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Abstract  
 
 

Air Quality Monitoring Wireless Sensor Network with Electrochemical Sensing 
Elements 

 
 

By 
Saeed Faisal Malky 

 
 

Dissertation Advisor: Ivica Kostanic, Ph D. 

 

 
Harmful atmospheric pollutants have been attributed to causing adverse weather 

conditions and health problems, which are particularly prevalent in more populated 

global regions, such as megacities. Nongovernmental and international agencies 

throughout the world have likewise called for increased awareness and action to 

effectively counter the increased rates of air pollution, as the consequences seem 

ominous. Meanwhile, in several major urban landscapes such as Saudi Arabia, no 

modern apparatus or efficient systematic mechanisms exist for the qualitative 

detection of dangerous pollutants and gases. The current counterparts for hazardous 

gas measurements are expensive, bulky and cumbersome to set up. Thus, sensor 

devices that are portable and quicker at obtaining ambient air measurements are 

desirable to fill the current gap in effective air pollution monitoring. Our objective in 

this research was to better understand and explore relatively cost-effective, flexible 
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and dynamic sensors in real-time monitoring that can function efficiently in modern 

day environments and regions. The suitability of these new age sensors were 

analyzed for gases such as nitrogen dioxide (NO2), sulfur dioxide (SO2), carbon 

monoxide (CO), particle pollution (PM2.5, PM10), and ozone (O3). The study area was 

Riyadh, Saudi Arabia.  
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Chapter 1: Introduction 
 
 
 
 
 

The dawn of the 21st century is reminiscent of the historical timeline of events 

like the Industrial Revolution in the earlier part of the 19th century and the subsequent 

technological innovations that followed in the late 19th and early 20th centuries, which 

have laid the foundations of modernism that we have come to recognize. The 

pervasion of a global village-like structure, albeit an urbanized structure across 

overwhelming planetary topography, has introduced unprecedented challenges that 

must be addressed. Global warming and adverse environmental and climatic 

conditions are no longer potential threats but ominous realities across the globe. 

Pressure from various organizations and factions of environmental and ecosystem 

preservation campaigns have offered much resistance, but in terms of impact, the 

urbanization trend has remained relatively unaffected [1]. Innovative technological 

advancements are plausible alternatives that may aid in satisfactory environmental 

perpetuation, although inexplicitly. In terms of countering air pollution levels, 

technological means of detecting air pollutant constituents are available such that 

corresponding district or state officials can be notified for appropriate action or 

relevant information dissemination to the public. However, the conventional air 

pollution detection system is cumbersome in its setup and portability, and data output 

reliability features leave much to be desired in postmodern landscapes and 
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populations [2].  An alternative solution would be to use a wireless sensor network 

that can be considered an autonomously functional network that can be engaged in 

various topographical regions of the world, which encounter diverse weather 

conditions. wireless sensor networks (WSN) have the ability to dynamically inspect 

and observe vast ranges of metrics. Therefore, WSN instrumentation can be found in 

a variety of civic and governmental usages, such as army units, industrial purposes, 

or air pollution monitoring to name a few. WSNs are definitely on the rise, which is 

exciting in terms of assessing the scope of this technological application [3]. WSN 

consists of a set of nodes that can measure information from the environment, as well 

as process and relay this information to the base station through particular nodes 

called sinks. The use of WSN for air pollution monitoring may be of great interest 

for cost reduction, node autonomy, fine spatial and temporal granularities and the 

self-organization and self-healing of the network without heavy infrastructure [4]. 

 

1.1 WSN Definition 

Simplistically, WSN acts as a bundle of low-cost nodal devices, which are 

obviously wireless, that can intrinsically detect and gauge external ambient 

conditions and function optimally in terms of its combined cost expenditures, 

especially qualitative attributes like sensory efficiency and procession of data. Nodal 

arrangement within the field of detection can either be situated internally or in 

proximity to the stimuli occurrence, and the nodes are integrated so as to corroborate 
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mustered data and return to the terminal center or user. Figure 1 below illustrates the 

architecture of a WSN [5].   

 

Figure 1: Wireless Sensor Network Architecture [5].  

 

1.2 Why WSN? 

WSNs evolved into an exciting field of research once the potentialities of cost 

effectiveness and adaptation congeniality were realized in various applications. This 

kind of WSN can measure various environmental systems and produce quantified 

output per user defined parameters from the mustered and corroborated data of the 

sensing nodes. Nodal configuration is possible per the needs of a particular 

environmental system. Furthermore, the nodal arrangement can also incorporate 

actuating movements to provide additional control in monitoring by WSN itself. The 

adaptability and flexibility allow the WSN to be utilized even in locations such as 

those affected by a natural calamity or likewise that would be otherwise 

unprecedented before the advent of this kind of wireless monitoring system. 
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Pervasive WSN configurations that allow for adequate space from which to obtain a 

holistic picture of the observed and measured phenomenon are plausible. Lately, 

computer technology and architecture that supports WSNs have also become 

moderated, which makes the WSN an ideal choice for deployment as a malleable 

system that can pertain to the specific characteristics of an application. However, 

there remains adequate space for improvement and refinement of the increasingly 

popular technology of WSN [5].  

 

1.3 Sensor Nodes  

The nodal sensors described in [3]. indicate wireless sensing instrumentation. 

Nodes of these sensors are arranged to yield a network of nodal patterns that can 

collect raw data within the vicinity of external stimuli where objective measurement 

occurs. Environmental conditions, such as temperature, frequency of vibrations, 

gaseous concentrations, and so on, are among the several parameters that can be 

detected and measured. A unitary node is capable of housing multiple sensors that 

can still gauge atmospheric metrics simultaneously. In addition, these have been 

designed to nullify any erroneous readings for an appreciable duration. A wireless 

transmitter together with sensory devices can be identified as a sensor node. This 

comprises quadruple layers of system faculties: sensory detection of phenomena, 

data procession, analogous/digital communication, and powering. The last subset is 
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responsible for provision of power to the former three faculties. Sensors can be 

controlled to gauge environmental stimuli either instantaneously or in cycles. 

Thereafter, analogous digital conversion takes place for the digital transmission of 

data via processor. The sensory functionality dissipates the highest energy from the 

powering source. The obtained data are provided to the subsystem and control the 

overall processes, which in turn manage the nodal actions across the network. In 

addition, this particular subsystem is also responsible for local processes, such as 

analysis, corroboration and generation of data. In this manner, redundant data are 

deleted from that sent to the terminal user. 

A network linkage with the node is made possible through the 

communication section of the system. A transmitter and receiver comprise the 

transceiver that is part of this communication layer. Internodal flow of 

communication are controlled by this particular subsystem and the greatest energy 

dissipation also occurs here.  

The powering source section is responsible for the maintenance of power 

throughout the other parts of the overall system. Options for generation of power can 

be either from a battery charged by a renewable source or a local perishable battery. 

Once the nodes have been deployed and engaged, battery replacement is quite 

improbable. Figure 2 shows the internal arrangement of a WSN and its subsections. 
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Figure 2: Sensor Node Basic Subsystems [3]. 

 

Extra subsectional configuration is possible to accomplish the WSN’s 

intended objective accomplishment for other applications. These applications 

include displacement measurement, actuating movers, and generators. However, 

these applications should still be connected to the relevant power source and the 

communicational part of the larger WSN. Thus, we see the congeniality of WSN in 

terms of system adaptation with particularized internal configuration that best meets 

the purpose of any industrial application. However, in the current market, the 

idealized operation expected for WSN has yet to be attained, as the life expectancies 
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of sensor nodes are still insufficient. However, if idealized operation is to be 

accomplished with current WSN technology, performance in terms of data 

processing, information storage, and so on would be curtailed.  

 

1.4 Sensor Networks  

Based on network type classification, two variants have been identified: 

proactive and reactive, as described in [3]. Each kind has unique key characteristics 

based on the sensing pattern types. For the proactive variant, the nodal sensors 

alternate between active mode and passive mode, which is also called sleep mode. 

During the active phase, the environmental factors being gauged by sensors are 

sensed, the data are gathered, and then, a report is delivered. However, during the 

passive phase, the sensors fail to detect any kind of transition in the surrounding 

environment. For the reactive nodes, when a major change has occurred above a 

certain threshold in the sensed environmental factors, information about change is 

delivered to the station. For this latter type, there is no stopping as the data are 

continually collected and retrieved, whether during active or passive phases. 

However, the designer can set the change threshold limit as mentioned for this latter 

type. The applications of either proactive or reactive sensor networks are dependent 

on the type of WSN installation based on the usage requirements.  
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Nodes deliver the sensed records to the terminal user for review. The means 

of sending data information can either be through the single-hop or multi-hop 

method. In the former, each and every node sends the report to the terminal user 

immediately, irrespective of displacement length. Thus, peripheral nodes from the 

terminal end consume more than the necessary power, which adversely impacts the 

power in the proximal nodes. The other kind is the multi-hop method, where the node 

sends the data points via a path route as described by its term through nearby 

intermediary nodes. Each advanced node will forward the review to a node that is 

closer to the terminal user, until the review gets to the location. Thus, the origin node 

will not have to use more power to deliver the review. Instead, the review creator and 

advanced nodes will use low range interaction hyperlinks to complete the job. The 

multi-hop sending method also has the benefit of decreasing the sent information by 

gathering or amassing, which involves leaving out the recurring or nonuseful 

information of the advanced nodes. However, the use of the multi-hop design in large 

systems will overwork the nodes that are closer to the terminal user and quickly strain 

their power. Both the single-hop and multi-hop sending designs can be applied in 

WSNs according to the system program and design conditions. Figure 3 

demonstrates the distinction between the single-hop and multi-hop communication 

styles. 
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Figure 3: (a) Single-hop communication (b) Multi-hop communication [3]. 

 

1.5 Different WSN Characters  

There are many applications for these sensor networks; each application has 

its own characteristics, as described in [6]. These system figures rely on indicator 

node qualities, system execution, and confirming actions. The indicator node 

qualities mainly include the sensor type and energy resource. First, the nodes can be 

either portable or fixed, and the network may be operated by a built-in battery, or it 

may use a standard rechargeable resource of power. Second, the system 

implementations may vary in terms of system topology, which describes the node-

to-node and node-to-BS relationships and deployment methods (random or pre-

engineered locations). Last, the system confirming actions also rely upon the 

characteristics of the applications. The common actions are occasional recognition, 

regular statistics, and monitoring. Event recognition indicator systems send reviews 



 10 
 

to the terminal user once a focus meeting is manifested. However, the regular 

statistical nodes will keep delivering reviews frequently. In the monitoring systems, 

the set of nodes that have a supervised item in their range are accountable to the 

terminal user, and with the activity of the item, new nodes begin confirming and 

former nodes stop confirming. 

1.6 WSN Deployment and Planning 

Two WSN node implementation techniques exist: stochastic and 

deterministic, as described in [7]. In the stochastic implementation plan, WSN nodes 

are arbitrarily implemented. For instance, nodes can be implemented by being 

decreased in a platform. The stochastic strategy is often used in instances of heavy 

systems, where placing nodes individually is incorrect, and in situations where nodes 

are being implemented in aggressive surroundings. However, in the deterministic 

implementation strategy, sensors are organized linearly, which results in the 

maximum performance.  

Normally, the range of splitting sensors is organized based on several factors, 

which includes detecting the performance and transmitting ranges of the indicator 

nodes. Particularly precise RF propagation designs are needed to boost the 

comprehensive decision making facilitation during WSN predeployment [9]. 

Overall, these designs are important for accomplishing the planning and 

implementation of sensor networks in both implementation techniques. 
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1.7 WSN Applications  

WSNs have been used for many different areas. The initial utilization and 

development of these sensor systems were for military purposes. The Sound 

Surveillance System (SOSUS) was the first WSN ever used. The system was used in 

the military water base during the Cold War to identify Communist submarine 

movements. Since SOSUS, wireless sensor technology innovations have been 

enhanced for protection applications, as well as for variety of municipal applications. 

WSN has been requested for environment tracking, natural phenomena tracking, 

health, safety and protection purposes, vehicles and traffic, commercial, smart 

homes, and other applications. Every area of application has its own characteristics. 

In military applications, the nodes are obtained and communication, self-locating, 

and offering top quality information are important specifications, which are not 

necessary for most other applications. Furthermore, during a war, implementing a 

system in a combat area for stealth deciphering must be done covertly. Therefore, 

nodes are either air-dropped or used via missiles. Such an implementation prevents 

the risk of getting close to the battleground, enables distribution of many of nodes at 

once, and aids in the future implementation of additional nodes. Other application 

areas vary in terms of many factors like interaction method, type and variety of 

receptors, as well as the implementation methods. Developments in indicator node 

technological innovations expand the potential usages of WSNs, which have surely 

evolved into promising prospects for human ambitions [3]. 
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1.8 Problem Statement  

The air pollution that affects both indoor and outdoor areas is a severe crisis 

in many areas throughout the world. Air pollution has garnered public attention 

through its adverse health impacts on people who are sensitive to environmental 

factors. Conditions such as bronchial asthma, emphysema, and pneumonia are 

commonly associated with air pollution. Epidemiological research has reported an 

alarming risk of heightened and deadlier heart problems related to both short-term 

and long-term exposure to present-day levels of air particle contaminants such as 

PM2.5 and PM10, as well as gaseous contaminants such as ground-level ozone and 

nitrogen oxides [8]. Booming metropolitan areas, a rising influx of inhabitants in 

megacities, and large-scale industrial progression are in many ways responsible for 

the production of new contaminants, which may be gradually more destructive to the 

global environment and global community wellness over the long term [9]. 

 

Conventional air pollution monitoring systems are mainly based on bulky, 

heavy, and sophisticated instruments. This equipment tends to apply complex 

statistical methods and complex support tools such as temperature and relative 

humidity controllers, air filters or sensors for particulate matter and gases along with 

built-in calibrators to guarantee precision and performance. Therefore, this 

equipment is typically expensive, large, and uses an excessive amount of energy [10]. 

Additionally, a deficiency in systematic networks of real-time monitoring equipment 
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is often the result, inducing both spatially and temporally ineffective tracking of 

sharp gradients in pollutant concentration [11]. The deficiency, or rather the absence 

of a useful strategy, thus leads to an inability to comprehensively understand the 

effects of such pollutants on human health and the environment. In a situation of 

progressively more severe air pollution, ambient sensors that are low cost and small 

in size with fast response times are incredibly desirable [10]. The concept and 

potential for such devices are well recognized in the public industrial arena. 

However, low-cost sensors have not been commonly used in communities partly 

because it is extremely challenging, even under ambient conditions, to collect a 

particular gas measurement with high data accuracy; in addition, to attain stability 

over time, these sensors still must be compared to traditional monitoring equipment 

[12],[10]. Furthermore, detailed published measures of efficiency are relatively rare, 

particularly for analytical technologies that are already used by the general public. In 

Saudi Arabia, which is now among the most polluted countries in the world, no such 

effective real-time monitoring equipment is commonly used. Our purpose in this 

study was to offer an opportunity to apply relatively low-cost, convenient, and real-

time monitoring sensors, which we hope can be used more in the future, particularly 

in studies that will eventually aid in the air quality detection with higher accuracy 

and precision and shorter response times. We analyzed and validated the 

effectiveness of the sensors in monitoring outdoor air pollutants, such as CO, Ozone, 
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NO2, SO2, and Particulate matter (PM), in urban cities to provide a foundation for 

later use. 

 

By deploying wireless sensors in tunnels and on crossroads and main roads, 

a pilot framework for a WSN-based real-time monitoring system was established in 

this study to understand street level spatial-temporal changes in CO, NO2, SO2, PM, 

and O3 in urban settings. The system consists of multiple major components. The 

first component is the deployment of wireless sensor nodes, transmitter nodes and 

gateway nodes. Each sensor node includes a signal processing module, multiple 

electrochemical gas sensors, PM analyzer and a wireless communication module, as 

shown in Figure 4. To capture realistic human exposure to traffic pollutants, all 

sensors will be deployed at approximately pedestrian height. The other component 

is to evaluate and validate the accuracy of the sensors against the traditional systems. 

Then, we will establish a mathematical model to calibrate and improve sensor 

accuracies. All sensor data will be visualized on a map-based monitoring platform in 

real time and space. 

 

Figure 4: WSN in Air Quality Monitoring. 
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Chapter 2: Literature Analysis and Review 
 
 

 

Research findings from other case studies where 21st century wireless air 

pollution monitoring systems have been implemented were reviewed as part of the 

preliminary analysis before undertaking the project in Saudi Arabia.  

 

The first study of this technology to be discussed here is ‘Real Time Pollution 

Monitoring Using Wireless Sensor Networks’ by Movva Pavani and P. Trinatha Rao. 

The paper mentions the high operating costs and the reported difficulty in terms of 

stationing and transportability of conventional bulky air pollutant measurement 

systems and the relatively low pay-off for larger-scale applications. However, the 

effectiveness of recent innovative technology within this scientific area of study, i.e., 

wireless capable gas sensors, was highlighted and demonstrated to show its 

versatility. Among the greatest advantages is its scalability that allows the setup size 

of the wireless sensor network to be adapted based on the level of application 

demand. Its basic design is composed of three parts: a libelium wasp mote that houses 

the different gas sensors, a middleware component for back-up and graphical data 

transmission, and a base station whereby information is received that also connects 

to other users throughout the network. This wireless air monitoring technology was 

set up in an industrial zone of Patancheru in Hyderabad, India. Results from this 
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research showed the consistency in adoption of such a mode of wireless network in 

air pollution measurement over different durations. Technically, it was also able to 

verify the calibration of sensors and that their deployment on the wasp mote proved 

an effective strategy for installation of an air pollution monitoring system that would 

otherwise be arduously met in a heavily industrialized locality [13].   

 

The next reviewed and discussed here is ‘Air Pollution Monitoring in 

Lemesos using a Wireless Sensor Network’ by Theofylaktos Pieri and Michalis P. 

Michaelides. The study location was the city of Lemesos, Cyprus. This literature 

provided some interesting discoveries pertaining to the utilization of an air pollution 

monitoring system that is wireless. The architectural design proposed for this study 

consisted of 10 sensor nodes or “waspmotes.” There were also 2 gateways or 

“meshliums” and a computer for data computation that included a web interface for 

dynamic interactions with the data. Gas sensors and particulate (PM) sensors were 

deployed. An XBee device was supported by the meshlium that communicated data 

to other mediums. Among them was a MySQL database for additional data 

processing. The challenges encountered with the Libelium wireless sensor 

technology were communication gaps resulting from spatial obstructions. In 

localities that are far from ideal, Libelium air pollution monitoring components, 

although wireless, showed downgraded performance capabilities such as possessing 

a range ceiling of slightly greater than 1 km as opposed to the 7 km in an open 
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nonclustered civil space. The latter scenario is less likely to occur using technology 

that is meant for application in urbanized locations. Generally, the optimal setting 

was found to be meshlium and waspmotes positioned at 15 m and 4 m, respectively, 

above the ground level resulting in a communication range ceiling of 1050 m. 

Installation of the waspmotes was on light poles 300 cm above ground level [14].  

 

The entire installation of the Libelium WSN technology required 

approximately two weeks, a subtle indicator of addressing miscellaneous issues of 

waspmote deployment in a heavily populated downtown setting such as Lemesos, 

Cyprus. Communication problems were witnessed between the waspmotes and 

gateway only 60 m apart because of the constrictive structural environment within 

the city. One such example was leaves from bulging tree stems that caused a line-of-

sight hindrance between the gateway and one of the nodes. The need for precalibrated 

sensors was also highlighted as part of this research in which calibration techniques 

were not able to robustly equate the characteristic patterns of the sensors with the 

ambient conditions. More refined algorithms in program software were therefore 

stressed pertaining to negation of calibration discrepancies in the Libelium sensors. 

Overall, however, the technical feasibility of the Libelium WSN as an air pollution 

monitor showed room for further improvement [14]. 
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Another paper reviewed was ‘SAQnet: Experience from the Design of an Air 

Pollution Monitoring System Based on Off-the-Shelf Equipment’ by Sebastian 

Bader, Mathias Anneken, Manuel Goldbeck, and Bengt Oelmen. This was conducted 

in a simulated laboratory depicting real environmental settings, as well as at external 

physical locations in Sundsvall, a Swedish city. The proposition that implementation 

of a wireless sensing system in air pollutant detection offers a broadly viable solution 

in comparison to conventional technology was extensively investigated. The authors 

of this work dissected their system into sensing, data storage, and data access layers. 

The sensing portion contained the waspmote housing on an Atmel controller with its 

quality of low power consumption as the most important reason cited for its use in 

addition to other capabilities. The gases and pollutants that were considered for 

measurement were CO, Pb, PM, SO2, NO2 and O3, but because of constraints in terms 

of measurement capacity, all of these could not be simultaneously monitored[15].  

 

Under the sensing layer, the operational frequency of the transceiver was 2.4 

GHz, while the protocol stack was bought from Digi International Inc. The power 

source for the sensor nodes was lithium batteries, and the software side of waspmote 

was complemented with API functionality. The sensor node was awoken from an 

energy preservative mode periodically every 15 minutes. Regarding the middle layer 

of data storage, it was responsible for collection or quantification of sensor inputs 

and enabling access to measurements of external components; this was incorporated 
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with a meshlium design commercially sourced from Libelium. The third layer of data 

access facilitated the high-level management of air pollution monitoring 

functionality, which included tools for various network configurations as well as 

adaptation of sensor nodes and the graphical presentation or illustration of values 

into user-friendly data. Evaluation of sensor nodes showed that those powered by 

batteries lasted up to 34 days and their operational duration varied based on 

displacement from the sink. However, those charged via solar panels had an 

operational duration of a few months before powering off. The conclusions from the 

off-the-shelf WSN air pollution monitoring system were many. First, power drainage 

of the system was observed to not be merely a byproduct of radio communication, 

but the sensing of the sensors themselves contributed most to power drainage that 

exceeded 1000% of that of communication activities. Second, in terms of cost-data 

output metrics, the ratio was not sufficiently low to suggest or convince that the 

wireless sensor nodes utilized were a significantly better economical alternative as 

opposed to conventional counterparts using nonwireless traditional technology. 

Third, wireless sensors that are not already precalibrated are susceptible to producing 

less than satisfactory output in terms of data quality and subsequent data 

interpretation. Thus, as per the authors, commercial-readiness and viability of WSN 

air monitoring for mass-industrial use still needs improvements addressing the 

discussed disadvantages[15].  
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One of the researches that aimed for a more granular inspection of air 

pollution monitoring was conducted in the bustling city of Taipei in Taiwan by T. H. 

Wen, J. A. Jiang, C. H. Sun, J. Y. Juang, and T. S. Lin [16]. The challenges 

encountered by the country’s national environmental protection authorities were 

several fold, the primary of which as expected was the inability of the perennial bulky 

monitoring systems to capture accurate air pollution data at the relatively lower 

spatial co-ordinates.  This was one of the primary objectives that were attempted to 

be addressed by the aforementioned researchers. Its application would be of course 

executed via a configured WSN system designed for measurement of CO variations 

at streets of Taipei to a relatively higher degree of precision in comparison to the 

conventional technological air monitoring counterparts that was constrained with 

regards to low-level spatial temporal detections. As an example, the environmental 

department of the government had deployed monitoring stations with an expanse 

coverage for each sensor that would be equivalent to size of well over 2,500 soccer 

playing fields. This simply wouldn’t be representative of a fine enough measure for 

figuring causal determinants and concentration levels of air pollution with respect to 

spatial and temporal attributes on the relevant scale of observation. This desired scale 

of observation however where air pollution relational causes and impacts can be 

explored in-depth as per need of modern global air regulation standards is 

accomplished through wireless sensor networks as demonstrated in this particular 

research article.  
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To illustrate the malleability of the new age technological superiority of 

Wireless Sensor Network, a total of 44 sensor nodes coupled with 40 transmission 

nodes and 4 gateway nodes had been utilized. The exact research location was the 

busy Keelung street in Taipei city whereby the WSN setup had been engaged via 

mediums of traffic signal and lamplight structures. The monitoring area of a total 

length which was little less than a mile and a height displacement at approximately 

about 5 ft illustrates the ideal scaled volumetric exposition such that studying of air 

pollution accomplishes the research objectives as the research title indicates. The 

design framework constituted of dynamic sensor nodes with each node incorporating 

CO sensor, wireless communication unit and signal procession unit. This WSN also 

included topographical supervision module which managed the visual digitization of 

analogous sensor data. In terms of functionality for this particular WSN, data 

transmission occurred from sensor to sensor the rather than direct transmission to 

terminal database, while the 4 gateways deployed played out its role as a transmitter 

to the ground database. Visual result depiction and data output of Taipei’s urban city 

environment air pollution within the densely congested experimental area delivered 

more than satisfactory outcome in terms of cost-effectiveness, power usage 

efficiency, and portability metrics of WSN technology. More accurate real-time data 

and visual heterogeneous contours with fair degree of precision of CO variations of 

Taipei’s Keelung lane were obtained. Furthermore, spatial temporal hourly 
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deviations of air pollution and quality during high ends of traffic and low levels of 

traffic were also reasonably tested and attained via WSN implementation.   

 

In the WSN deployment case study by B. Bathiya, S. Srivastava, and B. 

Mishra, the application feasibility of this kind of technology as an air pollution 

monitoring system has been shown in the Gujarat state of India [2]. Utilization of 

WSN as a potential solution of an air pollution monitoring mechanism that would 

subsequently entail sustainable air quality management guidelines in the midst of 

rapidly evolving urban and industrial landscapes has been analyzed. This 

prototypical WSN featured MOS sensors (semiconductors that were metallic oxides), 

and FlexiTP data mustering methodology. However, challenges of limited battery 

life, and also limited communicational range meant the wireless sensor network 

employed nodes in clusters as that arrangement alleviated difficulty in information 

delivery just within a singular hop, and also mitigated power drainage that would 

affect the performance of sensor measurement of air pollutants.   

 

This WSN was designed to measure the following gases: carbon monoxide 

(CO), carbon dioxide (CO2), ozone (O3), sulfur dioxide (SO2), nitrogen dioxide 

(NO2), and other volatile organic compounds (VOC). An Arduino microcontroller 

hardware was incorporated as part of sensor nodes framework for offering additional 

library related functions associated with the network. Calibration fitting patterns 
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were based on polynomial mathematical models for sensor calibration with variables 

inclusion of localized humidity and temperature ratios but that still resulted in notable 

difference between sensed and referential data. Although the WSN deployment was 

able to provide relatively contiguous measurements of air pollutant concentrations, 

the data output showed drawbacks in the form of its measurement patterns which 

meant probability of erroneous measurement could have been on the higher side. 

This can be eliminated or curbed in a successive model of this wireless sensor 

network through selection of sensors with higher detection capacity that can measure 

even lower concentration levels than the preceding ones which would otherwise have 

gone unnoticed or under the radar. Thus, importance of wireless sensor 

characteristics cannot be underestimated or downplayed even though the WSN 

systemization for air pollution monitoring offers itself as an imminent proposition 

for 21st century environmental and technological intricacies.  
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Chapter 3: Air Quality Monitoring 
 
 
 
 
 

Air pollution that affects both indoor and outdoor areas is a severe crisis in 

many areas throughout the world. Air pollution has garnered public attention due to 

the adverse health impacts on people who are sensitive to environmental factors. 

Conditions such as bronchial asthma, emphysema, and pneumonia have been 

commonly associated with air pollution. Epidemiological research has reported an 

alarming risk of heightened and deadlier heart problems related to both short-term 

and long-term exposure to present-day levels of air particle contaminants such as 

PM2.5 and PM10 and gaseous contaminants, such as ground-level ozone and 

nitrogen oxides. Air pollution has appeared as an important cause of global burden 

of disease (GBD), especially in low-income and middle-income nations [17]. The 

World Health Organization (WHO) revealed that more than two million early 

fatalities each year can be linked to the consequences of outdoor and indoor air 

pollution (WHO 2006). According to the GBD 2010, approximately 3.2 million of 

the attributable fatalities were primarily triggered by PM2.5 [18]. Deaths due to 

PM2.5 had increased to 4.2 million in 2015. An approximated 152,000 fatalities were 

due to long-lasting exposures to ozone (O3), and the number increased to 254,000 in 

2015[19].  
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Booming metropolitan areas, a rising influx of inhabitants in megacities, and 

large-scale industrial progression are in many ways responsible for the production of 

new contaminants, which may be gradually destructive to the global environment 

and global community wellness over the long term [9]. Among the air contaminants, 

ground-level ozone or tropospheric ozone, which is within the part of the 

environment that expands from the Earth's ground layer to approximately 10 miles 

above the ground, has been gaining increasing attention from the community [20]. 

Ground-level ozone is an important greenhouse gas (GHG) because it absorbs 

infrared radiation from the surface and warms the environment [21]. This gas can 

also have harmful ecological and human wellness effects, not only for sensitive 

plants and environments but can also induce a variety of wellness issues, particularly 

for children, older people, and people of every age group who have bronchial 

illnesses such as bronchial asthma [22]. Researchers have clearly indicated that 

ground-level ozone can impact human wellness in many ways, such as irritating the 

respiratory system, reducing lung function, aggravating bronchial asthma, 

aggravating other chronic pulmonary diseases (emphysema, bronchitis), and 

inflammation that causes short-term damages to the lung lining (U.S. Environmental 

Protection Agency (EPA), 2001) [23]. 

 

In the 1970s, Crutzen (1973) and Chameides and Walker (1973) proposed 

that ground-level ozone was mainly produced within the troposphere by 
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photochemical oxidation of carbon monoxide (CO) and hydrocarbons catalyzed by 

substances known as volatile organic compounds (VOCs) and nitrogen oxides 

(NOx). Since then, enhanced knowledge of the significance of both natural and 

anthropogenic types of ozone precursors has underscored the importance of this 

ozone resource [24]. Currently, it is recognized that ground-level ozone 

contamination is mainly designed by substance responses between ozone originator 

gases: NOx, VOCs, CO, and CH4 in the existence of ultraviolet light [17], [25], [26]. 

Most VOCs and NOx are formed within pollutants from industrial plants and power 

resources, automobile exhaust, fuel vapors, and chemical substances. Figure 5 shows 

the interactions of the ozone concentrations in the troposphere and some of the 

reactions [27]. 

 

Figure 5: Schematic representation of ozone in the Earth system [27]. 
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Air pollution has become a significant problem in urban cities and is a menace 

to public health. However, ozone can cause serious and long-lasting effects on 

individual health at concentrations as low as 70 μg/m3 (35 ppb) [11]. Ozone is 

actually created by the photochemical disintegration of nitrogen dioxide (NO2), 

which is usually formed by unburnt hydrocarbons and nitric oxide in combustion 

engines with the existence of ultraviolet light. Aspects such as ultraviolet light, high 

temperature, and pollutant emissions could raise the contamination to be more 

serious during summer time. Therefore, a potent means of curtailing ground-level 

ozone is required [28]. Initially, monitoring ground-level ozone and all other 

hazardous gases is the key to understanding the spatial and temporal patterns in the 

concentration levels in all polluted regions. 

 

Since measurement of the ozone spatial distribution has not been well 

developed, the current strategy of determining ozone levels as well as developing 

significant spatial and temporal modifications are still limited and far from fulfilling. 

The main reason is that existing instrumentation is still limited [11]. Conventional 

air pollution monitoring systems are mainly based on bulky, heavy, and sophisticated 

instruments. This equipment tends to apply complex statistical methods and complex 

supporting tools such as temperature and relative humidity controllers, air filters or 

sensors for PM and gases along with built-in calibrators to guarantee precision and 

performance. Therefore, this equipment is typically expensive, large, and uses an 
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excessive amount of energy [10]. A deficiency in systematic networks of real-time 

monitoring equipment also results, inducing both spatially and temporally ineffective 

tracking of sharp gradients in pollutant concentration [11]. The deficiency, or rather 

the absence of a useful strategy, thus leads to the inability to comprehensively 

understand the effects of such pollutants on human health and the environment. In a 

situation where air pollution is progressively more severe, ambient sensors that are 

low cost and small in size with fast response times are incredibly desirable [10]. The 

concept and potential usage of such devices are well recognized in the public 

industrial arena. However, low-cost sensors have not been commonly used in 

communities partly because it is extremely challenging, even under ambient 

conditions, to collect a particular gas measurement with high data accuracy; in 

addition, to attain stability over time, this equipment still needs to be compared to 

traditional monitoring equipment [10],[12]. Furthermore, detailed published 

measures of efficiency are relatively rare, particularly for analytical technologies that 

are already used by the general public. In Saudi Arabia, which is now among the 

most polluted countries in the world, no such effective real-time monitoring 

equipment is commonly used. Our purpose in this study was to offer an opportunity 

to apply relatively low-cost, convenient, and real-time monitoring sensors, which we 

hope can be used more in the future, particularly in studies that will eventually aid in 

the air quality detection with higher accuracy and precision and shorter response 

times. We analyzed and validated the effectiveness of the sensors in monitoring 
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outdoor air pollutants, such as CO, ozone, NO2, SO2, and PM, in urban cities to 

provide a foundation for later use. 

 

3.1 Pollution Effects on Health and Environment   

The U.S. EPA has set air quality standards to consider air pollution levels that 

are harmful to public health and the environment. The EPA has identified two types 

of air quality standards. The primary standards provide public health protection, 

including protecting the health of "sensitive" populations such as those with asthma, 

children, and elderly people. The secondary standards offer public welfare 

protection, including protection against decreased visibility and damage to animals, 

crops, vegetation, and buildings [29]. 

 
 

1- Carbon Monoxide (CO): 

Carbon monoxide (CO), as described in [30], is a toxic, colorless, odorless, and 

tasteless gas. Although it has no obvious scent, CO is normally combined with other 

gases that are aromatic. So, if someone inhales carbon monoxide along with other 

gases that he or she can smell, they will not notice the existence of the CO. 

 

Source: The most significant sources of CO to outdoor air are vehicles, trucks and 

other sources of transportation or machinery that burn fossil fuels. 
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Health Effects: 

• At very high concentrations CO can cause dizziness, confusion, unconsciousness 

and death. 

• Short-term exposure to elevated CO levels may result in reduced oxygen to the 

heart accompanied by chest pain, which is also known as angina.  

 

2- Nitrogen Dioxide (NO2): 

NO2, as explained in [31], is the component of greatest concern and is used as 

the indicator for the larger group of NOx. The sum of nitric oxide (NO) and NO2 is 

commonly called NOx. Other nitrogen oxides include nitrous acid and nitric acid. 

NOx reacts with VOCs to form ozone. 

 

Source: NO2 is primarily released into the air by the burning of fuel. NO2 forms 

from the emissions of cars, trucks and buses, as well as power plants and off-road 

equipment. 

 

Health Effects: breathing air with a high concentration of NO2 can irritate airways 

in the human respiratory system.  

• Short-term exposure can aggravate respiratory diseases, particularly asthma, 

leading to respiratory symptoms (such as coughing, wheezing or difficulty 

breathing). 
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• Longer exposure to elevated concentrations of NO2 may contribute to the 

development of asthma and potentially increase susceptibility to respiratory 

infections. People with asthma, as well as children and elderly people are generally 

at greater risks for the adverse health effects of NO2. 

 

Environmental effects: NO2 and other NOx interact with water, oxygen and other 

chemicals in the atmosphere to form acid rain. Acid rain harms sensitive ecosystems 

such as lakes and forests. The nitrate particles that result from NOx make the air hazy 

and difficult to see though. This haze affects many of the national parks that people 

visit for the views. 

 

3- Ozone (O3): 

Ozone, as described in [32], is a colorless gas that can be good or bad, depending 

on where it is located. Ozone in the stratosphere is good because it shields the Earth 

from the sun’s ultraviolet rays. Ozone at ground level, where we breathe, is bad 

because it can harm human health. 

 

Source: Emissions from industrial facilities, electric utilities, motor vehicle exhaust, 

gasoline vapors, and chemical solvents are some of the major sources of NOx and 

VOCs. 
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Health Effects: Breathing ozone can trigger a variety of health problems, 

particularly for children, elderly people, and people of all ages who have lung 

diseases such as asthma. 

 

Environmental Effects: Ozone affects sensitive vegetation and ecosystems, 

including forests, parks, wildlife refuges and wilderness areas.  In particular, ozone 

harms sensitive vegetation during the growing season. 

 

Death rate estimation: An estimated 152,000 deaths were attributable to long-term 

exposure to ozone (O3) in 2010, and the number increased to 254,000 in 2015 [18]. 

 

4- Particulate Matter (PM): 

Particle pollution, also called particulate matter or PM, as described in [33], is a 

mixture of solids and liquid droplets floating in the air. Particles come in a wide range 

of sizes. Particles less than or equal to 10 micrometers in diameter are so small that 

they can be breathed into the lungs, potentially causing serious health problems. For 

reference, ten micrometers is less than the width of a single human hair. 

 

Source: Most PM particles form in the atmosphere as a result of chemical reactions 

between pollutants. 
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Health Effects: exposure to fine particles can cause cardiovascular effects, including 

(heart attacks, heart failure, and strokes), as well as increased respiratory symptoms 

such as (coughing, wheezing, and shortness of breath). 

 

Environmental Effects: 

• Making lakes and streams acidic 

• Changing the nutrient balance in coastal waters and large river basins 

• Depleting the nutrients in soil 

• Damaging sensitive forests and farm crops 

• Affecting the diversity of ecosystems 

• Contributing to acid rain effects 

 

Death rate estimation: The WHO reported that more than two million premature 

deaths each year can be attributed to the effects of outdoor and indoor air pollution 

(WHO 2006). According to the GBD 2010, an estimated 3.2 million of the 

attributable deaths were mainly cause by PM2.5. Deaths attributable to PM2.5 had 

increased to 4.2 million in 2015 [18]. 

 

5- Sulfur Dioxide (SO2): 

SO2, as described in [34], is the component of greatest concern and is used as an 

indicator for a larger group of gaseous sulfur oxides (SOx).  Other gaseous SOx (such 

https://www.epa.gov/acidrain/effects-acid-rain
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as SO3) are found in the atmosphere at concentrations much lower than SO2.  

 

Source: SO2 results from the burning of either sulfur or materials containing sulfur. 

 

Health Effects: Short-term exposure to SO2 can harm the human respiratory system 

and make breathing difficult. Children, elderly people, and those who suffer from 

asthma are particularly sensitive to the adverse effects of SO2. 

 

Environmental effects: At high concentrations, gaseous SOx can harm trees and 

plants by damaging foliage and decreasing growth.  SO2 and other sulfur oxides can 

contribute to acid rain, which can harm sensitive ecosystems.  

 

Figure 6: Five Criteria of Pollutants [35]. 
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 3.2 Methodology 

 

3.2.1 Study Location 

The proposal for a WSN to implement these Alphasense sensors in Middle 

Eastern countries for air quality and pollution level monitoring offers a revolutionary 

approach for a region that has arguably witnessed the swiftest infrastructural 

developments and most extensive landscape changes in the latter and early parts of 

the 20th and 21st centuries, respectively. To investigate the usability and applications 

of a dynamic atmospheric pollution monitoring system, the Middle East is justifiably 

an archetypal research model. In terms of urbanization rates, tourism influx, and 

global warming effects, countries such as Saudi Arabia, the United Arab Emirates, 

and Qatar can be rated among the top countries to be environmentally influenced by 

these mentioned factors [36]. Specifically, in regard to the subject of air quality index 

variances in these countries over the years, the need for greater administrative 

vigilance for informing the public of air quality levels takes high precedence. 

Especially in light of ‘oasification’ or artificial reforestation and industrialized 

urbanization, which has resulted in the region’s booming tourism sector, the 

regulatory and monitoring measures for atmospheric air related measurements must 

be top-notch. Such a scenario necessitates the latest technological means for real-

time air pollution detection in the Middle East that can keep up with the rising 

pressure and constraints imposed upon its urbanized landscape. Thus, the WSN air 
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monitoring system has a promising outlook to address this particular challenge in the 

region, and Riyadh city, Saudi Arabia, is the representative example to gauge and 

assess the performance parameters of this relatively new form of air pollution sensor 

technology. 

 
 
 
3.2.2 Sensor Requirements 

All gas sensors are required to meet these minimum requirements to 

be considered for usage: 

• Low cost 

• High sensor sensitivity:  To measure concentrations of traffic-related air 

pollutants in ambient air, very sensitive measurements are required, even in 

heavy traffic locations. For CO, the concentrations are typically in the 0.2-5 

ppm range. For NO and NO2, the concentrations are typically in the 20-500 

ppb range. Only gas sensors that can to detect very low gas concentrations 

present in ambient air are considered. 

• High temporal resolution. 

• No sensitivity to meteorological influences: The gas sensor signal should 

not be affected by changes in temperature or humidity. Additionally, wind 

and sun exposure should have no effect on the measurement result. 

• Low power usage. 
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•  Fast reaction time: Low-cost gas sensors need some time to react to 

changes in gas concentrations during measurements. The faster the gas sensor 

signal reacts, the better the sensor is for this purpose. 

• Weather proof: We want to be able to conduct air quality measurements 

under all weather conditions, including dust, rain, sun, cold winters and hot 

summers. Building a weatherproof enclosure is crucial for these gas sensors. 

• No cross sensitivity: The gas sensors should only react to changes in the 

concentration of gas intended for measurement. Fluctuations in the 

concentrations of other gases should not influence the measurement signal of 

the measuring gas sensor. 

• No baseline drift: The sensor baseline signal should be stable over time. 

• No sensor aging: The sensors should not be sensitive to sensor aging. We do 

not want the sensitivity of the low-cost gas sensor to decline over time within 

at least 24 months. 

 

3.2.3 Law Requirement 

Environmental Protection Agency laws nationally institutionalized more or 

less comprise definitions within stipulated ranges that pertain to standard or ambient 

atmospheric air conditions. The quantitative measures associated with different gases 

have their respective ‘Reference’ and ‘Equivalent’ methods by which sampling of 

the ambient air is generally performed. Ambient air quality standards for gases such 
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as sulfur dioxide, nitrogen dioxide, carbon monoxide, ozone, etc have been well 

established within the legal domain of Environmental Protection Agency. 

Maintenance of healthy air standards to masses in public may be stringent or relaxed 

in certain states but there is little disputation on the proportion of gaseous 

compositions which determine air quality [37]. Thus, for research purpose of this 

dissertation, ambient air referential standards shall be cited from Environmental 

Protection Agency laws extracted from Legal Information Institute of Cornell 

University, which can be considered as universally applicable, and hence, is also 

representative of air standard metrics that shall be alluded to for conducting this 

research in urban cities.    

 

 

Table 1: Air Quality EPA Standards. 

Pollutant  

Primary/ 
Secondary 

Averaging 
Time Level Form 

Carbon Monoxide 
(CO) primary 

8 hours 9 ppm 
Not to be exceeded 
more than once per 

year 

1 hour 35 ppm 
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Nitrogen Dioxide 
(NO2) 

primary 1 hour 100 
ppb 

98th percentile of 
1-hour daily 
maximum 

concentrations, 
averaged over 3 

years 

primary and 
secondary 1 year 53 

ppb (2) Annual Mean 

Ozone (O3) primary and 
secondary 8 hours 0.070 

ppm (3) 

Annual fourth-
highest daily 

maximum 8-hour 
concentration, 

averaged over 3 
years 

Particle 
Pollution 

(PM) 

PM2.5 

primary 1 year 12.0 
μg/m3 

annual mean, 
averaged over 3 

years 

secondary 1 year 15.0 
μg/m3 

annual mean, 
averaged over 3 

years 

primary and 
secondary 24 hours 35 

μg/m3 

98th percentile, 
averaged over 3 

years 

PM10 primary and 
secondary 24 hours 150 

μg/m3 Not to be exceeded 
more than once per 
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(1) In areas designated nonattainment for the Pb standards prior to the promulgation of the 
current (2008) standards, and for which implementation plans to attain or maintain the 
current (2008) standards have not been submitted and approved, the previous standards (1.5 
µg/m3 as a calendar quarter average) also remain in effect. 
 

(2) The level of the annual NO2 standard is 0.053 ppm. It is shown here in terms of ppb for the 
purposes of clearer comparison to the 1-hour standard level. 
 

(3) Final rule signed October 1, 2015, and effective December 28, 2015. The previous (2008) 
O3 standards additionally remain in effect in some areas. Revocation of the previous (2008) 
O3 standards and transitioning to the current (2015) standards will be addressed in the 
implementation rule for the current standards.  
 

(4) The previous SO2 standards (0.14 ppm 24-hour and 0.03 ppm annual) will additionally 
remain in effect in certain areas: (1) any area for which it is not yet 1 year since the effective 
date of designation under the current (2010) standards, and (2)any area for which an 
implementation plan providing for attainment of the current (2010) standard has not been 
submitted and approved and which is designated nonattainment under the previous SO2 
standards or is not meeting the requirements of a SIP call under the previous SO2 standards 
(40 CFR 50.4(3)).  A SIP call is an EPA action requiring a state to resubmit all or part of its 
State Implementation Plan to demonstrate attainment of the required NAAQS. 
 

 
 
 
 

year on average 
over 3 years 

Sulfur Dioxide (SO2) 

primary 1 hour 75 
ppb (4) 

99th percentile of 
1-hour daily 
maximum 

concentrations, 
averaged over 3 

years 

secondary 3 hours 0.5 
ppm 

Not to be exceeded 
more than once per 

year 
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3.2.4 Instruments 

For this project, Alphasense sensors have been utilized as the primary 

mechanism for air quality detection and monitoring. Part of the advanced features 

that make these sensors well suited for this kind of an application include being low 

cost and light weight with high end sensitivity and granularity in measurement 

conversions that can distinguish concentration levels in ranges of low parts per 

billion (ppb). Alphasense sensors also possess high operational capacities that make 

them ideally congenial for reliable air quality detection under strenuous metropolitan 

conditions. The gas sensor technology of Alphasense sensors are equipped for both 

fixed and portable air quality monitors. These have been intrinsically characterized, 

tested, and default calibrated under ambient atmospheric environments [38]. 

Therefore, Alphasense sensors have a well established and augmented equivalency 

with respect to the aforementioned referential ambient conditions. 

 

Figure 7: Alphasense unit comprising of five sensors 
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1- Carbon Monoxide Sensor (CO-B4) 

 

Figure 8: Carbon Monoxide Sensor 

Table 2: CO Specification Performance 

Sensitivity nA/ppm at 2ppm CO 420 to 650 
Response time t90(s) from zero to 10ppm 

CO 
< 25 

Zero current nA in zero air at 20°C +30 to -130 
Noise* ±2 standard deviations 

(ppb equivalent) 
4 

Range ppm limit of 
performance warranty 

1000 

Linearity ppb CO error at full 
scale, linear at zero, 

500ppm CO 

20 to 35 

Overgas limit maximum ppm for stable 
response to gas pulse 

2000 

* Tested with Alphasense ISB low noise circuit 
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2- Nitrogen Dioxide Sensor (NO2-B43F) 

 

 

Figure 9: Nitrogen Dioxide Sensor 

 
 

Table 3: NO2 Specification Performance 

Sensitivity nA/ppm at 2ppm NO2 -200 to -650 
Response time t90(s) from zero to 2ppm 

NO2 
< 60 

Zero current nA in zero air at 20°C < 70 
Noise* ±2 standard deviations 

(ppb equivalent) 
15 

Range ppm NO2 limit of 
performance warranty 

20 

Linearity ppb error at full scale, 
linear at zero and 20ppm 

NO2 

< ±0.5 

Overgas limit maximum ppm for stable 
response to gas pulse 

50 

* Tested with Alphasense ISB low noise circuit 
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3- Oxidizing Gas Sensor Ozone + Nitrogen Dioxide (OX-B431) 

The OX-B431 detects both ozone and nitrogen dioxide (O3 +NO2). The NO2-

B43F measures only 32 nitrogen dioxide and filters out ozone. Using these sensors 

together allows one to calculate the O3 concentration by subtracting the corrected 

NO2-B43F concentration from the corrected OX-B431 concentration. Before 

subtracting to determine the ozone concentration, ensure that the signals from the 

two sensors have been corrected for electronic zero offset, sensor zero offset and 

temperature dependence, and sensitivity (nA/ppm) calibration and temperature 

dependence [39]. 

 

Figure 10: Ozone and nitrogen dioxide Sensor. 
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Table 4: O3 Specification Performance. 

Sensitivity nA/ppm at 1ppm O3 -225 to -650 
Response time t90(s) from zero to 1ppm 

O3 
< 60 

Zero current nA in zero air at 20°C -50 to 70 
Noise* ±2 standard deviations 

(ppb equivalent) 
15 

Range ppm O3 limit of 
performance warranty 

20 

Linearity ppb error at full scale, 
linear at zero and 20ppm 

O3 

< ±0.5 

Overgas limit maximum ppm for stable 
response to gas pulse 

50 

* Tested with Alphasense AFE low noise circuit 

 

 

 

Table 5: Specification Performance of NO2. 

Sensitivity nA/ppm at 2ppm NO2 -250 to -650 
Response time t90(s) from zero to 2ppm 

NO2 
< 35 

Zero current nA in zero air at 20°C -50 to +70 
Noise* ±2 standard deviations 

(ppb equivalent) 
15 

Range ppm NO2 limit of 
performance warranty 

20 

Linearity ppm error at full scale, 
linear at zero and 20ppm 

NO2 

< ±0.5 

Overgas limit maximum ppm for stable 
response to gas pulse 

50 

* Tested with Alphasense AFE low noise circuit 
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4-  Sulfur Dioxide Sensor (SO2-B4) 

 

 

Figure 11: Sulfur Dioxide Sensor. 

 

Table 6: SO2 Specification Performance. 

Sensitivity nA/ppm at 2ppm SO2 275 to 475 
Response time t90(s) from zero to 2ppm 

SO2 
< 40 

Zero current nA in zero air at 20°C -80 to +80 
Noise* ±2 standard deviations 

(ppb equivalent) 
5 

Range ppm limit of 
performance warranty 

100 

Linearity ppb error at 100ppm 
SO2, linear at zero and 

10ppm SO2 

0 to -2 

Overgas limit maximum ppm for stable 
response to gas pulse 

200 

* Tested with Alphasense ISB low noise circuit 
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5- Particulate Monitor (PLANTOWER) 

 
 

 
 

Figure 12: Particulate Matter Sensor. 

 

Table 7: PM Measurements. 

Particle range 0.3~1.0; 1.0~2.5; 
2.5~10 μm spherical size 

Counting Efficiency 50%@0.3μ m 
98%@>=0.5μ m  

Single Response Time <1 Second(s) 
Total Response Time ≤10 Second(s) 

Working Temperature 
Range -10~+60 °C 

Working Humidity 
Range 0~99%  

Effective Range(PM2.5 
standard) 0~500 μ g/m3 

Maximum Range(PM2.5 
standard)* ≥1000 μ g/m3 
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3.2.5 Sensor Operation Principles 

Electrochemical sensors work by reacting with the gas of concern and 

generating an electrical signal proportional to the gas concentration. Figure 13 gives 

a summary of the general electrochemical sensor schematics. The sensor includes a 

detecting electrode (also called an operating electrode), and a counter electrode 

separated by a thin electrolyte layer. Gas that comes into contact with the sensor 

diffuses through a hydrophobic solid polymer membrane, then reaches the electrode 

detection surface. The detecting electrode either oxidizes or reduces the target gas, 

with the counter electrode balancing the generated current. These reactions are 

catalyzed by the electrode materials and precisely developed for the gas of concern. 

However, the detecting electrode potential does not remain stable due to the ongoing 

electrochemical reaction going on at the surface of the electrode, which results in 

destruction of the sensor efficiency over time. Therefore, a reference electrode is 

placed within the electrolyte near the detecting electrode. The reference electrode 

anchors the working electrode at the exact bias potential. The value of the bias 

voltage used on the detecting electrode makes the sensor specific to the target gas. In 

addition to a resistor linked across the electrodes, a current that is proportional to the 

gas concentration runs between electrodes. The gas concentration can be determined 

by measuring the current. Because an electrical output is produced in the process, the 

electrochemical sensor is frequently described as an amperometric gas sensor or a 



 49 
 

micro fuel cell. While gas concentrations are measured in the ppb range, the produced 

currents can be as small as a few Nanoamperes [40], [41].  

 

 

 

Figure 13: Schematic electrochemical gas sensor [40]. 
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3.2.6 Air Quality Monitoring Website 

 

 

Figure 14: Website for Air Quality Monitoring in Real-Time (End User). 

 

 
1-  Air Quality Index 

 
The air quality index (AQI), as the term suggests, is an index of classification 

for determining the qualitative levels of air pollution and their plausible adverse 

health impacts on humans. The emphasis on the AQI is primarily born out of concern 

for the general wellbeing of the public, who may be vulnerable to any type of aerial 

condition, which is why classifying air quality type becomes more significant. The 

AQI focus area of the EPA in the United States is on aerial pollutants that may cause 
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the most severe negative health impacts to exposed masses, whether over the short 

term or long term. As established by the Clean Air Act, the 5 dangerously harmful 

gases are nitrogen dioxide, sulfur dioxide, carbon monoxide, surface ozone, and PM. 

Each gas has a level defined by the EPA for outdoor or indoor air that can be termed 

as more or less dangerous to exposed masses. In particular, surface ozone and PM 

are the most potent threats to human health. The ceiling of the AQI is 500, while zero 

is the lowest rating on the index scale. Higher AQI numbers are indicative of greater 

percentages of pollutant-inflicted ambient air and thus present a greater risk to the 

health of individuals or the public in the area. Conversely, lower numbers on the 

index scale are representative of safer air quality. An AQI score of 50 has little to 

nearly zero possibility of adversely impacting the health of humans, whereas a score 

of 300 is definitely dangerous for anyone exposed to such aerial conditions [42]. 

 

 

 

 

 

 

 

 



 52 
 

2- AQI Colors Meaning 

 
Color codes have been ascribed to provide ranges of air quality levels that 

possess attributes of either good and relatively safer air quality levels or increasingly 
poor and unhealthy air quality levels that the public should avoid [42]. 
 

 

Table 8: Pollutant - Specific Sensitive Groups. 

 

 

 

 

 

Numerical 
Value AQI Meaning 

Ilow - Ihigh Category  
0-50 Good Air quality is considered satisfactory, and 

air pollution poses little or no risk. 

51-100 Moderate 

Air quality is acceptable; however, for 
some pollutants there may be a moderate 
health concern for a very small number of 
people who are unusually sensitive to air 
pollution. 

101-150 Unhealthy for Sensitive 
Groups 

Members of sensitive groups may 
experience adverse health effects. The 
general public is unlikely to be affected. 

151-200 Unhealthy 
Everyone may begin to experience adverse 
health effects; members of sensitive groups 
may experience more serious health effects. 

201-300 Very Unhealthy Health alert: everyone may experience 
more serious health effects. 

301-400 
Hazardous 

Health warnings of emergency conditions. 
The entire population is more likely to be 
affected. 401-500 
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Table 9: Effects of AQI above 100 on people. 

When this 
pollutant has an 
AQI above 
100… 

Report these Sensitive Groups 

Ozone People with lung disease, children, older adults, people who 
are active outdoors (including outdoor workers), people with 
certain genetic variants, and people with diets limited in 
certain nutrients are the groups considered to be most at risk 

PM2.5 People with heart or lung disease, older adults, children, and 
people of lower socioeconomic status are the groups 
considered to be most at risk 

PM10 People with heart or lung disease, older adults, children, and 
people of lower socioeconomic status are the groups 
considered to be most at risk 

CO People with heart disease are the group considered to be most 
at risk 

NO2 People with asthma, children, and older adults are the groups 
considered to be most at risk 

SO2 People with asthma, children, and older adults are the groups 
considered to be most at risk 

Notes: Statements may be combined so that each group is mentioned only once. 

 

 
3-  AQI Calculation 

The AQI, as calculated by [43], is the highest value calculated for each 

pollutant as follows:  Identify the highest concentration among all of the monitors 

within each reporting area and truncate as follows:  

• Ozone (ppm) – truncate to 3 decimal places  

• PM 2.5 (µg/m 3) – truncate to 1 decimal place  

• PM 10 (µg/m 3) – truncate to integer  
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• CO (ppm) – truncate to 1 decimal place  

• SO2 (ppb) – truncate to integer  

• NO2 (ppb) – truncate to integer  

 
 
where Ip = the index for pollutant p  

Cp = the truncated concentration of pollutant p  

BPHi = the concentration breakpoint that is greater than or equal to Cp  

BPLo = the concentration breakpoint that is less than or equal to Cp  

IHi = the AQI value corresponding to BPHi  

ILo = the AQI value corresponding to BPLo  

Table 10: AQI of Ozone. 

O3 (ppb) AQI 
Clow - Chigh (avg) Ilow - Ihigh 

0-54 (8-hr) 0-50 
55-70 (8-hr) 51-100 
71-85 (8-hr) 101-150 
86-105 (8-hr) 151-200 
106-200 (8-hr) 201-300 

- 301-400 
- 401-500 
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Chapter 4: Comparison Between Precalibrated 
Sensors and Traditional Systems 

 

 
4. Collocation and Assessment 

 
The research data points were collected from metropolitan Riyadh in Saudi 

Arabia. The sensors utilized had the manufacturer’s approval of precision calibration 

as measured against conventional calibrating standards. When inspected for 

repeatability under distinctly different environmental conditions in Riyadh compared 

to the original production site in Serbia, the expected discrepancies were shown in 

the sensory readings. Therefore, requisite adjustments were mandatory for alignment 

of the sensor accuracy with the expected performance parameters under research 

location operating conditions. In our application of the chosen sensors for our 

research in Riyadh, Saudi Arabia, the data output showed the direct sensor variability 

with humidity or its inverse relationship with temperature. Thus, pertaining to the 

location for air pollution measurement, recalibration of the sensors must be 

performed to enhance sensor precision to the desired degree of accuracy, which 

would then result in idealized data outputs per the research objectives. Errors were 

determined as the difference between the sensor and reference data (sensor data - 

reference data) observed simultaneously. Errors were presented as an indicator of 
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how much the sensor data differed from the reference, which to a certain extent 

indicated the accuracy of the raw sensor data before calibration. 

 

4.1 Performance Metrics Used for Comparing the EC Sensor Model to the 

Reference Measurements 

 
Regressive graphical analysis was executed to interpret fitted line of data sets. 

This was crucial to infer the characteristics of concentrated gaseous pollutants. 

Besides this, the diagnostic relations could be deciphered in factors that may have 

had an impact in reading for each gaseous element. The diagnostic inference 

attributed to data sets are a significant outcome from the graphical regressive analytic 

mode (Kraemer and Blasey, 2004). Via the aforementioned analytic mode, key 

mathematical relations can be derived between the entire inclusive set of dependency 

variables and those of non-dependent variables. As a way for diagnoses of any 

external elements influencing the results and imposing risks, those can be explained 

as well.  

 

Regressive graphics applied (in longitudinal X and lateral Y direction) for 

this study has two key attributes that must be noted. The non-dependent variable may 

range from contiguous type of data to that of purely discrete. As for the dependent 

one, is must be contiguous. For the given research, both of them were contiguous. 

The hypothesis set to be explored herein is how the data points of non-dependent 
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variables have an effect on the dependent data cluster obtained along the lateral 

direction. Prior to attaining this functional relation, there are few presuppositions 

(Osborne and Waters, 2002).   To begin with, graphically there must be expectancy 

of linear-like relation. Next, the variability magnitudes in terms of variance value 

must be equivalent between both X and Y variables. Moving on, there isn’t any type 

of correspondence between the non-dependent variables themselves. And lastly, the 

prerequisite that data cluster are normally distributive across the graphical plane in 

longitudinal and lateral directions.  

 

Data cluster from this study have to be addressed as a particularized relation 

in the form of linearity or non-linearity. The proportionality for linearity can be 

illustrated via a generic line across the data sets. As for non-linearity, the graphical 

illustration may bend or take curvature around data cluster. For this research, it was 

figured that linearity was the type of mathematical relation between the dependency 

variables and non-dependent ones. Following this, the next regressive analytics 

performed was the univariable-type which shall be elaborated in forthcoming 

paragraph. 

 

Univariable type of regressive analytics takes into consideration the type of 

relation between a singular dependent and non-dependent variable exclusively 

(Schneider, Hommel and Blettner, 2010).  For this experimental research, the 
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mathematical functional relation had to be figured between EC sensors and the 

reference system. The mathematical form is y = mx + c with ‘m’ as the gradient of 

slope and ‘c’ as the intersect of the lateral plane (in Y direction). These are obtained 

from the regressive line best fitted. The ‘m’ gradient denotes how the non-dependent 

variable influences the dependent variable. The units of both variable types must be 

given due consideration as already aforementioned for this type of mathematical 

functional relation.  

 

The regressive graphical output obtained from the data cluster incorporates 

the best curve fitting tool which aims to smoothen the haphazardness in data cluster 

and flattening the crest. The different kinds of trendline are power, polynomial, 

logarithmic, moving average, linear, and exponential. Exponential shows the 

variable rate of increment or decrement of data points. In log, the increment or 

decrement is shown as straight line for those with steep or sharp fluctuations to 

smoothen subsequently. Polynomial are for those that more or less swing between 

incrementing and decrementing values. The polynomial trendline are defined by the 

magnitude of its exponent, and also may have attributes of multiple bending points, 

with triple powered ones having atleast more than one curvature, and so on of higher 

power polynomials.  The moving average trendline constitutes graphs of multiple 

crests and troughs, therefore integration of multiple best fitted curves are the 
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derivative for moving average. Linear regression type as already explained prior shall 

be the one that is to be observed herein which is this study’s data set pattern. 

 

 

 

Table 11: S1. Metrics used for comparing EC sensor model output (yi) to 
reference measurements (xi). 
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4.2 Comparison of Sensor Data with Reference Data Before Calibration 

 

Sensors ran on the Northern Ring Road and Al Marouj Dist next to the 

reference analyzers, as shown in Figure 15. The sensors were collocated to compare 

and evaluate their performances.  

 

 

Figure 15: Northern Ring Road Analyzers (Traffic) and Al Marouj Dist Analyzers 
(Urban). 

 

 

Real-time data was collected and stored every minute. To control the data 

quality and ensure the data accuracy, both raw sensor data and reference data was 

averaged hourly. Table 12 shows the operation details of the sensor detection 

approach, testing period and environment. 
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Table 12: Operation Details. 

Sensor 
model 
 

Detection approach 
 

Operating 
details 
 

Test Results... 
 
Test Environment  
 

Reference monitor 
used 
 

Avg time; 
testing period 
 

 
Alphasense 
 
(CO-B4) 

All gases are 
detected by air 
passing over 
electrochemical 
cells. 
 

Measures 
CO in ppm. 
 
 

From Sep 3 2019 to 
Oct 15 2019 testing 
period of duplicate 
monitors at a state 
regulatory 
monitoring site in 
hot, humid and 
sandy conditions in 
Riyadh, Saudi 
Arabia. 

CO 
(CO12M) 
 
Automatic Non-
dispersive infrared 
Spectroscopy 
 
 

 
1 h averaging 
period; 
Approximately 
42 days of 
continuous 
data 
collections 
 
(996 hours) 

 
Alphasense 
 
(NO2-
B43F)  
 

All gases are 
detected by air 
passing over 
electrochemical 
cells. 
 

Measures 
NO2 in 
ppb. 
 
 

From Sep 3 2019 to 
Oct 15 2019 testing 
period of duplicate 
monitors at a state 
regulatory 
monitoring site in 
hot, humid and 
sandy conditions in 
Riyadh, Saudi 
Arabia. 

NO2 
(AC32M) 
 
Automatic 
Chemiluminescence 
 

1 h averaging 
period; 
Approximately 
42 days of 
continuous 
data 
collections 
 
(996 hours) 

 
Alphasense 

(SO2-B4)  

 

All gases are 
detected by air 
passing over 
electrochemical 
cells. 
 

Measures 
SO2 in 
ppb. 
 
 

From Sep 3 2019 to 
Oct 15 2019 testing 
period of duplicate 
monitors at a state 
regulatory 
monitoring site in 
hot, humid and 
sandy conditions in 
Riyadh, Saudi 
Arabia. 

SO2 
(AF22M) 
 
Automatic 
Ultraviolet 
fluorescence 
 

1 h averaging 
period; 
Approximately 
42 days of 
continuous 
data 
collections 
 
(996 hours) 

 
Alphasense 

(OX-B431)  

 

All gases are 
detected by air 
passing over 
electrochemical 
cells. 
 

Measures 
O3  in ppb. 
 
 

From Sep 3 2019 to 
Oct 15 2019 testing 
period of duplicate 
monitors at a state 
regulatory 
monitoring site in 
hot, humid and 
sandy conditions in 
Riyadh, Saudi 
Arabia. 

O3 
(O432M) 
 
Automatic 
Ultraviolet 
photometry 
 

1 h averaging 
period; 
Approximately 
42 days of 
continuous 
data 
collections 
 
(996 hours) 

 
Plantower 
PMS 7003 
 
PM10  

Optical particle 
counter – particles 
entering sensor are 
individually sized 
and counted based 
on how they scatter 
light.  The sensor 
outputs particle 
counts in two size 
ranges (>0.5 µm; 
>2.5 µm). 

can record 
data as fast 
as 1 
minute; 
data output 
units in 
particle 
counts. 
 
PM10 in 
ug/m3. 
 

From Sep 3 2019 to 
Oct 15 2019 testing 
period of duplicate 
monitors at a state 
regulatory 
monitoring site in 
hot, humid and 
sandy conditions in 
Riyadh, Saudi 
Arabia. 

PM10  
(MP101M) 
 
Automatic Beta 
gnove (measuring 
the amount of 
radiation a sample 
absorbs when 
exposed to a 
radioactive source) 

1 h averaging 
period; 
Approximately 
42 days of 
continuous 
data 
collections 
 
(996 hours) 
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Table 13 lists the numbers of original data, averaged data, and missing data 

for all sensors. Because all data was first averaged hourly, the number of raw data 

decreased from approximately 50,000 to 996. Then, averaged data was available for 

further comparison and analysis. Averaged sensor data from each of site was 

aggregated into a time series of mass concentrations corresponding to a best-fit 

calibration model derived during the calibration phase. Then, averaged reference data 

was compared to the hourly averaged mass concentration measurements from each 

site using the coefficients of determination (R2).  

 

Table 13: Total amount of raw data, averaged data, and missing data. 

Sensors  Original Data  Averaged 
Data  

Missing Data  Data 
Coverage  

Site 1 at Northern Ring Road (Traffic) 
CO  48340 996 0 100% 
NO2  48340 996 0 100% 
PM10  48340 996 0 100% 
CO ref  996 992 4 99.6% 
NO2 ref  996 992 4 99.6% 
PM10 ref 996 993 3 99.7% 

Site 2 at Al Marouj Dist (Urban) 
CO  48655 996 0 100% 
NO2  48655 996 0 100% 
SO2  48655 996 0 100% 
PM10  48655 996 0 100% 
CO ref 996 989 7 99.3% 
NO2 ref 996 990 6 99.4% 
SO2 ref 996 987 9 99.1% 
PM10 ref 996 996 0 100% 
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4.2.1 Performing the regression analysis for the study correlations between EC 
sensors and the reference analyzer. 

At Norther Ring Road (Site 1): 

To check for concurrence between referential and actual measurements from 

the sensing devices, best-fit regressive trendline were graphically computed to 

simplistically help figure mathematical relation between the dependent and non-

dependent variables. With juxtaposition of referential vis-à-vis actual data set from 

sensing instrument readings via the aid of y-intercept, gradient, determinant 

coefficient; performance accuracy of those devices could be evaluated. Table 14 

denotes essential parameters for best-fitted regressive trendline of sensors’ actual 

measured data set versus referential data set.  

The relationship analyses for all gases are outlined in Table 14 below. The 

regression analysis at site 1 of CO with CO ref, NO2 with NO2 ref and PM10 with 

PM10 ref show average Pearson coefficients of 0.914, 0.321 and 0.293, respectively. 

Thus, there is a correlation between each gas and their reference. In terms of CO, a 

Pearson coefficients of 0. 914 indicates that a very strong correlation exists. For NO2 

and PM10, there is a moderate correlation. 

The CO shows an R squared value of 0.835, indicating that the model using 

the predictor variables explains 83.5% of the data variance. The NO2 shows an R 

squared value of 0.103, indicating that the model using the predictor variables 

explains 10.3% of the data variance. The PM10 shows an R squared value of 0.086, 
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indicating that the model using the predictor variables explains 8.6% of the data 

variance. Most of the variance in the model is governed by other external factors. 

Finally, the statistical significance value of the model was well within the statistical 

significance value of 0.05, which indicates that the model makes accurate 

predictions.  

 

At Al Marouj Dist (Site 2): 

The regression analyses at site 2 of CO with CO ref, NO2 with NO2 ref, 

PM10 with PM10 ref and SO2 with SO2 ref show average Pearson coefficients of 

0.605, 0.329, 0.41 and 0.061, respectively. Thus, there is a correlation between each 

gas and their reference except for SO2. In terms of CO, a Pearson coefficient of 0.605 

indicates that a very strong correlation exists. For NO2 and PM10, there is a moderate 

correlation. In addition, SO2 has a weak correlation. 

The CO shows an R squared value of 0.366, indicating that the model using 

the predictor variables explains 36.6% of the data variance. The NO2 shows an R 

squared value of 0.108, indicating that the model using the predictor variables 

explains 10.8% of the data variance. The PM10 shows an R squared value of 0.168, 

indicating that the model using the predictor variables explains 16.8% of the data 

variance. The SO2 shows an R squared value of 0.004, indicating that the model 

using the predictor variables explains 0.4% of the data variance. Most of the model 
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variance is governed by other external factors. Finally, the statistical significance 

value of the model was well within the statistical significance value of 0.05, which 

indicates that the model makes accurate predictions. 
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Table 14: Regression and Precision Results for the EC sensors and Reference 
Analyzer (1-hour time averaged). 

Sensor Polluta
nt 

Average EC 
Sensor 

Concentration
1 

 

Regressio
n Slope 

Regressio
n 

Intercept 

Pearson 
Correlation

, R 

Std. 
Error of 

the 
Estimate 

Number of 
Hourly 

Measurement
s 

Average 
Reference 

Concentration
1 R2 

 

Site 1 at Northern Ring Road (Traffic) 
 

Alphasense 
 

(CO-B4) 

CO 1.47 ppm 1.63 0.094 0.914 0.378 992 hours 

0.85 ppm 0.835 

 
Alphasense 

 
(NO2-
B43F) 

 

NO2 29.29 ppb 0.32 13.2 0.321 14.9 992 hours 

50.50 ppb 0.103 

 
Plantower 
PMS 7003 

 

PM10 40.7 ug/m3 0.035 35.113 0.293 10.1 993 hours 

159.1 ug/m3 0.086 

Site 2 at Al Marouj Dist (Urban) 
 

Alphasense 
 

(CO-B4) 
 

CO 0.523 ppm 0.708 0.210 0.605 0.27 989 hours 

0.4455 ppm 0.366 

 
Alphasense 

 
(NO2-
B43F) 

NO2 21.5 ppb 0.371 10.457 0.329 17.32 990 hours 

 

0.108 
30.07 ppb 

 
Plantower 
PMS 7003 

(PM10) 
 

PM10 28.45 ug/m3 0.145 14.146 0.410 11.3 996 hours 

98.87 ug/m3 0.168 

 
Alphasense 
(SO2-B4) 

 

SO2 15.9 ppb -0.296 16.88 0.061 18.65 987 hours 

3.1 ppb 0.004 

1Average Concentration calculated for hours with valid sampling data. 
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Figure 16: Measured CO, COref and Temperature/Humidity (Traffic). 

 

 

Figure 17: Scatter for CO vs COref (Traffic). 
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Figure 18: Measured NO2, NO2ref and Temperature/Humidity (Traffic). 

 

 

Figure 19: Scatter for NO2 vs NO2ref (Traffic). 
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Figure 20: Measured PM10, PM10ref and Temperature/Humidity (Traffic). 

 

 

Figure 21: Scatter for PM10 vs PM10ref (Traffic). 
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Figure 22: Measured CO, COref and Temperature/Humidity (Urban). 

 

 

Figure 23: Scatter for CO vs COref (Urban). 
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Figure 24: Measured NO2, NO2ref and Temperature/Humidity (Urban). 

 

 

Figure 25: Scatter for NO2 vs NO2ref (Urban). 
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Figure 26: Measured PM10, PM10ref and Temperature/Humidity (Urban). 

 

 

Figure 27: Scatter for PM10 vs PM10ref (Urban). 
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Figure 28: Measured SO2, SO2ref and Temperature/Humidity (Urban). 

 

 

Figure 29: Scatter for SO2 vs SO2ref (Urban). 
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4.2.2 Factors Affecting Sensor Accuracy 

 Variations in general aerial conditions such as moisture content and 

temperature can influence gaseous sensory devices, including measurement 

sensitivity [44]. To understand to what extent ambient environmental changes can 

influence or alter the normal performance characteristics of these sensing devices, 

metrics of temperature, moisture level, specific timeframes, and concentration of 

certain chemical compounds were studied. Their significance in influencing sensor 

performance and whether they are to be considered for initial sensor calibration were 

assessed.  

 

4.2.3 Temperature 

 The electrochemical gas sensor devices definitely responded to aerial 

temperature changes. Numerically, this sensitivity was between one-tenth to three-

tenths of a percent per Kelvin as a general characteristic of such sensors. Meanwhile, 

the grounded or ‘0’ electric current of the sensor remained stable under aerial 

conditions not exceeding 30 degrees on the Celsius scale. For the overall recorded 

temperature ranges of 10-40 degrees Celsius such as during the summer season, 

sensor sensitivity varied between 95 and 110% [38]. 

The relationships of the NO2, PM10 and SO2 concentrations to temperature 

were verified with positive connections between the sensors and temperature in all 

measurements with both EC sensor devices, as shown in Table 15 and Figures below. 
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Regarding the effects of temperature, it was essential to assess whether the accuracy 

of the sensors would decrease with an increase in temperature and whether we should 

include the temperature as an independent variable in the multilinear regression to 

calibrate the sensor data. Errors were determined as the difference between the sensor 

and reference data (sensor data - reference data) observed simultaneously. Errors 

were presented as an indicator of how much the sensor data differed from the 

reference, which to a certain extent indicated the accuracy of the raw sensor data 

before calibration.  

 

4.2.4 Perform regression analysis to study correlations between EC sensors 
and Temperature. 

At Northern Ring Road (Site 1): 

The relationship analyses for all gases compared with temperature are 

outlined below in Table 15. The regression analysis at site 1 of CO with Temp, NO2 

with Temp and PM10 with Temp show Pearson coefficients of 0.025, 0.833 and 

0.424, respectively. Thus, there is no correlation between the CO gas and 

temperature. In terms of NO2, a Pearson coefficient of 0.833 indicates that a very 

strong correlation exists. For PM10, there is a moderate correlation. 

The CO shows an R squared value of 0.001, indicating that the model using 

the predictor variables explains 0.1% of the data variance. The NO2 shows an R 

squared value of 0.693, indicating that the model using the predictor variables 
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explains 69.3% of the data variance. The PM10 shows an R squared value of 0.18, 

indicating that the model using the predictor variables explains 18% of the data 

variance. Most of the model variance is being affected by temperature. Finally, the 

statistical significance value of the model was well within the statistical significance 

value of 0.05, which indicates that the model makes accurate predictions.   

 

At Al Marouj Dist (Site 2): 

The regression analyses at site 2 of CO with Temp, NO2 with Temp, PM10 

with Temp and SO2 with Temp show Pearson coefficients of 0.324, 0.321, 0.353 and 

0.361, respectively. Thus, there is a moderate correlation between each gas and 

temperature.  

The CO shows an R squared value of 0.105, indicating that the model using 

the predictor variables explains 10.5% of the data variance. The NO2 shows an R 

squared value of 0.103, indicating that the model using the predictor variables 

explains 10.3% of the data variance. The PM10 shows an R squared value of 0.124, 

indicating that the model using the predictor variables explains 12.4% of the data 

variance. The SO2 shows an R squared value of 0.361, indicating that the model 

using the predictor variables explains 36.1% of the data variance. Most of the model 

variance is being affected by temperature. Finally, the statistical significance value 
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of the model was well within the statistical significance value of 0.05, which 

indicates that the model makes accurate predictions.  
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Table 15: Regression and Precision Results for the EC sensors and Reference 
Analyzer vs Temperature (1-hour time averaged). 

 
Sensor 

 
Average Sensor 
Concentration1 

 
Average 

Temperature 
(°C ) 

 
Regression 

Slope 

 
Regression 
Intercept 

 
Pearson 

Correlation, 
R 

 
R2 

 

 
Std. 

Error of 
the 

Estimate 

Site 1 at Northern Ring Road (Traffic) 
CO 1.47 ppm 35 -.005 1.635 .025 .001 .928 

CO 
ref 

0.85 ppm 35 -.010 1.2 .095 .009 .52 

NO2 29.29 ppb 35 -2.6 121.8 .833 .693 8.7 

NO2 
ref 

50.50 ppb 35 -.096 53.8 .03 .001 15.7 

PM10 40.7 ug/m3 35 -.898 72.2 .424 .18 9.55 

PM10 
ref 

159.1 ug/m3 35 -1.7 218.79 .096 .009 87.94 

Site 2 at Al Marouj Dist (Urban) 
CO 0.523 ppm 34.7 -.02 1.2 .324 .105 .32 

CO 
ref 

0.4455 ppm 34.7 -.015 .978 .293 .086 .278 

NO2 21.5 ppb 34.7 -1.056 58.118 .321 .103 17.37 

NO2 
ref 

30.07 ppb 34.7 -1.75 90.8 .599 .359 13.04 

PM10 28.45 ug/m3 34.7 -.78 55.6 .353 .124 11.6 

PM10 
ref 

98.87 ug/m3 34.7 -.895 129.9 .14 .02 34.76 

SO2 15.9 ppb 34.7 2 -53.7 .6 .361 14.897 

SO2 
ref 

3.1 ppb 34.7 -.026 3.988 .037 .001 3.88 

1Average Concentration calculated for hours with valid sampling data. 
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Figure 30: Scatter for CO vs Temperature (Traffic). 

 

 

Figure 31: Scatter for COref vs Temperature (Traffic). 
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Figure 32: Scatter for NO2 vs Temperature (Traffic). 

 

 

Figure 33: Scatter for NO2ref vs Temperature (Traffic). 
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Figure 34: Scatter for PM10 vs Temperature (Traffic). 

 

 

Figure 35: Scatter for PM10ref vs Temperature (Traffic). 
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Figure 36: Scatter for CO vs Temperature (Urban). 

 
 

 
Figure 37: Scatter for COref vs Temperature (Urban). 
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Figure 38: Scatter for NO2 vs Temperature (Urban). 

 
 

 
Figure 39: Scatter for NO2ref vs Temperature (Urban). 
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Figure 40: Scatter for PM10 vs Temperature (Urban). 

 
 

 
Figure 41: Scatter for PM10ref vs Temperature (Urban). 
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Figure 42: Scatter for SO2 vs Temperature (Urban). 

 
 

 
Figure 43: Scatter for SO2ref vs Temperature (Urban). 
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4.2.5 Humidity 

The details of these sensors per manufacturing company indicate that the 

sensors are highly adaptable to a wide range of ambient conditions. A key 

characteristic that enables such a feature in the sensors is in its containment of 

sulfuric acid as an ionized solvent aiding in the ionized flow of diminutive charged 

particles due to relative ambient air changes [38]. To maintain stability in the sensor 

measurements, the ionized solvent drains liquid at low moisture levels and liquid 

seeps in during times of high moisture. Figure 44 shows how the sensor loses weight 

at a low humidity and gains weight at a high humidity at a room temperature of 20 

°C. The sensory devices are reported to optimally function between the 15th and 90th 

percentiles of relative humidity. Additionally, within this range, the gaseous sensors 

may lose a maximum mass of one-quarter of a gram while gaining a maximum mass 

of one-fifth of a gram. The sensitivity of these devices was greater than 80% even at 

the zero percentile of hydration levels, thus demonstrating the reliability and 

repeatability of sensor performance, as highlighted by the manufacturing company 

[38]. However, a problem may still persist in terms of accuracy and sensitivity of the 

sensing devices under time-variant humidifying factors whereby excessive moisture 

may be absorbed. Thus, it is helpful for us to carefully examine how precalibration 

and postcalibration discrepancies vary under the given pretext. 

 



 87 
 

Similar to the NO2, PM10 and SO2 changes with moisture levels, erroneous 

discrepancies in the sensory devices preceding calibration are proportional to the 

humidity of the aerial conditions. The more humid the air is, the greater the offset 

will be and vice versa. Once the sensors have been calibrated and adjusted, the 

differences are zeroed out, which is similar to the calibrating effect on the sensors 

with respect to temperature. 

 

Figure 44: Sensor weight gain/ loss when subjected to humidity extremes  [38]. 
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4.2.6 Performing the regression analysis to study correlations between EC 
sensors and Humidity. 

At Northern Ring Road (Site 1): 

The analyses of relationships of all gases with humidity are outlined below 

in Table 16. The regression analyses at site 1 of CO with Hum, NO2 with Hum and 

PM10 with Hum show Pearson coefficients of 0.21, 0.5 and 0.373, respectively. 

Thus, there is moderate correlation between all gases and humidity. 

The CO shows an R squared value of 0.044, indicating that the model using 

the predictor variables explains 4.4% of the data variance. The NO2 shows an R 

squared value of 0.25, indicating that the model using the predictor variables explains 

25% of the data variance. The PM10 shows an R squared value of 0.139, indicating 

that the model using the predictor variables explains 13.9% of the data variance. Most 

of the model variance is being affected by humidity. Finally, the statistical 

significance value of the model was well within the statistical significance value of 

0.05, which indicates that the model makes accurate predictions.  

 

At Al Marouj Dist (Site 2): 

The regression analyses at site 2 of CO with Hum, NO2 with Hum, PM10 

with Hum and SO2 with Hum show Pearson coefficients of 0.074, 0.274, 0.38 and 
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0.481, respectively. Thus, there is a moderate correlation between each gas and 

humidity except for CO, which shows no correlation.  

The CO shows an R squared value of 0.006, indicating that the model using 

the predictor variables explains 0.6% of the data variance. The NO2 shows an R 

squared value of 0.075, indicating that the model using the predictor variables 

explains 7.5% of the data variance. The PM10 shows an R squared value of 0.144, 

indicating that the model using the predictor variables explains 14.4% of the data 

variance. The SO2 shows an R squared value of 0.231, indicating that the model 

using the predictor variables explains 23.1% of the data variance. Most of the model 

variance is being affected by the humidity. Finally, the statistical significance value 

of the model was well within the statistical significance value of 0.05, which 

indicates that the model makes accurate predictions.  

 

 

 

 

 

 

 

 



 90 
 

 

Table 16: Regression and Precision Results for the EC sensors and Reference 
Analyzer vs Humidity (1-hour time averaged). 

 
Sensor 

 
Average Sensor 
Concentration1 

 
Average 

Humidity 

 
Regression 

Slope 

 
Regression 
Intercept 

 
Pearson 

Correlation, 
R 

 
R2 

 

 
Std. 

Error of 
the 

Estimate 

Site 1 at Northern Ring Road (Traffic) 
CO 1.47 ppm 14.5% -.024 1.8 .21 .044 .907 

CO ref 0.85 ppm 14.5% -.008 .971 .129 .017 .518 

NO2 29.29 ppb 14.5% .985 15 .5 .25 13.65 

NO2 
ref 

50.50 ppb 14.5% -.576 58.85 .293 .086 15.09 

PM10 40.7 ug/m3 14.5% .491 33.57 .373 .139 9.789 

PM10 
ref 

159.1 ug/m3 14.5% .543 151.23 .049 .002 88.25 

Site 2 at Al Marouj Dist (Urban) 
CO 0.523 ppm 14.8% .003 .479 .074 .006 .34 

CO ref 0.4455 ppm 14.8% .004 .390 .109 .012 .289 

NO2 21.5 ppb 14.8% .587 12.8 .274 .075 17.6 

NO2 
ref 

30.07 ppb 14.8% .346 24.9 .182 .033 16 

PM10 28.45 ug/m3 14.8% .55 20.3 .38 .144 11.46 

PM10 
ref 

98.87 ug/m3 14.8% 1.16 81.7 .283 .08 33.68 

SO2 15.9 ppb 14.8% -1.04 31.38 .481 .231 16.3 

SO2 
ref 

3.1 ppb 14.8% -.029 3.5 .063 .004 3.87 

1Average Concentration calculated for hours with valid sampling data. 
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Figure 45: Scatter for CO vs Humidity (Traffic). 

 

 

Figure 46: Scatter for COref vs Humidity (Traffic). 
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Figure 47: Scatter for NO2 vs Humidity (Traffic). 

 

 

Figure 48: Scatter for NO2ref vs Humidity (Traffic). 
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Figure 49: Scatter for PM10 vs Humidity (Traffic). 

 

 

Figure 50: Scatter for PM10ref vs Humidity (Traffic). 
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Figure 51: Scatter for CO vs Humidity (Urban). 

 

 

Figure 52: Scatter for COref vs Humidity (Urban). 

 



 95 
 

 

Figure 53: Scatter for NO2 vs Humidity (Urban). 

 

 

Figure 54: Scatter for NO2ref vs Humidity (Urban). 
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Figure 55: Scatter for PM10 vs Humidity (Urban). 

 

 

Figure 56: Scatter for PM10ref vs Humidity (Urban). 
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Figure 57: Scatter for SO2 vs Humidity (Urban). 

 

 

Figure 58: Scatter for SO2ref vs Humidity (Urban). 
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4.2.5 NO2 Concentration 

Nitrogen dioxide is among the primary contributors to surface or tropospheric 

ozone in addition to ultraviolet radiation and other VOCs. Nitrogen dioxide can also 

easily combine with ozone to chemically produce nitrate ions and oxygen [45]. The 

nitrogen dioxide concentration near the surface is reported to adversely affect ozone-

specific gas sensor measurements. Moreover, nitrogen dioxide can explicitly alter 

ozone concentrations, whereby the arduous nature of obtaining a robust trend 

between nitrogen dioxide and ozone is quite apparent. However, it is obvious that 

the NO2 concentration is not well correlated with the O3 concentration in the EC 

sensor measurements, as shown in below Figures. Unlike the reference analyzer, the 

correlation is very high at R=0.821. The primary reason for this correlation is that 

nitrogen dioxide can have a chemical reaction with ozone, whereby the ozone 

products can produce more nitrogen dioxide from nitrogen monoxide in the air. 

Consequently, these reactions can spin-off in enormous proportions. Therefore, 

deriving relational coefficients between nitrogen dioxide and surface ozone is highly 

complex.     
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Figure 59: Scatter for NO2 vs O3 (Traffic). 

 

 

Figure 60: Scatter for NO2 vs O3 (Urban). 
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Figure 61: Scatter for NO2ref vs O3ref (Al Amal Dist Urban). 

 

 

 

 

 

 

 

 

 

 



 101 
 

4.3 Comparison of Sensors Data with Reference Data After Calibration 

 
In our application of the chosen sensors to our research in Riyadh, Saudi 

Arabia, the data output showed the direct sensor variability with humidity or its 

inverse relationship with temperature. Thus, at the air pollution measurement 

location, the sensors must be recalibrated to enhance sensor precision to the desired 

degree of accuracy, which would then result in idealized data outputs per research 

objectives. The quiddity of electrochemical sensors is such that they adversely react 

to appreciable variations in ambient environmental conditions. This involves 

calibration of the electrochemical sensors for all seasons in multiple designations 

where the sensors are expected to be applied. This would enable data repeatability of 

these precalibrated electrochemical sensors in similar environments corresponding 

to our test locations within minimal standard deviation. The algorithm derived from 

executing these calibrations facilitated the applicability of our electrochemical 

sensors to a wider range of global areas and avoided susceptibility to otherwise 

expected data errors.  The manufacturer calibrated the sensors in Serbia, but data 

were collected in Saudi Arabia. Thus, the pronounced differences in environmental 

conditions between these two countries necessitated calibration. Four different 

calibration methods have been used to improve the sensor readings. 
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Models for Calibration 

1- Simple Linear Regression (Good for High Correlation only ( if there’s no 
external factors affecting the accuracy of the sensors). 

The drawback from this equation is, the more scatter in the data (the 
farther R^2 is from 1), the less useful this adjustment will be.  

 

Y = m (slope) X + b (intercept) 

 

 

Table 17: Regression and Precision Results for EC sensors vs Reference Analyzer 

Sensor MAD 
 

MSE 
 

 
RMSE 

 

 
MAPE 

 

 
Pearson 

Correlation, R 

 
R2 

 
Site 1 at Northern Ring Road (Traffic) 

CO 0.653 0.641 0.801 88.09 0.914 0.835 
CO. Cal 0.155 0.054 0.232 26.85 0.914 0.835 

NO2 23.6 783.43 27.99 48.25 0.32 0.103 
NO2. Cal 39.01 2168.6 46.57 91.50 0.32 0.103 
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Figure 62: Measured CO before calibration 

 

 

Figure 63: Scatter CO before calibration 
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Figure 64: Measured CO after simple linear calibration 

 

 

Figure 65: Scatter CO after simple linear calibration 
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Figure 66: Measured NO2 before calibration 

 

 

Figure 67: Scatter NO2 before calibration 
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Figure 68: Measured NO2 after simple linear calibration 

 

 

Figure 69: Scatter NO2 after simple linear calibration 
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2- Multivariate Linear Regression (MLR) 

 

Y reference (t) =β0 + [β1 × net sensor resp (CO,NO2,SO2,O3,PM10)] + (β2 ×T) + 
(β3 ×RH) 

 

NO2 reference (t) =β0 + [β1 × net sensor resp (NO2)] + (β2 ×T) + (β3 ×RH)  

+ (β4 ×O3)  

 

O3 reference (t) =β0 + [β1 × net sensor resp (O3)] + (β2 ×T) + (β3 ×RH)  

+ (β4 ×NO2)  

 

 

• Calibrated from training data to minimize the mean-square error (MSE) 
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Table 18: Mathematical Model for MLR  

Sensors Multivariate Linear Regression Model 
Site 1 

CO CO_Reference = 0.272+ (0.52 * CO_(ppm)_Sensor1)  

+ (-0.006 * T(C)_Sensor1) + (0.0016 * H(%)_Sensor1) 
NO2 NO2_Reference = 2.4 + (0.8 * NO2_(ppb)_Sensor1)  

+ (1.05 * T(C)_Sensor1)+ (-0.95 * H(%)_Sensor1) 

or 

NO2_Reference = 1.54+(0.85 * NO2_(ppb)_Sensor1)  

+(1.08*T(C)_Sensor1)+(-0.9*H(%)_Sensor1)+(-0.0055* 
O3_Reference_Al_Amal) 

PM10 PM10_Reference = 80+ (2.6 * PM10_(ug/m3)_Sensor1)  

+ (-0.4 * T(C)_Sensor1) + (-0.9 * H(%)_Sensor1) 
O3 O3_Reference_Al_Amal= -68.24+(-0.61 * O3_(ppb)_Sensor1)  

+ (3*T(C)_Sensor1) + (0.5 * H(%)_Sensor1) 
Site 2 

CO CO_Reference2=0.44+(0.49 * CO_(ppm)_Sensor2)  

+(-0.007*T(c)_Sensor2)+(-0.0008 * H(%)_Sensor2) 
NO2 NO2_Reference2=133.28+(0.17 * NO2_(ppb)_Sensor2)  

+(-2.66*T(c)_Sensor2)+(-0.99 * H(%)_Sensor2) 
PM10 PM10_Reference2=18.97+(1.04 * PM10_(ug/m3)_Sensor2)  

+(0.98* T(c)_Sensor2) + (1.07 * H(%)_Sensor2) 

 
SO2 SO2_Reference2=7.57+(-0.016 * SO2_(ppb)_Sensor2)  

+(-0.085*T(c)_Sensor2)+(-0.085 * H(%)_Sensor2) 
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Table 19: Regression and Precision Results for EC sensors vs Reference Analyzer 
using MLR model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Sensor 

 
MAE 

 
RMSE 

 
R2 

 

 
Pearson 

Correlation, R 
Site 1 

CO 0.14 0.21 0.84 0.92 
NO2 10.06 12.4 0.43 0.65 
PM10 60.12 104.46 0.09 0.31 

O3 10.07 12.71 0.70 0.84 
Site 2 

CO 0.13 0.26 0.41 0.64 
NO2 9.19 11.69 0.51 0.72 

PM10 24.20 33.55 0.22 0.47 
SO2 2.54 4.66 0.02 0.15 
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Figure 70: Measured CO after MLR calibration 

 

 

 

Figure 71: Scatter CO after MLR calibration 
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Figure 72: Measured NO2 after MLR calibration 

 

 

 

Figure 73: Scatter NO2 after MLR calibration 
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Figure 74: Measured PM10 after MLR calibration 

 

 

 

Figure 75: Scatter PM10 after MLR calibration 
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Figure 76: Measured O3 after MLR calibration 

 

 

 

Figure 77: Scatter O3 after MLR calibration 
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Figure 78: Measured CO after MLR calibration 

 

 

 

Figure 79: Scatter CO after MLR calibration 
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Figure 80: Measured NO2 after MLR calibration 

 

 

 

Figure 81: Scatter NO2 after MLR calibration 
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Figure 82: Measured PM10 after MLR calibration 

 

 

 

Figure 83: Scatter PM10 after MLR calibration 
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Figure 84: Measured SO2 after MLR calibration 

 

 

 

Figure 85: Scatter SO2 after MLR calibration 
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3- Random Forest Regression (RF) 

 

 

 

 Table 20: Regression and Precision Results for EC sensors vs Reference 
Analyzer using RF model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Sensor 

 
MAE 

 
RMSE 

 
R2 

 

 
Pearson 

Correlation, R 
Site 1 

CO 0.14 0.2 0.98 0.99 
NO2 9.27 11.82 0.93 0.96 

PM10 57.31 104.53 0.87 0.93 
O3 9.29 12.03 0.96 0.98 

Site 2 
CO 0.14 0.27 0.91 0.95 

NO2 6.78 9.55 0.95 0.97 

PM10 23.23 32.31 0.89 0.94 
SO2 2.67 4.84 0.85 0.92 
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Figure 86: Measured CO after RF calibration 

 

 

 Figure 87: Scatter CO after RF calibration 
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Figure 88: Measured NO2 after RF calibration 

 

 

 

Figure 89: Scatter NO2 after RF calibration 
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Figure 90: Measured PM10 after RF calibration 

 

 

 

Figure 91: Scatter PM10 after RF calibration 
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Figure 92: Measured O3 after RF calibration 

 

 

Figure 93: Scatter O3 after RF calibration 
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Figure 94: Measured CO after RF calibration 

 

 

Figure 95: Scatter CO after RF calibration 
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Figure 96: Measured NO2 after RF calibration 

 

 

Figure 97: Scatter NO2 after RF calibration 
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Figure 98: Measured PM10 after RF calibration 

 

 

 

Figure 99: Scatter PM10 after RF calibration 
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Figure 100: Measured SO2 after RF calibration 

 

 

Figure 101: Scatter SO2 after RF calibration 
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4- K Nearest Neighbors Regression (KN) 

 

 

 

 

Table 21: Regression and Precision Results for EC sensors vs Reference Analyzer 
using KN model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Sensor MAE RMSE 
 

R2 
 

Pearson 
Correlation, R 

Site 1 
CO 0.2 0.27 0.9 0.95 

NO2 9.82 12.78 0.79 0.89 

PM10 64.65 115.79 0.48 0.69 
O3 10.49 14.02 0.89 0.94 

Site 2 
CO 0.20 0.35 0.69 0.83 

NO2 7.54 10.82 0.85 0.92 

PM10 24.67 35.28 0.64 0.80 
SO2 2.83 5.21 0.63 0.79 
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Figure 102: Measured CO after KN calibration 

 
 
 
 

 
 

Figure 103: Scatter CO after KN calibration 
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Figure 104: Measured NO2 after KN calibration 

 
 
 
 

 

Figure 105: Scatter NO2 after KN calibration 

 
 
 
 
 



 130 
 

 

Figure 106: Measured PM10 after KN calibration 

 
 
 
 

 

Figure 107: Scatter PM10 after KN calibration 



 131 
 

 

Figure 108: Measured O3 after KN calibration 

 
 
 

 

Figure 109: Scatter O3 after KN calibration 
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Figure 110: Measured CO after KN calibration 

 
 
 
 
 

 

Figure 111: Scatter CO after KN calibration 
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Figure 112: Measured NO2 after KN calibration 

 

 
 
 

 

Figure 113: Scatter NO2 after KN calibration 
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Figure 114: Measured PM10 after KN calibration 

 
 
 
 

 

Figure 115: Scatter PM10 after KN calibration 
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Figure 116: Measured SO2 after KN calibration 

 
 
 

 

Figure 117: Scatter SO2 after KN calibration 
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Table 22: Summary Table of MLR, RF and KN Regressions 
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Chapter 5: Conclusion and Future Work 

 
 

Data collection and monitoring related to air pollution measurements were 

performed in Riyadh, Saudi Arabia, via precalibrated electrochemical gas sensors. 

After executing these sensors to meet the research-related deliverables, the need for 

collocation calibration became apparent. This surfaced as a key requirement to 

improve upon the data measurements and corroboration at a given location. For our 

research purposes, algorithm derivations were established via comparisons of real-

time measurement values with calibrated, known standards of accuracy under all 

possible seasonal conditions in the given region. This process significantly mitigated 

the probability of erroneous data readings from the electrochemical gas sensors. 

Thus, it is expected that the results of the measurement outputs are within the 

allowable limits of standard deviancy based on the mathematical model of the 

derived algorithm.    

The ontological function of the algorithms addressed in this research should serve 

to solidify data validation and confirm calibration outputs. The methodology lies in 

the categorization of the typical variant seasonal conditions around the globe under 

which the electrochemical gas sensors are to be physically assessed. Comparisons 

with local environmental parameters, along with sensor regression analyses under 
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each of these scenarios, yield algorithms for each seasonal category. Calibration 

schemas determined via the derived algorithms will allow the sensors to be simulated 

for reliable performance in any region based on an area’s particular ambient inputs. 

The objective of doing so is to efficiently discretize the spatial resolution related to 

air pollution measurements to effectively enable the large-scale utilization of low-

cost sensing stations over a wider territorial domain. In addition to being available 

for prompt use worldwide, sensors with such a calibration configuration would 

greatly aid in providing more accurate information to local authorities with minimal 

delay. The impact would be substantial in terms of allowing engineers, scientists, 

policy makers, politicians, and planners to take the requisite steps and make informed 

decisions for managing and improving the overall air quality of their environment.  
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Appendix: 
 

MLR Model Code using Paython: 

 

import pandas as pd 

from sklearn.linear_model import LinearRegression 

 

df = pd.read_csv("All Data Work Nov 18.csv") 

 

df = df.dropna(axis='columns', thresh=1).dropna() 

 

inputs = ['CO_(ppm)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1'] 

label = 'CO_Reference' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['NO2_(ppb)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1'] 

label = 'NO2_Reference' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 
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inputs = ['PM10_(ug/m3)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1'] 

label = 'PM10_Reference' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['O3_(ppb)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1'] 

label = 'O3_Reference_Al_Amal' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['CO_(ppm)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'] 

label = 'CO_Reference2' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['SO2_(ppb)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'] 

label = 'SO2_Reference2' 
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reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['NO2_(ppb)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'] 

label = 'NO2_Reference2' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 

 

inputs = ['PM10_(ug/m3)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'] 

label = 'PM10_Reference2' 

reg = LinearRegression().fit(df[inputs], df[label]) 

print("{} = {} + ({} * {}) + ({} * {}) + ({} * {})".format(label, reg.intercept_, 

reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], inputs[2])) 
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RF and KN Codes using Paython: 

 

# Import necessary python packages 

import numpy as np 

import pandas as pd 

from sklearn.linear_model import LinearRegression 

from sklearn.model_selection import train_test_split 

from sklearn.ensemble import RandomForestRegressor 

from sklearn.tree import export_graphviz 

import matplotlib.pyplot as plt 

from sklearn.neighbors import KNeighborsRegressor 

from sklearn.metrics import mean_squared_error, mean_absolute_error 

import warnings 

import os 

from sklearn.tree import export_graphviz 

import six 

import pydot 

from sklearn import tree 

import seaborn as sns 

import matplotlib.pyplot as plt 

warnings.filterwarnings("ignore") 
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pd.set_option('display.max_columns', 50) 

print("Finished Loading Packages") 

 

# Read in sensor data from file 

df = pd.read_csv("All Data Work Nov 18.csv") 

 

# Drop empty columns (formatting) 

df = df.dropna(axis='columns', thresh=1).dropna() 

 

# Create an object to map the columns for reference vs the input columns (sensor 

measurement plus temperature and humidity) 

gas_map = {'CO_Reference':['CO_(ppm)_Sensor1', 'T(C)_Sensor1', 

'H(%)_Sensor1'],  

          'NO2_Reference':['NO2_(ppb)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1'],  

          'PM10_Reference':['PM10_(ug/m3)_Sensor1', 'T(C)_Sensor1', 

'H(%)_Sensor1'], 

          'O3_Reference_Al_Amal':['O3_(ppb)_Sensor1', 'T(C)_Sensor1', 

'H(%)_Sensor1'], 

          'CO_Reference2':['CO_(ppm)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'], 

          'SO2_Reference2':['SO2_(ppb)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'], 

          'NO2_Reference2':['NO2_(ppb)_Sensor2', 'T(c)_Sensor2', 'H(%)_Sensor2'], 
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          'PM10_Reference2':['PM10_(ug/m3)_Sensor2', 'T(c)_Sensor2', 

'H(%)_Sensor2']} 

 

# Initialize a linear regression model 

LR = LinearRegression() 

 

# Initialize a radnom forest model 

RF = RandomForestRegressor(n_estimators=50, max_depth=25, 

min_samples_split=2, random_state=123, n_jobs=-1) 

 

# Initialize a k nearest neighbors model 

KNN = KNeighborsRegressor(n_neighbors=2, n_jobs=-1) 

 

# Put models into a list for each iteration 

models = [LR, RF, KNN] 

 

# Create a dataframe object formatted like the table from the paper 

header = pd.MultiIndex.from_product([[type(model).__name__ for model in 

models], 

                                     ['MAE', 'RMSE', 'r-squared', 'r']], 

                                    names=['Model','Evalution']) 



 152 
 

results = pd.DataFrame(index=sorted(gas_map.keys()),  

                  columns=header) 

 

# Iterate over each gas 

for label in sorted(gas_map.keys()): 

     

    # Create the inputs and outputs for the model and split the data into train and 

testing sets with 70% going towards Training. 

    inputs = gas_map[label] 

    X = df[inputs] 

    y = df[label] 

    X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, 

random_state=123) 

     

    # Iterate through each type of model 

    for model in models: 

         

        # Fit the model on the data 

        model.fit(X_train, y_train) 

         

        # Calculate the r squared score for the model 
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        r_squared = model.score(X_train, y_train) 

         

        # Calculate the r score for the model 

        r = np.sqrt(r_squared) 

         

        # Calculate the MAE for the model 

        mae = mean_absolute_error(y_test, model.predict(X_test)) 

         

        # Calculate the RMSE for the model 

        rmse = np.sqrt(mean_squared_error(y_test, model.predict(X_test))) 

         

        # Add the scores to the table 

        results.loc[label, pd.IndexSlice[type(model).__name__, :]] = [mae, rmse, 

r_squared, r] 

   

  # Get model predictions 

        model.fit(X, y) 

        df[type(model).__name__ + " - " + inputs[0]] = model.predict(X) 

   

print("Finished fitting models") 
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# Add a column for N (number of data points), like the table in the paper has 

results['N']= len(df) 

 

# Move that column to the front 

cols = list(results.columns) 

cols = [cols[-1]] + cols[:-1] 

results = results[cols]             

 

# Get the median scores from each model (collapsed over the gases) 

medians = results.median() 

medians.name = "Median" 

results = results.append(medians) 

 

# Get the standard deviations from each model (collapsed over the gases) 

stds = results.std() 

stds.name = "SD" 

results = results.append(stds) 

 

# Format empty entries like the table 

results.loc[-2:, pd.IndexSlice["N"]] = ["", ""] 
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# Save results to file 

results.to_csv("results.csv") 

 

# Do multiple linear regression for NO2 using O3 

reg = LinearRegression() 

inputs = ['NO2_(ppb)_Sensor1', 'T(C)_Sensor1', 'H(%)_Sensor1', 

'O3_(ppb)_Sensor1'] 

label = 'NO2_Reference' 

reg.fit(df[inputs], df[label]) 

# print("{} = {} + ({} * {}) + ({} * {}) + ({} * {}) + ({} * {})".format(label, 

reg.intercept_, reg.coef_[0], inputs[0], reg.coef_[1], inputs[1], reg.coef_[2], 

inputs[2], reg.coef_[3], inputs[3])) 

 

 

# Generate a visualization of a simplified version of part of the random forest 

model 

RF = RandomForestRegressor(n_estimators=5, max_depth=3, 

min_samples_split=2, random_state=123, n_jobs=-1) 

label = sorted(gas_map.keys())[0] 

inputs = gas_map[label] 

X = df[inputs] 
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y = df[label] 

RF.fit(X, y) 

dotfile = six.StringIO() 

i_tree = 0 

for tree_in_forest in RF.estimators_[0:1]: 

    export_graphviz(tree_in_forest,out_file='tree.dot', 

    feature_names=inputs, 

    filled=True, 

    rounded=True) 

    (graph,) = pydot.graph_from_dot_file('tree.dot') 

    name = 'tree' + str(i_tree) 

    graph.write_png(name+  '.png') 

    os.system('dot -Tpng tree.dot -o tree.png') 

    i_tree +=1 

  

  

# Create empty directories for plots 

if not os.path.exists("gas_plots"): 

 os.makedirs("gas_plots") 

 os.makedirs("gas_plots/models") 

 os.makedirs("gas_plots/models/line") 
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 os.makedirs("gas_plots/models/scatter") 

 os.makedirs("gas_plots/models/line/single_model") 

 os.makedirs("gas_plots/models/scatter/single_model") 

 

df["Riyadh's_Time_Date"] = pd.to_datetime(df["Riyadh's_Time_Date"]) 

 

# Iterate over each gas and model type, making a line plot for the model prediction 

vs the reference 

for reference in sorted(gas_map.keys()): 

    gas_name = gas_map[reference][0] 

     

    for model in models: 

        col_names = [reference] 

         

        model_name = type(model).__name__ 

         

        col_names.append(model_name + " - " + gas_name) 

     

        melt_df = df.melt(id_vars="Riyadh's_Time_Date") 

        melt_subset = melt_df[melt_df['variable'].isin(col_names)] 
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        melt_subset = melt_subset.replace(model_name + " - " + gas_name, 

type(model).__name__) 

 

        melt_subset['value'] = melt_subset['value'].astype(float) 

 

        melt_subset = melt_subset.rename(columns={"variable":"model"}) 

 

        plot = sns.relplot(x="Riyadh's_Time_Date", y="value", hue="model", 

kind="line",  

                    data=melt_subset, height=20, aspect=2, linewidth=5) 

        plot.fig.autofmt_xdate() 

        plot.set_xticklabels(size=25) 

        plot.set_yticklabels(size=25) 

        plot.set_ylabels(size=50) 

        plot.set_xlabels(size=50) 

        lgnd = plt.legend(fontsize='40', title_fontsize='40') 

        for i in [1,2]: 

            lgnd.legendHandles[i].set_linewidth(50) 

#         plt.show() 

        plot.savefig("gas_plots/models/line/single_model/{}-

{}.png".format(gas_map[reference][0].replace("/", "-"), model_name)) 
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print("Finished single model line plots") 

   

# Iterate over each gas and model type, making a scatter plot for the model 

prediction vs the reference 

for reference in sorted(gas_map.keys()): 

    gas_name = gas_map[reference][0] 

     

    for model in models: 

        col_names = [reference] 

         

        model_name = type(model).__name__ 

         

        col_names.append(model_name + " - " + gas_name) 

     

        melt_df = df.melt(id_vars=reference) 

        melt_subset = melt_df[melt_df['variable'].isin(col_names)] 

 

        melt_subset = melt_subset.replace(model_name + " - " + gas_name, 

type(model).__name__) 
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        melt_subset['value'] = melt_subset['value'].astype(float) 

 

        melt_subset = melt_subset.rename(columns={"variable":"model"}) 

 

        plot = sns.relplot(x=reference, y="value", hue="model",  

                    data=melt_subset, height=20, aspect=2, kind="scatter", s = 250) 

        plot.fig.autofmt_xdate() 

        plot.set_xticklabels(size=25) 

        plot.set_yticklabels(size=25) 

        plot.set_ylabels(size=50) 

        plot.set_xlabels(size=50) 

        lgnd = plt.legend(fontsize='40', title_fontsize='40') 

        for i in [1]: 

            lgnd.legendHandles[i].set_linewidth(50) 

#         plt.show() 

        plot.savefig("gas_plots/models/scatter/single_model/{}-

{}.png".format(gas_map[reference][0].replace("/", "-"), model_name)) 

   

print("Finished single model scatter plots") 

   

# Iterate over each gas and model type, making a scatter plot for all the model 
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predictions vs the reference 

for reference in sorted(gas_map.keys()): 

    gas_name = gas_map[reference][0] 

     

    col_names = [reference] 

    for model in models: 

        col_names.append(type(model).__name__ + " - " + gas_name) 

     

    melt_df = df.melt(id_vars=reference) 

    melt_subset = melt_df[melt_df['variable'].isin(col_names)] 

     

    for model in models: 

        melt_subset = melt_subset.replace(type(model).__name__ + " - " + gas_name, 

type(model).__name__) 

 

    melt_subset['value'] = melt_subset['value'].astype(float) 

     

    melt_subset = melt_subset.rename(columns={"variable":"model"}) 

 

    plot = sns.relplot(x=reference, y="value", hue="model",  

                data=melt_subset, height=20, aspect=2, kind="scatter", s = 250) 
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    plot.fig.autofmt_xdate() 

    plot.set_xticklabels(size=25) 

    plot.set_yticklabels(size=25) 

    plot.set_ylabels(size=50) 

    plot.set_xlabels(size=50) 

    lgnd = plt.legend(fontsize='40', title_fontsize='40') 

    for i in [1,2,3]: 

        lgnd.legendHandles[i].set_linewidth(50) 

#     plt.show() 

    

plot.savefig("gas_plots/models/scatter/{}.png".format(gas_map[reference][0].repla

ce("/", "-"))) 

  

print("Finished multiple model scatter plots") 

  

  

# Iterate over each gas and model type, making a line plot for all the model 

predictions vs the reference 

for reference in sorted(gas_map.keys()): 

    gas_name = gas_map[reference][0] 
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    col_names = [reference] 

    for model in models: 

        col_names.append(type(model).__name__ + " - " + gas_name) 

     

    melt_df = df.melt(id_vars="Riyadh's_Time_Date") 

    melt_subset = melt_df[melt_df['variable'].isin(col_names)] 

     

    for model in models: 

        melt_subset = melt_subset.replace(type(model).__name__ + " - " + gas_name, 

type(model).__name__) 

 

    melt_subset['value'] = melt_subset['value'].astype(float) 

     

    melt_subset = melt_subset.rename(columns={"variable":"model"}) 

 

    plot = sns.relplot(x="Riyadh's_Time_Date", y="value", hue="model", 

kind="line",  

                data=melt_subset, height=20, aspect=2, linewidth=5) 

    plot.fig.autofmt_xdate() 

    plot.set_xticklabels(size=25) 

    plot.set_yticklabels(size=25) 
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    plot.set_ylabels(size=50) 

    plot.set_xlabels(size=50) 

    lgnd = plt.legend(fontsize='40', title_fontsize='40') 

    for i in [1,2,3,4]: 

        lgnd.legendHandles[i].set_linewidth(10) 

#     plt.show() 

    

plot.savefig("gas_plots/models/line/{}.png".format(gas_map[reference][0].replace(

"/", "-"))) 

  

print("Finished multiple model line plots") 

  

  

# Iterate over each gas, making a line plot for the sensor measurement vs the 

reference over time 

for reference in sorted(gas_map.keys()): 

     

    melt_subset = melt_df[melt_df['variable'].isin([reference, 

gas_map[reference][0]])] 

 

    melt_subset['value'] = melt_subset['value'].astype(float) 
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    plot = sns.relplot(x="Riyadh's_Time_Date", y="value", hue="variable", 

kind="line",  

                data=melt_subset, height=20, aspect=2, linewidth=5) 

    plot.fig.autofmt_xdate() 

    plot.set_xticklabels(size=25) 

    plot.set_yticklabels(size=25) 

    plot.set_ylabels(size=50) 

    plot.set_xlabels(size=50) 

    lgnd = plt.legend(fontsize='40', title_fontsize='40') 

    for i in [1,2]: 

        lgnd.legendHandles[i].set_linewidth(10) 

#     plt.show() 

    plot.savefig("gas_plots/{}.png".format(gas_map[reference][0].replace("/", "-"))) 

  

print("Finished reference vs sensor line plots") 
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