

multi-layer perceptron (MLP). MLP is the most commonly used NN-based calibration 

technique found in the literature (see Section 2.4.2 and Table 2.7). The learning capability 

of MLPs comes from the multi-layered structure of the networks [203]. The building 

block of a neural network is the artificial neuron. It is a simple computational unit which 

has weighted input signal and produce an output signal by using an activation function 

[204]. This activation function governs the threshold at which the neuron is activated and 

strength of the output signal. In terms of LCS, the neurons in the MLP learn the 

representation of different input variables in training data and relate it to the output 

variable i.e., the ground truth reference data [17, 48, 50, 57, 58, 174]. Figure 3.7 represents 

a simple illustration of one of the MLP structures used in this study. Here, the LCS data 

such as raw gas concentrations, temperature, relative humidity is used as the input 

parameters and the reference gas concentration from the ground truth sensor is used as 

the target output to train the weights in the hidden layers. Different MLP structures have 

been studied in this work by changing the number of neurons in the hidden layer, 

activation function in the hidden layer, dropout rate in dropout layer, learning rate of the 

optimizer, batch size etc. Table 3.7 represents the grid search table used for MLP 

algorithms. Each grid for different number of hidden layers was tuned for 

hyperparameters according to the calibration process for this algorithm is mentioned in 
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Section 3.5.1.3. The hidden layer and hyperparameters with the lowest RMSE was 

selected as the final results for MLP algorithms. 

 

Figure 3.7: Example of a MLP architecture. Please note that the structure will vary depending on the 

many parameters are determined through grid search and tuning. 

 

Table 3.7: Grid search used in addition to the k-fold cross-validation for MLP. 

Number of hidden 

layers 

Hyperparameters selected after 

the k-fold cross-validation 

RMSE from the unseen 

testing dataset 

1 Hyperparameters A RMSE value A 

2 Hyperparameters B RMSE value B 

3 Hyperparameters C RMSE value C 

 

3.6.5 LSTM  

Many researchers have used Recurrent Neural Networks to calibrate LCS data 

(see Table 2.7). Unlike other NNs that mostly use current data, Recurrent Neural 

Networks (RNN) model the historical time series behaviour present in the dataset. 

Recurrent Neural Networks (RNN) have been used by Sheik et al. [169] Wang et al. [178] 

and Fonollosa et al. [76] for calibrating MOX-based LCSs under laboratory conditions. 

Esposito et al. [57, 58] studied multiple calibration techniques including RNN on 

different EC-based LCSs and compared their performance. It should be noted that RNN 
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models face two issues during calibration: firstly, time lag must be determined in advance 

which requires a considerable number of experiments to identify them, and secondly, 

these RNNs fail to capture long time dependencies in the training dataset. Thus  Long 

Short-Term Memory networks (LSTMs) are introduced [77]. LSTMs are basically an 

extension for RNN which extends the memory to learn from important changes that have 

large time gaps in between [77, 205]. Thus, LSTM is able to process longer time series 

information than RNN in terms of data processing, error correction and forecasting [75, 

206-208]. As a result, it has been used for forecasting and predicting air quality gas sensor 

data by different research groups [75, 86, 206, 207, 209]. Apart from gas pollutant 

prediction and calibration, RNN as Long Short-Term Memory (LSTM) was also used by 

Li et al. [206] and Athira et al. [75] to improve the accuracy of the field deployed PM 

sensors. All these studies have found LSTM to generate better in predicting sensor outputs 

given that the training datasets are large enough to capture the time dependent 

relationships among the input parameters if they are there. Section 3.5.1.3 have the details 

of calibration method for LSTM in this study. Table 3.8 represents the grid search table 

used for LSTM algorithm. This grid is based on the number of LSTM layers used in the 

model and the number of lag observations as time steps between 1, 3 and 5.  

Each grid for different number of LSTM layers and lag observations was tuned 

for hyperparameters according to the calibration process for this algorithm is mentioned 

in Section 3.5.1.3. The grid with the lowest RMSE was selected as the final results for 

LSTM algorithms. 

Table 3.8: Grid search table used in addition to the k-fold cross-validation for LSTM. 

Number of lag 

observations 

Number of LSTM layers 

1 2 3 

1 RMSE value RMSE value RMSE value 

3 RMSE value RMSE value RMSE value 

5 RMSE value RMSE value RMSE value 

 

 

 

https://builtin.com/artificial-intelligence/transformer-neural-network
https://builtin.com/artificial-intelligence/transformer-neural-network
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3.6.6 1DCNN 

Convolutional Neural Networks (CNNs) have become the most popular machine 

learning technique during the last decade [210]. Deep CNNs can be generally defined as 

feed forward Artificial Neural Networks (ANNs) with many hidden layers that provides 

them the ability to learn complex relationships from the training data [211]. The 

conventional CNNs (a.k.a. 2DCNNs) are mainly designed to process two dimensional 

(2D) data e.g., videos and images [211]. This structure can be modified and developed as 

1DCNN to deal with one dimensional signals [212-214]. The 1DCNN algorithms have 

less computational complexity, compact structure (1-2 hidden CNN layers), less time 

consuming to train and thus suitable for real-time low-cost applications to their 2D 

counterparts [211]. 1DCNN are mainly constructed using two parts: in the first part, 1D 

convolutions, activation function and pooling occur, and in the second part, fully 

connected dense layer e.g., MLP are inserted [211]. Literature review from Chapter 2 

shows that among the NN-based techniques, 1DCNN has not been well investigated for 

low-cost gas sensor calibration. 

Table 3.9 represents the grid search table used for 1DCNN algorithm. This grid is 

based on the number of 1DCNN layers used in the model and the lookback observations 

as considering previous observations steps between 1, 3 and 5. Each grid for different 

number of 1DCNN layers and lookback observations was tuned for hyperparameters 

according to the calibration process for this algorithm is mentioned in Section 3.5.1.3. 

The lowest RMSE value was selected as the final results for 1DCNN algorithms from this 

grid search performed over the k-fold cross-validation. Figure 3.8 shows an example of 

the 1DCNN structure used in this study. 

Table 3.9: Grid search used in addition to the k-fold cross-validation for 1DCNN. 

Feedback 

observations 

Number of 1DCNN layers 

1 2 3 

1 RMSE value RMSE value RMSE value 

3 RMSE value RMSE value RMSE value 

5 RMSE value RMSE value RMSE value 
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CHAPTER 4 

 

RESULTS & DISCUSSIONS: ALGORITHM BENCHMA RKING  

 

This chapter presents a comprehensive benchmarking of several machine-learning 

algorithms with respect to their performance for calibrating LCS.  We demonstrate that 

algorithms like 1DCNN and GBR which have not been extensively used for low-cost gas 

sensor calibration provide consistently accurate results and thus should be considered as 

viable alternatives. 

 

4.1 CO and NO2 Results 

The algorithms are used for both CO and NO2 gas calibration for the three 

Datasets introduced in Chapter 3. Both CO and NO2 are important components of the Air 

Quality Index (AQI) [156], and both the raw (unchanged electrode data from the LCS) 

and reference data (from high-end accurate sensors) are available for all three 

deployments. In the previous chapter, we have already established the importance of 

temperature and humidity correction as well as the need to mitigate cross-sensitivity from 

the LCS raw responses. These deployments include additional pollutant data that enable 

us to address the cross-sensitivity issues of LCS. Furthermore, both temperature and 

relative humidity data are available for all three setups, allowing us to mitigate the effects 

of temperature and relative humidity. However, the multisensory LCS devices and 

reference sensors have missing samples and readings of select time instants from each 

dataset. If any pollutant data from the LCSs or the ground truth data were missing, they 

have been removed before training the models.   

 

4.2 Calibration Scenarios 

Based on the literature, it can be summarized that the calibration of LCS has been 

done roughly in three ways regardless of the algorithm used. One, by only using the raw 

LCS data to calibrate with respect to the reference sensor [11, 30, 31, 157]. This is 

essentially performing an offset and gain calibration along with trying to model some 

non-linearity in the LCS response. Secondly, by introducing temperature and relative 
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Table 4.4: Input feature selection for scenarios in Dataset 2 for NO2. 

Scenario Selected Input Features 

SC1 NO2_we (raw), NO2_ae (raw) 

SC2 NO2_we (raw), NO2_ae (raw), T, RH 

SC3 NO2_we (raw), CO _we (raw), O3NO2_we (raw), NO2_ae (raw), CO _ae (raw), 
O3NO2_ae (raw), T, RH 

 

Table 4.5: Input feature selection for scenarios in Dataset 3 for CO. 

Scenario Selected Input Features 

SC1 CO_we (raw), CO_ae (raw) 

SC2 CO_we (raw), CO_ae (raw), T, RH 

SC3 CO_we (raw), NO2_we (raw), Ox_we (raw), CO_ae (raw), NO2_ae (raw), Ox_ae (raw), 
T, RH 

 

Table 4.6: Input feature selection for scenarios in Dataset 3 for NO2. 

Scenario Selected Input Features 

SC1 NO2_we (raw), NO2_ae (raw) 

SC2 NO2_we (raw), NO2_ae (raw), T, RH 

SC3 NO2_we (raw), CO_we (raw), Ox_we (raw), NO2_ae (raw), CO _ae (raw), Ox_ae (raw) 

 

EC sensors are based on electrochemical cells that generate current in proportion 

to target gas concentration [221]. The driver circuit that facilities the measurement of the 

target gas consists of two major electrodes, namely working electrode (we) and auxiliary 

electrode (ae) [222]. Depending on the hardware of the EC sensor, the target gas 

concentration information may come from one or both electrodes [14]. In this study, both 

electrode datasets were available for datasets 1 and 2 and were utilized for calibration. 
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Figure 4.1: RMSE comparison between different scenarios and algorithms for CO Dataset 1 in TTS1. 

 

Figure 4.2: RMSE comparison between different scenarios and algorithms for CO Dataset 1 in TTS2. 
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Figure 4.3: RMSE comparison between different scenarios and algorithms for NO2 Dataset 1 in TTS1. 

 

Figure 4.4: RMSE comparison between different scenarios and algorithms for NO2 Dataset 1 in TTS2. 

0.000

2.000

4.000

6.000

8.000

10.000

12.000

14.000

16.000

18.000

20.000

SC1 SC2 SC3

R
M

S
E

 (p
pb

)

Scenarios

RMSE for NO2 Dataset 1 in TTS1

LR/MLR RFR GBR MLP LSTM 1DCNN

0.000

2.000

4.000

6.000

8.000

10.000

12.000

14.000

16.000

18.000

20.000

SC1 SC2 SC3

R
M

S
E

 (p
pb

)

Scenarios

RMSE for NO2 Dataset 1 in TTS2

LR/MLR RFR GBR MLP LSTM 1DCNN



62 
 

 

Figure 4.5: RMSE comparison between different scenarios and algorithms for CO Dataset 2 in TTS1. 

 

Figure 4.6: RMSE comparison between different scenarios and algorithms for CO Dataset 2 in TTS2. 
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Figure 4.7: RMSE comparison between different scenarios and algorithms for NO2 Dataset 2 in TTS1. 

 

Figure 4.8: RMSE comparison between different scenarios and algorithms for NO2 Dataset 2 in TTS2. 
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Figure 4.9: RMSE comparison between different scenarios and algorithms for CO Dataset 3 in TTS1. 

 

Figure 4.10: RMSE comparison between different scenarios and algorithms for CO Dataset 3 in TTS2. 
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Figure 4.11: RMSE comparison between different scenarios and algorithms for NO2 Dataset 3 in TTS1. 

 

Figure 4.12: RMSE comparison between different scenarios and algorithms for NO2 Dataset 3 in TTS2. 
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calibrations appear to have received far less attention and therefore warrant strong 

consideration from researchers. 

 

4.4.1 Effects of different TTS and Scenarios  

The accuracy of any given algorithm is better for the 90/10 split (TTS1) compared 

to the 20/80 split (TTS2). Interestingly, the accuracy improvement from going from SC1 

to SC3 and from SC2 to SC3 is more noticeable than going from TTS2 to TTS1. The co-

variate factors seem to have more impact than longer training/co-location time for CO. 

For example, consider the RMSE of the top three performing algorithms for all three 

datasets in CO calibration (Tables 4.7, 4.9 and 4.11). Overall, the RMSE improves more 

when going from SC1 to SC3 than from TTS2 to TTS1 in all cases. Similarly, the 

covariate factors also appear more important than longer training/co-location time for 

NO2. The RMSE improvement from SC1 to SC3 for TTS1 and improvement from TTS2 

to TTS1 for SC1 of the top three performing algorithms in CO and NO2 calibration for 

all three datasets are illustrated in Table 4.13 and 4.14 as examples. The following 

observations can be made from these two tables: 

1. In CO calibration (Table 4.13), RMSE improvements in TTS1 from TTS2 (for 

SC1) in all three datasets are mostly less than 10%, whereas RMSE improvements 

in SC3 from SC1 (for TTS1) are over 30% for Dataset 1 and 2 and more than 40% 

in Dataset 3. 

2. Similarly, in NO2 calibration (Table 4.14), the RMSE improvements in SC3 

scenario in TTS1 is significant (30% - 50%). While introducing more training data 

for SC1 has little to no impact (when compared between TTS1 and TTS2). 

3. However, above perspective changes for both CO and NO2 calibrations in the 

RMSE improvements from TTS2 to TTS1 for SC3 scenario. The RMSE 

improvements in TTS1 from TTS2 for SC3 are several times better than that of 

SC1. Interestingly, the RMSE improvements in SC3 from SC1 (for TTS1) are still 

higher than them. 
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Table 4.13: RMSE improvement in CO for the top three performing algorithms. 

Dataset Algorithm  

Improvement from 

SC1 to SC3 (for 

TTS1) 

Improvement from 

TTS2 to TTS1 (for 

SC1) 

Improvement from 

TTS2 to TTS1 (for 

SC3) 

Dataset 1 

1DCNN 36.54% 9.53% 13.34% 

LSTM 36.92% 9.17% 15.17% 

RFR 37.64% 9.03% 14.33% 

Dataset 2 

1DCNN 32.16% 6.49% 13.66% 

LSTM 32.12% 4.37% 11.12% 

GBR 30.30% 5.49% 15.01% 

Dataset 3 

1DCNN 46.95% 8.86% 21.31% 

LSTM 47.92% 7.50% 26.65% 

GBR 47.90% 12.20% 28.82% 

 
Table 4.14: RMSE improvement in NO2 for the top three performing algorithms. 

Dataset Algorithm  
Improvement from 

SC1 to SC3 (TTS1) 

Improvement from 

TTS2 to TTS1 (for 

SC1) 

Improvement from 

TTS2 to TTS1 (for 

SC3) 

Dataset 1 

1DCNN 43.79% -1.01% 14.65% 

GBR 39.88% 1.28% 14.39% 

RFR 40.74% 1.35% 13.65% 

Dataset 2 

1DCNN 27.79% 0.10% 3.39% 

LSTM 29.45% -0.67% 7.01% 

GBR 34.64% 0.99% 11.82% 

Dataset 3 1DCNN 52.44% -1.04% 18.09% 
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LSTM 50.01% -7.34 19.76% 

GBR 38.60% -2.96% 10.16% 

 

The impact on RMSE improvement for having temperature, relative humidity, 

and other cross pollutant gas data as input parameters is quite vital. The accuracy of the 

models derived and evaluated with TTS2 is not significantly worse than those for TTS1. 

This seems to suggest that with sophisticated calibration models like the ones presented 

in this chapter, not only the LCS platforms could be utilized as a backup for a reference 

grade monitor (TTS1), but they can also be deployed for reasonably accurate CO and NO2 

monitoring for a long duration after a short co-location (TTS2). It should be noted that 

the accuracy of the calibration models could be further improved by further periodic co-

location and recalibration (please see [16]). 

 

4.4.2 Empirical CDFs  

Figure 4.13 shows the empirical CDF (E-CDF) of absolute errors for 1DCNN 

calibration techniques (other figures for the top three calibration techniques are added in 

the Appendix). In all cases, SC3 has demonstrated better performance than SC2, where 

both cross-sensitivity and T and RH correction are dealt with.  

The previously mentioned comparison of improvement in RMSE values for all 

scenarios from TTS2 to TTS1 can also be observed in the E-CDFs (all E-CDF figures can 

be found in the Appendix). Figure 4.13 is an example of that comparison for 1DCNN. 

From these figures also, it can be established that the co-variate factors are quite 

important, and it is not just about ensuring longer training/co-location time.  
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Figure 4.13: Empirical CDFs of absolute errors for 1DCNN calibration. 

 

4.4.3 Target Diagrams 

Target diagrams for the used calibration models have been observed, and the 

target diagrams for 1DCNN are shown in Figure 4.14 and 4.15 as examples (please see 

all target diagrams in the Appendix). The following observations are made from the target 

diagrams: 

1. All points lie within the unit circle (radius = 1); therefore, the variance of the 

residuals is smaller than the variance of the reference measurements. It is an 

essential characteristic of a functional calibration model [31], indicating that the 

variability of the dependent variable (calibrated output) is explained by the 
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humidity, other gas pollutants, and time variables. The normalized CRMSE 

(nCRMSE), normalized MBE (nMBE), and normalized RMSE (nRMSE) values 

for the algorithms from all three datasets are attached in the Appendix.  

3. Most of the points lie on the left, indicating that the standard deviation of the 

calibrated sensor data for most models is smaller than the ground truth standard 

deviation. 

4. For TTS1, the points lie above the x-axis, indicating that the models, on average, 

slightly overestimate both gas concentrations. For TTS2, a few models also 

slightly underestimate both gas concentrations. 
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CHAPTER 5 

 

RESULTS & DISCUSSIONS: CO-VARIATES 

 

This chapter proposes the utilization of new input parameters or co-variates to 

improve the calibration performance. These input parameters were feature engineered 

from the readily available timestamp data that came with all LCS and reference sensor 

data. This unique approach had a positive impact on the performance of the algorithms 

and such method has never been thoroughly explored in the literature to the best of our 

knowledge.  

 

5.1 Introduction  

As discussed earlier, the response of the LCS are highly susceptible to cross-

sensitivity from other ambient gases [14, 57] and temperature and relative humidity [14, 

53].  Therefore, temperature, relative humidity and cross pollutant data are used as 

regressor co-variates to calibrate the LCS output. Chapter 4 presents a thorough 

investigation of the impact of these parameters on various calibration algorithms. 

 It is well known that the performance of the LCS drifts and degrade over time [10, 

103, 167]. We hypothesize that the number of days a sensor is in operation can be used 

as a co-variate enabling the ML algorithms to model and address the gradual degradation. 

Many gas pollutants are directly produced from human activities (e.g., CO, NO2 resulting 

from automobile emissions) [12, 17]. Therefore, it is reasonable to assume that the time 

(or hour) of the day that influences the relevant human activities will also impact the 

pollutant concentration and should be used as a co-variate factor.  However, the literature 

does not show evidence of utilizing these factors, which are readily available without any 

additional cost, for multi-variate calibration of LCS. Our investigation, as discussed in 

this chapter, showed that including these parameters as input, features can significantly 

improve the accuracy of the sensor calibration. 
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Table 5.2: Performance improvement of CO in dataset 2 for TTS1. 

Algorithm  Scenario S1 S2 S3 S4 

1DCNN 

RMSE 
(ppm) 0.117 0.105 0.111 0.093 

Improvement 
of RMSE 

from S1 (in 
%) 

 10.59 5.14 20.29 

LSTM  

RMSE 
(ppm) 0.119 0.110 0.117 0.109 

Improvement 
of RMSE 

from S1 (in 
%) 

0 7.54 1.58 8.66 

GBR 

RMSE 
(ppm) 0.120 0.106 0.110 0.093 

Improvement 
of RMSE 

from S1 (in 
%) 

 11.22 7.96 22.18 

MLR  

RMSE 
(ppm) 0.234 0.227 0.233 0.226 

Improvement 
of RMSE 

from S1 (in 
%) 

 2.68 0.10 3.02 

 

Table 5.3: Performance improvement of CO in dataset 3 for TTS1. 

Algorithm  Scenario S1 S2 S3 S4 

1DCNN 

RMSE 
(ppm) 0.038 0.026 0.038 0.026 

Improvement 
of RMSE 

from S1 (in 
%) 

 32.78 1.50 32.86 

LSTM  

RMSE 
(ppm) 0.039 0.029 0.038 0.027 

Improvement 
of RMSE 

from S1 (in 
%) 

0 24.91 2.97 30.89 

GBR 

RMSE 
(ppm) 0.038 0.025 0.038 0.025 

Improvement 
of RMSE 

from S1 (in 
%) 

 33.79 0.29 32.66 

MLR  

RMSE 
(ppm) 0.054 0.054 0.054 0.054 

Improvement 
of RMSE 

from S1 (in 
%) 

 0.53 0.10 0.60 
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Table 5.4: Performance improvement of NO2 in dataset 1 for TTS1. 

Algorithm  Scenario S1 S2 S3 S4 

1DCNN 

RMSE 
(ppb) 8.445 7.355 8.400 6.888 

Improvement 
of RMSE 

from S1 (in 
%) 

 12.91 0.53 18.44 

LSTM  

RMSE 
(ppb) 8.968 8.560 8.836 8.476 

Improvement 
of RMSE 

from S1 (in 
%) 

0 4.55 1.47 5.49 

GBR 

RMSE 
(ppb) 9.069 7.368 8.472 6.871 

Improvement 
of RMSE 

from S1 (in 
%) 

 18.76 6.58 24.24 

MLR  

RMSE 
(ppb) 11.486 11.496 11.338 11.354 

Improvement 
of RMSE 

from S1 (in 
%) 

 -0.09 1.28 1.15 

 

Table 5.5: Performance improvement of NO2 in dataset 2 for TTS1. 

Algorithm  Scenario S1 S2 S3 S4 

1DCNN 

RMSE 
(ppb) 6.030 5.136 5.114 4.535 

Improvement 
of RMSE 

from S1 (in 
%) 

 14.83 15.20 24.80 

LSTM  

RMSE 
(ppb) 5.896 5.603 5.736 5.342 

Improvement 
of RMSE 

from S1 (in 
%) 

0 4.97 2.71 9.39 

GBR 

RMSE 
(ppb) 5.453 5.066 4.938 4.374 

Improvement 
of RMSE 

from S1 (in 
%) 

 7.09 9.45 19.79 

MLR  

RMSE 
(ppb) 7.183 7.187 7.184 7.190 

Improvement 
of RMSE 

from S1 (in 
%) 

 -0.06 -0.02 -0.09 
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Table 5.8: Performance improvement of NO2 for TTS2. 

Algorithm  Improvement of NO2 RMSE in S4 from S1 (in %) 
Dataset 1 Dataset 2 Dataset 3 

1DCNN 13.26 13.10 8.55 

LSTM  4.49 3.55 2.36 

GBR 18.24 13.50 9.05 

MLR  1.39 -0.04 6.79 

 

 

 

 

Figure 5.1: Empirical CDF plots of calibration error for 1DCNN for all datasets. 
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The presented results and discussions can be summarized in the following key 

points: 

1. Three field deployment scenarios are found in the reported literature for LCS 

calibration. First scenario (SC1) only considers the raw LCS data that targets the 

pollutant gas measurement. Second scenario (SC2) includes temperature and 

relative humidity along with the raw LCS data. The third scenario (SC3) adds 

other cross-sensitive gas data collected by a LCS sensor array with the second 

scenario. Out of these three scenarios found in the literature, SC3 is typically 

preferred (sensor array) for calibration as this leads to higher accuracy. However, 

depending on the hardware utilized in the sensors, this improvement in SC3 from 

SC2 may not always be substantial. another point that should be kept in mind 

while using a sensor array for SC3 is that utilizing a sensor array will increase the 

overall cost and complexity of the LCS. However, this will also significantly 

improve the potential usability of the LCS as the sensor array can now be used to 

measure multiple pollutants. 
 

2. Development and evaluation of machine learning-based calibration methods 

require training (and validation) and testing sets. In this thesis, two different train-

test splitting ratios were used, namely TTS1 and TTS2. TTS1 used 90% of the 

entire dataset as training and 10% for testing, whereas TTS2 used a much smaller 

training set (20% of the dataset) and a larger testing set (80% of the dataset). From 

this study it was found that having more deployment data to train the algorithms 

was always better than having less. The performance for TTS1 was more accurate 

than that for TTS2 for every algorithm. Based on this, we can surmise that a co-

located low-cost sensor can potentially be used as a backup in case the reference 

grade monitor is out of commission for a short period due to fault or maintenance 

However, TTS2 results were still reasonably when the algorithms were 

appropriately trained. Therefore, it might be possible to deploy LCS for ambient 

pollutant monitoring after co-locating with a reference sensor for a set period for 

calibration.  
 

3. 1DCNN-based multi-variate regressors are proposed for the calibration of LCS. 

This calibration algorithm was benchmarked against other ML-based calibration 

techniques and linear regression and was found to be the most accurate. GBR-

based calibration models also, in general, perform better than many of the popular 
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used as input parameters. However, there are other available temporal parameters 

such as number of years in deployment, month of the year, date of the month, 

whether the day is a weekday or weekend etc. The impact of these parameters 

may vary depending on the length of the deployment, and some may have more 

influence than others due to a change in pollution patterns caused by human and 

industrial activities at different times and locations. While these mentioned 

temporal parameters were found to have no noticeable impact for the three 

datasets in this work, a future study with other datasets may show them to be 

useful co-variates. 
 

4. A suite of LCS can be developed and deployed for further data collection to 

validate/verify the findings. Several low-cost sensor arrays were constructed at 

the very initial stage of this study with this aim. Three CO sensor nodes were 

deployed with a co-located reference sensor in Auckland, New Zealand for a short 

period [222]. However, due to the COVID-19 pandemic and lockdowns, no 

further investigations were possible. A fresh attempt can be taken with the 

findings and guidelines from this study to further investigate real-time and long-

term LCS deployments. 
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CO Dataset 1 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.803 0.554 -0.444 0.029 0.445 0.411 
RFR 0.806 0.554 -0.444 0.035 0.446 0.405 
GBR 0.805 0.556 -0.445 0.036 0.447 0.405 
MLP 0.810 0.551 -0.441 0.041 0.442 0.406 

LSTM 0.808 0.545 -0.437 0.026 0.438 0.405 
1DCNN 0.811 0.541 -0.435 0.020 0.435 0.397 

 

CO Dataset 1 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.812 0.543 -0.435 0.026 0.436 0.402 
RFR 0.837 0.508 -0.407 0.024 0.408 0.372 
GBR 0.838 0.506 -0.406 0.023 0.407 0.368 
MLP 0.833 0.526 0.422 0.029 0.423 0.388 

LSTM 0.838 0.501 -0.403 0.017 0.403 0.375 
1DCNN 0.841 0.502 -0.398 0.066 0.404 0.371 

 

CO Dataset 1 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.905 0.384 -0.308 0.021 0.309 0.274 
RFR 0.924 0.346 -0.276 0.028 0.278 0.226 
GBR 0.923 0.349 -0.279 0.028 0.280 0.233 
MLP 0.923 0.350 -0.281 -0.018 0.282 0.232 

LSTM 0.925 0.344 -0.276 0.007 0.276 0.227 
1DCNN 0.924 0.344 -0.276 0.017 0.276 0.231 

 

CO Dataset 1 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.911 0.373 -0.299 0.020 0.299 0.258 
RFR 0.931 0.332 -0.265 0.031 0.266 0.219 
GBR 0.941 0.306 -0.245 0.029 0.246 0.213 

LSTM 0.929 0.335 -0.267 0.032 0.269 0.229 
1DCNN 0.944 0.298 -0.238 0.025 0.240 0.204 

 

CO Dataset 1 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.905 0.386 -0.310 0.018 0.310 0.275 
RFR 0.933 0.326 -0.261 0.026 0.262 0.211 
GBR 0.929 0.333 -0.267 0.020 0.268 0.212 

LSTM 0.932 0.326 -0.261 0.017 0.262 0.210 
1DCNN 0.937 0.314 -0.252 0.018 0.253 0.207 
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CO Dataset 1 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.910 0.373 -0.300 0.017 0.300 0.259 
RFR 0.938 0.314 -0.251 0.029 0.252 0.203 
GBR 0.945 0.295 -0.236 0.022 0.237 0.195 

LSTM 0.934 0.322 -0.257 0.025 0.259 0.214 
1DCNN 0.956 0.264 0.211 0.025 0.212 0.180 

 

CO Dataset 1 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.851 0.486 -0.388 0.044 0.390 0.361 
RFR 0.883 0.428 -0.342 0.031 0.344 0.309 
GBR 0.888 0.420 -0.336 0.036 0.338 0.300 
MLP 0.872 0.446 -0.357 0.028 0.358 0.322 

LSTM 0.886 0.423 -0.339 0.035 0.340 0.300 
1DCNN 0.889 0.419 -0.335 0.037 0.337 0.297 

 

CO Dataset 1 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.901 0.393 -0.315 0.025 0.316 0.279 
RFR 0.916 0.363 -0.290 0.032 0.292 0.251 
GBR 0.918 0.361 0.289 0.029 0.290 0.242 
MLP 0.918 0.364 0.290 0.033 0.292 0.248 

LSTM 0.919 0.359 -0.288 0.022 0.289 0.244 
1DCNN 0.919 0.354 -0.284 0.008 0.285 0.233 

 

CO Dataset 1 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.915 0.366 -0.293 0.024 0.294 0.256 
RFR 0.940 0.308 -0.246 0.028 0.247 0.207 
GBR 0.939 0.309 -0.247 0.023 0.248 0.206 
MLP 0.937 0.333 0.262 0.055 0.268 0.224 

LSTM 0.937 0.314 -0.251 0.019 0.252 0.212 
1DCNN 0.938 0.314 -0.250 0.030 0.251 0.208 
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CO Dataset 1 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.767 0.613 -0.482 0.003 0.482 0.442 
RFR 0.770 0.609 -0.479 0.005 0.479 0.437 
GBR 0.771 0.609 -0.479 0.004 0.479 0.437 
MLP 0.768 0.613 -0.482 0.006 0.482 0.437 

LSTM 0.780 0.600 -0.471 0.034 0.472 0.438 
1DCNN 0.781 0.598 -0.471 -0.001 0.471 0.430 

 

CO Dataset 1 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.779 0.597 -0.470 0.004 0.470 0.428 
RFR 0.781 0.594 -0.468 -0.005 0.468 0.419 
GBR 0.781 0.594 -0.467 -0.002 0.467 0.415 
MLP 0.786 0.588 -0.463 0.003 0.463 0.417 

LSTM 0.798 0.572 -0.450 -0.003 0.450 0.404 
1DCNN 0.805 0.564 -0.442 0.043 0.444 0.405 

 

CO Dataset 1 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.882 0.437 -0.344 -0.005 0.344 0.292 
RFR 0.899 0.404 -0.318 -0.003 0.318 0.262 
GBR 0.897 0.409 -0.322 0.001 0.322 0.266 
MLP 0.896 0.415 -0.325 0.033 0.326 0.275 

LSTM 0.900 0.405 -0.318 -0.024 0.319 0.257 
1DCNN 0.904 0.396 -0.312 -0.014 0.312 0.252 

 

CO Dataset 1 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.903 0.396 -0.311 -0.001 0.311 0.255 
LSTM 0.901 0.400 -0.315 0.004 0.315 0.264 

 

CO Dataset 1 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.905 0.392 -0.309 -0.005 0.309 0.250 
LSTM 0.904 0.395 -0.311 0.002 0.311 0.249 
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CO Dataset 1 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.889 0.424 -0.334 -0.004 0.334 0.278 
RFR 0.908 0.385 -0.303 -0.003 0.303 0.246 
GBR 0.909 0.385 -0.303 -0.002 0.303 0.245 

LSTM 0.911 0.380 -0.299 0.000 0.299 0.246 
1DCNN 0.918 0.365 -0.287 0.004 0.287 0.236 

 

CO Dataset 1 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.832 0.521 -0.410 0.007 0.410 0.375 
RFR 0.851 0.491 -0.387 0.004 0.387 0.340 
GBR 0.848 0.496 -0.390 0.012 0.391 0.344 
MLP 0.843 0.506 -0.398 0.009 0.398 0.359 

LSTM 0.859 0.479 -0.377 0.010 0.377 0.338 
1DCNN 0.865 0.467 -0.368 0.013 0.368 0.324 

 

CO Dataset 1 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.876 0.449 -0.353 -0.003 0.353 0.301 
RFR 0.891 0.419 -0.330 -0.005 0.330 0.276 
GBR 0.887 0.427 -0.336 0.000 0.336 0.282 
MLP 0.891 0.429 -0.333 0.054 0.337 0.281 

LSTM 0.893 0.418 -0.328 0.018 0.329 0.266 
1DCNN 0.898 0.407 -0.320 0.026 0.321 0.262 

 

CO Dataset 1 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.894 0.413 -0.325 -0.002 0.325 0.277 
RFR 0.910 0.382 -0.300 -0.002 0.300 0.246 
GBR 0.909 0.384 -0.302 -0.003 0.302 0.246 
MLP 0.900 0.407 -0.319 0.029 0.320 0.271 

LSTM 0.915 0.372 -0.293 -0.004 0.293 0.243 
1DCNN 0.920 0.363 -0.286 -0.001 0.286 0.236 
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NO2 Dataset 1 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.484 17.786 -0.718 0.027 0.719 14.257 
RFR 0.633 14.996 -0.606 0.012 0.606 11.704 
GBR 0.628 15.086 -0.609 0.015 0.610 11.703 
MLP 0.620 15.476 -0.619 0.087 0.625 12.214 

LSTM 0.631 15.187 -0.614 0.006 0.614 11.844 
1DCNN 0.633 15.025 -0.606 0.040 0.607 11.737 

 

NO2 Dataset 1 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.710 13.327 -0.538 0.011 0.539 10.236 
RFR 0.820 10.502 -0.424 0.008 0.424 8.056 
GBR 0.813 10.709 -0.433 0.005 0.433 8.129 
MLP 0.785 11.587 -0.464 0.059 0.468 9.030 

LSTM 0.825 10.366 -0.418 0.020 0.419 8.038 
1DCNN 0.835 10.059 -0.406 0.007 0.407 7.718 

 

NO2 Dataset 1 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.785 11.486 -0.464 0.003 0.464 8.930 
RFR 0.871 8.886 -0.359 0.006 0.359 6.622 
GBR 0.865 9.069 -0.367 0.002 0.367 6.806 
MLP 0.855 9.459 -0.382 -0.016 0.382 7.282 

LSTM 0.869 8.968 -0.362 0.007 0.362 6.861 
1DCNN 0.886 8.445 -0.339 -0.042 0.341 6.343 

 

NO2 Dataset 1 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.785 11.496 -0.465 0.004 0.465 8.912 
RFR 0.909 7.497 15.64 -0.303 -0.005 0.303 
GBR 0.911 7.368 -0.298 -0.006 0.298 5.630 

LSTM 0.880 8.560 -0.346 0.011 0.346 6.577 
1DCNN 0.912 7.355 -0.297 -0.008 0.297 5.626 

 

NO2 Dataset 1 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.790 11.338 -0.458 0.001 0.458 8.852 
RFR 0.884 8.456 -0.342 0.007 0.342 6.346 
GBR 0.883 8.472 -0.342 0.012 0.342 6.348 

LSTM 0.872 8.836 -0.357 0.011 0.357 6.873 
1DCNN 0.885 8.401 0.53 -0.339 0.010 0.339 
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NO2 Dataset 1 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.790 11.354 -0.459 0.002 0.459 8.836 
RFR 0.915 7.236 -0.292 -0.007 0.292 5.514 
GBR 0.923 6.871 -0.278 -0.003 0.278 5.313 

LSTM 0.883 8.476 -0.342 0.011 0.343 6.499 
1DCNN 0.923 6.888 -0.278 -0.004 0.278 5.342 

 

NO2 Dataset 1 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.728 12.917 -0.522 0.005 0.522 10.069 
RFR 0.835 10.174 -0.411 0.003 0.411 8.080 
GBR 0.837 10.115 -0.409 0.009 0.409 7.852 
MLP 0.817 10.771 -0.435 0.003 0.435 8.279 

LSTM 12.917 10.174 -0.411 0.002 0.411 8.065 
1DCNN 0.845 9.867 -0.399 0.009 0.399 7.654 

 

NO2 Dataset 1 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.757 12.203 -0.493 0.004 0.493 9.279 
RFR 0.844 9.796 -0.396 -0.006 0.396 7.237 
GBR 0.842 9.832 -0.397 -0.009 0.397 7.284 
MLP 0.817 10.598 -0.428 0.005 0.428 8.106 

LSTM 0.828 10.260 -0.415 0.011 0.415 7.836 
1DCNN 0.843 9.913 -0.399 -0.031 0.401 7.380 

 

NO2 Dataset 1 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.802 11.007 -0.445 -0.006 0.445 8.558 
RFR 0.919 7.100 -0.287 -0.006 0.287 5.381 
GBR 0.919 7.024 -0.284 -0.005 0.284 5.371 
MLP 0.885 8.499 -0.341 0.038 0.343 6.437 

LSTM 0.887 8.362 -0.337 0.027 0.338 6.391 
1DCNN 0.918 7.073 -0.286 0.003 0.286 5.400 
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NO2 Dataset 1 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.489 17.206 -0.715 -0.042 0.716 13.512 
RFR 0.601 15.201 -0.632 -0.038 0.633 11.816 
GBR 0.597 15.281 -0.635 -0.038 0.636 11.902 
MLP 0.617 14.933 -0.621 -0.023 0.622 11.630 

LSTM 0.607 15.155 -0.630 -0.040 0.631 11.881 
1DCNN 0.623 14.874 -0.618 -0.037 0.619 11.564 

 

NO2 Dataset 1 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.677 13.681 -0.569 -0.033 0.569 10.278 
RFR 0.763 11.711 -0.487 -0.017 0.487 8.821 
GBR 0.760 11.776 -0.490 -0.021 0.490 8.874 
MLP 0.758 12.189 -0.493 -0.121 0.507 9.008 

LSTM 0.779 11.371 -0.471 -0.048 0.473 8.541 
1DCNN 0.790 11.123 -0.462 -0.033 0.463 8.321 

 

NO2 Dataset 1 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.744 12.187 -0.506 -0.034 0.507 9.122 
RFR 0.817 10.291 -0.428 -0.021 0.428 7.613 
GBR 0.806 10.593 -0.440 -0.023 0.441 7.899 
MLP 0.825 10.082 -0.419 -0.029 0.420 7.359 

LSTM 0.811 10.516 -0.437 -0.030 0.438 7.764 
1DCNN 0.831 9.894 -0.412 -0.012 0.412 7.192 

 

NO2 Dataset 1 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.854 9.207 -0.383 -0.020 0.383 6.871 
LSTM 0.823 10.125 -0.421 -0.025 0.421 7.546 

 

NO2 Dataset 1 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.831 9.922 -0.412 -0.024 0.413 7.306 
LSTM 0.819 10.240 -0.425 -0.025 0.426 7.639 
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NO2 Dataset 1 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.751 12.017 -0.499 -0.038 0.500 8.903 
RFR 0.863 8.933 -0.371 -0.022 0.372 6.636 
GBR 0.870 8.661 -0.360 -0.016 0.361 6.514 

LSTM 0.826 10.043 -0.417 -0.023 0.418 7.514 
1DCNN 0.873 8.582 -0.357 -0.020 0.357 6.442 

 

NO2 Dataset 1 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.699 13.215 -0.549 -0.037 0.550 9.978 
RFR 0.788 11.325 -0.471 -0.027 0.471 8.556 
GBR 0.786 11.229 -0.467 -0.026 0.467 8.407 
MLP 0.760 11.967 -0.497 -0.029 0.498 8.980 

LSTM 0.791 11.423 -0.462 0.006 0.462 9.077 
1DCNN 0.799 10.902 -0.453 -0.026 0.454 8.140 

 

NO2 Dataset 1 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.721 12.724 -0.529 -0.034 0.530 9.512 
RFR 0.780 11.264 -0.468 -0.020 0.469 8.288 
GBR 0.774 11.466 -0.477 -0.009 0.477 8.506 
MLP 0.779 11.577 -0.472 -0.096 0.482 8.516 

LSTM 0.771 11.574 -0.480 -0.041 0.482 8.548 
1DCNN 0.803 10.655 -0.443 0.009 0.444 7.875 

 

NO2 Dataset 1 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.769 11.595 -0.481 -0.040 0.483 8.565 
RFR 0.866 8.854 -0.368 -0.021 0.369 6.582 
GBR 0.873 8.586 -0.357 -0.016 0.357 6.432 
MLP 0.852 9.420 -0.390 -0.039 0.392 6.944 

LSTM 0.836 9.795 -0.406 -0.041 0.408 7.205 
1DCNN 0.867 8.807 -0.365 -0.038 0.367 6.468 
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CO Dataset 2 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.507 0.305 -0.705 -0.019 0.706 0.232 
RFR 0.837 0.175 -0.404 0.018 0.405 0.117 
GBR 0.842 0.172 -0.397 0.019 0.398 0.116 
MLP 0.713 0.252 -0.568 -0.133 0.583 0.183 

LSTM 0.837 0.175 -0.405 0.029 0.406 0.120 
1DCNN 0.841 0.173 -0.399 0.014 0.399 0.116 

 

CO Dataset 2 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.658 0.254 -0.586 -0.015 0.586 0.196 
RFR 0.907 0.132 -0.304 0.017 0.305 0.082 
GBR 0.914 0.127 -0.293 0.016 0.293 0.082 
MLP 0.755 0.219 -0.501 0.080 0.507 0.168 

LSTM 0.909 0.130 -0.301 -0.007 0.301 0.091 
1DCNN 0.918 0.124 -0.287 0.016 0.288 0.080 

 

CO Dataset 2 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.710 0.234 -0.540 -0.011 0.540 0.174 
RFR 0.910 0.129 -0.299 0.008 0.299 0.076 
GBR 0.923 0.120 -0.277 0.009 0.277 0.076 
MLP 0.868 0.204 0.459 0.115 0.473 0.139 

LSTM 0.924 0.119 -0.275 0.017 0.275 0.083 
1DCNN 0.927 0.117 -0.271 0.008 0.271 0.073 

 

CO Dataset 2 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.725 0.227 -0.525 -0.009 0.526 0.168 
RFR 0.935 0.110 -0.254 0.011 0.254 0.063 
GBR 0.939 0.106 -0.246 0.010 0.246 0.063 

LSTM 0.935 0.110 -0.254 0.007 0.255 0.066 
1DCNN 0.941 0.105 -0.242 0.011 0.242 0.062 

 

CO Dataset 2 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.710 0.233 -0.539 -0.010 0.539 0.174 
RFR 0.917 0.125 -0.288 0.006 0.288 0.073 
GBR 0.935 0.110 -0.255 0.010 0.255 0.069 

LSTM 0.927 0.117 -0.271 0.007 0.271 0.074 
1DCNN 0.934 0.111 -0.257 0.010 0.257 0.068 
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CO Dataset 2 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.727 0.226 -0.524 -0.008 0.524 0.167 
RFR 0.942 0.104 -0.240 0.007 0.240 0.058 
GBR 0.953 0.093 -0.216 0.007 0.216 0.054 

LSTM 0.937 0.109 -0.251 0.004 0.251 0.070 
1DCNN 0.953 0.093 -0.216 0.007 0.216 0.054 

 

CO Dataset 2 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.698 0.238 -0.551 -0.013 0.551 0.179 
RFR 0.909 0.131 -0.302 0.008 0.302 0.090 
GBR 0.922 0.121 -0.281 0.002 0.281 0.079 
MLP 0.831 0.179 -0.414 0.002 0.414 0.117 

LSTM 0.823 0.127 -0.422 -0.021 0.423 0.085 
1DCNN 0.925 0.119 -0.276 0.001 0.276 0.079 

 

CO Dataset 2 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.604 0.273 -0.631 -0.011 0.631 0.197 
RFR 0.879 0.150 -0.347 0.010 0.348 0.095 
GBR 0.889 0.144 -0.334 0.015 0.334 0.096 
MLP 0.758 0.261 -0.495 -0.346 0.604 0.199 

LSTM 0.882 0.150 -0.344 0.038 0.346 0.105 
1DCNN 0.893 0.142 -0.328 0.000 0.328 0.098 

 

CO Dataset 2 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.728 0.226 -0.522 -0.004 0.522 0.167 
RFR 0.945 0.102 -0.235 0.008 0.235 0.064 
GBR 0.947 0.100 -0.231 0.002 0.231 0.062 
MLP 0.895 0.154 -0.354 -0.024 0.355 0.109 

LSTM 0.943 0.108 0.250 0.002 0.250 0.070 
1DCNN 0.952 0.095 -0.219 0.015 0.220 0.061 

 

 

 

 

 

 

 



Appendix 
 

120 
 

CO Dataset 2 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.443 0.300 -0.746 -0.025 0.747 0.225 
RFR 0.784 0.187 -0.466 -0.009 0.466 0.122 
GBR 0.795 0.182 -0.454 -0.011 0.454 0.119 
MLP 0.675 0.238 -0.574 0.142 0.592 0.181 

LSTM 0.792 0.183 -0.457 0.014 0.457 0.124 
1DCNN 0.789 0.185 -0.462 -0.010 0.462 0.121 

 

CO Dataset 2 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.616 0.249 -0.620 -0.012 0.620 0.190 
RFR 0.865 0.147 -0.367 0.002 0.367 0.094 
GBR 0.869 0.145 -0.362 0.005 0.362 0.095 
MLP 0.713 0.217 -0.538 -0.057 0.541 0.160 

LSTM 0.870 0.147 -0.365 0.030 0.366 0.106 
1DCNN 0.871 0.145 -0.360 0.003 0.360 0.094 

 

CO Dataset 2 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.674 0.229 -0.571 -0.004 0.571 0.170 
RFR 0.873 0.143 -0.357 0.008 0.357 0.091 
GBR 0.877 0.141 -0.351 0.000 0.351 0.090 
MLP 0.842 0.188 0.459 0.090 0.468 0.127 

LSTM 0.890 0.134 -0.332 0.032 0.334 0.093 
1DCNN 0.887 0.136 -0.336 0.035 0.338 0.094 

 

CO Dataset 2 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.899 0.128 -0.318 0.008 0.319 0.076 
LSTM 0.901 0.127 -0.315 0.005 0.315 0.077 

 

CO Dataset 2 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.879 0.140 -0.348 0.009 0.348 0.087 
LSTM 0.883 0.138 -0.343 0.002 0.343 0.088 
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CO Dataset 2 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.690 0.224 -0.557 0.002 0.557 0.163 
RFR 0.901 0.126 -0.314 0.007 0.314 0.074 
GBR 0.912 0.119 -0.296 0.008 0.296 0.071 

LSTM 0.898 0.128 -0.320 0.000 0.320 0.080 
1DCNN 0.915 0.117 -0.292 0.006 0.292 0.069 

 

CO Dataset 2 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.653 0.237 -0.589 -0.006 0.589 0.176 
RFR 0.867 0.147 -0.366 -0.004 0.366 0.098 
GBR 0.774 0.143 -0.477 -0.025 0.478 0.098 
MLP 0.797 0.182 -0.454 -0.001 0.454 0.119 

LSTM 0.864 0.148 -0.369 -0.002 0.369 0.098 
1DCNN 0.876 0.141 -0.352 -0.002 0.352 0.091 

 

CO Dataset 2 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.558 0.267 -0.665 -0.010 0.665 0.194 
RFR 0.843 0.159 -0.396 0.001 0.396 0.105 
GBR 0.845 0.158 -0.394 0.000 0.394 0.106 
MLP 0.681 0.231 0.575 0.042 0.577 0.175 

LSTM 0.836 0.164 -0.406 -0.052 0.409 0.115 
1DCNN 0.856 0.153 -0.380 -0.020 0.381 0.108 

 

CO Dataset 2 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.694 0.222 -0.553 0.002 0.553 0.163 
RFR 0.907 0.122 -0.305 0.008 0.305 0.073 
GBR 0.913 0.118 -0.294 0.005 0.294 0.071 
MLP 0.862 0.158 -0.377 -0.115 0.394 0.111 

LSTM 0.906 0.124 -0.309 -0.002 0.309 0.084 
1DCNN 0.918 0.115 -0.286 0.022 0.287 0.075 
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NO2 Dataset 2 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.495 8.612 -0.710 -0.029 0.711 6.668 
RFR 0.518 8.415 -0.694 -0.034 0.695 6.495 
GBR 0.526 8.343 -0.688 -0.029 0.689 6.445 
MLP 0.514 8.447 -0.697 -0.009 0.698 6.544 

LSTM 0.525 8.357 -0.689 -0.031 0.690 6.455 
1DCNN 0.527 8.351 -0.689 -0.023 0.690 6.480 

 

NO2 Dataset 2 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.559 8.044 -0.664 -0.029 0.664 6.214 
RFR 0.658 7.089 -0.585 -0.031 0.585 5.297 
GBR 0.678 6.879 -0.568 -0.023 0.568 5.085 
MLP 0.617 7.594 -0.627 -0.009 0.627 5.665 

LSTM 0.662 7.080 -0.583 -0.039 0.585 5.361 
1DCNN 0.661 7.045 -0.582 0.000 0.582 5.318 

 

NO2 Dataset 2 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.649 7.183 -0.592 -0.038 0.593 5.411 
RFR 0.741 6.193 -0.511 -0.027 0.511 4.561 
GBR 0.798 5.453 -0.450 -0.020 0.450 3.858 
MLP 0.733 6.432 -0.525 -0.077 0.531 4.809 

LSTM 0.763 5.896 -0.487 -0.004 0.487 4.275 
1DCNN 0.762 6.030 -0.488 -0.097 0.498 4.365 

 

NO2 Dataset 2 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.649 7.187 -0.592 -0.038 0.593 5.414 
RFR 0.764 5.930 -0.489 -0.030 0.490 4.311 
GBR 0.826 5.066 -0.418 -0.023 0.418 3.545 

LSTM 0.789 5.603 -0.462 -0.027 0.463 4.065 
1DCNN 0.821 5.136 -0.423 -0.023 0.424 3.591 

 

NO2 Dataset 2 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.649 7.184 -0.592 -0.038 0.593 5.420 
RFR 0.750 6.088 -0.502 -0.019 0.503 4.489 
GBR 0.834 4.938 -0.408 -0.011 0.408 3.542 

LSTM 0.778 5.736 -0.473 -0.025 0.474 4.227 
1DCNN 0.822 5.114 -0.422 -0.014 0.422 3.660 
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NO2 Dataset 2 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.649 7.190 -0.592 -0.039 0.594 5.425 
RFR 0.772 5.836 -0.481 -0.023 0.482 4.255 
GBR 0.870 4.374 -0.361 -0.011 0.361 3.142 

LSTM 0.809 5.342 -0.440 -0.027 0.441 3.904 
1DCNN 0.861 4.535 -0.374 -0.016 0.374 3.250 

 

NO2 Dataset 2 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.572 7.936 -0.655 -0.031 0.655 6.086 
RFR 0.697 6.709 -0.553 -0.026 0.554 4.992 
GBR 0.701 6.673 -0.551 -0.023 0.551 4.989 
MLP 0.688 6.857 -0.566 -0.018 0.566 5.234 

LSTM 0.697 6.711 -0.554 -0.026 0.554 4.994 
1DCNN 0.707 6.611 -0.545 -0.024 0.546 4.932 

 

NO2 Dataset 2 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.637 7.314 -0.603 -0.039 0.604 5.514 
RFR 0.735 6.259 -0.516 -0.031 0.517 4.604 
GBR 0.757 5.991 -0.493 -0.038 0.495 4.328 
MLP 0.700 6.720 -0.552 0.059 0.555 5.170 

LSTM 0.735 6.269 -0.515 -0.050 0.518 4.539 
1DCNN 0.741 6.192 -0.511 -0.027 0.511 4.504 

 

NO2 Dataset 2 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.666 7.015 -0.578 -0.037 0.579 5.240 
RFR 0.784 5.683 -0.469 -0.022 0.469 4.119 
GBR 0.868 4.410 -0.364 -0.011 0.364 3.155 
MLP 0.778 6.100 -0.478 -0.160 0.504 4.447 

LSTM 0.823 5.180 -0.422 -0.071 0.428 3.711 
1DCNN 0.857 4.608 -0.380 0.022 0.380 3.330 
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NO2 Dataset 2 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.499 8.480 -0.708 0.016 0.708 6.584 
RFR 0.506 8.434 -0.704 0.004 0.704 6.503 
GBR 0.507 8.427 -0.704 0.007 0.704 6.503 
MLP 0.521 8.462 -0.706 -0.013 0.706 6.580 

LSTM 0.522 8.301 -0.694 0.008 0.694 6.448 
1DCNN 0.518 8.360 -0.694 0.073 0.698 6.569 

 

NO2 Dataset 2 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.550 8.037 -0.671 0.017 0.671 6.287 
RFR 0.618 7.419 -0.619 0.006 0.619 5.547 
GBR 0.618 7.412 -0.619 0.003 0.619 5.617 
MLP 0.612 7.523 -0.623 0.078 0.628 5.780 

LSTM 0.624 7.366 -0.614 0.035 0.615 5.609 
1DCNN 0.625 7.338 -0.613 -0.014 0.613 5.537 

 

NO2 Dataset 2 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.633 7.256 -0.606 0.011 0.606 5.515 
RFR 0.723 6.303 -0.526 0.008 0.526 4.627 
GBR 0.735 6.184 -0.516 0.011 0.516 4.488 
MLP 0.710 6.489 -0.542 -0.017 0.542 4.879 

LSTM 0.724 6.340 -0.526 0.061 0.529 4.721 
1DCNN 0.730 6.242 -0.521 -0.017 0.521 4.589 

 

NO2 Dataset 2 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.729 6.234 -0.520 0.004 0.520 4.597 
LSTM 0.739 6.125 -0.511 0.009 0.511 4.487 

 

NO2 Dataset 2 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.729 6.238 -0.521 0.004 0.521 4.652 
LSTM 0.723 6.309 -0.527 0.013 0.527 4.733 
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NO2 Dataset 2 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.633 7.259 -0.606 0.010 0.606 5.527 
RFR 0.745 6.055 -0.506 0.002 0.506 4.506 
GBR 0.801 5.349 -0.446 0.013 0.447 3.878 

LSTM 0.739 6.115 -0.510 0.011 0.511 4.549 
1DCNN 0.795 5.424 -0.453 0.011 0.453 3.942 

 

NO2 Dataset 2 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.565 7.906 -0.660 0.015 0.660 6.158 
RFR 0.651 7.084 -0.591 0.009 0.591 5.405 
GBR 0.660 6.991 -0.583 0.019 0.584 5.357 
MLP 0.615 7.439 -0.621 0.013 0.621 5.738 

LSTM 0.660 7.018 -0.586 0.020 0.586 5.405 
1DCNN 0.664 6.953 -0.580 0.017 0.580 5.308 

 

NO2 Dataset 2 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.623 7.361 -0.614 0.010 0.615 5.582 
RFR 0.705 6.511 -0.544 0.001 0.544 4.803 
GBR 0.705 6.510 -0.543 0.008 0.543 4.806 
MLP 0.675 6.845 -0.571 -0.006 0.571 5.114 

LSTM 0.688 6.690 -0.558 -0.019 0.559 4.964 
1DCNN 0.699 6.582 -0.549 -0.026 0.549 4.864 

 

NO2 Dataset 2 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.648 7.110 -0.594 0.009 0.594 5.383 
RFR 0.763 5.837 -0.487 0.006 0.487 4.281 
GBR 0.803 5.323 -0.444 0.012 0.444 3.862 
MLP 0.737 6.156 -0.514 0.016 0.514 4.618 

LSTM 0.742 6.103 -0.509 0.022 0.509 4.430 
1DCNN 0.783 5.658 -0.466 -0.075 0.472 4.114 
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CO Dataset 3 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.920 0.075 -0.283 0.039 0.285 0.056 
RFR 0.919 0.075 -0.284 0.041 0.287 0.058 
GBR 0.926 0.072 -0.274 -0.025 0.275 0.055 
MLP 0.926 0.073 -0.273 0.039 0.276 0.056 

LSTM 0.922 0.074 -0.280 0.040 0.283 0.057 
1DCNN 0.926 0.072 -0.272 0.036 0.274 0.056 

 

CO Dataset 3 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.948 0.060 -0.228 0.023 0.229 0.048 
RFR 0.970 0.046 -0.173 0.023 0.175 0.033 
GBR 0.972 0.044 -0.167 0.017 0.168 0.033 
MLP 0.965 0.049 -0.186 -0.018 0.187 0.039 

LSTM 0.971 0.045 -0.171 0.023 0.172 0.033 
1DCNN 0.973 0.044 -0.165 0.015 0.166 0.032 

 

CO Dataset 3 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.958 0.054 -0.206 0.009 0.206 0.042 
RFR 0.974 0.043 -0.163 0.012 0.163 0.029 
GBR 0.980 0.038 0.143 0.005 0.143 0.026 
MLP 0.971 0.049 0.186 0.001 0.186 0.037 

LSTM 0.978 0.039 -0.147 0.003 0.147 0.026 
1DCNN 0.979 0.038 -0.146 0.001 0.146 0.026 

 

CO Dataset 3 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.958 0.054 -0.205 0.009 0.205 0.042 
RFR 0.983 0.034 -0.131 0.005 0.131 0.022 
GBR 0.991 0.025 0.095 0.003 0.095 0.016 

LSTM 0.988 0.029 0.110 0.002 0.111 0.017 
1DCNN 0.990 0.026 0.098 -0.003 0.098 0.017 

 

CO Dataset 3 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.958 0.054 -0.206 0.009 0.206 0.042 
RFR 0.974 0.042 -0.161 0.013 0.161 0.028 
GBR 0.980 0.038 -0.143 0.002 0.143 0.026 

LSTM 0.980 0.038 -0.143 0.002 0.143 0.027 
1DCNN 0.979 0.038 -0.143 0.002 0.143 0.026 
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CO Dataset 3 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.958 0.054 -0.205 0.009 0.205 0.042 
RFR 0.983 0.034 -0.130 0.007 0.130 0.022 
GBR 0.991 0.025 0.096 0.000 0.096 0.016 

LSTM 0.990 0.027 0.102 -0.002 0.102 0.019 
1DCNN 0.991 0.026 0.098 0.002 0.098 0.017 

 

CO Dataset 3 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.958 0.054 -0.205 0.019 0.206 0.042 
RFR 0.976 0.041 -0.155 0.021 0.157 0.030 
GBR 0.979 0.039 -0.148 -0.001 0.148 0.019 
MLP 0.967 0.049 -0.186 -0.001 0.186 0.022 

LSTM 0.978 0.040 -0.152 -0.002 0.152 0.019 
1DCNN 0.981 0.037 -0.139 0.000 0.139 0.018 

 

CO Dataset 3 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.939 0.065 -0.246 0.017 0.247 0.050 
RFR 0.947 0.061 -0.231 0.019 0.231 0.045 
GBR 0.961 0.052 -0.198 0.003 0.198 0.039 
MLP 0.951 0.059 -0.223 0.019 0.223 0.045 

LSTM 0.975 0.047 0.159 0.084 0.179 0.036 
1DCNN 0.974 0.043 0.165 0.006 0.165 0.033 

 

CO Dataset 3 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.963 0.051 -0.193 0.011 0.193 0.040 
RFR 0.987 0.030 0.114 0.012 0.114 0.019 
GBR 0.992 0.024 0.092 0.001 0.092 0.015 
MLP 0.983 0.041 -0.133 0.085 0.158 0.034 

LSTM 0.992 0.026 -0.087 -0.050 0.100 0.020 
1DCNN 0.993 0.023 0.085 -0.022 0.088 0.017 
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CO Dataset 3 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.895 0.080 -0.324 0.005 0.324 0.060 
RFR 0.890 0.082 -0.332 0.007 0.332 0.061 
GBR 0.890 0.082 -0.332 0.005 0.332 0.061 
MLP 0.897 0.082 0.325 0.070 0.332 0.064 

LSTM 0.894 0.080 -0.326 0.009 0.326 0.060 
1DCNN 0.901 0.079 -0.317 0.041 0.320 0.062 

 

CO Dataset 3 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.927 0.067 -0.271 0.005 0.271 0.051 
RFR 0.933 0.064 -0.259 0.011 0.259 0.045 
GBR 0.936 0.063 -0.253 0.010 0.254 0.046 
MLP 0.936 0.063 -0.254 0.012 0.254 0.047 

LSTM 0.937 0.062 -0.251 0.009 0.251 0.045 
1DCNN 0.937 0.062 -0.250 0.010 0.251 0.045 

 

CO Dataset 3 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.941 0.060 -0.243 -0.001 0.243 0.046 
RFR 0.941 0.060 -0.243 0.004 0.243 0.042 
GBR 0.954 0.053 -0.214 0.004 0.214 0.039 
MLP 0.957 0.056 0.221 -0.054 0.227 0.043 

LSTM 0.954 0.053 -0.214 0.003 0.214 0.038 
1DCNN 0.967 0.049 0.194 -0.035 0.197 0.036 

 

CO Dataset 3 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.952 0.054 -0.219 0.006 0.219 0.037 
LSTM 0.967 0.045 -0.183 0.007 0.183 0.028 

 

CO Dataset 3 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

RFR 0.942 0.060 -0.242 0.008 0.242 0.042 
LSTM 0.952 0.054 -0.220 0.002 0.220 0.039 
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CO Dataset 3 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.941 0.060 -0.243 -0.001 0.243 0.046 
RFR 0.951 0.055 -0.221 0.008 0.221 0.038 
GBR 0.959 0.050 -0.203 0.000 0.203 0.029 

LSTM 0.970 0.043 -0.173 0.007 0.173 0.028 
1DCNN 0.969 0.043 -0.175 0.006 0.175 0.028 

 

CO Dataset 3 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.941 0.060 -0.243 0.004 0.243 0.045 
RFR 0.957 0.050 -0.206 0.015 0.207 0.034 
GBR 0.957 0.051 -0.208 0.010 0.208 0.027 
MLP 0.956 0.052 -0.210 0.011 0.210 0.028 

LSTM 0.961 0.049 -0.198 0.009 0.198 0.027 
1DCNN 0.965 0.047 -0.188 0.014 0.189 0.027 

 

CO Dataset 3 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.920 0.070 -0.284 -0.005 0.284 0.054 
RFR 0.929 0.066 -0.266 0.003 0.266 0.047 
GBR 0.925 0.068 -0.274 0.005 0.274 0.049 
MLP 0.929 0.068 -0.272 0.050 0.277 0.055 

LSTM 0.940 0.065 -0.253 0.073 0.263 0.051 
1DCNN 0.942 0.063 0.250 0.043 0.254 0.049 

 

CO Dataset 3 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppm) 

nCRMSE nMBE nRMSE 
MAE 
(ppm) 

LR/MLR 0.952 0.054 -0.220 0.000 0.220 0.042 
RFR 0.958 0.051 -0.206 0.013 0.206 0.033 
GBR 0.964 0.047 -0.189 0.005 0.189 0.026 
MLP 0.970 0.048 0.176 -0.081 0.194 0.039 

LSTM 0.979 0.036 0.146 -0.014 0.146 0.026 
1DCNN 0.986 0.031 0.118 -0.043 0.126 0.023 
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NO2 Dataset 3 results for TTS1 (90:10) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.734 7.015 -0.515 -0.014 0.515 5.136 
RFR 0.762 6.634 -0.487 -0.017 0.487 4.693 
GBR 0.761 6.644 -0.488 -0.022 0.488 4.678 
MLP 0.750 6.898 -0.500 -0.082 0.507 4.908 

LSTM 0.765 6.635 -0.488 -0.003 0.488 4.719 
1DCNN 0.761 6.768 -0.493 -0.068 0.497 4.759 

 

NO2 Dataset 3 results for TTS1 (90:10) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.792 6.206 -0.455 -0.025 0.456 4.484 
RFR 0.873 4.849 -0.356 -0.021 0.356 3.266 
GBR 0.877 4.776 -0.351 -0.018 0.351 3.169 
MLP 0.853 5.517 -0.388 -0.118 0.405 3.977 

LSTM 0.886 4.711 0.342 -0.052 0.346 3.345 
1DCNN 0.891 4.567 -0.336 -0.007 0.336 3.039 

 

NO2 Dataset 3 results for TTS1 (90:10) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.806 5.995 -0.440 -0.022 0.441 4.293 
RFR 0.889 4.549 -0.334 -0.020 0.334 3.132 
GBR 0.910 4.079 -0.299 -0.017 0.300 2.714 
MLP 0.873 4.916 -0.359 -0.038 0.361 3.602 

LSTM 0.943 3.317 0.240 0.040 0.244 2.312 
1DCNN 0.947 3.219 -0.230 -0.057 0.237 2.278 

 

NO2 Dataset 3 results for TTS1 (90:10) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.834 5.546 -0.407 -0.014 0.408 3.961 
RFR 0.901 4.305 -0.316 -0.017 0.316 2.920 
GBR 0.938 3.383 -0.248 -0.015 0.249 2.232 

LSTM 0.952 3.084 -0.221 0.051 0.227 2.315 
1DCNN 0.947 3.116 -0.229 -0.001 0.229 2.022 

 

NO2 Dataset 3 results for TTS1 (90:10) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.806 5.989 -0.440 -0.021 0.440 4.269 
RFR 0.893 4.474 -0.328 -0.020 0.329 3.060 
GBR 0.918 3.896 -0.286 -0.011 0.286 2.620 

LSTM 0.947 3.207 -0.232 0.042 0.236 2.343 
1DCNN 0.945 3.200 -0.235 0.001 0.235 2.092 
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NO2 Dataset 3 results for TTS1 (90:10) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.834 5.537 -0.407 -0.013 0.407 3.915 
RFR 0.903 4.277 -0.314 -0.018 0.314 2.888 
GBR 0.937 3.408 -0.250 -0.011 0.250 2.202 

LSTM 0.960 2.958 -0.202 0.081 0.217 2.282 
1DCNN 0.947 3.141 -0.231 0.000 0.231 2.039 

 

NO2 Dataset 3 results for TTS1 (90:10) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.814 5.876 -0.431 -0.018 0.432 4.217 
RFR 0.899 4.360 -0.320 -0.019 0.320 2.962 
GBR 0.915 3.986 -0.292 -0.017 0.293 2.755 
MLP 0.869 4.960 -0.364 -0.025 0.364 3.479 

LSTM 0.925 3.726 -0.273 -0.016 0.274 2.514 
1DCNN 0.937 3.418 -0.251 -0.014 0.251 2.304 

 

NO2 Dataset 3 results for TTS1 (90:10) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.768 6.546 -0.481 -0.010 0.481 4.626 
RFR 0.835 5.523 -0.406 -0.004 0.406 3.774 
GBR 0.836 5.504 -0.404 -0.018 0.404 3.698 
MLP 0.823 5.980 -0.426 -0.106 0.439 4.220 

LSTM 0.861 5.364 0.385 0.086 0.394 3.744 
1DCNN 0.862 5.059 -0.372 -0.006 0.372 3.429 

 

NO2 Dataset 3 results for TTS1 (90:10) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.834 5.559 -0.408 -0.018 0.409 3.928 
RFR 0.906 4.198 -0.308 -0.015 0.308 2.840 
GBR 0.933 3.531 -0.259 -0.014 0.259 2.372 
MLP 0.921 4.459 0.312 -0.099 0.328 3.413 

LSTM 0.958 2.796 -0.204 -0.022 0.205 2.030 
1DCNN 0.966 2.521 -0.184 0.020 0.185 1.854 
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NO2 Dataset 3 results for TTS2 (20:80) SC1 (raw LCS) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.779 6.433 -0.470 -0.029 0.471 4.787 
RFR 0.787 6.323 -0.462 -0.028 0.463 4.704 
GBR 0.778 6.453 -0.471 -0.027 0.472 4.825 
MLP 0.756 7.493 -0.502 -0.221 0.548 5.598 

LSTM 0.797 6.181 -0.452 -0.018 0.452 4.542 
1DCNN 0.803 6.128 -0.444 -0.065 0.448 4.484 

 

NO2 Dataset 3 results for TTS2 (20:80) SC2 (raw LCS + Temp + Hum) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.822 5.766 -0.421 -0.025 0.422 4.269 
RFR 0.867 4.982 -0.364 -0.020 0.365 3.557 
GBR 0.857 5.168 -0.378 -0.014 0.378 3.713 
MLP 0.857 5.399 -0.378 -0.114 0.395 3.947 

LSTM 0.874 5.073 -0.369 -0.039 0.371 3.653 
1DCNN 0.888 4.585 -0.336 0.004 0.336 3.297 

 

NO2 Dataset 3 results for TTS2 (20:80) SC3 (or S1) (raw LCS + Temp + Hum + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.828 5.685 -0.415 -0.028 0.416 4.174 
RFR 0.881 4.737 -0.346 -0.023 0.347 3.357 
GBR 0.890 4.541 -0.332 -0.012 0.332 3.191 
MLP 0.852 5.582 -0.385 0.136 0.409 4.187 

LSTM 0.914 4.134 -0.294 0.072 0.303 2.889 
1DCNN 0.919 3.930 -0.284 -0.044 0.288 2.816 

 

NO2 Dataset 3 results for TTS2 (20:80) S2 (raw LCS + Temp + Hum + other gases + Ndays) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.888 4.606 -0.336 -0.025 0.337 3.241 
LSTM 0.913 4.033 -0.295 -0.015 0.295 2.819 

 

NO2 Dataset 3 results for TTS2 (20:80) S3 (raw LCS + Temp + Hum + other gases + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

RFR 0.882 4.716 -0.344 -0.022 0.345 3.323 
LSTM 0.909 4.130 -0.302 -0.014 0.302 2.937 
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NO2 Dataset 3 results for TTS2 (20:80) S4 (raw LCS + Temp + Hum + other gases + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.850 5.299 -0.387 -0.019 0.388 3.879 
RFR 0.888 4.607 -0.336 -0.023 0.337 3.228 
GBR 0.909 4.130 -0.302 -0.014 0.302 2.937 

LSTM 0.913 4.036 -0.295 -0.013 0.295 2.834 
1DCNN 0.935 3.594 -0.255 0.064 0.263 2.600 

 

NO2 Dataset 3 results for TTS2 (20:80) SC2T (raw LCS + Temp + Hum + Ndays + Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.846 5.356 -0.392 -0.011 0.392 3.940 
RFR 0.888 4.607 -0.337 -0.020 0.337 3.285 
GBR 0.898 4.380 -0.320 -0.012 0.321 3.074 
MLP 0.877 4.802 -0.351 0.001 0.351 3.322 

LSTM 0.901 4.298 -0.315 -0.003 0.315 3.020 
1DCNN 0.912 4.055 -0.297 -0.005 0.297 2.868 

 

NO2 Dataset 3 results for TTS2 (20:80) SC-G (raw LCS + other gases) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.795 6.205 -0.453 -0.036 0.454 4.557 
RFR 0.825 5.740 -0.419 -0.033 0.420 4.108 
GBR 0.816 5.872 -0.429 -0.021 0.430 4.252 
MLP 0.816 6.121 -0.429 -0.129 0.448 4.517 

LSTM 0.844 5.469 -0.396 -0.057 0.400 3.841 
1DCNN 0.859 5.132 -0.375 -0.023 0.376 3.678 

 

NO2 Dataset 3 results for TTS2 (20:80) SC-T (SC3 + Year + Month + Date + Week-Day/End + Ndays + 
Hour) 

Algorithm 
Performance Metrics 

R2 
RMSE 
(ppb) 

nCRMSE nMBE nRMSE 
MAE 
(ppb) 

LR/MLR 0.856 5.183 -0.379 -0.017 0.379 3.821 
RFR 0.892 4.530 -0.331 -0.022 0.332 3.187 
GBR 0.908 4.150 -0.304 -0.011 0.304 2.931 
MLP 0.893 4.784 -0.329 -0.120 0.350 3.499 

LSTM 0.928 3.754 0.273 -0.032 0.275 2.636 
1DCNN 0.935 3.594 -0.255 0.064 0.263 2.600 
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E-CDFs of CO Dataset 1 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of NO2 Dataset 1 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of CO Dataset 2 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of NO2 Dataset 2 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of CO Dataset 3 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of NO2 Dataset 3 for different algorithms, scenarios (SC1 �± raw LCS, SC2 �± raw LCS + Temp + 
Hum, SC3 �± raw LCS + Temp + Hum + other gases) and train test splits (TTS1 �± 90:10, TTS2 �± 20:80) 
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E-CDFs of CO Dataset 1 for different algorithms, between scenarios: S1 (same as SC3) �± raw LCS + 
Temp + Hum + other gases), S4 �± raw LCS + Temp + Hum + other gases + Ndays + Hour, and train test 
splits (TTS1 �± 90:10, TTS2 �± 20:80) 

 

 

 

 
























































