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Abstract

Climate change is one of the hardest problems humanity will have to face in the next

century. Data analysis and computer vision are two powerful tools that can help us

perform tasks that would usually take more time on and resources to finish. One

of these tasks is the prediction of air quality, a task that by the moment needs the

help of specialized equipment. Pollutants can interact with natural cloud formation

process in higher layers of the atmosphere. The goal of this project is to create a

method able to capture changes in clouds due to different pollutant concentrations

in order to use image data, alongside meteorological data of the area to predict the

concentration of certain pollutants in the atmosphere. The propose method achieves

satisfcatory results on the created database IAMDFAPP.

Resum

El canvi climàtic és un dels problemes més durs que al que la humanitat haura

de fer front el proper segle. L’anàlisi de dades i la visió per ordinador són dues

eines poderoses que ens poden ajudar a realitzar tasques que solen requerir més

temps i recursos per acabar. Una d’aquestes tasques és la predicció de la qualitat de

l’aire, tasca que de moment necessita l’ajut d’equips especialitzats. Els contaminants

poden interactuar amb el procés natural de formació del núvols en les capes superiors

de l’atmosfera. L’objectiu d’aquest projecte és crear un mètode capaç de capturar

els canvis en els núvols a causa de diferents concentracions de contaminants per tal

d’utilitzar imatges, juntament amb les dades meteorològiques de la zona per predir la

concentració de certs contaminants a l’atmosfera. El mètode proposat aconsegueix

resultats satisfactoris a la base de dades creada IAMDFAPP.





Chapter 1

Introduction

Climate change is one of the hardest problems humanity will have to face in the next

century. Climate change is characterized by the change on global or local climate

patters. Natural variability on climate can happen naturally, as for volcanism or

changes in solar irradiance, but since 20th century man-made activity has overcome

the effects of natural variations[15]. The fact that the activities which are responsible

of climate change are man-made makes it crucial to correctly monitor them in order

to apply the needed regulations.

The main anthropogenic cause of anthropogenic climate change is global warming,

driven by green house gases (GHG) emissions and air pollution. Air pollution plays

also a major role in regional climate changes[55] and has severe effects on human

health (this is reviewed on section 1.1). Air pollution monitoring generally requires

of complex, expensive, stationary equipment [12] [46]. This fact puts air pollution

monitor on control of institutions with enough resources to perform it, limiting

where, when and why data is collected and how it is accessed[62]. Even though gov-

ernmental agencies monitoring air pollution data have ways to access their collected

data, it has to be validated in order to ensure the precision and accuracy. This

causes that population has no access to real time data.

Since air pollution has direct effects on human health, new ways of monitoring it are

required in order to make the data more available for general population. Cameras
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2 Chapter 1. Introduction

are everywhere, and digital visual information has become a popular commodity in

today’s society. In particular, sky images and videos are daily captured by thousands

using webcameras and other camera devices. Moreover, data analysis and computer

vision are two powerful tools that can help us perform tasks that would usually take

more time and resources to finish. The aim of this project is to create a computer

system able to predict different pollutant levels from visual information.

This system could be used to cheapen pollution monitoring systems and make air

pollution control able at places where there is no stationary equipment without

doing investments on new equipment. It could also give population a tool for real

time air pollution control, removing the gaps created by the fact that air pollution

control is conditioned by the locations and sample rates of the stationary equipment

and the data validation process. Giving population a tool to monitor the quality of

the air they breath could substantially improve the quality of live of people, making

them be more aware of the current air situation and take actions in order to prevent

health damage or reduce air pollution.

The effects of air pollution on climate change are, in part, due to alteration of

the normal cloud formation process. The ways pollution affect cloud lifetime are

reviewed on Section 1.1. This alterations end up having impact on cloud appearance,

as from shape, texture, color or size. Other than that, air pollution can also be seen

in the sky in form of smog, a brown haze than can be seen in the upper layers of

the atmosphere. The formation process of smog and its components can be seen in

Section 1.1.

Computer vision and machine learning methods have the ability to perform human-

like tasks on determined data (as for example handrwriting recognition and tran-

scription [28]) by learning the behaviour of the data using similar learning mech-

anisms as humans do. With the power of computers and the ability of learning,

machine learning techniques can find underlying data patterns, behaviour and in-

formation that may be too complex for humans to find. Classic machine learning

techniques work by creating a mathematical model able to output the information

that is desired (e.g. pollutant concentration levels) from the available input data
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(e.g. images). The parameter of this mathematical model are learned by adjusting

them at every iteration in order to better explain the test data. In order to create a

machine learning system able to predict pollution levels from visual information we

need sky images with their corresponding concentration levels for each pollutant we

want to predict.

The proposed system relies on visual information of clouds. Cloud images have been

used on machine learning systems to achieve cloud classification [73], [38]; therefore,

it seems possible to extract visual information relevant enough to characterize clouds.

Since cloud formation process depends mostly on meteorological conditions such as

humidity and temperature Liu and Li also included metheorological information in

order to classify them. As done in Liu and Li’s work meteorological data has also

been used on this work. This was done to learn the effects of meteorological factors

on clouds in order to capture just the changes on cloud appearance due to pollution

levels.

In order to create a system or model following the learning strategies of machine

learning methods we needed a dataset or source of image data with the pollutant

concentration levels and meteorological information corresponding to that space and

time. However, we did not find any database with the needed information. Thus,

a database gathering information from different sources was created in order to

have access to the required data. This database, the IAMDFAPP database, consist

on SQL tables storing; locations of available cameras, pollution and meteorological

data samples, and a table relating the camera locations with the closest pollution

and meteorological monitoring locations for each parameter (either pollutant or

meteorological factor). Further information on how the database was created and

the data sources is found in Chapter 3.

IAMDFAPP database also provides methods to download image data, parse new

pollution and meteorological data and create new relations between camera locations

and monitoring sites. Therefore the database can be used on other projects with

other approaches and other goals. Next to the method, IAMDFAPP dataset is one

if the contributions of this project.



4 Chapter 1. Introduction

The thesis is organized as follows. First an overview of air pollution effects is given

in Section 1.1. Then, related work is presented on Chapter 2. A description of

IAMDFAPP database and its creation process is provided on Chapter 3. The pro-

posed method is detailed in Chapter 4. Results of the method are presented on

Chapter 5. Finally, a discussion can be found on Chapter 6.

1.1 Air pollution

Air pollution dates back to 14th century [59]. It occurs when harmful concentration

of gases, particles and biological molecules are released into the atmosphere. Air pol-

lution can be generated naturally or by human-made activities. The most common

anthropogenic sources of air pollution are; smoke of fossil fuel power stations and

motor vehicles, controlled burn Controlled burn, paint and spray particles, methane

generated on waste landfills and military resources (e.g. rocketry or toxic gases).

Air pollution can affect both on environment and human health. The effects on

climate and human health are reviewed on the following sections.

1.1.1 Air pollution effects on environment

One of the problems that air pollution causes is photochemical oxidation. Photo-

chemical oxidation happens when sunlight heats the atmosphere and the molecules

of nitrogen oxides (NOx) react with volatile organic compounds (VOC) releasing air-

bone particles and ozone (O3) at ground-level (ground-level ozone)[59]. As a results

of photochemical oxidation a mixture of oxides of nitrogen (e.g. NO2), sulfuric-acid

mist and particles that can be seen as a brown haze in the upper layers of the

atmosphere [59]. The resulting haze is also known as smog. As a consequence of

smog the amount of sunlight reaching the earth is reduced, resulting in an increase

in the amount of cloudy weather present [59]. Health effects of smog are reviewed

on following subsection. Carbon monoxide (CO) caused form combustion wood or

vehicle emissions also plays a key role in photochemical smog formation [67] accel-

erating the formation of oxides of nitrogen and ozone. Apart from accelerating its

formation, CO is also visible as smog.
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Particles released from photochemical oxidation may form aerosols that will lat-

ter affect environment in other ways. When smog is transported across continents

results in trans-oceanic and trans-continental plumes of atmospheric brown clouds

(ABCs)[55]. ABCs intercept sunlight rather by absorbing or reflecting it causing a

surface dimming. ABCs are formed of particles like aerosols. Aerosols are small par-

ticles (ranging from 10-9m to 10-4m) of condensed matter other than water suspended

in a gas [54]. This particles help create more cloud droplets, making clouds reflect

more solar light and cool the surface. The surface cooling decreases evaporation,

slowing down the hydrological cycle[55]. Other components of smog absorb solar

radiation and increase atmospheric heating amplifying greenhouse effect. Heating

occurs at heights from 2 to 6 km, affecting tropical glaciers and snow packs[45]. Sur-

face cooling seems to mask greenhouse effect, creating a tight relation between both

factors. Aerosol particles (e.g. sulfates) can also affect the formation of smog[22],

and therefore ABCs, rather by accelerating it (if they scatter radiation) or by de-

creasing it (if they absorb radiation). These two facts increase the need to monitor

them to correctly reduce their effect.

The cooling and heating behaviour of aerosol depending on it composition also has

effects on cloud formation. Usualy clouds need some aerosol particles in order to help

condense water vapor. Darker aerosols, like smoke, and particulates absorb sunlight

and warm the air, but at the same time block incoming sunlight creating the surface

dimming seen before. This two facts make the temperature difference between the

ground and clouds to be smaller. Clouds need the ground to be warmer than the air

so evaporation can happen and moisture can raise and condense higher in the at-

mosphere, narrowing the temperature gap between ground and air suppresses cloud

formation and growth resulting on a decrease of rainfall over continents[34][55]. On

the other hand anthropogenic aerosols like sulfates and nitrates don’t absorb solar

radiation and can help cloud formation by adding more particles to the atmosphere

so vapor can condense when found in moderate concentrations. When concentra-

tions are elevated they block incoming sunlight causing the same effect as the smoke

aerosols[34].
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Aerosols can be released directly into atmosphere by natural means (such as mineral

and volcanic dust or forest fires) or by anthropogenic activities (like industrial dust

and fossil fuel combustion)[64] interact with other compounds on photochemical

oxidation and release secondary aerosols on the upper layers of the atmosphere. SO2

and other sulfates, next to VOCs and NOx, is one of the precursors of photochemical

reactions[71] but can also have other effects on enviroment and health. Oxidation of

SO2, usually in the presence of a catalyst such as NOx, forms acid rain[1]. Acid rain

is a mixture of water in any form and acidic components. Acid rain precipitation

can have several effects on environment. Many invertebrates are very sensitive to

acidification, when it ends up on water habitats such as lakes it alters the pH of

the medium and may reduce biodiversity[58]. Acid rain on soil may dramatically

change its chemistry, affecting sensible plant species and killing microbes that are

unstable to pH changes.

1.1.2 Air pollution effects on human health

Effects of air pollution on human health are very diverse and vary from pollutant to

pollutant. In 2014 there 7 million premature deaths linked to air pollution[49]. In

this section we will treat the effects of carbon monoxide (CO), smog, ground-level

ozone and particulate matter.

CO is colorless, odorless and tasteless air pollutant released with the combustion of

fuels such as gasoline, oil and wood. CO reduces the ability of the blood to bring

O2 to body tissues[14]. Depending on the concentration CO poisoning can cause

headache, tinnitus (ringing in the ear) and lightheadedness, nausea, vomiting, weak-

ness, clouding of consciousness, coma and even death (at concentrations of around

50% COHb, a CO derivate, in blood). CO is also related to pulmonary diseases

like asthma [14]. Some studies have shown that exposure to high CO concentra-

tions can lead to low birth weights. There are also studies[30] relating CO exposure

with subtle alterations in visual perception. Most susceptible groups to CO health

effects are people with coronary artery disease or other cardiopulmonary diseases,

fetuses, infants, and athletes who exercise heavily in high-CO atmospheres[14]. As
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seen in previous section, next to aerosols, carbon monoxide plays a key role on smog

formation. Next, smog health effects are reviewed.

Smog can produce different effects on health depending on its composition. Smog

mostly formed by coal and hydrocarbons tend to produce bronchial irritation while

smog produced by photochemical reactions of aerosols cause eye and skin irritation[59].

In smog episodes hospitalization and mortality increase has been observed, theses in-

creases were linked to respiratory diseases and cardiovascular and cardiopulmonary[69][59].

Ozone (O3) released from photochemical reactions that create smog can also cause

health problems. Most problems cause by long-term exposure to low levels of ground-

level ozone are respiratory. Ozone on the respiratory system can; inflame and dam-

age the airways, aggravate lung diseases such as asthma and chronic bronchitis

and increase asthma attacks, loss of lung function, cause chronic obstructive pul-

monary disease (COPD), and possible long-term lung damage and decreased im-

munity to disease[59][1]. Anhtropogenic ozone emissions are estimated to cause, at

present, 470000 (95% confidence interval, 140000 to 900000) premature respiratory

deaths[60].

Small solid matter or liquid droplets floating on the air also form the pollution haze.

These particles are classified depending on their diameter into PM10 (diameter less

than 10µm) and PM2.5(smaller than 2.5µm). Predominant chemicals of particulate

matter are sulfate, nitrate, ammonium, sea saltm mineral dust, organic compounds

and black or elemental carbon[54]. Exposure to such particles can affect both the

respiratory and cardiovascular system. The problems that they may cause are non-

fatal hart attacks, irregular heartbeat, aggravated asthma, decreased lung function

and increase respiratory symptoms such as irritation of the airways, coughing or

difficult breathing[1]. Anthropogenic particulate matter smaller than 2.5µm are es-

timated to cause 2.1 million deaths with cardiopulmonary diseases (93%) and lung

cancer (7%)[60].



Chapter 2

Related Work and approach overview

Many techniques have been developed on sky image analysis in order to extract valu-

able information. The recent developments in these techniques applied to ground-

based images are reviewed in Machine Learning Techniques and Applications For

Ground-based Image Analysis by Dev et al.. As Dev et al. state, the high-level

schematic framework for remote sensing data analysis can be summarized as shown

in Figure 1.

Figure 1: High-level schematic framework of remote sensing data analysis witch
machine learning techniques according to Dev et al. [20]

Following this summary in Figure 1, all the information extraction methods can

8
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be classified according to their choices on four main characteristics or steps. These

characteristics are: the used remote sensing data, the used feature extraction tech-

nique, the applications of the method, and the output generated. The goal of this

section is to show that, even tough similar choices have been previously done on in

each of the characteristics for ground-based sky image analysis, this paper presents

a novel method that, although based on the previously done job, is able to perform

a task never done before.

Regarding to the remote sensing data used, the majority of the methods rely on vi-

sual information in order to perform analysis techniques. The most common image

sources used to generate the models are: regular cameras [73], webcameras [47] and

whole sky imagers [13], [7], [38]. Whole sky imagers are specialized cameras used in

meteorology and astronomy for capturing images of the entire sky. Whole sky im-

agers can be used for example on air traffic control [56], cloud characterization[10],

cloud classification [44], [36] or Direct Normal Irradiance forecast [13]. Whole sky

imagers ((WSI), in short) offer high spatial and temporal resolution but commercial

WSI have high cost and limited flexibility, this is why many research groups built

their own WSI [20]. Additional sensing data, such as meteorological data, can be

useful when analyzing cloud images for classification. Liu and Li fused meteorolog-

ical data along with image features to perform cloud classification on images from

weather station networks.

Visual features used to characterize sky images are very diverse. As explained by Dev

et al. [20] image features are important for computational efficiency and enhanced

performance. On cloud related applications a lot of different descriptors have been

used. These descriptors try to capture different characteristics of the image such

as corners, like the Harris corner detector [29], or regions of the image with same

color, intensity, etc. characteristics like Difference of Gaussians or SIFT [43]. Calbo

and Sabburg used statistical texture features based on Fourier transform to perform

cloud classification [9]. Ghonima et al. [27] treated the pixel red-blue ratio (RBR)

between the test image and clear sky as feature [38]. In 2014 the authors of [77] got

a high classification accuracy by combining texture and structure features. Later
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Xiao et al. combined texture, structure and color cloud information to perform cloud

classification. Other algorithms to extract texture descriptors are proposed by Liu

et al. in [40], [41] and [39]. Other than classic visual features Ye et al. and Liu

and Li used visual features of deep convolutional layers to characterize clouds. This

approach is possible due to the natural appearance of cloud textures and the ability

of convolutional neural networks to learn rich representations.

Applications of these image analysis models can be very different. In 2012 Ghonima

et al. performed cloud detection [27]. Cloud classification has been done by Calbo

and Sabburg [9], Zhuo et al. [77], Xiao et al. [73], Liu et al. in [40], [41] and [39],

Dev et al. [19] and Liu and Li [38] using different approaches. Liu et al. applied

superpixels to identify local homogeneous regions of sky and cloud and performed

image segmentation. Adaptive denoising can also be performed with sky images as

shown by Liu et al. [37]. To the best of our knowledge and despite the different ap-

plications on ground-based images, pollution prediction from ground-based imagery

has not been attempted yet.

The proposed approach to this new application detailed in Chapter 4 joins mul-

timodal characteristics used by Liu and Li [38] and texture, structure and color

information used by Xiao et al. [73]. In our work, the proposed approach to this

new application (which detailed in Chapter 4) joins multimodal characteristics (also

used in Liu and Li [38]) and texture, structure and color information (also used in

Xiao et al. [73]).



Chapter 3

IAMDFAPP : Created Dataset

Since pollution prediction has never been approached with the joint multimodal

strategies proposed in this project, there is the need to gather the required joint

information in order to perform the task. In order to use visual information to

estimate pollutant levels using machine learning techniques we need a set of images

with the corresponding levels of pollution at that place and time. The creation of

this new dataset is one of the contributions of this project, and it could be used

with many other approaches and applications in the future.

The images used to create the IAMDFAPP dataset are extracted from the AMOS

data set [32]. Even though the AMOS data set is available online, by the time

this data set was started to be created the servers allocating it were down. Jacobs

et al. were contacted via email asking for access to the data set. The full email

conversation with information about the AMOS dataset structure can be seen at

the Appendix B. This not only gave us access to the images but also to a sheet

with all the camera locations, referencing to each of the cameras with a unique ID

number. With the geographical coordinates of the cameras a SQL database was

created with local information of the cameras. In this context, local information

refers to data evidences such as country, city, street address, etc. Let us detail it.

The name of the database with camera location is camera_locationf, and the table

containing all the information for each camera is called cameras. The fields of the

11
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cameras table for each camera are:

cam_id: primary key number for each measurement taken in order to save

each measurement as a unique entry.

lat: latitude coordinate of the camera location.

long: longitude coordinate of the camera location

state: state where the camera is found.

county: administrative division of the state where the camera belongs.

district: district where the camera is found (the district size and definition

can change from one country to the other).

city: city where the camera is found.

street: street of the city where the camera is.

number: number of the street of the camera location

full_address: full address of the camera location, containing all the above infor-

mation (except the camera ID, latitude and longitude) in a single

string

The resulting database has 17.800 entries and will be available at https://github.com/

. The retrieve of the local information was made using the Geocoder REST API [21].

An API is a set of clearly defined instructions available for someone to perform in or-

der to communicate with a system that lead to complex processes within the system

in order to simplify its use. REST APIs are APIs whose instructions are send via

HTTP GET requests to a server, which performs the operation required and returns

the needed information in the HTTP request. Geocoder REST API is a product

from HERE Developers. HERE Developers is a company with different products

that can be used either with a free plan (Freemium) or with a paying plan (Pro).
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The Freemium plan offers 250.000 transactions per month in addition to other man-

aging and storage options, since there were just 17.800 cameras to process it would

bee enough. The database was created with 55.120 requests to the Geocoder REST

API, so the Freemium plan allowed us to create the camera_location database.

Once the camera_location database was created and we knew the pollitical location

of each camera we could see which cameras we were interested in. World Health

Organization (WHO) has a database with particulate matter (PM ) pollution data

from around the world [50]. Particulate matter has severe health impacts but are

not the only air pollutants affecting human health (citar web de la oms del drive),

this is the reason why we looked for another source in order to collect the data.

There is no organization that gathers concentration data for all the pollutants from

around the world but the environmental agencies from each country are managing

their own data. This is why it would be easier to collect pollution data from just

one country and reduce the database size. Of the 17.800 cameras in the database,

12.537 (that is, a 70’43% of them) were in the United States, thus, the agency from

where data has been taken is the United States Environmental Protection Agency

(EPA).

EPA was created after the The Clean Air Act Amendments of 1970 ( Public Law

91-604, December 31, 1970) with the aim to create federal and state regulations to

limit emissions from both stationary (industrial) sources and mobile sources. This

act also established the National Ambient Air Quality Standards (NAAQS ) for six

criteria pollutants, this pollutants are: ground-level ozone, particle pollution (also

known as particulate matter), carbon monoxide, sulfur dioxide, nitrogen dioxide and

lead [59]. This standards of pollutant levels were designed aiming to protect human

health and are revised every 5 years. NAAQS are used to compute the Air Quality

Index (AQI ), an index created by EPA focused on health effects used to report how

clean or unhealthy air is [3]. AQI is computed from five of the six criteria pollutants

of NAAQS : ground-level ozone, particle pollution, carbon monoxide, sulfur dioxide

and nitrogen dioxide. Each of this pollutants affect human health and climate

change in different ways, their effects can be seen in Section 1.1.2. Since the goal of
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this project is to bring air quality control closer to people, and AQI is established

focused on health, we used the five pollutants used by AQI to create the pollution

database, containing all the pollution data of interest. Detailed information about

the pollutants used and their effects on human health can be seen in Section 1.1.

EPA website [2] has a lot of pre-generated .csv files with data of pollution and

weather measurements. Particulate matter (PM ) is divided in 2 groups; PM2.5 and

PM10 depending on the size of the particles, so 6 files were downloaded in total in

order to get the pollutant levels. The data is available at 3 temporal resolutions:

annual, daily and hourly. Every parameter measured is referenced through unique

codes; a table of the codes for the used data can be found in Table 1.

As seen in Section 1.1.1 meteorological factors are key factors both on cloud for-

mation process and, when combined with visual features, can help classify clouds.

Meteorology also influences ozone formation through photochemical reactions [66]

and has effects on pollution transport [4]. This is why meteorological data has also

been added to the pollution database in order to help system better understand the

cloud structure and the pollution levels, increasing the performance. The increase

in performance due to meteorological data is proven in the Results section.

The file names for the files with the data are structured as follows: temporal reso-

lution used, followed by the corresponding parameter code and at the end the year

of the data. The files downloaded from the EPA website [2] for the pollutants data

are:

• hourly_44201_2017.cvs (O3 concentration)

• hourly_42401_2017.cvs (SO2 concentration)

• hourly_42101_2017.cvs (CO concentration)

• hourly_42602_2017.cvs (NO2 concentration)

• hourly_88101_2017.csv (PM2.5 concentration)

• hourly_81102_2017.csv (PM10 concentration)
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EPA Parameter code Parameter name
44201 O3

42401 SO2

42101 CO
42602 NO2

88101 PM2.5
81102 pm10
61103 Wind Speed - Resultant
61104 Wind Direction - Resultant
62101 Temperature
64101 Barometric Pressure
62201 Relative Humidity

Table 1: Unique code with the corresponding parameter it references

And for the meteorological data are:

• hourly_WIND_2017.zip (Wind speed and direction)

• hourly_TEMP_2017.zip (Ambient temperature)

• hourly_PRESS_2017.zip (Barometric pressure)

• hourly_RH_DP_2017.zip (Relative humidity)

The data from the files were then parsed into the pollution database, with each

pollutant and meteorological factor on a different table. The table names were each

of the pollutant data has been saved are: gas_ozone for ozone data, gas_so2 for

SO2 (posar guay), gas_co for CO (posar guay), gas_no2 for NO2(posar guay),

poll_25 for PM2.5 and poll_10 for PM10. The tables for the meteorological data

are: met_wind for wind speed and wind direction (both samples are stored on the

table and both are retrieved when need creating a [wind speed,wind direction] vecor),

met_temperature for ambient temperature, met_pressure for barometric pressure

and met_humidity for relative humidity. The fields for each of the tables are:

sample_id: primary key number for each measurement taken in order to save

each measurement as a unique entry.
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site: EPA site ID that refers to a unique geographic location where

measurements are made with different monitors (every monitor

for a different pollutant) (referencia a on ho expliquen).

data: date when the sample was taken in format YYYY-MM-DD hh:mm.

sample: sample measurement made for the pollutant in that site.

unit_mesurament: that stores the measurement unit in which the parameter is sam-

pled.

lat: latitude of the site that made the measurement.

lon: longitude of the site that made the measurement.

Additionally to the pollutant data and meteorological data files, the file daily_aqi_by_county_2017.csv

was downloaded in order to have a reference AQI value for each of the previous mea-

surements. The fields of the poll_aqi table, where the data relative to the AQI index

for each measurements was saved, are:

sample_id: primary key number for each measurement taken in order to save

each measurement as a unique entry.

site: EPA ID of the site where the AQI value was measured.

data: date when the sample was taken in format YYYY-MM-DD.

sample: AQI value for that site at that day.

quality: quality category corresponding to the AQI value, a detailed table

of the AQI values and their corresponding air quality condition

is found in Table 2.

defining_parameter: parameter with the highest AQI value at that site.

Even though in this database pollutant concentration levels are linked to AQI values,

they can be used to compute any other air quality index since the AQI value is
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just a convention based on the NAAQS standards defined by EPA of the United

States. Each region or country has their own air quality index and it is computed

in a different way, for example; Canada uses the Air Quality Health Index (AQHI )

(citar un lloc on surti la taula), Europe uses the Common Air Quality Index (CAQI )

(citar), United Kigndom uses the Daily Air Quality Index (DAQI ), South Korea uses

the Comprehensive Air-quality Index (CAI ) and in Air Pollution Index (API ) is

used in Malaysia. Each of these air quality indices differ in the scale they use (a

0-10 range, or a 0-500 range for example), the quality categories they have, the way

they are computed and the concentration health breakpoints they define for each

pollutant, this is why they can be computed from the pollutant concentration levels

no matter the index used.

AQI CONDITION O3 (ppb) SO2 (ppb) CO (ppm) NO2 (ppb) PM2.5 (µg/m3) PM10 (µg/m3)

Good
(0-50)

0’0-0’054
(8h avrg)

0-35
(1h avrg)

0’0-4’4
(8h avrg)

0-53
(1h avrg)

0’0-12’0
(24h avrg)

0-54
(24h avrg)

Moderate
(51-100)

0’055-0’07
(8h avrg)

36-75
(1h avrg)

4’5-9’4
(8h avrg)

54-100
(1h avrg)

12’1-35’4
(24h avrg)

55-154
(24h avrg)

Unhealthy for sensi-
tive groups (101-150)

0’071-0’085
(8h avrg)

76-185
(1h avrg)

9’5-12’4
(8h avrg)

101-360
(1h avrg)

35’5-55’4
(24h avrg)

155-254
(24h avrg)

Unhealthy
(151-200)

0’086-0’105
(8h avrg)

186-304
(1h avrg)

12’5-15’4
(8h avrg)

361-649
(1h avrg)

55’5-150’4
(24h avrg)

255-3154
(24h avrg)

Very unhealthy
(201-300)

0’106-0’2
(8h avrg)

305-604
(8h avrg)

15’5-30’4
(8h avrg)

650-1249
(1h avrg)

150’5-250’4
(24h avrg)

355-424
(24h avrg)

Hazardous
(301-500)

0’405-0’604
(1h avrg)

604-1004’0
(1h avrg)

30’5-50’4
(8h avrg)

1250-2049
(1h avrg)

250’5-500’4
(24h avrg)

425-604
(24h avrg)

Table 2: Pollutant concentration breakpoints for the AQI index[3]. Numbers under
each category indicate the AQI values that correspond to that range and (Xh avrg)
indicates the number of hours in which the concentration is averaged

With all the camera locations and the desired pollution data we created a table

matching each camera with the closest site with available data for every parameter

(either pollutant or meteorological factor) and stored it into the pollution database.

This tables is called camera_sites and its fields are the ID of the closest site avail-

able and the distance between the camera and the site for each parameter with the

following field name format: parameter abbreviation for the site ID field, and param-

eter abbreviation_DISTANCE. The process to fill the table is displayed Algorithm

1. Following there is a list of the camera_sites table fields by site ID, distance pairs:
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• O2 | O2_DISTANCE

• SO2 | SO2_DISTANCE

• CO | CO_DISTANCE

• NO2 | NO2_DISTANCE

• PM25 | PM25_DISTANCE

• PM10 | PM10_DISTANCE

• WIND | WIND_DISTANCE

• TEMP | TEMP_DISTANCE

• PRES | PRES_DISTANCE

• RH | RH_DISTANCE

Result: camera_sites table
get the location of different sites available;
get location for each camera in the United States;
for each camera do

radius=100km while we have to get at least one parameter site do
compute approximate bounding box of size 2*radius centered at
camera location;

for each parameter without assigned site do
sites = filtered sites inside bounding box;
if sites is not empty then

sort sites according to distance to camera;
store closes site as site for that camera parameter;

end
end
radius=radius*2;

end
end

Algorithm 1: Procedure to relate cameras with the closest site for each parameter
(pollutant and meteorological)

Latitude is the coordinate that specifies the position of a point respect to the north-

south axis, and longitude is the coordinate that specifies the position of a point

on the east-west axis. Parallels are lines with constant latitude and meridians are

lines with constant longitude, a graphic representation of these lines can be found

on Figure 2. As it can be seen in Figure 2 all parallels are at the same distance,
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Figure 2: Visual representation of parallels and meridians. Image from [35]

no matter in what point of a parallel you are (assuming an spherical earth), on the

other hand the distance from one meridian to the other depends on how close you

are to the poles. The closer you are to the poles, the shorter the distance between

meridians is, therefore the distance between two points of different longitude depends

on their latitude.

The bounding box around each camera location was computed using an approxi-

mation of the length of the arc between two points one degree in latitude away (in

km), and one for the arc between two points one degree in longitude away. The

approximations used, based on latitude intervals, can be found in Table 3. With

the approximated distances of traveling one degree in latitude or one degree in lon-

gitude, a desired bounding box size was specified in km and the latitude (φ) and

longitude (λ) shift were computed as follows:

latitude_shift =
radius

distance per latitude degree

longitude_shift =
radius

distance per longitude degree

With the corresponding shift in each coordinate in order to travel a distance of a

radius value, the limits of the bounding box where calculated as follows:

top_latitude = latitude+ latitude_shift
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bottom_latitude = latitude− latitude_shift

top_longitude = longitude+ longitude_shift

bottom_longitude = longitude− longitude_shift

Latitude (absolute km of arc per degree km of arc per degree
value) interval of latitude of longitude

0◦- 40◦ 110’57 111’32
40◦- 80◦ 111’03 85’39
80◦- 90◦ 111’69 19’39

Table 3: km of car per degree of latitude and longitude approximations used by
latitude intervals

The approximation shown in Table 3 is too inaccurate and would generate too much

error when computing distances between two points. This is why these approxima-

tions are only used to compute the bounding box around the camera and filter the

available sites for each parameter. This allowed us to compute the distance to just

the sites that were relatively close, rather than computing the distance to all the

available sites and ends up having no effect on the final distances between camera

and sites. The distances between the camera and the sites were computed using the

Haversine formula for the great circle distance[61]:

D = R · c

Where D is the distance between the camera and the site in km, R the earth radius

in km and c, the angular distance (in radians) is calculated as follows:

φ1 =
π · latitude1

180

φ2 =
π · latitude2

180
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λ1 =
π · longitude1

180

λ2 =
π · longitude2

180

∆φ = φ2 − φ1

∆λ = λ2 − λ1

a = sin2(
∆φ

2
) + cosφ1 cosφ2 sin2(

∆λ

2
2)

c = atan2(
√
a,
√

1− a)

a is the square of half the length between the two points with atan2(x, y), as defined

in [48], being the angle in radians between the ray passing through the point (1,0),

and the ray ending at the origin and passing through the point (x, y) in the Euclidean

plane. The Haversine formula for computing the great circle distance approximates

that earth as a sphere. The error between the approximation and the elliptical

distance is typically below 0.3% and reaches its maximums at equator with an

error of 0.55% crossing the equator[68]. This gives a maximum error of 5.5km with

distances of 1000km, quite acceptable taking into account that cameras with sites

farther than 1000km.

3.1 Dataset set up for the experiments

In order to test the method described in Chapter 4 we proceeded to download the

multimodal data that could be useful. With the camera_sites table relating each

camera with the closest sites, we could filter the cameras according to their distance

to the monitoring sites. The cameras with all the sites monitoring either pollution

on meteorological parameters closer than 10 km were selected so we could ensure

relation between the visual and meteorological information. A sample image for

each camera with a monitoring site closer than 10 km was downloaded. AMOS

images were downloaded using a modified version of the code provided with AMOS
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(a) Sample image of camera 398 (b) Sample image of camera 31044

(c) Sample image of camera 31047 (d) Sample image of camera 31302

Figure 3: Sample images of IAMDFAPP cameras with sites closer than 10km

dataset download_amos.py to access the http://amosweb.cse.wustl.edu/zipfiles/ url

with the corresponding parameters depending on the year, month, and camera ID.

Since the AMOS images can be downloaded just by months, a whole month of

images was downloaded and then an image was selected. The selected image was

checked to see if it would have enough visual information in order to discriminate

the camera. The selected image was discarded if its mean intensity was smaller

than a threshold pixel_threshold or if the portion of pixels with the same value

in all the three RGB channels was greater than a threshold area_threshold, this

ensured that the images were bright enough, and therefore they were daytime images.

pixel_threshold and area_threshold are set to 70 and 40 respectively. In total 820

cameras on the IAMDFAPP databse have monitoring sites closer than 10 km. The

AMOS dataset has a lot of traffic cameras and not all the cameras have a view of

the sky. After removing cameras with no sky view (e.g. most traffic cameras) a

total of 66 cameras are left; IDs of these cameras was stored in a list in order to

know possible cameras for testing the method.

As it can be seen in Figures 4 and 5, the distributions of the pollution data from the
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sites of one of this cameras (camera 398) are very similar to the ones of the pollution

data taken from the sites of the cameras with closest site at most at 100 km. This

means that by using the data of one camera (in this case the camera 398) we are

taking pollution data that is representative of all the useful pollution data available.

Image data for the desired cameras was downloaded in particular, the ones taken

during the months of January, February, March, April and May of the year 2017, so

they were in the same time period as the pollution and meteorological data. Images

were downloaded and checked, as before, to see if they had enough visual information

in order to discriminate the camera. The daytime images were then divided into

patches of fixed size 300 pixels wide and 300 pixels and 300 pixels high. The fixed

patch make that patches close to image edges are not square if the height or width

image size are not multiple of 300. This should have no effect on the final result

but could be solved by different patch size depending on the image size. Just the

patches containing sky in their entirety were kept. Since the camera is static and it

has no movement, in order to know what patches contained sky information a .txt

file was generated with the names of the patches with sky information. The patches

of the sky were stored into the folder image_data/camera_id, were camera_id is

the ID of the camera padded with zeros in order to get a string of length 8 (e.g.

00000398 ). Each patch was stored into a sub-folder corresponding to the AQI value

of the day when the image was taken, the subfolder features was created in order to

store the visual features for each patch.

Pollution and meteorological data for the camera was also stored. Data for each

parameter was taken from the closest site to the camera using the camera_sites

table to know the corresponding site for each parameter. Data of the same time

was stored into a .txt file into the folder pollution_data/camera_id, each file into a

sub-folder corresponding to the AQI value of the day of the samples. The names of

the .txt files with the pollution and meteorological data have the following structure:

YearMonthDay_HourMinuteSecond_pollution.txt Inside the .txt file the samples for

each parameter are placed between square brackets and ordered the following way:

[Ozone][SO2 ][CO][NO2][PM2.5 ][PM10 ][wind speed,wind direction][temperature][pressure][humidity]
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(a) Histogram of Ozone
concentration levels

(b) Histogram of SO2
concentration levels

(c) Histogram of CO
concentration levels

(d) Histogram of NO2
concentration levels

(e) Histogram of PM2.5
concentration levels

(f) Histogram of PM10
concentration levels

Figure 4: Histograms with 25 bins of the pollutant concentration levels available on
IAMDFAPP for all the sites that are closer than 100km to a camera. Pollutants
and their displayed concentration range and corresponding measuring unit are: (a)
O3 [0.00-0.07](ppm), (b) SO2 [0-5](ppb), (c) CO [0-2.5](ppm), (d) NO2 [0-50](ppm),
(e) PM2.5 [0-65](mg/m3), (f) PM10 [0-85](mg/m3)

The resulting file tree containing all the necessary information in order to test the

method can be seen in Figure 6:
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(a) Histogram of Ozone
concentration levels

(b) Histogram of SO2
concentration levels

(c) Histogram of CO
concentration levels

(d) Histogram of NO2
concentration levels

(e) Histogram of PM2.5
concentration levels

(f) Histogram of PM10
concentration levels

Figure 5: Histograms with 25 bins of the pollutant concentration levels available on
IAMDFAPP for all the sites that are closer than 100km to a camera. Pollutants
and their displayed concentration range and corresponding measuring unit are: (a)
O3 [0.00-0.14](ppm), (b) SO2 [0-5](ppb), (c) CO [0-8](ppm), (d) NO2 [0-120](ppm),
(e) PM2.5 [0-70](mg/m3), (f) PM10 [0-70](mg/m3)

root_folder
image_data

camera_id
AQI_folder

image_patches.jpg
features_folder

pollution_data
camera_id

AQI_folder
pollution_file.txt

Figure 6: Directory structure used to save IAMDFAPP data to test the proposed
method



Chapter 4

Proposed Method

This work proposes a novel method for predicting the concentration levels of differ-

ent pollutants using multimodal data as done by Liu and Li [38]; in particular, using

both visual and meteorological information. Our proposal to predict the concentra-

tion of the pollutants is made of two stages. The first stage consists of multimodal

descriptors extraction, and the second one consists of a regression method. These

two stages correspond to step II and III of Figure 1. Visual information of mul-

timodal features is created based on Xiao et al. mCloud multiview visual feature

extraction mechanism [73]. In this Chapter, we will first illustrate the two main

steps done in order to create the model and we will then detail the workflow for

predicting pollution on new samples.

4.1 Multimodal descriptors creation

As demonstrated by Liu and Li [38], multimodal cloud information, provides sup-

port for the ground-based cloud classification and it is helpful for the ground-based

cloud classification. Multimodal data consists on data coming from two or more

different modalities, in this work the multimodal data used, as in Deep multimodal

fusion for ground-based cloud classification in weather station networks, it consist

on visual and meteorological information. The visual features are extracted from

the visual data and represent the cloud texture and structure. The visual features

26
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used in the project are extracted from Xiao et al. work mcloud: A multiview visual

feature extraction mechanism for ground-based cloud image categorization. The au-

thors in mcloud: A multiview visual feature extraction mechanism for ground-based

cloud image categorization [73] Xiao et al. propose a novel multiview visual feature

extraction mechanism to capture cloud texture, structure and color simultaneously

[73]. mCloud first computes the visual descriptors for a cloud and then encodes them

via Fisher vector encoding (FV) [53]. In the following we include an explanation of

how the data acquisition and FV encoding are performed in order to adapt mCloud

to multimodal data. Not all the descriptors proposed by Xiao et al. [73] are used in

this method, in order to see the descriptor selection based on empirical results, the

reader is referred to Chapter 5.

4.1.1 Multimodal data computation

The multimodal data was retrieved from the IAMDFAPP database. IAMDFAPP

database has visual and meteorological information from different sources related in

order to have reliable data correspondences from the two sources. Detailed infor-

mation on how the data was retrieved can be found in Section 3.1. Pollution and

meteorological information are stored in the same file; at the moment of creating the

multimodal data, the meteorological samples are taken and the pollution samples

are used as labels for the samples since we are trying to predict pollution levels.

In order to visually characterize the effects of pollution on cloud formation process,

we must capture information about texture, structure of clouds. The visual descrip-

tors used on mCloud by Xiao et al. [73] are the so-called Scale Invariant Feature

Transform (SIFT)[43], the census transform histogram (CENTRIST)[72] and a sta-

tistical color feature [73]. As it is very well known and the authors of [73] state, SIFT

and CENTRIST are two widely used visual descriptors. Between them, SIFT tends

to emphasize texture information while CENTRIST captures structural information

[73]. Color information can also be very useful when predicting air pollution because

it has visible effects on atmosphere, as for example smog, and thus color may well

contribute to the characterization of air pollution. Since mCloud features satisfy
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all the needs we have, the feature extraction mechanism of mCloud is used in this

method. mCloud is available online and a link to the source MATLAB code can be

found in mcloud: A multiview visual feature extraction mechanism for ground-based

cloud image categorization [73]. mCloud mechanism extracts the visual descriptors

with different patch sizes and store them so they can be used later.

To capture finer details, the descriptors are extracted in a densely sampled way

using a sliding window (patch) of size PW × PH and a vertical stride of SY and

an horizontal stride of SX over each image [73]. The descriptors are computed for

each window and stacked into an array of size number of windows × descriptor

dimension for each image. An illustration of this sliding window procedure can

be seen in Figure 7. On mCloud[73], Xiao et al. compute the descriptors with 3

different window size values, 12 × 12, 16 × 16 and 20 × 20, and a horizontal and

vertical stride empirically set to 8 in all the cases[73]; the same values for window

size and stride are used in this method. Even though the same window sizes and

stride are used to compute the visual descriptors, not all the multiview information

(from different window sizes) has been used to create the final model, the selection

of patch sizes used for this model can be found in Chapter 5.

Figure 7: Densely sampled feature extraction using a sliding window as used by Dev
et al. [20]

Visual features are computed for each patch and stacked together to create the

image description. The first descriptor computed, SIFT, is extracted by dividing



4.1. Multimodal descriptors creation 29

the window patch into 4 × 4 = 16 cells following Gaussian smooth filtering [73]. For

each cell the gradient magnitude is computed as

m(i, j) =
√
mx(i, j)2 +my(i, j)2 (4.1)

and the gradient orientation is

θ(i, j) = tan− 1(mx(i, j)/my(i, j)) (4.2)

where the image gradient in the x direction and y direction respectively are defined

as:

mx(i, j) = I(i+ 1, j)− I(i− 1, j) (4.3)

my(i, j) = I(i, j + 1)− I(i, j − 1) (4.4)

and I(i, j) is the grayscale intensity of the pixel located at (i, j). The full orienta-

tion range [0, 2π) is then divided into 8 regions and Θ(i, j) is quantified into one

of the regions, adding a quantity proportional to its magnitude m(i, j) to the cor-

responding bin for each pixel (i, j) [73]. As a result, a orientation histogram of

8 bins is obtained for each cell. The histograms for each of the 16 cells are then

concatenated. The resulting SIFT descriptor for the window patch is of length 8 ×

16 = 128. An illustration of the whole SIFT extraction procedure can be found in

Figure 8. Due to the division of the patch into 16 cells, and the extraction of the

orientation histograms for each of the cells, SIFT gets to describe the fine scale local

texture information [73]. More details of SIFT computation can be found in Object

recognition from local scale-invariant features by Lowe et al. [43]. The descriptor for

each of the window patches are then stacked creating a matrix of N × 128 where

N is the total number of subpatches created by the sliding window approach
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Figure 8: Main SIFT extraction procedure as depicted in by Dev et al. [20]

The next visual descriptor computed is CENTRIST [72]. CENTRIST is extracted

from the whole patch by computing the histogram of the census transform (CT,[76])

values of the patch. CT values characterize the local and global properties of the

image [72]. In order to compute the CT value for a pixel, the neighborhood of the

closest 8 pixels is considered. A bit for each neighbor pixel is created, 8 in total, and

concatenated from top left to bottom right. If the central pixel (i.e. our pixel) value

is higher or equal than a neighboring pixel, then 1 is set to the bit corresponding to

that pixel, otherwise the bit value is set to 0. The 8 bit number is then converted

to base 10 and used as the CT value. The final CT value will be in the range of [0

255]. An illustration of this process can be found in Figure 9

Figure 9: CT value computation procedure as explained in [43] by Dev et al. [20]

The corresponding CT value is computed for each pixel following Figure 9. CEN-

TRIST is then described as the 256-dimensional histogram of the CT values. CEN-

TRIST describes the probability of each of the CT values appearing within the image

window. According to Xiao et al. [73] CENTRIST achieves to capture the global

structure; this happens as CENTRIST is extracted from the whole patch rather than

the local regions[73] and because, according to Wu and Rehg, CT values keep strong
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structural constraints among them. The main CENTRIST computation procedure

can be seen in Figure 10.

Figure 10: Main CENTRIST extraction procedure as depicted in [43] by Dev et al.
[20]

The last visual descriptor extracted from the images is the color feature. The color

feature is also extracted from the whole patch and uses different color spaces in order

to extract information of the image. Red-Green-Blue (RGB), hue, saturation, value

(HSV), Lab, and opponent color space are used. In total, 4 × 3 = 12 color channels

are used. The mean and standard deviation of each color channel are calculated as

shown in equations (4.5) and (4.6)

mean =
PW∑
i=1

PH∑
j=1

I(i, j) (4.5)

std =

√√√√ 1

PW × PH− 1

PW∑
i=1

PH∑
j=1

[I(i, j)−mean] (4.6)

The mean and standard deviation for each of the 12 color channels are concatenated

creating the final 12 × 2 = 24 color descriptor for the image patch.

With all the visual information extracted we just had to add the meteorological

information corresponding to the place and time were the images were taken to

have the multimodal data. The weather data is extracted from IAMDFAPP as

explained in Section 3.1. As stated in Section 3.1 the multimodal files contain both

the pollution and the meteorological data and each image has a matching multimodal



32 Chapter 4. Proposed Method

data file with samples taken from the closest sites at the time the image was made.

AMOS images are taken every 30 minutes intervals and meteorological and pollution

data is available with 1 hour intervals. In order to assign a meteorological sample

to an image we just take into account the hour when the image was taken and

not the minutes, this causes that 2 images are assigned the same meteorological

data. As in Deep multimodal fusion for ground-based cloud classification in weather

station networks by Liu and Li, the meteorological data used in this method are

temperature, wind speed, pressure and humidity. This meteorological factors play

key roles on cloud structure, this is why they are useful to help classifying clouds.

Even though cloud classification and pollutant concentration prediction are two

different applications, they rely on the same visual cloud properties (e.g. structure,

shape or texture) in order to achieve their goal using computer vision. This is why

the meteorological information will also help the pollution levels prediction as it

helped improving the performance of Liu and Li [38] method.

4.1.2 Fisher Vector Encoding

In mCloud, Xiao et al. [73] apply feature encoding on the raw descriptors to enhance

their performance [73]. The chosen encoding is Fisher vector (FV) encoding [57]. FV

encoding can be seen as an alternative of the bag-of-visual words (BOV) strategy[16].

BOV works with a visual codebook representing all the possible descriptor values.

This codebook of k visual words is created by k-means clustering a large set of

visual descriptors. Then, a new descriptor sample is represented with the closest

word in the codebook. FV also describes a sample using a pre-generated model, but

the model and the way of representing the sample are different. In FV encoding

each descriptor sample is represented with its deviation from the general model. FV

has been successfully applied to image classification by Perronnin and Dance [52],

Perronnin et al. [53], Ye et al. [74] and Xiao et al. [73]. In this work we propose to use

FV with our multimodal desciptors. More precisely, FV encoding will be applied to

the visual feature descriptors, as done by Xiao et al. [73], and to the meteorological

data through our joint normalized descriptor.
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The FV representation of a sample consist of its deviation from the general model.

The deviation from the general model is computed as the gradient of the log-

likelihood w.r.t the model parameters [73]. Following Sánchez et al. in [57] the

general model used to perform FV encoding is a generative Gaussian mixture model.

Let uλ =
∑N

i=1wiui be the N component Gaussian mixture model (N-GMM) with

diagonal covariance matrices and parameters λ = {wi, µi, σi, i = 1, ..., N}, with

wi, µi and σi being the mixture weight, the mean vector and the mean standard

deviation vector of the Gaussian ui, respectively [73]. The sample gradient w.r.t to

wi is ignored since it is not discriminate enough [57].

Each feature used to represent an image (i.e. SIFT, CENTRIST, color or mete-

orological descriptors) has dimension L × D, with L being the number of sliding

windows used to compute the feature and D the dimension of the descriptor used.

Let X = {xl, l = 1, ...L} describe the set of one the D-dimensional descriptors (ei-

ther visual or meteorological). The descriptors computed for each training image

are stacked with the descriptors from the other images, creating a two-dimensional

matrix of size (L×S) × D, with S being the total number of training images. In

order to estimate the λ parameters of the N-GMM model expectation-maximum

(EM) algorithm is used [18] over a large number of training descriptors. In order

to speed up computing, of the L·S descriptor rows, just a portion of it is used as

training descriptors set to compute the λ parameters of the N-GMM model. The

training data portion kept in mCloud [73] and in this method to compute the Gaus-

sian mixtures is 0’5 (that is, 50% of it). A N-GMM is computed for each descriptor

type used over half the training samples.

The gradients w.r.t to the model parameters are calculated as follows:

GX
µi

=
1

L
√
wl

L∑
i=1

γl(i)(
xl − µi

σi
) (4.7)

and

GX
σi

=
1

L
√

2wl

L∑
i=1

γl(i)[(
xl − µi

σi
)− 1] (4.8)

with γl(i) being the soft assigment of xl corresponding to ui. When encoding a
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feature sample, the L descriptors computed for each image (one for each subwin-

dow) are aggregated by sum pooling in order to obtain the image representation.

This aggregation proces is given by the sumation term of equations (4.7) and (4.8).

The FV representation of a feature is obtained by concatenating the D-dimensional

vectors defined in equations (4.7) and (4.8) for all the N Gaussians as follows [73]:

GX
λ = [GX

µ1
, ...,GX

µN
,GX

σ1
, ...,GX

σN
] (4.9)

The resulting FV for a D-dimensional descriptor is of 2DN dimensionality and if

there are L descriptors the information of all of them is added to the final FV by

sum pooling. FV is able to map a D-dimensional raw descriptor to a much higher

feature space, increasing the performance of linear classifiers [73] [65]. As Sánchez

et al. in [57], square root and L2 normalization are executed on the FV to further

improve its performance. FV encoding is applied to each of the descriptors, first

to SIFT, then to CENTRIST, color and to the meteorological vector at last. The

resulting vectors are concatenated in order to create the multimodal data.

Following Liu and Li [38], the multimodal data has been integrated as described in

equation (4.10) below in order to balance the importance between the visual and

the meteorological features [38].

F = [αV T , βMT ] (4.10)

On equation (4.10), F is the final FV encoded data, α and β are the multimodal

weights w = [α, β], V is the concatenation of the different FV encoded visual features

and M is the FV encoded meteorological data.

Before the pollution levels prediction, the dimensionality reduction technique prin-

cipal component analysis (PCA) [20] is applied in order to keep the most meaningful

dimensions of our high dimensional feature space; in particular, in the case of PCA,

in order to keep just the dimensions with most variance information. A comparison

of the results with different PCA values can be found in Chapter 5
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4.2 Linear regression on multimodal data

Xiao et al. [73] and Liu and Li [38] objective was to classify clouds on different

categories based on the cloud type. The goal of this method is not to classify but

to predict the pollution levels from the visual information. In order to do so the

pollutant concentration samples taken alongside the meteorological data from the

IAMDFAPP database are used as labels for the samples. From them, our method

will analyze its correlation with visual and meteorological data using linear regression

methods.

Since in the IAMDFAPP database there is information of the concentration of six

different pollutants, each sample had six different labels that we tried to predict.

The concentration level for each pollutant is used as if it was the only label and is

predicted regardless of all the other five labels. The prediction of the pollutants is

made by linear regression models. Regression tries to explain the target variable, in

this case the pollutant concentration, as a linear combination of the sample features;

if ŷ is the predicted value, it is calculated as shown in equation (4.11), where x =

(x1, ..., xd) is the D-dimensional feature vector, w = (w1, ..., wp) are the regression

coefficients and w0 is the expected mean value of ŷ when x is 0 (also known as the

intercept). An illustration of the linear regression process can be found at Figure

11

ŷ(w, x) = w0 + w1x1 + ...+ wpxp (4.11)

There are different ways of computing the regression coefficients w. In this method

several regression methods were tested in order to find the best one. All the used

regression models are implemented on the scikit learn API [8]. The scikit learn API

[8] also implements a fit and predict methods for each of the regressors. The fit

method allow us to learn the regression coefficients for each model and the predict

method computes the output variable for the test samples.

In order to perform regression for each of the different pollutant concentration lev-

els multi-target regression is performed. Multi-target regression consists on fitting
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Figure 11: 2-Dimensional linear regression example. Regression parameters would
be: w0 and w1 following the line equation y = m · x+ y0. Image taken from

one regressor per target variable. The multi-target regression was done using the

scikit learn [51] API [8] function multioutput.MultiOutputRegressor ; this function

automatically sets a regressor for each target and stores it in order to predict new

data.

What follows next is an overview of the different regression optimization methods

tested on this work. A description of the error metrics used to compare the regressors

performance and the empirical results of the model using the different regressors

are found in Chapter 5. The different regressors were tested using cross-validation

technique. Cross-validation splits data into C subsets of equal size and performs C

evaluations of the regressor using each time a different c subset as test samples.

Ordinary Least Squares is the simplest optimization method for computing the w

coefficients. In order to compute the regression coefficients it minimizes the resid-

ual sum of squares between the observed targets in the data set y and the pre-

dicted target by the linear approximation Xw [51]. The minimization equation is

shown in Equation (4.12) [51]. Ordinary Least Square is implemented in the lin-

ear_model.LinearRegression method of the scikit learn API [8].

min
w
‖Xw − y‖22 (4.12)
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Lasso linear regression model has tendency to prefer solutions with fewer non-zeros

coefficients, therefore it reduces the number of features upon the solution depends

[51]. Mathematically is very similar to Ordinary Least Squares but adding a penalty

on coefficients w size and a regularization term 1
2nsamples

. The resulting mathematical

equation is Equation (4.13). In the scikit learn API [8] this model is implemented

as linear_model.Lasso

min
w

1

2nsamples
‖Xw − y‖22 + α‖w‖1 (4.13)

LARS Lasso is a Lasso model solved using the Least-angle regression (LARS) algo-

rithm. Details of LARS algorithm can be found in [24]. This implementation of the

Lasso model is found in the scikit learn API[8] as linear_model.LassoLars.

Elastic-Net model uses both l1 and l2-norm. It combines the l2-norm term from

Ridge Regression and the regularization term and l1-norm from Lasso. The com-

bination between the two norms is made with ρ. The resulting equation is Equa-

tion (4.14) [8]. This model is implemented in the scikit learn API[8] in the lin-

ear_model.ElasticNet method.

min
w

1

2nsamples
‖Xw − y‖22 + αρ‖w‖1 +

α(1− ρ)

2
‖w‖22 (4.14)

Support Vector Regression (SVR) is an extension of the Support Vector Machine

(SVM) method for classification and is implemented on the scikit learn API[8] in

svm.SVR method. SVM works by creating a decision function also known as support

vector that classifies a data point between two classes depending on the side of the

function it falls. In the case of multiple classes classification two approaches can be

taken, "one-against-one" and "on-vs-the-rest", we will not go into details of these

approaches, form more information you can check by Hsu and Lin [31]. In the scikit

learn API [8] the "one-against-one" strategy. A visual representation of a multi-class

SVM classification can be seen in Figure 12.

Theil-Sen estimator on two dimensional data works by creating p subsets of the data
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Figure 12: SVM classification example done with scikit learn API[8] with a linear
kernel on the iris dataset [26]. Image taken from scikit learn website.

points and computing the mp and bp parameters of the models y = mpx + bp for

each subset. The final m and b parameters are the median of all the computed mp

and bp. The multidimensional extension of Theil-Sen regressor is implemented in

the scikit learn API [8] following [17].

Bayesian Ridge regression estimates probabilistic models and assumes that the out-

put y is Gaussian distributed around Xw as stated in Equation (4.15) [51] where

α is estimated from the data. Then the coefficient w is given by Equation (4.16)

assuming that w is given by a spherical Gaussian. Then w, α and λ are estimated

during the model fit [51]. This models is implemented on the scikit learn API [8] in

the linear_model.BayesianRidge method.

p(y|X,w, α) = N (y|Xw,α) (4.15)

p(w|λ) = N (w|0, λ−1Ip) (4.16)

Automatic Relevance Determination Regression (ARDR) is very similar to Bayesian

Ridge Regression since it estimates that the output variable is Gaussian distributed

as seen in Equation (4.15). Instead of using spherical Gaussians to get w coefficients
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it assumes that w is an axis-parallel elliptical Gaussian distribution [51]. This leads

to the possibility of getting sparse w coefficients. The mathematical formulation of

the coefficients assumption is shown in Equation (4.17)

p(w|λ) = N (w|0, A−1) (4.17)

4.3 Model used on any sky image

The proposed method in this work is tested with data from the IAMDFAPP database.

The goal of the method is to come up with a tool able to predict pollutant concentra-

tion levels from a sky image. Nevertheless the proposed method uses as input data

visual and meteorological information. In order to predict the pollutant levels using

the proposed method from just a sky image we need to retrieve the meteorological

data corresponding to that location and time.

If the input sky image is taken in the United States, the pollution database can be

used to find the closest monitoring site for each meteorological factor and then the

data for each site at the corresponding time can be downloaded. On the other hand,

if the input image is from outside the United States, the meteorological data must

be taken from the state agency managing the corresponding meteorological data. In

both cases the methods for automatically retrieving the meteorological data must be

yet implemented. Further information on how this step could be performed is found

in Chapter 6.1. From now on the following process description is made assuming

meteorological data is available for every new input image.

Regarding the visual information, it is needed that the visual descriptors used are

invariant or at least robust to the different image capture changes that might well

happen. That is, the appearance changes between cameras must not affect the final

prediction results. The most variant aspect between cameras is color calibration and

white balance. Color calibration and white balance differences between cameras can

be seen in Figure 3.

From the proposed descriptors by Xiao et al. [73] SIFT and CENTRIST are used
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to capture texture and structure information, respectively. They are computed over

the grayscale image. Both SIFT and CENTRIST descriptors are invariant to non-

decreasing contrast changes associated to changes in illuminance conditions. The

main reason for this property is that they are based on histograms of the orientation

of the gradients of the image, in the case of SIFT, and on intensity orders in the case

of CENTRIST descriptor. Their ability to capture structure and texture information

is given because SIFT and CENTRIST descriptors rely only on relative information

rather than absolute values of the image. This can be seen, in case of the SIFT

descriptor, on equations (4.3), (4.4) and (4.2). In equation (4.2) the orientation

value is defined as the angle between both gradient values, and in equations (4.3) and

(4.4) the gradient values are calculated as the difference between two pixel intensity

values. If the intensity values of the image increases, the two gradients will still be

the same since both pixel intensities increased; the same happens if the intensity

range of the image is increased, the two difference will increase the same way and

therefore their relation will stay the same. The relative behaviour of CENTRIST can

be easily seen in Figure 9 of Chapter 4 CT values depend only on the relation of the

neighbor pixel values to the center pixel value (i.e. if it is smaller or bigger), any color

adjustment that has an effect on intensity values will maintain this relation between

pixels, otherwise it would be changing image structure. Possible color corrections to

get all the images with the same color characteristics are discussed in Section 6.1.

By the moment to avoid the color corrections we will take advantage of the relative

behaviour (that is, of the mentioned invariance to illumination contrast changes) of

SIFT and CENTRIST and we will just consider this two descriptors to compute the

visual feature for any new given image. This way color differences between images

will not affect the final prediction.

Assuming that we have the meteorological data M for a new input image, a previ-

ously computed set of regressors R = {Rk, k = 1, ...K} (with K being the number

of pollutants that want to be predicted), a PCA basis P , some multimodal weights

w = [α, β] and a set of I Gaussian mixture models GMM = {GMMi, i = 1, ...I}

(with I being the total number of descriptors used), the process for predicting pol-

lution levels on new images is shown in Algorithm 2.
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Algorithm 2: Pollution level prediction process for new images
Result: Predicted pollution concentration levels
retrieve meteorological data for image;
compute sky region;
compute J patches for sky region;
for every patchj of the sky region do

initialize empty feature vector ;
mCloud feature computation;
i=0;
for every visual descriptor do

for every patch size do
append the i-th feature matrix to feature vector ;
i=i+1;

end
end
append the meteorological data M at the end of feature vector ;
encoded sample = Fisher Vector encoding of feature vector with models
GMM ;
final sample = projection of encoded sample to PCA basis P ;
for every regressor of R do

levelj,k = predicted output for final sample using Rk regressor;
end

end
for every predicted pollutantk do

final concentrationk = 1
K

∑J
j=1 levelj,k

end
return final concentration vector

The i−th Gaussian model corresponds to the model describing the i−th descriptor.

First the visual descriptors are counted, one time for each patch sizes (e.g. if SIFT

and CENTRIST are used and the patches are 12 and 16 the result would be: SIFT

12, SIFT 16, CENTRIST 12, CENTRIST 16) and at last the meteorological one,

the meteorological descriptor is always the last descriptor taken into account.
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Results

The created method depends on several parameters that may influence the model

performance. These parameters are: the visual descriptors used (D), the patch size

used (P), the multimodal weights (w), the number of PCA components (PCA), the

number of Gaussian mixture models (N) and the linear regressor that fits the data

(R). In order to find the best parameters for the model and evaluate it we conducted

a series of experiments and used the Coefficient of determination (R2) metric [23]

to evaluate the performance of the model. The experiments were conducted on the

IAMDFAPP database that was set up as described in Section 3.1. In this chapter

we will first introduce the used metric and then evaluate the effect of the different

parameters on the model.

5.1 Used metric

In order to evaluate the results of the regression model we used R2 score. R2 is used

in the context of statistical models to provide a measure of how well the observed

outcomes are replicated by the model [23]. The definition of R2 used in this work

can be found in equation (5.1) below [23]

R2(y, ŷ) = 1− SSress
SStot

(5.1)

42
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where: ŷi is the predicted value for the i-th sample, for i = 1, . . . , n; yi is the true

value of the i-th sample, i = 1, . . . , n; SSress =
∑n

i=1(yi − ŷi)
2 is the sum of the

prediction errors (or residuals); SStot =
∑n

i=1(yi − yi)2 is the total sum of squares

(i.e. the sum of the squared difference of each observation from the data mean [25])

and y = 1
n

∑n
i=1 yi is the mean of true values of the variable that must be predicted.

It can be deduced from equation (5.1) that R2 usually ranges from 0 to 1, even so it

can take negative values. Negative values may appear when variation of residuals is

higher than variation of predicted variable. The R2 implementation used is the one

found on scikit learn API [8].

In order to better understand the results of the model residual plots implemented by

Bengfort et al. in [5]. These plots have the predicted values as x-axis and the residual

errors at y-axis. The plot is a scatter plot of each tested sample on its corresponding

(predicted value, residual error) position. In Figure 13 several residual plots are

shown with an explanation of the results. Parameters for creating this plots are

shown in Table 4.

D P w PCA N

SIFT 12 [1, 0.8] 50 [50, 10]

Table 4: Parameters used to create residual plots on Figure 13.

5.2 Parameter selection and model performance

In this section experiments performed to choose correct parameters of D, P, w,

PCA, N and (R) are shown. Several experiments were done for each parameter.

First, experiments were made with the purpose of choosing the right visual descrip-

tors D combination and see the influence of w and N so the other test were made

with the right approach. Then experiments were made to test P, w ,N and PCA.

Experiments were also performed to test visual and meteorological data separately.

The different experiments are shown in the following subsections.
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(a) O2 with Table 4 and R
= LIN. At first view it
doesn’t seems like there is
any bias on the data.
Residuals histogram looks
kind of like a normal
distribution with high
variance, this high
variance is due to the
vertical disposition of the
points. R2 for this plot
was = 0.1376

(b) O3 with Table 4 and
R = SVR. This value of R
give the highest R2 for
this parameters (0.4905),
and although the residuals
histogram has mean at
almost 0 it can be seen
that predicted value
increases so does the
residual error. This is also
reflected on residuals
histogram by displacing it
off the mean.

(c) O4 with R = THE.
Even though residuals
histogram is normal
distribution centered at 0
and with very little
variance the true
behaviour of the regressor
can be seen in the plot. It
looks like all yi values are
0, but actualy the
regressor increases the
range of the output so
much that original values
are so small next to it.

Figure 13: Example residual plots of model predictions, parameters corresponding
to each execution are listed bellow each image

5.2.1 Visual descriptors experiments

The tests on the visual descriptor were made on several runs changing the descriptor

used, the different descriptor combinations tested are:

· SIFT
· CENTRIST
· color
· SIFT, CENTRIST, color

Different values of w and N were also used with each visual descriptor combination

so further experiments were made with the best approach. Since N and w treat

meteorological and visual data differently this test were necessary in order to see the

behaviour of the data and improve other results of experiments. More experiments

were performed on w and N to tune them. Values used for w and N are presented

in pairs of visual_information_value, meteorological_information_value in Table

5. Samples taken were form all the AQI folders available, ranging from 32 to 139.
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Parametter Value

w [0.8, 1.0], [1.0, 0.8]
N [50, 10], [50, 50]

PCA 50
P 12

Table 5: Parameter values used to test the visual descriptors

The results of the best (R) for each pollutant, using the different combinations are

shown in Table 6. A table with the abbreviations referring to the linear regression

models is found on Appendix A. Columns of Table 6 are, from left to right; D, w, N,

R2 score for O3 with regressor that performed the result under the score, R2 score

for SO2 with its corresponding regressor, R2 score for CO with its corresponding

regressor, R2 score for NO2 with its regressor, R2 for PM2.5 with its corresponding

regressor and R2 score for PM10 with the regressor that achieved that result re-

gressor. Result tables for next experiments follow the same structure changing the

parameter columns.

Results of Table 6 show that CENTRIST descriptor gives the best results for each

pollutant, for this reason this was the visual descriptor used to perform the next

experiments. Regarding N and w it can be seen that tests done with N =[50, 10]

outperform tests with N =[50, 50]; on tests with same D and N but different w

results are better with w=[1, 0.8] on SIFT and CENTRIST runs no matter the N

value, but for tests with SIFT and all descriptors both w values have the best results

on the same number of pollutants. We conducted next experiments with N=[50,

10].

To test how the number of different AQI folders used influenced the same test was

repeated taking just samples from some AQI folder, these folders are shown in Table

7. Using less sample folders reduced the size of the sample set and thus speed up

the computations. Results of this experiment are shown in Table 8. Table 8 shows

how reducing the range of AQI values used and increasing the intervals between

them improves overall system performance perpetuating the superiority of N =[50,

10] over N =[50, 50], uncertainty of best w values is maintained. Better results of
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D w N O3 SO2 CO NO2 PM2.5 PM10
SIFT [0.8, 1.0] [50, 10] 0.0969

LIN
0.3309
SVR

0.4843
SVR

0.3368
SVR

0.0998
LIN

0.2049
LIN

SIFT [0.8, 1.0] [50, 50] 0.0561
BAY

0.0302
LIN

0.0973
SVR

0.0551
BAY

0.0424
LIN

0.0055
BAY

SIFT [1.0, 0.8] [50, 10] 0.0923
LIN

0.3492
SVR

0.4905
SVR

0.3067
SVR

0.1072
LIN

0.2013
LIN

SIFT [1.0, 0.8] [50, 50] 0.0605
BAY

0.0374
LIN

0.1076
SVR

0.0502
LASS

0.0418
LIN

0.0341
LASS

CENTRIST [0.8, 1.0] [50, 10] 0.1098
BAY

0.3533
SVR

0.4802
SVR

0.3318
SVR

0.1094
LIN

0.2032
LASS

CENTRIST [0.8, 1.0] [50, 50] 0.0553
BAY

0.0208
BAY

0.09
SVR

0.0555
BAY

0.0326
BAY

0.0155
LASS

CENTRIST [1.0, 0.8] [50, 10] 0.1011
LIN

0.3802
SVR

0.5203
SVR

0.3385
SVR

0.0913
LIN

0.2056
LASS

CENTRIST [1.0, 0.8] [50, 50] 0.0562
BAY

0.0218
BAY

0.0901
SVR

0.0444
BAY

0.0353
BAY

0.0217
BAY

color [0.8, 1.0] [50, 10] 0.0983
LIN

0.3319
SVR

0.4755
SVR

0.3041
SVR

0.0905
LIN

0.217
LIN

color [0.8, 1.0] [50, 50] 0.0609
BAY

0.0071
BAY

0.1001
SVR

0.0495
BAY

0.0372
BAY

0.0127
LASS

color [1.0, 0.8] [50, 10] 0.1024
LIN

0.3556
SVR

0.5173
SVR

0.3074
SVR

0.1028
LIN

0.2024
LIN

color [1.0, 0.8] [50, 50] 0.0676
BAY

0.0302
LIN

0.1121
SVR

0.06
BAY

0.0378
LASS

0.0124
LASS

SIFT, CENTRIST, color [0.8, 1.0] [50, 10] 0.1091
LIN

0.3735
SVR

0.5178
SVR

0.3269
SVR

0.0994
LIN

0.1904
LASS

SIFT, CENTRIST, color [0.8, 1.0] [50, 50] 0.1457
LIN

0.2615
ADRD

0.2084
SVR

0.1587
LASS

0.1832
LASS

0.1853
LASS

SIFT, CENTRIST, color [1.0, 0.8] [50, 10] 0.1107
LIN

0.3321
SVR

0.4833
SVR

0.3119
SVR

0.1022
LIN

0.2022
BAY

SIFT, CENTRIST, color [1.0, 0.8] [50, 50] 0.0561
BAY

0.0214
LIN

0.0878
SVR

0.0454
BAY

0.0437
LASS

0.0195
LASS

Table 6: Results for the experiments changing the descriptor. Columns are, from left
to right: visual descriptors used (D), multimodal weights (w), number of Gaussians
(N) and R2 score for each pollutant with the abbreviation of the regressor that got
the results under it

N =[50, 10] over N =[50, 50] may be explained because meteorological data initially

is a 5 dimensional vector, therefore, encoding each dimension with 50 Gaussians (10

times more) may cause information to be lost. Further experiments were made with

N =[50, 10].
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32 36 42 47 52 57 62 67 71 77 81 87 90

Table 7: AQI folders used in order to decrease memory usage of the system and
speed up computing

D w N O3 SO2 CO NO2 PM2.5 PM10
SIFT [0.8, 1.0] [50, 10] 0.5006

LIN
0.5819
BAY

0.5279
SVR

0.3551
ARDR

0.3981
LIN

0.478
LIN

SIFT [0.8, 1.0] [50, 50] 0.2653
BAY

0.2769
LIN

0.3002
LIN

0.2552
LASS

0.1554
LASS

0.2018
LASS

SIFT [1.0, 0.8] [50, 10] 0.5325
BAY

0.5436
LIN

0.5034
LIN

0.3725
LIN

0.3961
LIN

0.4587
BAY

SIFT [1.0, 0.8] [50, 50] 0.2456
LIN

0.3312
LIN

0.3385
LIN

0.2311
ELN

0.1756
LASS

0.1931
LASS

CENTRIST [0.8, 1.0] [50, 10] 0.5263
LIN

0.6024
LIN

0.5464
LIN

0.3596
LIN

0.3557
BAY

0.4921
LIN

CENTRIST [0.8, 1.0] [50, 50] 0.2482
LIN

0.2737
LIN

0.3425
LIN

0.2799
LASS

0.115
LASS

0.1662
ARDR

CENTRIST [1.0, 0.8] [50, 10] 0.5423
LIN

0.5485
BAY

0.5451
SVR

0.4056
LIN

0.339
BAY

0.443
BAY

CENTRIST [1.0, 0.8] [50, 50] 0.2175
BAY

0.2692
LASS

0.2235
BAY

0.2427
ELN

0.1248
ELN

0.2342
LASS

color [0.8, 1.0] [50, 10] 0.5058
LIN

0.5034
LIN

0.4876
SVR

0.3023
LIN

0.3625
LIN

0.4193
LIN

color [0.8, 1.0] [50, 50] 0.1711
BAY

0.2199
BAY

0.2696
SVR

0.1917
BAY

0.1275
BAY

0.1831
LASS

color [1.0, 0.8] [50, 10] 0.5128
LIN

0.5249
SVR

0.5354
SVR

0.3535
SVR

0.2841
LIN

0.4927
LIN

color [1.0, 0.8] [50, 50] 0.2067
LIN

0.1956
BAY

0.2436
SVR

0.2336
LIN

0.1001
LASS

0.2036
LIN

SIFT, CENTRIST, color [0.8, 1.0] [50, 10] 0.4656
LIN

0.5596
SVR

0.6178
SVR

0.3763
SVR

0.3476
LIN

0.5256
LIN

SIFT, CENTRIST, color [0.8, 1.0] [50, 50] 0.1988
BAY

0.2203
BAY

0.2301
LIN

0.2061
BAY

0.1482
LASS

0.2241
LASS

SIFT, CENTRIST, color [1.0, 0.8] [50, 10] 0.435
LIN

0.5627
SVR

0.5834
SVR

0.337
SVR

0.2711
LASS

0.4832
LIN

SIFT, CENTRIST, color [1.0, 0.8] [50, 50] 0.2333
LIN

0.1627
BAY

0.2503
LIN

0.2695
LASS

0.1018
LASS

0.187
LASS

Table 8: Results for the experiments changing the descriptor with samples of AQI
values of Table 7. Columns are, from left to right: visual descriptors used (D),
multimodal weights (w), number of Gaussians (N) and R2 score for each pollutant
with the abbreviation of the regressor that got the results under it
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It can be easily seen in Table 8 how using samples more distributed on the AQI range

drastically increases system performance. Following experiments were performed on

AQI folders shown in Table 7

5.2.2 Patch sizes experiments

Experiments over the patch sizes were done in order to see if it was worth using

different patch sizes or due to memory limits using just one was enough. Given the

increment in performance, and the decrease of required memory, resulting of using

samples from just some AQI folder experiments on patches were performed with the

AQI folders shown in Table 7. Results of experiments on P are shown in Table 10.

· 12

· 16

· 20

· 12, 16

· 12, 20

· 16, 20

· 12, 16, 20

Parametter Value

D CENTRIST
w [0.8, 1.0], [1.0, 0.8]
N [50, 10]

PCA 50

Table 9: Parameter values used for tests on patch sizes

5.2.3 PCA experiments

Experiments on the number of principal components of the data taken were also

performed. This experiments have key importance because a small number could

lead to learning just one type of features, on the other hand too much components

or not applying PCA at all can lead to huge execution times or elevated memory
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P w O3 SO2 CO NO2 PM2.5 PM10
12 [0.8, 1.0] 0.4183

LIN
0.4574
SVR

0.5082
SVR

0.3077
SVR

0.2683
LASS

0.4745
LIN

12 [1.0, 0.8] 0.4528
LIN

0.5106
SVR

0.566
SVR

0.3465
SVR

0.3016
LIN

0.5139
LIN

16 [0.8, 1.0] 0.4811
LIN

0.4944
SVR

0.5326
SVR

0.3371
SVR

0.2727
BAY

0.4544
LIN

16 [1.0, 0.8] 0.4685
LIN

0.5315
SVR

0.568
SVR

0.3444
SVR

0.262
LIN

0.4982
LIN

20 [0.8, 1.0] 0.4694
LIN

0.5473
SVR

0.5394
SVR

0.3333
SVR

0.2867
LASS

0.5092
BAY

20 [1.0, 0.8] 0.4059
BAY

0.5782
SVR

0.6256
SVR

0.3724
SVR

0.2721
LIN

0.5003
LIN

12, 16 [0.8, 1.0] 0.5558
LIN

0.5235
SVR

0.354
SVR

0.3412
LASS

0.265
ARDR

0.2396
ARDR

12, 16 [1.0, 0.8] 0.4885
BAY

0.5187
BAY

0.5224
SVR

0.3426
LASS

0.3464
LIN

0.4463
LIN

12, 20 [0.8, 1.0] 0.473
BAY

0.5196
BAY

0.5483
SVR

0.2863
BAY

0.3874
LIN

0.473
BAY

12, 20 [1.0, 0.8] 0.5463
LIN

0.6094
LIN

0.5691
SVR

0.3833
LIN

0.3737
BAY

0.4669
LIN

16, 20 [0.8, 1.0] 0.5077
BAY

0.5691
SVR

0.5599
SVR

0.3171
LASS

0.3786
LIN

0.471
LIN

16, 20 [1.0, 0.8] 0.5091
LIN

0.5902
BAY

0.5221
SVR

0.3333
LIN

0.3552
LIN

0.4729
LIN

12, 16, 20 [0.8, 1.0] 0.4772
LIN

0.5422
LIN

0.5696
SVR

0.3116
SVR

0.3766
LIN

0.4618
LIN

12, 16, 20 [1.0, 0.8] 0.4523
LIN

0.5244
BAY

0.5178
SVR

0.286
LIN

0.3713
LIN

0.4559
LIN

Table 10: Results for the experiments changing P. Columns are, from left to right:
P, W and R2 score for each pollutant with the abbreviation of the regressor that
got the results under it
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usage. The PCA values were set to be a fraction of the number of samples in order

to ensure we could test different values having always less PCA components than

samples (a requirement of PCA [6]). Experiments on PCA were conduced with

AQI folders of Table 7 with parameters of Table 11. PCA values tested are listed

below. Results of PCA experiments are listed on Table 12 with the number of PCA

components used instead of PCA.

· 50

· 100

· 0.2×Number of samples

· 0.5×Number of samples

· 0.7×Number of samples

· 0.9×Number of samples

Parametter Value

D CENTRIST
P 12
w [0.8, 1.0]
N [50, 10]

Table 11: Parameter values used for tests on patch sizes

5.2.4 Multimodal weights experiments

Experiments varying the weights were made in order to choose the best possible

combination of visual and meteorological data. Two experiments were conducted,

one with PCA=50 and one with PCA=0.9×Number of samples. Parameters used

for both experiments are shown in Table 13. First an experiment was conducted

using parameters of Table 13 and w=[1.0, 0.1], [1.0, 1.0], [0.0, 1.0]. Residual plots

of the experiment revealed that the system was learning just from meteorological

data, this can be seen in Figure 14. Figures 14a and 14c show that, in this case, the

model behaves the same way with or without visual data and just learns from me-

teorological data. This may happen because meteorological data is a 5 dimensional
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PCA O3 SO2 CO NO2 PM2.5 PM10
50 0.4325

BAY
0.5002
SVR

0.5433
SVR

0.3164
LASS

0.3188
BAY

0.489
BAY

100 0.0803
BAY

0.4963
SVR

0.5633
SVR

0.381
SVR

0.3119
BAY

0.5185
LASS

179 0.3774
BAY

0.512
SVR

0.5301
SVR

0.4096
LASS

0.4285
BAY

0.461
BAY

0.5 0.NNN
NNN

0.NNN
NNN

0.NNN
NNN

0.NNN
NNN

0.NNN
NNN

0.NNN
NNN

627 0.7055
BAY

0.7121
ARDR

0.7193
BAY

0.7104
ARDR

0.4509
ARDR

0.55161
ARDR

806 0.6871
BAY

0.7027
BAY

0.6834
BAY

0.5894
BAY

0.4674
BAY

0.5171
BAY

Table 12: Results for the experiments changing PCA. Columns are, from left to
right: PCA and R2 score for each pollutant with the abbreviation of the regressor
that got the results under it

vector, and when encoded by FV as shown in Section 4.1.2 the resulting meteoro-

logical vector has dimension 2 ·N · 5 = 100. Table 13 use PCA=50, therefore, if

meteorological data has maximum variability it will fill all the PCA components.

R2 scores for runs of Figure 14 are shown in Table 14.

Parametter Value

D CENTRIST
P 12
N [50, 10]

PCA 50

Table 13: Parameter values used for tests on patch sizes

w O3 SO2 CO NO2 PM2.5 PM10
[1.0, 0.1] 0.1005

LIN
0.3344
SVR

0.4635
SVR

0.3095
SVR

0.1039
ARDR

0.2105
LIN

[1.0, 1.0] 0.0929
LIN

0.338
SVR

0.4782
SVR

0.3094
SVR

0.0963
LIN

0.2116
LIN

[0.0, 1.0] 0.1015
LIN

0.3388
SVR

0.512
SVR

0.3192
SVR

0.0983
LIN

0.2229
LIN

Table 14: Results for the experiments using Table 13 and w = [1.0, 0.1], [1.0, 1.0]
and [0.0, 1.0]. Columns are, from left to right: w and R2 score for each pollutant
with the abbreviation of the regressor that got the results under it
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(a) Residual plot for SVR
and w=[1.0, 0.1] using
parameters of Table 13

(b) Residual plot for SVR
and w=[1.0, 1.0] using
parameters of Table 13

(c) Residual plot for SVR
and w=[0.0, 1.0] using
parameters of Table 13

Figure 14: Residual plots from weight experiment with parameters of Table 13 for
CO using SVR. From left to right w used are [1.0, 0.1], [1.0, 1.0] and [0.0, 1.0].

To avoid this from happening the experiment for all weights combinations were

conducted with PCA=0.9×Number of samples. The new parameters can be seen

in Table 15. Results of the experiment can be seen in Table 16.

Experiment was performed with w values of

1.0, 0.0

1.0, 0.1

1.0, 0.3

1.0, 0.5

1.0, 0.6

1.0, 0.8

1.0, 1.0

0.8, 1.0

0.6, 1.0

0.5, 1.0

0.3, 1.0

0.1, 1.0

0.0, 1.0

Results of Table 16 show that even though meteorological data already has valuable

inforation for pollution prediciton, best results are achieved when combining both

visual and meteorological information with the same weights (i.e. w=[1.0, 1.0]).

Visual is not powerful enough (or at least with the method proposed on this work)
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Parametter Value

D CENTRIST
P 12
N [50, 10]

PCA 0.9×Number of samples

Table 15: Parameter values used for tests on patch sizes

w O3 SO2 CO NO2 PM2.5 PM10
[1.0, 0.0] 0.0111

BAY
0.0049
BAY

0.0113
SVR

-0.006
BAY

0.0483
BAY

0.0378
BAY

[1.0, 0.1] 0.7517
BAY

0.768
BAY

0.7425
BAY

0.6693
ARDR

0.485
ARDR

0.5006
BAY

[1.0, 0.3] 0.7275
BAY

0.7617
BAY

0.7562
BAY

0.7488
ARDR

0.4546
ARDR

0.5923
ARDR

[1.0, 0.5] 0.4629
BAY

0.497
SVR

0.5101
SVR

0.3707
LASS

0.4492
BAY

0.5065
BAY

[1.0, 0.6] 0.727
BAY

0.7226
BAY

0.7532
BAY

0.707
ARDR

0.4841
BAY

0.5072
BAY

[1.0, 0.8] 0.7267
BAY

0.7456
BAY

0.7388
BAY

0.6951
ARDR

0.3725
BAY

0.5409
BAY

[1.0, 1.0] 0.7528
BAY

0.7573
BAY

0.8003
BAY

0.7652
ARDR

0.4976
ARDR

0.5997
ARDR

[0.8, 1.0] 0.6761
BAY

0.6354
BAY

0.6804
BAY

0.6248
BAY

0.4409
BAY

0.5934
BAY

[0.6, 1.0] 0.6557
BAY

0.6212
BAY

0.6315
BAY

0.6073
ARDR

0.4406
ARDR

0.5996
BAY

[0.5, 1.0] 0.5402
BAY

0.6162
BAY

0.6442
BAY

0.5718
BAY

0.3797
BAY

0.5464
BAY

[0.3, 1.0] 0.6952
BAY

0.6662
BAY

0.6773
BAY

0.6067
BAY

0.4126
LIN

0.6032
BAY

[0.1, 1.0] 0.4719
BAY

0.5478
SVR

0.6145
BAY

0.5827
BAY

0.3841
BAY

0.5804
BAY

[0.0, 1.0] 0.6269
BAY

0.6887
ARDR

0.6298
BAY

0.6013
ARDR

0.4059
BAY

0.5711
BAY

Table 16: Results for the experiments changing w. Columns are, from left to right:
w and R2 score for each pollutant with the abbreviation of the regressor that got
the results under it

to perform any prediction on its own, but when combined with meteorological data

rapidly achieves great performance; actually, experiment of w=[1.0, 0.1] has better

results than experiments with any w value were visual information weights less
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N PCA O3 SO2 CO NO2 PM2.5 PM10
[50, 5] 200 0.6449

BAY
0.5496
BAY

0.6875
BAY

0.6187
BAY

0.3113
BAY

0.3549
BAY

[50, 10] 200 0.7237
BAY

0.7354
BAY

0.7534
BAY

0.608
BAY

0.4343
BAY

0.4506
BAY

[100, 10] 200 0.6142
BAY

0.6511
BAY

0.6525
BAY

0.535
BAY

0.3949
BAY

0.5448
BAY

[200, 10] 200 0.7453
BAY

0.7081
BAY

0.715
BAY

0.6423
BAY

0.4325
BAY

0.5273
BAY

Table 17: Results for the experiments changing N. Columns are, from left to right:
N, PCA and R2 score for each pollutant with the abbreviation of the regressor that
got the results under it

(except for PM10).

5.2.5 Number of Gaussian mixtures

Finally experiments were performed on N in order to choose the best possible com-

bination. Since GMM are expensive to compute just few values were used to test

N. These values are

50, 5

50, 10

100, 10

200, 10



Chapter 6

Discussion

Our results show that, even though by the moment the IAMDFAPP database does

not have enough samples covering the full pollution spectrum, the naive proposed

method is able to perform pollution prediction with satisfactory results on the avail-

able data. As seen in the Results chapter, meteorological data can achieve pollution

prediction on its own due to the effects it has on pollution transport but visual

data improves the prediction performance. However, more practical tests must be

done in order to perform prediction on image data from any camera or location.

In this chapter we will first overview the possible improvements of the IAMDFAPP

database and the proposed method in order to create a better prediction system

in the future; at last we will review the major achievements of the project and its

further expansion.

6.1 Further Work

In this Section we will show the possible improvements that can be done in order

to improve the model performance and the database correspondence between the

stored pollution and meteorological data and the actual pollution and meteorological

data at the regions seen in the image. We will first disuse the improvements that

can be done on the database and then we will see the possible model improvements.

55
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6.1.1 Database improvement

Improvements on database can be performed in order to ensure the accuracy of the

data and extend its use to data from other sources. The possible improvements on

the IAMDFAPP database are:

· Update the camera_sites table so the sites related to a camera are the ones

closer to the location where the camera is pointing at. The available images

are not exactly from the sky region found over the camera location because the

cameras look at the horizon and, therefore, there is a displacement between

the actual location of the sky images and the camera location. This could be

done by computing the orientation of the camera with Jean-François et al.’s

work What Do the Sun and the Sky Tell Us About the Camera? method.

Having the camera orientation we could compute again the camera_sites table

by displacing the camera location towards the horizon in order to relate the

camera with the monitoring sites that correspond to the location the camera

is looking at. The displaced distance towards the horizon can be estimated

from the camera elevation with the formula (6.1)[70]

s = R tan−1 d

R
(6.1)

where d is the straight distance to the horizon and is computed as d =√
h(2R + h). An illustration of the problem along the different distances can

be found on Figure 15

· Another improvement of the database would be modifying the camera_location

in order to store cameras from different sources. By the moment all the avail-

able cameras are taken from the AMOS dataset[32], but new camera sources

could be added to the database (e.g. weather cameras used for weather control

or cameras from another dataset). Since each camera source has a different

way to access its images a new field method_name_to_download_data) can

be added to the camera_location table in order to tell the download method
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Figure 15: Image location and camera location miss-match problem over an illus-
tration of the distances d and s of Equation 6.1

the API from where the image should be downloaded.

· The previous improvement would allow adding data in order to cover the full

pollution range since, as it can be seen in Figures 5a to 5f, the pollutant

concentrations currently available at the database are not equally distributed

and the data does not cover all the ranges seen in Table 2.

6.1.2 Method improvement

There are several ways to improve the model performance, from image correction to

new ways of approaching the problem. The possible improvements are listed below.

· Non linear regression methods can be tested instead of the linear regressors

used. Non linear regression use a non linear function f such thath y ∼ f(x, β)

to predict the model weights β. Due to the added flexibility nonlinear regres-

sion can fit an enormous variety of curves. Alternatively kernels functions can

be applied on some linear regressors (e.g. SVR). Kernel functions help opper-

ating on a higher dimensional space without computing the coordinates of the

data in that space, but rather by simply computing the inner products be-
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tween the images of all pairs of data in the feature space. Detaile information

on Kernel function and their working can be found on [6]

· In order to use color descriptor in a prediction system trained with data from

different cameras color corrections can be applied to the images in order to

have all the images with similar color characteristics. As seen in Section 4.3

SIFT and CENTRSIT descriptors are invariant to image changes and should

work properly with different color conditions. Two possible color corrections

are; automatic white balance, and midway histogram equalization for multiple

images as proposed by SÃąnchez in Midway Video Equalization

· Visual descriptors mentioned in Chapter 2 can be tested in order to find ones

with better performance. Another option would be implementing used de-

scriptors on another programming language other than MATLAB to allow

real time feature extraction.

· The same problem could be approached with deep learning techniques in order

to improve the results and performance. Deep learning methods have a great

potential on sky image analysis, as proven by Liu and Li. One option would

be fine-tunning the imagenet-vgg-f [11] as done by Liu and Li. Another option

would be using the deep visual features (DVF) used by Liu and Li as visual

features instead of using the ones proposed by Xiao et al..

· Methods to retrieve meteorological data in real time in order to perform 2

algorithm without the need of already having meteorological data can be im-

plemented. To implement this methods some source of real time meteorological

data is needed in order to get the data from it. pollution prediction just from

visual information

6.2 Conclusions

This research aimed to create a method able to predict pollution concentration lev-

els from image and meteorological data. Results show that, although meteorological
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data can be used to predict pollution levels, visual data also has enough information

to help prediction pollution. Even though computer vision has been previously ap-

plied to sky image analysis it has never been used to predict pollutant concentration

levels. This opens a new branch on computer vision by applying known techniques

to a never approached problem. Computer vision on environmental health has still

a lot of work to do, but this project aims to make a first approach to what can

be a key problem on the future. Apart from the proposed method,the IAMDFAPP

database itself can have huge impact on computer vision applied to environmental

problems by giving researches the needed data to develop pollution control methods.

This opens a new range of opportunities and research on computer vision applied to

environmental health. Future research can be developed to improve both method

and the IAMDFAPP information.
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Appendix A

First Appendix

Abbreviation Regressor
SVM Support Vector Regressio
ELN Elastic-Net
BAY Bayesian Ridge regression
LIN Ordinary Least Squares
LASS Lasso linear regression

LASSLAR LARS Lasso
THE Theil-Sen estimator
ARDR Automatic Relevance Determination Regression (ARDR)

Table 18: Linear regression models abbreviations used through the work
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Appendix B

Second Appendix

.............................................................................................................................................................................................

Dear Narhan,

I’m a fourth year Audiovisual System Engineering student and I already started

working on my final degree project focused on atmosferic pollution (I also copy the

mail to the project supervisor). The goal of this project is to create a software able

to predict the Common Air Quality Index (CAQI) of a certain region using as input

images of the sky of that region. To train the system I need pollution data (wich I

plan to get from local institutions) and of course sky images related in location and

time to the pollution data. To get the sky images I thought I could use the AMOS

dataset, but when I wanted to check if there were images related to the locations

and times I had acces I found out that both the project web link and the download

link were broke, giving back this error:

The requested URL / was not found on this server.

Apache/2.2.3 (CentOS) Server at amos.cse.wustl.edu Port 80

I write this email to you hoping you can give me access to the dataset in order for

me to keep working on the project.

Hope to hear from you soon,

.............................................................................................................................................................................................
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Jacobs, Nathan <nathan.jacobs@uky.edu>

The server is down while it is (slowly) being moved to a new university. I have all

the imagery on Google Drive. Would you like me to share that folder with you? If

so, send me your gmail account.

- Nathan

.............................................................................................................................................................................................

I’m sorry, I meant to send the email with this adress.

Can you please share it with this email and also my personal acount since I don’t

know how long I will have access to the first adress?

Thank you again,

.............................................................................................................................................................................................

Jacobs, Nathan <nathan.jacobs@uky.edu>

Done.

.............................................................................................................................................................................................

Nathan,

I have been browsing the drive image archives and I’ve found that you are still

uploading files to it. Can you please give me a little information about how the data

from the cameras is distributed arround the different folders? I would also like to

know the time interval between images.

Thank you very much,

.............................................................................................................................................................................................
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Jacobs, Nathan <nathan.jacobs@uky.edu>

The folder structure is as follows:

[year] / [last two digits of camera id] / [last four digits of camera id] / [camera id]

/ [year]_[month].zip

This is a little confusing, but was done to balance a few competing requirements

when we were first building the system.

Within each zip file files are named:

year month day _ hour minute second.jpg
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