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Abstract: 

 
Air pollution is an environmental problem that concerns most citizens. It is responsible 

for 400,000 premature deaths each year and causes considerable damage to the natural 

environment. Should air pollution go unchecked, we can expect our skies to become 

foggier and our oxygen harder to breathe. Existing Air Quality monitoring devices 

provide information about the levels of pollutants in air, but they come at a price. These 

devices can cost hundreds of thousands of Euros and they are big bulky devices.  

 

We propose constructing a similar device using low-cost, off the shelf sensors that are 

readily available in markets along with a suitable microcontroller and use various 

algorithms to calibrate the data collected. The algorithm takes into consideration 

various other factors that may influence the pollution levels such as Temperature, 

Relative Humidity, etc. The device is dedicated to measuring Ozone (O3), Nitrogen 

Dioxide (NO2), Particulate Matter (PM), to calibrate these values and send the data 

onto Amazon Web Services (AWS) in real time. 
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1. Introduction 
 
 
 

1.1. Project Formulation 
 
 

Some pollutants, if present in excessive quantities, can produce physical and 

chemical alterations of the air, hampering its capacity to “work” correctly and 

guarantee our survival functions. Most of the pollution is caused by humans 

although in some cases natural sources contribute significantly as well. 
 

 

Some of the major pollutants that plague Spain are: nitrogen dioxide (NO2), caused by 

traffic and predominantly a problem in big cities; Particulate Matter (PM), consisting of 

dust, ash, soot and similar substances produced by traffic as well as central heating 

systems, industry and construction; and finally ozone(O3), a pollutant linked to the 

others, which is prevalent during hot weather and can spread long distances – which is 

why areas where the air might be assumed to be clean, such as Madrid’s Sierra Norte, 

can be highly contaminated.[1]  

 

 

NO2 mainly impacts on respiratory conditions causing inflammation of the airways at 

high levels. Long term exposure can decrease lung function, increase the risk of 

respiratory conditions and increases the response to allergens. NO2 also contributes to 

the formation of fine particles (PM) and ground level Ozone (O3), both of which are 

associated with adverse health effects. [2] 

 

 

For the reasons above, we are developing effective and economic means to detect the 

amount of these pollutants present in air. Current tools exist only at major air 

monitoring stations and cost hundreds of thousands of Euros. The aim of the project is 

to develop devices that can provide comparable results using multiple low cost 

sensors. 

 

This project was proposed in line with the H2020 CAPTOR project [3] carried out across 

Europe and in UPC by the Statistical Analysis of Networks and Systems (SANS) Research 

Group, led by Prof. Jorge Garcia Vidal and José M. Barceló Ordinas. The H2020 CAPTOR 

project is based on the assumption that the combination of citizen science, 

collaborative networks and environmental grassroots social activism helps to raise 

awareness and find solutions to air pollution problems. The same is being carried out 

as part of my Bachelor Thesis in the Erasmus program for a period of 5 months (Feb – 

June 2019).  
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1.2. State of the art 
 

 

There exist wide literatures on calibrating low-cost sensors that are used in Wireless 

Sensor Networks. A survey by Barcelo-Ordinas et al.[4] describes different approaches to 

calibrating sensors used in various applications such sensors of light, temperature, 

vibration, acceleration etc. Maag et al. [20] focuses more on calibrating sensors that deal 

with pollution. Esposito et al. [21] analyze air pollution using support vector regression 

(SVR) and artificial neural networks (ANN) and compare these signal processing 

techniques against multiple linear regression (MLR) and Gaussian process regression 

(GPR) showing that when non linearity appears in the response function, ANN and SVR 

outperform MLR and GPR at the cost of more computational resources. 

 

In addition to using the various calibration techniques, we also propose using a Fusion 

of data (Multi sensor regression) when possible to improve the results that can be 

obtained. On using multiple sensors, we must also perform Principal Component 

Analysis (PCA) which can provide results on colinearity of different sensors. 
 

 

This leads us to conclude that the various calibration techniques have been well defined 

by authors and have been applied to the data we obtained to evaluate the performance 

of the sensors. 

 

1.3. Workflow 
 
We built Wireless Sensor Networks (WSN) with low-cost sensors which come un-
calibrated and hence produce data that might not match the real world facts. We 
calibrate these nodes based on certain factors and try to produce results with minimal 
error. Moreover, the calibration has to be done in the same environment conditions 
where the sensor is going to be deployed. 
 

 Main Objectives: 
To investigate the quality of low-cost sensors in terms of statistical parameters 
such as Root Mean Squared Error (RMSE) and Coefficient of determination (R2) 
and assess how different calibration techniques fare on several low-cost air 
pollution sensors 
 
 
 



3 | P a g e  
 

 

 Sub-Objectives: 
a) Study the quality of data produced by the low-cost PM, O3 and NO2 sensors 
b) Investigate the performance of these sensors using several calibration 

algorithms such as Multiple Linear Regression (MLR) and Support Vector 
Regression (SVR) 

 
 
To achieve the objectives, the following steps have been carried out: 

a) Nodes with PM sensors from two different manufactures were built using 
Raspberry Pi SoC 

b) Data from the PM nodes were calibrated using various calibration 
techniques and the quality of the various sensors were evaluated 

c) Data from the previously (during an earlier TFG) built O3 and NO2 nodes 
was calibrated using various techniques and the nature of data from the 
sensor was determined 
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2. Project Scope 
 
 

 

2.1. Scope 
 
 

The scope of the project is to assess the quality of the sensors in the nodes. To study 

the impact of these pollutants, various devices will be made, each to detect the level of 

the pollutants mentioned earlier. These devices will be deployed across the city and 

data will be collected and reported at regular intervals onto a central repository. 

 

Similar data will be collected from already established Air Quality monitoring 
stations and the data will be normalized so they can be compared.[5] Factors 
affecting the pollutants such as temperature, humidity, etc. must also be 
considered to reduce the deviation of observed data from the actual values. 

 

Once the device is able to produce comparable results, they can be distributed 

across areas to monitor pollution levels and can also replace the existing, more 

expensive devices. 

 

                                      
Figure 2.1: Palau Reial weather monitoring station 
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2.2. Possible Obstacles and Solutions 
 

 Experimental Design 
 
 

Various factors need to be considered for such a device when it is being deployed. The 

device should have proper vents for the entry and exit of air to the sensors. The device 

must be protected from natural factors such as rain and snow; exposure to which may 

produce undesirable results. The device must also have a steady and regulated electrical 

supply to provide consistent readings. 

 

 Timetable 
 
 

The project is being carried out as part of an Erasmus Exchange for a duration of 5 

months and hence rigid deadlines must be maintained. Weekly meetings will be held 

where the progress is discussed and short term goals may be established. 

 

The project also needs to be deployed for considerable amount of time to get 
meaningful data so time management becomes a very important factor. 
 

 Calibration 
 
 

The sensors used to detect pollutants do not come pre-calibrated out of the box and 
hence various machine learning algorithms need to be used to calibrate the sensors. 
 

 Results 
 
 

Once data has been collected from the sensors, actual data from the air monitoring 

stations will be compared. Various factors such as the Variance, Standard Deviation, 

etc. must be taken into account before the device is ready to be put out for use. The 

data is sent to and AWS database and can be remotely viewed on a dashboard. 
 
 

2.3. Methodology 
 
 

The project will be carried out in an Agile approach with weekly meetings. The project is 
being carried out by a small team of students who sit and work together in the labs. 
Weekly goals will be set and meetings will be held to determine the progress.  [6] 
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Each pollutant will require an individual sensor which will first be calibrated and tested 

individually before being aggregated with the remaining of the sensors so that bugs 

can be resolved individually. 
 

 Development tools 
 

Bitbucket[7] is the major tool used to perform code commits. As the project is being 

carried out by a team, forks and branches might need to be used and Bitbucket seemed 

like an appropriate option to do so. Also, an AWS account will be used to store the 

results and to view statistics, obtain graphs etc. 

 

 Validation methods 
 
 

The project will prove to be a success if it can be carried out in the given time frame 

with only low-cost hardware and the results obtained should be comparable to 

those produced with expensive devices. For this we use various evaluation criteria. 
 

 
2.4 Planning 
 
 

 Estimated project duration 
 

The estimated project duration is approximately 5 months. The project starts on 
February 11

th
, 2019 and the deadline is on June 30

th
, 2019. 

 
 

 Project planning and feasibility 
 

The planning phase can further be divided into the following four sub-stages: 
 

i. Project scope. 
 

ii. Project planning. 
 

iii. Project budget. 
 
 
 

 Project analysis and design 
 

The aim of this part is to make an accurate analysis and design of what the final product 

is going to look like. It is necessary to define the requirements, features, use cases and 

make a working schedule with short term goals that need to be met at least for the 
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initial phase of the project development. A methodology for evaluating the results must 

be designed (Comparing results with actual data). 
 

 

Technical features of the project features such as the communication protocols, the 

platforms, the databases to be used etc. need to be chosen. 
 

 

 Project iterations 
 

The project involves developing a low cost device to measure the concentration of 

certain pollutants (NO2 and O3) and Particulate matter (PM 2.5 and PM 10) in air. 

 

0. Initial set up. 
 

The Initial stage is to get each individual sensor connected to a microcontroller 

and obtain readings from the surroundings. As we have access to the neighboring 

Palau Reial Air monitoring station, we can place our device there and obtain 

inputs from it. 
 

1. Data analysis. 
 

In this next stage, the aim is to take the individual readings from each sensor and 

compare it with the readings obtained from the monitoring station itself and 

check for any deviations or mismatch in values as the sensors come un-calibrated 

out of the box. 
 

2. Calibration. 
 

This phase involves calibrating the sensors so as to obtain approximately the 

same values as from the station itself. This might be affected due to certain 

external factors such as Temperature, Pressure, humidity etc. which need to be 

taken into consideration or the sensor signals might just need to be amplified.  

Upon calibration, the standard deviation and variance are expected to approach 

0. 
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3. Integration of different modules. 
 

The last step is to take each of the sensors and combine them into one single 

final product and make the readings available on a dashboard so it can be 

viewed from anywhere 
 

 Estimated time 
 
 

 

Stage  Estimated dedication (hours) 
    

Planning and feasibility  50 
   

Analysis and design  60 

I0 – Initial set up  80 
    

I1 – Data analysis  40 

I2 – Calibration  120 
    
   

I3 – Integration of different modules  80 

Final stage 
 

50  
   

Total  480 hours 
     

 
Table 2.1: Estimated time for each task 
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 Gantt chart 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.2: Gantt chart 
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 Action plan 
 

As we have adapted the Agile methodology, there will be revisions and changes to 

the initial plan and hence some stages may have different durations than 

expected. If a stage takes less time than expected then the next one shall be 

started immediately and if it takes longer than expected then there might be a 

need to put in more hours of work to get it back on track. 

 

At the end of every weeks work, a meeting with the Mentor will be held to make 

sure the project is headed in the right direction and the short term goals are being 

met. In conclusion, an estimated 25-30 hours of work per week may be needed to 

put in so that the work can be completed within the specified duration. 

 

2.5. Costs 
 

 Resources 
 

To develop the project, I will use the following resources: 
 

Hardware: 

 Dell Inspiron 5558
 Raspberry Pi 3 Model B
 Honeywell HPMA115S0 PM sensors
 Alphasense NO2 and O3 sensors

 

Software: 

 Microsoft Windows 10 OS
 Raspbian OS

 Python 2.7 IDE
 Amazon AWS

 Microsoft Office 2010
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 Considerations 
 

The budget specified in the document may have changes at any time because the 

project is following an agile development style. New features may affect the 

budget. It is still important to stick to the specified scheme. 

 

 Human resources budget 
 

This project is going to be developed internally. So, there is no external personnel 

who would play a role in the project and hence all the below specified roles do 

not incur any cost. 

 

 Role  Estimated hours  Estimated price per hour  Total estimated cost  
      

         

 

Project Manager 
 

30 hours 
 

0 €/hour 
 

0,00€      

Software Developer Engineer  270 hours 0 €/hour 0,00€  

      

 Software Tester  90 hours  0 €/hour  0,00€  

 Total estimated  390 hours    0,00€  

Table 2.2: Human resources budget 

 

 Hardware budget 
 

In order to be able to design, implement and test all devices functionalities, a set 

of hardware components will be required. In Table 2, an estimation of the cost of 

the hardware is provided taking into account their useful life, as well as their 

amortizations. 
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Product 

 

Price 

  

Units 

 

Useful life 

 

Total estimated amortization 

 

       
            

 Dell Inspiron 5558  800,00€   1  5 years  80,00€  

 Raspberry Pi 3 Model B 37,00€    1  3 years  6,16€  

 Kingston 16GB Class 10 SD           

 Card  15,00€   1  3 years  2,50€  

 Honeywell HPMA 115S0 PM 18,00€    1  1 years 18,00€  

 Sensor           

 AlphaSense NO2 Sensor  30,00€   1  1 years  30,00€  

 AlphaSense O3 Sensor 30,00€    1  1 years 30,00€  
            

 AUKEY  20000mah  Power           

 Bank  19,00€   1  2 years  30,00€  

 Miscellaneous (Wires, Wire           

 Strippers, Boxes etc) 20,00€  -  - 20,00€  

 Total estimated  969,00€       186,66€  

Table 2.3: Hardware budget 
 
 

 Software budget 
 

Additionally, some software products will be needed to carry out the project. 

Some of them are available for free and their cost will not be included. Table 3 

shows an estimation of the software costs involved. 

 

 Product   Price   Units  Useful life  Total estimated amortization   
             

Python 2.7   0,00€  1  N/A   0,00€   
 Raspbian Linux OS   0,00€   1  N/A  0,00€   

Ubuntu OS   0,00€    1  N/A   0,00€   

 Windows Phone SDK   0,00€   1  N/A  0,00€  

Microsoft Office 365 Home Premium         9,99 €/month 1  6 months   59,94€   

 Windows 8 Professional   159,99€   1  N/A  159,99 €   
 

Total estimated 
 

 
       

219.93€ 
 

   219.9€         

Table 2.4: Software budget 
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 Other licenses budget 
 

Finally, few other licenses will be needed in order to carry out the project. 

For instance, a repository will be necessary for saving the code securely 

(and saving different versions), as well as an online server to store data that 

is collected. Table 4 lists the same: 

 
          

       Useful   

Product   Price  Units life Total estimated amortization 
          

 BitBucket   8.,89€      

    (10,00$)/month  1 6 months 53,34€  

Amazon Web Services  88,00 € (99$)/year 1 1 year 88,00 €  
Total estimated  141,34 €/year    141,34€   

Table 2.5: Other licenses budget 

 
 

 Incidentals 
 

Incidentals are costs which might occur if there is some change in the 

project such as need for a plan B or additional functionality. Table 5 shows 

the possible incidental costs: 
 
 
Product 

   
Estimated cost 

 
     

       

 Luftdaten PM Sensor (Cost:   

 35,00€, Risk: 20%)   7,00€  
 PMS5003  Sensor  (Cost:  14,00€,  

 Risk: 10%)    1,40€  

 Arduino UNO Microcontroller   

 (Cost: 5€, Risk:5%)   0,25€  
 Total estimated cost  8,65 €   

Table 2.6: Incidentals 

 
 

 Total budget 

 

By adding all the budgets provided, we can get the total estimated budget 

for this project, as shown in Table 6 
 

 

 

 



14 | P a g e  
 

 
 

Concept 

   

Estimated cost 

 
     

     
       
      

 

Hardware 
   

186,66€      
       

 

Software 
   

219.93€      

 Contingency (Hardware +    

 Software)*15%   60,98€  
 

Incidentals 
   

8,65€      

 Human resources   0,00€  

      
      

 Total estimated cost   476,22 €  

Table 2.7: Total budget 
 

 

 

2.6. Sustainability and social dimension 
 

 Environmental dimension 
 
The project does not affect the environment majorly with regards to power 
consumed. The nodes built during the course are based on a Raspberry Pi 3 
and they need to be connected to a power outlet at all times. The Raspberry Pi 
can draw a maximum current of 2.5A (12.5W) but the actual power required is 
rather low as the power is drawn mainly by the sensor and the 3G USB dongle. 
The device once deployed is expected to be running 24 hours a day throughout 
the year. Translating this, the total power that will be consumed is ~109.5kWh 
per year.  In summary, this part is rated 8 out of 10, a 20 on 20 useful life and 0 
risk. 
 

 Economic dimension 

 
The economic impact is very good as the aim of the project is to develop low-
cost devices. The total cost of setting up a single node is less than 100 Euros 
and the life of the device is also arguably long (>5 years for the Raspberry Pi 
and >3 years for the sensors) and hence there is no need for a regular 
replacement of the hardware. This part is rated a 9 out of 10, a 20 on 20 useful 
life and 0 risk. 
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 Social dimension 

 
The Social Dimension of the project can be considered high. The project will 
allow the public to gain a good understanding of the air pollution around them 
which can be useful in making various decisions. At the same time, it also helps 
the Government to replace their big, bulky and expensive devices that were 
used to provide the same data.  This part is rated 10 on 10, a 20 on 20 useful 
life and 0 risk. 

 
 Sustainability matrix 

 
 
 
 

 

 PPP Useful life Risks 
    

Environmental 8 20 0 

Economic 9 20 0 

Social 10 20 0 
    
    

Subtotal 27 60 0 
    
    

Total  87  
    

 

Table 2.8: Sustainability matrix 
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3. Low cost wireless sensor nodes 
 
To measure the quantity of various pollutants in the atmosphere, several nodes 
were built and placed in the neighboring weather station (Palau Reial) so that the 
data obtained can be compared and calibrated to work correctly. As our main aim 
is to monitor NO2, O3 and Particulate Matter (PM) we built the nodes using the 
appropriate sensors. The NO2 and O3 had been previously built whereas the PM 
nodes are built as part of my TFG. 
 

3.1. NO2 and O3 nodes 
 
The nodes to measure NO2 and O3 were built earlier by students who worked on 
the same project as part of their TFGs. These nodes were based on the Arduino 
microcontroller and use Metal-Oxide Semiconductors Sensors (earlier 
Electrochemical) which give an analog output and an ADC to obtain a digital value 
that is sent to the Database from the Arduino using a 3G dongle. The current 
groups of students are trying to move the same sensors on to a Raspberry Pi but it 
has not been developed yet.  

 

3.2. Building a PM Node 
 

 Hardware requirements 
 
i. Raspberry Pi 3.0 model B+ 
ii. Particulate Matter Sensor (Honeywell HPMA115S0 & Nova SDS011 ) 
iii. 3G USB Modem (Huawei) 
iv. SIM with active Internet connection (Emnify) 
 

 Raspberry Pi 3.0 
 
The Raspberry Pi is a low cost, credit-card sized computer that plugs into a 
computer monitor or TV, and uses a standard keyboard and mouse. It is a capable 
little device that enables people of all ages to explore computing, and to learn 
how to program in languages like Scratch and Python. It’s capable of doing 
everything you’d expect a desktop computer to do, from browsing the internet 
and playing high-definition video, to making spreadsheets, word-processing, and 
playing games. [8] 
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 Hardware 
 
The Raspberry Pi 3 Model B+ is the latest product in the Raspberry Pi 3 range with 
the following specifications [9]: 

 Broadcom BCM2837B0, Cortex-A53 (ARMv8) 64-bit SoC @ 1.4GHz 

 1GB LPDDR2 SDRAM 

 2.4GHz and 5GHz IEEE 802.11.b/g/n/ac wireless LAN, Bluetooth 4.2, BLE 

 Gigabit Ethernet over USB 2.0 (maximum throughput 300 Mbps) 

 Extended 40-pin GPIO header 

 Full-size HDMI 

 4 USB 2.0 ports 

 CSI camera port for connecting a Raspberry Pi camera 

 DSI display port for connecting a Raspberry Pi touchscreen display 

 4-pole stereo output and composite video port 

 Micro SD port for loading your operating system and storing data 

 5V/2.5A DC power input 

 Power-over-Ethernet (PoE) support (requires separate PoE HAT) 

 

Figure 3.1: Raspberry Pi GPIO configuration 
[10]
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 Software 

For our application, we have installed the ‘Raspbian’ [11] Operating System. 
Raspbian is the official supported operating system of the Raspberry Pi. It comes 
pre-installed with plenty of software for education, programming and general 
use. It has Python, Scratch, Sonic Pi, Java and more. The Raspbian with Desktop 
image contained in the ZIP archive is over 4GB in size. The main software being 
used is Python3 which can easily be installed using the ‘apt’ package manager 
from the Terminal. 

 Particulate Matter sensors (Honeywell HPMA115S0 & Nova 
SDS011 ) 

The Particulate Matter (PM) sensors used to build the nodes, are capable of 
measuring both PM 2.5 and PM 10 values. The both operate using the Universal 
Asynchronous Receiver/Transmitter (UART) Protocol.  

The UART communication protocol: 

In UART communication, two UARTs communicate directly with each other. The 
transmitting UART converts parallel data from a controlling device like a CPU into 
serial form, transmits it in serial to the receiving UART, which then converts the 
serial data back into parallel data for the receiving device. [12] Only two wires are 
needed to transmit data between two UARTs. Data flows from the Tx pin of the 
transmitting UART to the Rx pin of the receiving UART: 

 

Figure 3.2: UART protocol 
[13]
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 The setup 

The Raspberry Pi is powered externally using a micro USB cable connected to a 
5V/2.5A power adapter. The PM sensor is connected to the Raspberry Pi using 4 
jumper cables, one each for Vcc (5V), GND, Rx and Tx. Alternatively, the sensor can 
be connected to the Raspberry Pi through the USB port using an appropriate USB 
to Serial converter. The SIM is inserted into the USB 3G modem and it is 
connected to the Raspberry Pi using the USB port. The entire setup is places in a 
box so it can be placed outdoors and the box is provided with appropriate 
openings for the cables and for air to enter the sensors, while making sure that it 
is protected from external factors such as rain and dust. 

 

Figure 3.3: CAPTOR PM nodes 

 Structure of data 

Data Collected from the sensor is sent periodically to the online Database 
(DynamoDB) on Amazon Web services (AWS). Precisely, data from the nodes are 
collected every 5 minutes and every half hour, the average of the data collected 
over the last half hour is sent to the Database (DB). The database has columns for 
the captorid (Unique node name), timestamp, data from 5 different sensors, 
temperature and relative humidity. The PM nodes only sends data about PM 2.5 
and PM 10 pollutants whereas other nodes send data from 1 O3 sensor and 2 or 3 
O2 sensors along with Temperature and Relative Humidity.  
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Figure 3.4: AWS Dynamo DB - structure 

The database gives you various options to filter the data, using captorid, 
timestamp etc. and the data can be exported as a CSV and used by the programs 
to be analyzed. 
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4. Calibration 

Calibration means matching the standard value of the instrument to the True 
Instrument value. Calibration in measurement technology and metrology is the 
comparison of measurement values delivered by a device under test with those of 
a calibration standard of known accuracy. Such a standard could be another 
measurement device of known accuracy, a device generating the quantity to be 
measured such as a voltage, or a physical artifact, such as a meter ruler.  

Instrument calibration is one of the primary processes used to maintain 
instrument accuracy. Calibration is the process of configuring an instrument to 
provide a result for a sample within an acceptable range. Eliminating or 
minimizing factors that cause inaccurate measurements is a fundamental aspect 
of instrumentation design. [14] 

The results of Calibration are used to establish a relationship between the 
measurement technique used by the instrument and the known values. The 
instrument can then provide more accurate results when samples of unknown 
values are tested in the normal usage of the product. 

Raw data from the low cost sensors used are usually uncalibrated. This means 
that the data does not match the actual (real) results required. Calibration of data 
was carried out using two regression algorithms namely Multiple Linear 
Regression (MLR) and Support Vector Regression (SVR). These two methods were 
chosen because it is important to study the data we get from the sensors and the 
best way to do it is to use one Linear and one Non-linear Regression algorithm. 

4.1. Multiple Linear Regression (MLR) 

Multiple linear regression (MLR), also known simply as multiple regression, is a 
statistical technique that uses several explanatory variables to predict the 
outcome of a response variable. The goal of multiple linear regression (MLR) is to 
model the linear relationship between the independent variables and dependent 
variable. 

The Formula for Multiple Linear Regression Is, 

yi=β0+β1xi1+β2xi2+...+βpxip +ϵ 

where, for i=n observations: 
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yi – dependent variable 

i – independent variables 

β0 – y-intercept (constant term) 

βp – slope coefficients for each explanatory variable 

ϵ – the model’s error term (also known as the residuals) 

A simple linear regression is a function that allows an analyst or statistician to 
make predictions about one variable based on the information that is known 
about another variable. Linear regression can only be used when one has two 
continuous variables—an independent variable and a dependent variable. The 
independent variable is the parameter that is used to calculate the dependent 
variable or outcome. A multiple regression model extends to several explanatory 
variables. [15] 

In Python, we used the LinearRegression() method that’s belongs to the 
sklearn.linear_model package (sklearn.linear_model.LinearRegression). The 
function fit which belongs to LinearRegression takes in the list of values of the 
dependent and independent variables and produces a linear model which can be 
used to predict the true values. The package also has methods to evaluate the 
model (eg: Coefficient of Determination) so it can be compared with other 
regression techniques. 

4.2. Support Vector Machines – Regression (SVR) 

In machine learning, support-vector machines (SVMs, also support-vector 
networks) are supervised learning models with associated learning algorithms 
that analyze data used for classification and regression analysis. Given a set of 
training examples, each marked as belonging to one or the other of two 
categories, an SVM training algorithm builds a model that assigns new examples 
to one category or the other, making it a non-probabilistic binary linear classifier. 

A version of SVM for regression was proposed in 1996 by Vladimir N. Vapnik, 
Harris Drucker, Christopher J. C. Burges, Linda Kaufman and Alexander J. Smola. 
This method is called support-vector regression (SVR). The model produced by 
support-vector classification depends only on a subset of the training data, 
because the cost function for building the model does not care about training 
points that lie beyond the margin. Analogously, the model produced by SVR 
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depends only on a subset of the training data, because the cost function for 
building the model ignores any training data close to the model prediction. 

In Python, we used the SVR() method that belongs to the sklearn.svm package 
(sklearn.svm.SVR). The function fit which belongs to SVR takes in the list of values 
of the dependant and independent variables and produces a model that is used to 
predict the true values. Similar to MLR, there are methods to evaluate the model 
and determine how accurately the true values can be predicted.The SVR() method 
takes in a number of parameters, Most importantly is the kernel used to build the 
model.[16] 

The list of parameters and their defenitions can be found here: https://scikit-
learn.org/stable/modules/generated/sklearn.svm.SVR.html  

The kernel used in our case is the default ‘rbf’ kernel. The parameters are used to 
regulate the model and to obtain the correct results, it is necessary that the 
optimal parameters are used. For this, we use a small method that chooses the 
optimal values for the various parameters. The python method to do this is shown 
below. 

def train_tune_SVR(X_des, Y_des): 

 

         """ This function performs parameter tunning for SVR 

           and trains the model with the best set of parameters 

""" 

         kfold = 10 

         cs = [1.0, 10.0,1000.0] 

         gs = np.arange(start=0.1, stop = 2.0, step=0.2) 

         epsilons = np.arange( start = 0.05, stop = 0.25, step = 

0.05) 

         param_grid = { 'C' : cs, 'gamma': gs, 'epsilon': 

epsilons } 

         #The impact of the gamma parameter is much higer than 

the cost parameter 

         # so we check more values of gamma 

         # We must also tune the epsilon from epsilon-

insensitive loss function 

         svr_estimator = svm.SVR() 

         search = GridSearchCV(svr_estimator, scoring = 

'neg_mean_squared_error',param_grid = param_grid, cv = kfold, 

refit = True ) 

         search.fit(X_des, Y_des) 

         cv_error = search.best_score_ 

         best_c = search.best_params_['C'] 

         best_gamma = search.best_params_['gamma'] 

         best_eps = search.best_params_['epsilon'] 

https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR.html
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR.html
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         svr_estimator = svm.SVR(C = best_c, gamma = best_gamma, 

                                 epsilon = best_eps) 

         svr_estimator.fit(X_des, np.ravel(Y_des)) 

 

  print svr_estimator.score(X_des, np.ravel(Y_des)) 

        return  search 

 

 

An example of an SVR object with optimal params: 

 

Figure 4.1: SVR object with optimal parameters 

4.3. Parameters to evaluate the model: 

To evaluate the model and thereby the accuracy of the prediction, we use two 
main factors, R2 (Coefficient of Determination) and RMSE (Root Mean Square 
Error) which are explained below. 

 Coefficient of Determination (R2) 

In statistics, the coefficient of determination, denoted R2, is the proportion of the 
variance in the dependent variable that is predictable from the independent 
variable(s).  

It is a statistic used in the context of statistical models whose main purpose is 
either the prediction of future outcomes or the testing of hypotheses, on the 
basis of other related information. It provides a measure of how well observed 
outcomes are replicated by the model, based on the proportion of total variation 
of outcomes explained by the model. [17] 

 Root Mean Square Error (RMSE) 

Root Mean Square Error (RMSE) is the standard deviation of the residuals 
(prediction errors). Residuals are a measure of how far from the regression line 
data points are; RMSE is a measure of how spread out these residuals are. In 
other words, it tells you how concentrated the data is around the line of best fit. 
Root mean square error is commonly used in climatology, forecasting, and 
regression analysis to verify experimental results. [18] 
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The formula is: 

 

ŷ  – Predicted Value 

ŷi – Observed Value 

n – Number of samples 

4.4. Reference data: 

The reference (real) data for calibration is obtained from the ‘Departament de 
Territori i Sostenibilitat’ (Department of Territory and Sustainability) website that 
is maintained by the ‘Generalitat de Catalunya’ (Government of Catalunya).  

URL: 
http://mediambient.gencat.cat/ca/05_ambits_dactuacio/atmosfera/qualitat_de_l
aire/vols-saber-que-respires/visor-de-dades/ 

The website provides data about various air pollutants from regions across 
Catalunya and is updated periodically with the data.  The website is also equipped 
with an API (Application Programming Interface) and a simple script can be 
written to fetch data as a CSV and use it for Calibration. 

http://mediambient.gencat.cat/ca/05_ambits_dactuacio/atmosfera/qualitat_de_laire/vols-saber-que-respires/visor-de-dades/
http://mediambient.gencat.cat/ca/05_ambits_dactuacio/atmosfera/qualitat_de_laire/vols-saber-que-respires/visor-de-dades/
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Figure 4.2: Reference station data UI 

4.5. Preprocessing the data: 

In regression analysis, you need to standardize the independent variables when 
your model contains polynomial terms to model curvature or interaction terms. 
These terms provide crucial information about the relationships between the 
independent variables and the dependent variable. The concept of 
standardization comes into picture when continuous independent variables are 
measured at different scales. It means these variables do not give equal 
contribution to the analysis.  

Z score standardization is one of the most popular method to normalize data. In 
this case, we rescale an original variable to have a mean of zero and standard 
deviation of one. Mathematically, scaled variable would be calculated by 
subtracting mean of the original variable from raw value and then divide it by 
standard deviation of the original variable. [19] 
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Zi = (xi – μ) / σ 

Zi – Normalized value 

xi – Raw value 

μ – Sample mean 

σ – Sample standard deviation 
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5. Experimental results: 

The Calibration of the data was carried out using the two regression algorithms 
(MLR and SVR) as specified earlier and each of the models that were generated 
were evaluated using the R2 and RMSE measures. For each of the pollutants, a 
scatter plot and Line graph with Sensor (raw) data vs Reference (Real) data before 
and after calibration. Also, the evaluator scores obtained from each of the 
regression algorithms is mentioned. 

Another important point is to determine the factors that influence the calibration. 
As the sensors used are low-cost, they may be vulnerable to producing different 
data in different physical conditions. For each of the pollutants, the appropriate 
factors influencing the result are taken into consideration to obtain the best 
results. 

5.1. Particulate Matter (PM): 

Two nodes have been built to measure Particulate matter (PM). The first one used 
a Honeywell HPMA115S0 PM sensor and was deployed during the month of 
March 2019. The data shown is for a period of approximately 2 months (March-
May 2019).  

For the calibration of data, it was determined that the only external factors to be 
considered are Temperature and humidity. These values were obtained from 
another node placed in the same location and hence the regression equation is as 
follows: 

yPM = β0 + β1xPM + β2xTemp + β3xR.H 

 

The images below show the various plots for the comparison of the data from the 
sensor and the actual data before any calibration is done. 
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Figure 5.1: Line graph - PM sensor data vs reference data 

 

Figure 5.2: Scatter graph - PM sensor data vs reference data 

The figure is suggestive that the data from the sensor is not very accurate out of the box and 
several small deviations exist in the data from the sensor. 

 Calibration using linear methods (MLR): 

To calibrate the data using MLR, the data was standardized using the ZScore 
algorithm and then a Linear Regression object was created which fit the data into 
a linear model. The results of the calibration are as follows. 

R2 = 0.535 

RMSE = 6.574 μg/m3 
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Average PM = 16.930 μg/m3  

 

Figure 5.3: Line graph - PM calibrated data vs reference data (MLR) 

 

Figure 5.4: Scatter graph - PM calibrated data vs reference data (MLR) 

As it can be seen from the line graph, the data does not overlap very well 
especially during the peaks. An R2 of 0.535 is not a really good and the RMSE is 
very high when the average PM value is considered and hence this method is not 
best for calibration of the PM sensor. 
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 Calibration using non-linear methods (SVR) 

To calibrate the data using SVR, first the data was standardized using the ZScore 
and then sent to a method (Mentioned earlier) to determine the optimal 
parameters for regression. An SVR object was given these parameters and the 
data was fit into a model which can then be used to predict the dependent 
variable. The results of the calibration are as follows. 

R2 = 0.632  

RMSE = 5.847 μg/m3 

Average PM = 16.930 μg/m3  

Figure 5.5: Line graph - PM calibrated data vs reference data (SVR) 

 

 

 

 

 

Figure 5.6: Scatter graph - PM calibrated data vs reference data (SVR) 
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The SVR method provides arguably better results and the line graph seems to be a 
bit more overlapping as compared to the previous result but as the numbers 
suggest it is still not up to the mark and there is a lot of room for improvement. 
This pushed us to concluding that this sensor is not the best for our case and 
hence we built a new node with a different PM sensor. 

The second node was built using the same Raspberry Pi technology but the only 
change was the sensor that was used. This time we used a Nova PM sensor 
SDS011 (Nova fine dust sensor) that used the same UART protocol as mentioned 
earlier to communicate with the Raspberry Pi. This sensor also had the option of 
connecting to the Pi using the USB connector rather than the GPIO which makes it 
easier to setup. 

The node was built during the end of the TFG and hence only a small amount of 
data has been obtained. The preliminary results have been promising. The 
calibration results for the node are as follows:  

R2 = 0.765 

RMSE = 4.672 μg/m3 

Average PM = 23.784 μg/m3  

 

Figure 5.7: Line graph - PM calibrated data vs reference data (preliminary) (SVR) 
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Figure 5.8: Scatter graph - PM calibrated data vs reference data (preliminary) (SVR) 

The results appear to be good but as there is a very small amount of data 
obtained, no conclusion can be made about the functionality of the sensor and 
hence we will have to wait for a while to gather more data. 

5.2. Ozone (O3) 

The nodes to measure both NO2 and O3 had been built earlier as part of an earlier 
TFG and data has been accumulating over the months to be used. Three nodes 
that are placed at the Palau Reial weather station have been calibrated. The 
nodes use metal oxide sensors and the three nodes have a total of 3 Ozone 
sensors and 8 Nitrogen Dioxide sensors, each of which have been calibrated 
individually. 

The calibration of O3 has been carried out earlier but is being included in the 
thesis because it is essential in the calibration of NO2 in the next section. The O3 is 
calibrated using 3 independent variables. They are Sensor ozone data, 
temperature and relative humidity and the regression equation is as follows: 

yO3 = β0 + β1xO3 + β2xTemp + β3xR.H 

The images below show the various plots for the comparison of the data from the 
sensor and the actual data before any calibration is done. 
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Figure 5.9: Line graph – O3 sensor data vs reference data 

 

Figure 5.10: Scatter graph – O3 sensor data vs reference data 

The data from the sensor appear to be very uniform in the sense that it follows a certain patter. 
As the shape is a curve, it is suggestive that the data can best be fit using a non-linear algorithm 
rather than a linear algorithm. 

 Calibration using linear methods (MLR): 

To calibrate the data using MLR, the data was standardized using the ZScore 
algorithm and then a Linear Regression object was created which fit the data into 
a linear model. The results of the calibration are as follows. 

R2 = 0.753 
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RMSE = 10.676 μg/m3 

Average O3 = 35.655 μg/m3  

 

Figure 5.11: Line graph – O3 calibrated data vs reference data (MLR) 

 

Figure 5.12: Scatter graph – O3 calibrated data vs reference data (MLR) 

 Calibration using non-linear methods (SVR): 

To calibrate the data using SVR, first the data was standardized using the ZScore 
and then sent to a method to determine the optimal parameters for regression. 
An SVR object was given these parameters and the data was fit into a model 
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which can then be used to predict the dependent variable. The results of the 
calibration are as follows. 

R2 = 0.796  

RMSE = 9.699 μg/m3 

Average O3 = 35.655 μg/m3  

 

Figure 5.13: Line graph – O3 calibrated data vs reference data (SVR) 

 

Figure 5.14: Scatter graph – O3 calibrated data vs reference data (SVR) 



37 | P a g e  
 

 

As it can be observed from the above two results that there is only a small 
difference in using the two different calibration techniques but as this data is 
going to be used to calibrate NO2, we will take the best results i.e. results from 
calibration using SVR will be used as an independent variable in calibration of NO2 

in the following section. 

5.3. Nitrogen Dioxide (NO2): 

While calibrating the NO2, we found that using just the data from the NO2 sensors 
along with temperature and humidity, it was necessary to consider vales of O3 as 
it showed positive correlation with the reference data of NO2. We tested the 
calibration process both with and without the data of O3 and reached the 
conclusion that it was necessary to include it in the regression equation as well.  

Hence, for NO2: 

yNO2 = β0 + β1xNO2 + β2xTemp + β3xR.H (Without Ozone) 

yNO2 = β0 + β1xNO2 + β2xO3 + β3xTemp + β4xR.H (With Ozone) 

When including Ozone as an independent variable, we had to decide on what the 
source of ozone will be i.e. we could use either of the three values for ozone: 

I. Reference Ozone – Real data from the reference station 
II. Raw ozone data obtained directly from the ozone sensor of the nodes 

III. Calibrated ozone data obtained by calibrating data from the ozone sensor 
of the nodes 

As the aim of our project is to completely replace the existing expensive devices, 
it would not be appropriate to use data from the Reference station. Nevertheless, 
we have carried out the calibration in all three cases so we could understand the 
data better. 

The raw comparison of NO2 data (standardized) from the sensor vs reference 
station are as follows:      
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Figure 5.15: Line graph – NO2 sensor data vs reference data 

 

Figure 5.16: Scatter graph – NO2 sensor data vs reference data 

As the scatter graph shows, the NO2 sensor gives us data that is inversely related to the actual 
reference data. Earlier studies had also suggested that this type of sensor (metal-oxide) does 
not perform well while measuring NO2. The calibration algorithm we used took into 
consideration ozone values as well which helped overcome the poor results that were obtained 
from the NO2 sensor and hence the results were not very bad. 

 Calibration using linear methods (MLR) 

As it can be observed from the scatter plot, the data from the sensor has an 
inverse relation with the data from the reference. Because we are using linear 
methods to calibrate the data, we first take an inverse of the data so the 
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relationship can be a linear one. The data to be calibrated is then standardized 
using the ZScore algorithm and is fit into a linear model. The results using 
different Ozone inputs for calibration are as follows: 

I. Using reference ozone 

R2 = 0.699 

RMSE = 15.103 μg/m3 

Average NO2 = 41.935 μg/m3  

 

Figure 5.17: Line graph – NO2 calibrated data vs reference data using ref ozone (MLR) 

 

Figure 5.18: Scatter graph – NO2 calibrated data vs reference data using ref ozone (MLR) 



40 | P a g e  
 

II. Using raw ozone from sensor 

R2 = 0.445 

RMSE = 20.538 μg/m3 

Average NO2 = 36.250 μg/m3  

 

Figure 5.19: Line graph – NO2 calibrated data vs reference data using raw sensor ozone (MLR) 

 

Figure 5.20: Scatter graph – NO2 calibrated data vs reference data using raw sensor ozone 
(MLR) 
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III. Using calibrated ozone from sensor 

R2 = 0.456 

RMSE = 20.420 μg/m3 

Average NO2 = 36.250 μg/m3  

 

Figure 5.21: Line graph – NO2 calibrated data vs reference data using calibrated sensor ozone 
(MLR) 

 

Figure 5.22: Scatter graph – NO2 calibrated data vs reference data using calibrated sensor 
ozone (MLR) 
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From the three results using linear models (MLR), it is safe to assume that this 
method isn’t the ideal method to calibrate data. The best results are clearly 
obtained when using the reference ozone and the results do deviate quite a lot on 
using the sensor data for calibration. This is suggestive of the fact that the ozone 
data plays a very important role when calibrating the NO2 sensors. Also, on 
looking at the results obtained on using the ozone sensor data as a parameter, we 
observe that calibrating it before-hand does not affect the result of the final 
calibration. The same was also observed when we used different combination of 
sensors. 

 Calibration using non-linear methods (SVR) 

In the previous section, we saw that we need to invert the data so it fits a linear 
model but in this case it is not necessary as we use a non-linear model which is 
capable of fitting in this data. The data is first standardized using the ZScore 
algorithm and then the optimal parameters for SVR are determined and the 
model is generated. The results using different Ozone inputs for calibration are as 
follows: 

I. Using reference ozone 

R2 = 0.779 

RMSE = 12.931 μg/m3 

Average NO2 = 41.935 μg/m3  

 
Figure 5.23: Line graph – NO2 calibrated data vs reference data using ref ozone (SVR) 
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Figure 5.24: Scatter graph – NO2 calibrated data vs reference data using ref ozone (SVR) 

II. Using raw ozone from sensor 

R2 = 0.558 

RMSE = 18.331 μg/m3 

Average NO2 = 36.250 μg/m3  

 

Figure 5.25: Line graph – NO2 calibrated data vs reference data using raw sensor ozone (SVR) 
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Figure 5.26: Scatter graph – NO2 calibrated data vs reference data using raw sensor ozone 
(SVR) 

III. Using calibrated ozone from sensor 

R2 = 0.578 

RMSE = 17.976 μg/m3 

Average NO2 = 36.250 μg/m3  

 

Figure 5.27: Line graph – NO2 calibrated data vs reference data using calibrated sensor ozone 
(SVR) 
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Figure 5.28: Scatter graph – NO2 calibrated data vs reference data using calibrated sensor 
ozone (SVR) 

It can be observed from these results that a non-linear calibration technique is 
able to fit the data much better than a linear calibration technique. We also 
notice that the best results are obtained when we use the ozone of the reference 
station over the one from the sensors. On closer inspection, we also see that the 
sensor is not able to give values beyond a certain point. This may be due to 
reasons. Firstly, the sensor may have reached a saturation value beyond which it 
is unable to measure data. Second, the load resistor may be very high thereby 
hindering the dynamic range of the senor. The resistance value has been lowered 
to see if that affects the data in the future. 

To overcome our dependency on the reference ozone, we looked to combine all 
the different sensor inputs to form one single large regression equation. For this 
we used all 3 O3 sensors and 8 NO2 sensors and used SVR to calibrate it. The 
results are as follows. 

R2 = 0.737 

RMSE = 13.64 μg/m3 

Average NO2 = 36.250 μg/m3 
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Figure 5.29: Line graph – NO2 calibrated data vs reference data using multiple sensors data 
(Fusion) (SVR) 

 

 

Figure 5.30: Scatter graph – NO2 calibrated data vs reference data using multiple sensors data 
(Fusion) (SVR) 

 

These results show that it is possible to eliminate the data from the reference 
station and still obtain decent results. This will be the preferred model in the long 
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run as it gives the highest R2
 and lowest RMSE when compared to the other 

calibration techniques. 
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6. Conclusion 

 

6.1. Evaluation results 

The results of the project are satisfactory. On choosing the correct methodology 
and algorithms, the calibration of the sensors proved to be good and results 
comparable to those of the reference station were produced in most cases. 

For the PM, the initial sensor used provided decent results but were not up to the 
mark. The non-linear calibration (SVR) proved to be the best from what was 
tested. The new sensor appears to work much better but it is only at a preliminary 
stage and no conclusions can be drawn as of yet.  

The results for the NO2 have already been well established earlier and the sensor 
that is being used is able to provide us with decent data that can be calibrated to 
obtain good results. 

The NO2 proved to be poor as the sensor itself does not give much meaningful 
data and hence most of the calibration is done with respect to the O3 data. On 
doing so, results were good especially when using the O3 data from the reference 
station and a non-linear approach (SVR). The other cases did not provide 
satisfactory results. It is essential that good results are obtained without using any 
data from the reference station because the aim of the project is to replace the 
device in the reference stations. On using a fusion of all the sensors without any 
reference data, we found that the results turn out to be very good. 

 

6.2. Achievements  

The project achieved a number of goals. Firstly, an in-depth knowledge of each of 
the sensors was obtained and the nature of the data produced by it has been 
studied. This also gave us an understanding of which calibration technique fare 
best on what kinds of data. This document can also be used as a guide to building 
nodes to sense Particulate Matter using a Raspberry Pi to the other research 
students that will continue working on this project. 
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Although we have still not been able to replace the traditional bulky and 
expensive devices, this project has brought us closer to doing so and we are 
certain that it will be carried out in the near future. 

On a personal level, this project has allowed to me to learn how a large scale 
project is executed and how to work in a team of so many talented people. I have 
also been able to work with a number microcontrollers and sensors and I have 
acquired the knowledge of various concepts with respect to IoT and calibration 
which will me in the future. 

 

6.3. Future work 

In the future, the existing nodes that are based on the Arduino microcontrollers 
will be update to use the latest Raspberry PI SoC. The Raspberry Pi has a long life 
and is hence reliable and also has various ports which makes it easier to interface 
sensors, dongles etc. 

The PM sensors will be attached with Anemometers (device used to measure 
wind speed) which is said to be an external factor that may help us calibrate the 
PM sensors better. 

Finally, the project can be extended to sense various other pollutants and a single 
device which measures all the pollutants can be developed. The devices can also 
be placed in different parts of the city so a wider understanding of the pollutants 
can be obtained. 
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