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1 Executive summary

Thisdocumentreports onthe secondand final versionfahe research and development of techniques that facilitate
the searchandindexing of environmental nodesas well as the acquisition of girality-relevant data from the Web

and from social medid@he work described helriilds upon the workeportedon D3.landincludes a) the description

of several new data collection methods that were implemerated integrated into the hackAIR platfqr) an in-

depth studyof the performance of the image analytsishniques that were described in D3.1 that lead to an extension
with significant improveaents in terms of performance, c) the description and evaluation of an experimental
framework for air quiity estimation from Twitter dataNith respect to data collection an important changéis
extension of its coverage toe whole European continent insteadawfly big cities in the countries of the piltidies
(Germany and Norwaylhis change wasativated by the requirement of the data fusion module developed in WP4
for geographically scattered measurements that include both urban and rural areas and the fact that the throughpu
rate of the image cessing modulevas considerably improved andnnow handle the expansion.

Initially, we focused on improving data collection from Flickr which is the main source of social images after thi
shutdown of the Instagram API. Besides the geographical expansion, virpésuentedseveralimprovements
(secton2.1.10 & dzOK & NB2SOlA2y 2F AYIFI3IAS&a AGK dzy OSNI LAYy (
addition, we studied the possibility of extending Flickr image collection to incluegentagged imagest which the
geolocation is estimat basedon the textual metadata of the image. To this end, experiments with acftéte-art
geolocation estimation method were carried out (secoh? and it was fond that for a significant percentage of
non-geotagged Flickr imag€a7.3%) it is possible to infer their location with high precision. This is a very encouraging
finding as it shows that a significantly larger number of Flickr images catploged forair quality estimation
compensating for the smaller number of images uploaded on Flickr compared to Instagram

In addition, we describe the implementation of methods for collection of images from public webcams 2s8ction

A characteristic of webcam images that makes them highly valuable for the data fusion model developed in WP4
that their geolocation is fixed and known in advance and it is possiblesitt aoihges from them at regular intervals.
Thus, we put significant focus on collecting images from a large number of webcams across the whole Europe. To't
end, two very large public webcam image repositories Vesteraged AMOS and webcams.travBpeialized image
collectors were implemented for the two repositorikEsding to a total ofround 3.5K webcams in Europe

Besides the collection of image data that are analyzed and used as input for the air quality estimation models, we al
implemented acollector of official environmental datadrticulate matterPMio and PMs) from ground stations
(section2.4) that builds upon the results of the empirical study of environmental web services that was conducted in
D3.1 This data will be used as input to the visualization module developed in T5.2 and also serve as ground truth lab
for the Twitterbased air qulity estimation models that we describe in this report (sectipifhe collector retrieves

data from the OpenAQ platform which providgsta from many air qualitgtations that cover most European
countries, including the two countries of the pilots. In addition to the data collector, we also developed and present ¢
web interface that visualizes the current air quality conditions in Europe as reflected by ttireatata collect from
OpenAQ.

Another large part of our work (sectiBphhas focused on the detailed evaluation and finalization of the image analysis
methods thatwe developed in D3.1, in order to turn them into an effective and efficient image analysis feervice
supportingthe process of providing air quality estimations from images within the hackAIR platform. First, we
performeda very realistic, aquality aiented evaluatior{section3.1) of the two alternative sky localization methods:

a) the one based on deep learning technigeSNapproach) and b) the one based heuristic rules that were
provided by air quality estimation experte(risticapproach). To this end, we credi@ dataset that contain the sky

! Discovery of environmental notes was mainly addressed in D3.1.
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masks extracted from a random set of Flickr and webcam images, awlairskuality experts to evaluate the
performance othe two sky localization methods. Based on this evaluation, a number of important cosckesion
drawn such as the complementarity of the two approaches and the difficulty in rejecting images whekg ithe
covered by cirrus clouds. Motivatey the complementarity of the two approaches, a new approach that combines
them wasproposed and evaluated, leading to significantly better results than either of the two approaches alone.
Moreover, we perforrad (section3.2) a comprehensive study of the impact of various commonly applied image
transformations and filters on the ratios (R/G and G/B) that we cortfnatien the sk regions of the images and sent

as input to the imagéased air quality estimation models. The results gudwat the results of the image analysis
werevery robust against most transformations, except for the most intense ones.

We also provide a deiled description (sectioB.3) of the architecture of the image analysis sergisavell as the
effectivenesf itsthree maincomponents a) sky conqa detectian, b)FCNbased sky localization, c) refinement of

the FCNbased mask with thbeuristicapproach and calculation of the R/G and G/B ratios. Importantly, statistics
regarding the results of the image analysis service on the collected images are given Is§ctincluding the
numbers of skylepicting and usable sky images collected daily from each data source as well as from all available da
sources and the nuber of usable sky images collected from the countries of the pilots. Moreover, we present a web
interface that we developed for the visualization of the data collection and image analysis results3$ction

Finally, we present an experimental line of witwkt investigateshe feasibility of making air quality estimations for
areas (cities) without official air quality stations based on Twitter activity. Such estimations can be potentially useful i
cases where e.g. due to high cloud coverage, there is not enough datkeédmasgebased air quality estimains.

For this purpose, a Twitter data collection framework is implemented that focuses on collecting airejatdity
Twitter posts that are posted in specific cities. Text analysis machine learning techniques atiézbenhat try to

learn accurate mappings between the current air quality conditions and statistical attributes of the Twitter posts. Five
cities in the UK are used as a case study and a transfer learning framework is developed where using datarfrom on
more nearby cities for training the estimation models, we try to make estimations for another city that is assumed tc
not have official ground station measurements. A series of experiments are conducted usiofjthetat machine
learning technigas and some promising results are obtained.

With the completion of D3.2, considerable progress has been achieved and we consider that the goals of WP3 ha
been fulfilled. The developed and tested components have been deliveredilame integrated in tle hackAIR
platform, and are expected to be continuously refined (within WP5 and WP7) throughout the second period of the
project through the feedback acquired from the pilot studies, as well as by carrying out further lab experiments anc
implementing apprpriate extensions to improve their quality and resilience.
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2 Environmental and Social Noikxingnd Data @lection

2.1 Social lnageCollectionmprovementand Extensions
2.1.1FlickrCollectorimprovements

In thissection,we report various updates and improvemetitat were implemented during the reporting period on

the Flickr collectofof which thefirst version is described in D3.In short, the purpose of the Flickr collector is to
periodically call the Flickr API in order to retrieve the URLs and necessary metadata (i.e. geolocation and timestan
of images captured (and uploaded) recently (within the last 24 hatwshd the loctons of interest The metadata

of each image is stordd a MongoDB anthe URLs are used to download the images stode them until image
analysidor supportingair quality estimatiors performed

In the first version of the collector, tileckr.phobs.searclendpoint was used in order tmllect images within a radius
of 16 km around the center of 34 European cities located mainly in Germany, Norway and Thisetas achieved
by setting thdat (latitude)andlon (longitude) @rameters of theendpointand submitting one request per city every
24 hoursusing appropriate values for teinimumand maxmum date takenparameters in order to retrievenly
photos takerwithin the last 24 hoursCompared to that first version of the collector, thpated versiorincludes the
following updates and improvements:

Geographical averageextension We studied the feasibility of extending tjeographical coverage of thdickr
collector to the whole Europe instead of specific European cities. This chagmtixaated by the fadhat the data

fusion modulebeingdeveloped in WP#orks better when the air qualitpeasurement®stimations used as inputs

are geographically scattered and include both urban and rural aFeawis end, an alternative way of figming
geographical queries using tfiekr.photos.searcAPImethodwas employedi.e. using thevoe_idparameter. This
parameter allows geographical queries based on EN¥QWVhere on Earth Identifier), a 2t identifier that uniquely
identifies spatial entities and is assigned by Flickr to all geotagged images. Using this approach, extending the cover
to the whole Europe consists of replacing the multipleanignted lequests with a single request where 1a#lon
parametershave beernreplaced by tb woe_idparameter set to the WOEID of Europesése75). Note that this
approach was preferredverusing a bounding box quetyboxLJF NI YS G SNL 0 SOl dza & indudeN? LIS
non-European countries (e.g. Turkey).

Talen datevalidation In order to retrieve only photos taken within the last 24 hours,tii@max_date_taken
parameters of thélickr.photos.searcendpointareusedt KS&S LJ NI YSUSNB 2LISNI 4GS 2y
is extracted if availableF N2 Y (i K Sxif hetadat$Heverdthe value of thidield is notalwaysaccurateas
explainedilCft AOT NJ 't LQ*%a R20dzYSyidl GAzy

1  Flickr automatically sets thekian date to the time of upload when the taken date is not available inxihe E
Thus, we reject all images with a taken date equal to the upload date.

1 When the taken date of the image is not specified with enaleghil Flickr autecompletes the missing
information with default values so that all taken dates are specified up to the second {eken date ot H /+ M C
11-H pwvéll be automatically transformedd & H 225 00:00:08 Eahtunately, it is possible to identify such cases

by takingakendate ganularities into accour{tnformation provided in thdatetakengranularitfF A St R 2 F Cf .
response) Flickr assigns W3 NJ ¢/thef atchidcyi ® @hich the date is known to be tque taken dates
Currently there arefour taken dategranularitieq0, 4, 6, $on Flickrpnly the finesof which(0) provides sufficient

2 https://en.wikipedia.org/wiki/WOEID

3 https//www.flickr .com/servicegapimisc.dateshtml
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detail (up to the second) to be usable for our purpodémis, all images with a taken date granularity > O are
rejected.

Improved API response managemekiter expandng the area of interest to the whole Euspach API requestow

returns a much larger number of results compared to thearignted queriesAn implication of this is that some
queries return more than 4,000 resultgjnging upan idiosyncrasy dhe Flickr API, i.evhenever the number of
results for any given search query is larger than 4,000, only the pages (results are offered paginated) corresponding
the first 4,000 results will contain unique images and subsequent pages will contain dupfitiagdirst 4,000 results.

To tackle this issue,racursivealgorithm was implementedvhich,when a query returns more than 4,000 results,
aLX Ada GKS IjdzSNE Qa R-hoiir$iteridl) in Svg and ofedt€sNid heiv queriesthatmibmittetl & |
to the API. The process continues until all queries have returned less than 4,000aeadiitsh point all the results

of the initial query have been retrievethis mechanism offers robustness against data bursts and is particularly useful
alsoin the case of textual Flickr API queries (see Se&ztlod which return a very large number of results.

RequesfrequencyincreaseFinally, the cafrequency was increased from one call every 24 hours to one call every 6
hours (always using a fixed lookback window of 24 hours). Although this change does not affect the total number
images that are collected it increatke number of fresh imagesaften within the last 24 hours) that are available to

the system atiny time pointIn addition,using overlapping time windows implies that a large fraction of the images
returned with each request, will have already been collected from a previous refjmest.an efficient way to check
F2NJ RdzLJX AOFGS AYF3Sa 61+ a AYLIESYSYGSR o0é& SELX 2AGAY3

2.1.2Collecting Flickimages witilextual Qeries

Given that geographical queries for Europe return only about 5,000 gedtaggges per day on average (see Section
2.3 for detailed image collection statistics) asidceother social media platforms do not offer free access to their
ARs, we explored the potentiaF utilizingnon-geotagged Flickr imagafter estimating their capture location based
on textual metadatauch as image tags, title and descriptibablel shows thetotal number of imagereturned by

the Flickr APWhen queries of increasing upload date window sizesafamitted as well as the numbgi(and
percentages) of geotagged images andges geotagged in Eurojpethe same upload date windofv3 o obtain the
total number of images in a time window, we use thekr.photos.searchendpoint and specify the
min/max_upload_dat@arameters while leavingll other parameters empty. To obtathe numbers of geotagged
images and images geotagged in Eurepthin the same intervalsthe has_geoand woe_id parametes are
additionally specified Two important observations can be made based on the results:

1  The vast majority of Flickr images aggeotagged (97%) This means that there is a large pool of images
that could be utilized for air quality estimation, provided thairtleeation @uldbe accuratelystimated

1  Asignificant percentagef the images in the negeotagged pool are expext tobe from Europe, given the
very high representation of Europeb0% ongeotagged images

Based on these observations, we expect than if a small fraction of the na@eolocated imagesanbe accurately
geolocated, a significant increase to théatowumber of Flickr images that can be usejuldir quality estimation is
possible.

4 Note that these numbers are significantly higher than the previously reported average number of 5,000 images geotagged
Europe per da This deviation is mainly due to the fact that the previous number refers to images uploaded within 24 hours aftel
they have been captured while there is no such limitation for the number reported in Table 1.

> The max_upload_date timestamp was set496749429(6/6/2017)in all queries. Therefore, the reported numbers represent
only a rough estimate of the actual numbers.
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Tablel ¢ Total, geotagged and geotagged in Europages returned by the Flickr API for different upttzddwindows.

Date uploaded window All Geotagged Geotaggedin Europe
1 4,989,264 134,122 (2.7%) 74,584 (1.5%)
7 14,348,054 406,017(2.8%) 220,895(1.5%)
30 50,084,562 1,610467 (3.2%) 787,157 (1.6%)

Estimating geographical coordinatgeotagging of multimedia items, such as images and videos, based on massive
amounts of geotagged training data is a research topic that has recently attracted significant attention, largely due t
the placing task(Hauff et al., 2013), (Choi et al., 2014), (Chailet2015) (Choiet al., 201§ of the MediaEval
benchmarking initiative for uoitimedia evaluation The simplestapproach for geotagginig called geoparsing and
consists ofdetectingreferences to known locations with the help of gazettedmifayet al, 2004. Geoparsing,
however, has fewlimitationssuch as the inability to perform inferences from text descriptions that do not explicitly
refer to geographic entities arttie inability to consider contextual information to deal with ambiguous geoigraph
names (e.gAthensmay refer to the capital of Greece, but also to 23 toponyms in th&'t/8eal with the limitations

of geoparsing, Language Modielsed (LM) approaches were proposgdrflyukoet al., 2009). LM approaches learn

a probabilistic textual model using a large set of training items and then use thigonodeide estimates about the
location that a new piece of text refers to. LM approaches alleviate the disadvantages of ggaparsithey do not
operate on an explicit toponym dictionary and take context into account by considering multipléadgmaduce

their estimatesindeed, the best performing runs of thest threeeditions of theMediaEval placing task employ £tM
basedapproaches.

Thus,in the context of location estimatiolor non-geotagged Flickr images that is in the interest of hack#dR,
evaluatea stateof-the-art LM-based geotagging approach (Kordopdiles et al., 2016) thdtas demonstrated
excelent resultdn the latest edition of the MediaEval pilag task (2016According to this approach, the earth surface
is divided into (nearly) rectanguleells withsides0.01cfor both latitude and longitudécorresponding to a geodesic
length of approximately 1kmear the equator), and the terell probabilitiegFigurel) are computed based on the
user count of each term in each cell, based on a trainirgpsgprising of the unioafthe 5Mtraining items provided
for the 2016 placing tagkChoiet al., 208) and all geotagged itenfs 40M) of the YFCC100M dataset (Thomee et al.,
2015). Given a query text, the most likely cell is derived from the summation of the respectivecieprobabilities.
On top of this basic idethe methodfeaturesseveralrefinements such agext preprocessingfeature seletion,
feature weighting, use of multiplesolutiongrids, etc. More details about these refinements can be found in the
original pape(KordopatisZilos et al., 2016)

> 3
nyc: 0.52 [
manhattan: 0.45
liberty: 0.33 A /’
york: 0.27 "'

/
new: 0,15 -

Figurel ¢ lllustrationof exampleterm-cell probabilities calculated for the grid containingditye ofNew York.

6 http://multimediaeval.org/
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Here, weusean opensource implementatioof the method and evaluate it on the task of geolocating Flickr images
based on their textual metadat8irce the area of interest is Europe, the evaluation is carried out on a sé66K
images geotagged in Europe that were collected using the basic (geographical) version of the Flickr collector in Ay
2017, As evaluatiomeasurewe employ thevidelyusedPrecision aty (09 'Y) which is defined as:

. ss h s
vLa'Y ,
s s

where'O is a set of image itenfi @0 "Qand™O "Qarethe estimatedand reference location of(espectively
Q oo is the geodesic distance between points x and y¥aisch predefined rangén ourexperimentsyve focus on
Y 10km andY 25kmas less accurate estimations are nséful in the contextf hackAIR

An advantage of the employed approach is thmeddition to providingan estimate of ah Y | JoSaflan it also
calculates a score o™ Tdp which expresses the confidence of the estimafidis is important as it allows rejection
of low-confidence estimations, in the hope that a betler'Y can be achieved for higtonfidence estimations. In our
experimentsyve study the effect of applying different eoff thresholdsd  T@tT®mM& B M@0 to reject estimations
with confidencao 6. In addition, we study the effect of using alternativestypf metadata, i.e. tittenly, tagsonly,
descriptiononly, andtitle+tags+description.

Figure2,3,4,Figures show theP@10Km and P@25Km performance as well as the respective percentage of all image:
for which estimations are mader different cutoff thresholdsusingeach type of metadataAs expected, the higher

the cutoff threshold, thehigher the precision and the lower tipercentageof images for which estimations are
madé. In all cases, P@25Km scores®t Ol y 06S I OKA S @B Rowsverfofpaling thekréeiita K 2 f
obtained with each type of metadata wetice that a significantly better tradsf between precision and recall is

I OKAS@PSR 6KSyYy GKS dzyAz2y 2F GSNya Ay GAGtSzT GF3&a YR
is sufficiently high, we see that title+tags+description achigngperformance goal while still providing estimations

for the 27.3% of all images, compared to 18.7%, 16.0% and 3.5% respectively for title, tags and dd3uwigtiour.
analysis suggests that it is clearly advantageous to use all the availatdenetadata.

Overall, the obtained results are very encouraging as they show that we can infer the locatisigroficant
percentageof nongeolocated Flickr imagavithhigh precisionHence, we conclude that extending the Flickr collector

to includenon-geotagged images with inferred location, constitutes a promising strategy of increasing the number of
Flickr images that could be useful for air quality estimation.

7 https://github.com/MKLaHdTI/multimediageotagging

8 Note that the percentage of images for which predictions are made is lower than 100% even vdththreshold equal to O.
This isdue to the fact that no estimations can be made for images of which the respective metadata fields are empty (or becor
empty after preprocessing operations such as stapd removal).

ATy
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performance using titleonly
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Figure2 ¢ Location estimation performance with different-offtthresholds using only terms in title.
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Figure3 ¢ Location estimation performance with different-offtthresholds using only terms in tags.
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erformance using descriptioonl| 0.98
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Figure4 - Location estimation performance with different-offtthresholds using only terms in description.
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Figureb - Location estimation performance with different-offtthresholds using the union of teringitle, tags and description.
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2.2 WebcantmageCollection

This section provides the technical details on the collection of webcam images. As done for Flickr images, the collecti
does not focus onlgn webcams from big cities in the countries of fiiots (Germany and Norway) but instead
considers webcams located anywhere in Europe. To this enthrtyescale repositories of webcams are used, AMOS
and webcams.trav#l In the case of AMO& webdata extractiorframework (sectior2.2.1) was developedvhile in

the case of webcams.trayalata is retrieved througta client application fothe provided API (sectioR.2.2.
Combined, these two sources provide data from more #3000 webcams in Europe. In a set of exploratory
experiments, we found that most of the webcams discovered in a specific location (city/osgigrtandard search
engines (e.g. Google, Biray)focused crawling approaches (as the one described in, 2Blalready contained in
either AMOS or webcams.travel. Based ag) thefocused on the integration of these largeale repositories instead

of developing a specialized webcam discovery framework (as suggested in D3.1).

2.2.1Collecting ImagfromAMOS Whcams

A detailed description of theMOS dataseflécobs2007)was provided in D3.1. Here, wmvide the technical details
of the data collection framework that we developadrderto retrieve data fronthe AMOSwebsite

The first step consists of identifyitige ids ofall webcamghat arelocated in EuropéeThis is accomplished by using

the advancedF A f G SNE T2 N¥Y 2F (i Kat dlowsBearahhig for lwabSalnthaniultiplelicriieBa
including search for webcams located inside a specific boulbobin@atitude/longitude rangeyince we are interested

in all webcams located in Bpe, we define a bounding box that includes the whole European continent, i.e. latitude
range: P7.6363- 81.0088§, longitude range:-B1.266Q 39.8693. Whenthis query?is submitted, 4893 matching
webcams are found (note that not all matching webcanesaative though) and returnétin a results page that
shows an image (snapshot) from each webcam as well as its title. The image of each webcam is clitkibte and

a page(an example is provided in section 3.5.3.2 of DBdf)provides all the information that is available foe
webcamsuch aghe webcam idthe link to the latest image captured from the webcam, the latest capture date/time
and the geolocation of the webcamdeally, we would like to visit each webcam padg once to extract its static
information (id, geolocation) and then use the script provided in the AMOS website (see section 4.3 of D3.1 for mor
details) to download the latest image of each webcam. Unfortunately, though, the provided script (and the
corresponding REST service that is called by the script) is mainly targeted towards download of historical data and
a resultgives the option to download a whole year or month of data from each webcam but not data from a single
date or just the most recergnapshot from each webcam. Siricavould be very inefficient tdownload a whole
month of imagegverytime a new imageeeds to be fetchefom each webcam, we did not use the provided script
andimplementedinstead a customized web scrapper for the Aebsite.

The webdata extraction methothat we implementedo retrieve datdromthe AMOS website works as follows

1 A query ixonstructedusing the advanced filters form to retrieve a list of all webcams located in Europe (as
described above).

9 http://amos.cse.wustl.etiu

10 https://www.webcams.travel/

1 hitp://amos.cse.wustl.edu/browse with_filters

12 http://amos.cse.wustl.edu/browse_with_filters?start=0&step=4893&Iongitude 1=39.8693&longitude 0=
31.2660&latitude_1=81.0088&latitude_0=27.6363

13The results are ginated (25 per page) but we manipulate the start and step URL parameters so that all matching webcams al
returned in a single results page.
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1 The resits page is parsed to extract the URLs of the webcam pages.

i Each webcam page is downloaded and parsed to extract the necessary information. In particular, we firs
OKSO1 GKS a[ I tdetefminelithdzhels srriew iRagé iS available for this webdathe last
captured date is older than 24 hours in the past, we know that the webcam is inactive because AMOS normal
captures a new image from each webcam every 30 minutes. If the capture date is more recent than 24 hour
in the past, we create a neMongoDB record that contains all the necessary information (an example record
is shown inFigure6Error! Refeence source not founfl.and attempt to insert the image in a MongoDB
repository where we store all the collected images. Note that in case the same image has already bee
retrieved, the insert fails because theque id field of each webcam image is populated using the webcam id
and the timestamp of the image.

1 Finally, all new webcam images are jointly downloaded using an efficienthredtied downloadeand
stored on the server untimage analysis is performed

The AMOSmage collectoris executedfour times per day (at 7:00, 11:00, 14:80d 18:00) using a Javhased
schedulerDuring the period that we collect data from AMOS (6/3/20&W) we have found that 2,246 of the 4,893
webcams are activ@heir geographical distribution is showirigure7. We see thaalmost all European counties are

well represented. Norway is the country with most webcams (430 aiignificanhumber of webcams (134) can

also found also in Germany, the other country of the pitsourse, not all the discovered webcams depict the sky
However,the effort required tomanually check all webcarrs orderto exclude norskydepicting onesvould be
prohibitive Therefore, we initially collect images from all the discovered webcams, process them using the image
analysis service (see secti®f) and record the image analysis results. A statistical analysis of these results (presentec
in section3.4) can help us determine theafttion of skydepicting webcam images afatilitatesautomatic rejection

of nonskydepicting webcams.

ey Walue Type
4 |23 (1) Objectld("38c6di03a3a8342b90bb556") { 6 fields }
_id Objectd("58cid303a3a8342b30bbI5GC")
4 13 |oc {2fields}
" type Paint
4 L1 coordinates [ 2 elernents |
##| [0] 25,7244
) [1] 66,5033
T datetime 2017-03-13 17:20:50.000Z
" date_str 2017-03-13 18:20:50
" saurce_type webcarms
4 L4 source_info {5 fields}
mlid 2TE15_20170313_172050
" ywebcam_id 27815
"l hitpeffamos, ceavustl edufimage/2T815,/20170313_172050,jpg
"l path weebcamsfarnos 27810 201703,/27415_20170313 172050, )pg

Figure6 - The MongoDB record afwebcam image from the AMOS dataset.
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Figure7 ¢ Geographical distribution of AMOS webcams

2.2.2Collecting Images fromebcams.trael APIWebcams

Webcams.travel i® very large outdoor webcams directory that currently contains 64,475 landscape webcams
worldwide. Webcams.travel provides access to webcaa tthaough a comprehensive and weaticumented free

AP, The provided APl is RESTful, i.e. the request format i RftSfhie responses are formatted in JSON (everything

is UTFB encoded) and is available only via Mashageor the purposes of hackAlRe inmplementedan image
collector application that uses thveebcams.traveAPI to collect datérom European webcamdhe details of the
webcams.travel webcam image collecioe given below.

Toget a list of all webcams located in Eurafmng with all theequired informationqueries of theollowingtype are
used:

1 https://webcamstravel.p.mashape.com/webcams/list/continent=EU/orderby=popular,desc/limit={limit},{offs
et}?show=webcams:basic,image,location

In thistype of querieghe /webcams/list endpointis exploitedalong with thecontinentEUexplicitmodifier whit
narrows down the complete list of webcams to contain only webcams located in Europe. Moreover, two implicit
modifiers are used: a@rderbyand b)limit. Theorderbymodifier has the purpose of enforcing an explicit ordering of
the returned webcams. This important becausAPI limitationglo not allow us t@et data frommore thanabout

1,000 out of the 24,319 European webcams contained in webcams.tBvehforcing an explicit ordering (in this
case webcams are sorted in descending poputadtger)we ensure that roughly the same webcams are returned

in the top 1,000 results every timmew data is pulled from the APlawihg regular measurements from the same
locatiorsis beneficial for the data fusion module developed in WP4.

14 hitps://developers.webcams.travel/

15 https://en.wikipedia.org/wiki/Representational_state transfer

16 https://www.mashape.com/

"According to webcams. poputntyeréflecBith wdboacns areecorterstly of intewest i

(A

- hackAIR
¥
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The other implicit maifier (limit) is used to slice the list of webcamditnjt (the number of webcams in the resulting

list) andoffset (the offset from where to start listing the webcam for the resulting list). The use of this modifier is
necessary because the maximaomber of results that can be returned with a single query is 50 (i.e. the max value
of the limit parameteris 50) and in our case, we want to pull data from 1,000 webcams. Thus, 20 queries must be
performed with appropriate values for the offset parametefThe last part of the query
(show=xwvebcams:basic,image,locatjois used so that the response contains webcam objects that besides the basic
information for each webcam (id, status, title) also contain the URL of the latest image captured from the webcan
FyR AGa GAYSadGlYLW FyR GKS 6S060FYQa SEIOG 3S23NI LKA
Figure8 shows the form of the response returned by webcams.travel to the above dudtnyall thequeries have

been completed, all the collected webcam objects are parsed to extract the required information and MongoDE
records of a similar form with those created for AM@bcamsare created. Nowmctive webcams and duplicate
images are handled in tteame way as described above for the AMOS dataset. We notice thaglisams.image

object contains pointers to four differently sized images. Among them, we pick the URL pointing to the largest siz
AYIF3AS 6KAOK A& &LINBJA Figure9 shgwR anfexadpleMorgdDB &cofl For am image framn d
webcams.travel.

Similarly to the AMOS image collector, the webcams.travel image colleexecigedfour times per day (at 7:00,
11:00, 14:00 and 18:005igurel0shows the geographical distribution of the 1,000 most popular European webcams
from webcams.travél. In this case, Switzerland is the country with the most webcams (283) followed by Italy and
Germany with 253 and 177 webcams respectively.

18 Note that a slightly different set of webcams might be returned each time this query is realized.
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"status": "OK",
"result™: {
"offzet": @,
"limit": 2,
"total": 24319,
"webcams™: [
{
"id": "1@ees5e952",
"status": “active™,
"title": "Beinwil am See: Hallwilersee MNord™,
"image": {
"current”: {
"icen": “https://images.webcams.travel/icon/188@558952. jpg",
"thumbnail™: "https://images.webcams.travel/thumbnail/leees5@952. jpg",
"preview”: "https://images.webcams.travel/previen/10808550952. jpg",
"toenail™: "https://images.webcams.travel/thumbnail/le@e55e952. jpg”
b
"daylight™: {E=3},
"sizes™: =1,
"update”: 1493484147
ta
"location™: {
"city™: "Beinwil am See”,
"region™: "Aargau”,
"region_code™: “CH.AG",
"country”: "Switzerland",
"country_code™: "CH",
"continent™: "Europe”,
"continent_code”: "EU",
"latitude": 47.26@8586,
"longitude™: 8.2@5056,
"timezone™: "Eurcpe/Zurich”
Fa
"url®: {
"current™: {
"desktop™: "https://wew.webcams.travel/webcam/1008558952-Weather-Hallwilersee-Nord-1-Beinwil -am-See”,
"mobile™: "https://m.webcams.travel/webcam/10@@558952-Weather-Hallwilersee-Nord-1-Beinwil-am-5See”
T
"daylight™: {
"desktop™: "https://www.webcams. travel/webcam/1888558952-Weather-Hallwilersee-Nord-1-Beinwil-am-See/daylight”,
"mobile™: "https://m.webcams.travel/webcam/10@@558952-Weather-Hallwilersee-Nord-1-Beinwil-am-5See/daylight™
b
"edit™: "https://lockr.com/edit/180@550952"
¥
I
{&=3)
]
¥
i
Figure8 - Example response from the webcams.travel API.
Key Walue Type
4 23 (1) Objectld("5909eaeTa3al34351c2d5024") { 6 fields } Ohject
o _id Objectld("5909eae7a3a834351c2d5024") Ohjectld
> 123 |oc [ 2 fields ] Ohject
0 datetirne 2017-05-03 14:21:21.0002 Date
M date_str 2017-05-03 16:21:21 string
I source_type weebcarms-travel String
4 L3 source_info {6 fields } Object
2 id 1351013234 20170503_142121 String
MM wvebicarn_id 1351013234 String
) wvebicarn_url hittps: fomnnnevebcarms travel Avebicam,1351013234-\We ather-Beach-Playa-del-Ingles  String
= https:ffimagesavebcams travel/preview 1351013234, )pg String
0 path weebcamsftravel /13510132347/201705,/1351013234_20170503_142121,jpg String

Figure9 - The MongoDB record of a webcam image from webcams.travel.
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Figurel0 ¢ Geographical distribution of webcams.travel webcams.
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webcams.travel webcams
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2.3 Image Collection Statistics

The three image collectors, i.e. the updated Flickr collector, the AO&ms collector and the webcams.travel
collector, have been collecting images since 24/2/2017, 6/3/2017 and 2/5/2017, respectively. During this period an
until 15/5/2017 (the date when a snapshot of the repository was taken for reporting purposes®3Qit®ages had

been collected in total across the whole Europe from all sources. In the following paragraphs, we present statistics
the image collection.

Figurell shows the number of images collected daily from each source. We see that the number of images collectel
each day by the two webcam image sources is almost stable (apart for few days were the collection of images fro
AMOS failedlue to network connectiwtissues with the server that runs the data colléctince an almost fixed
number of webcams are visited a fixed number of times each day. In particular, 2,246 webcams from AMOS and 1,0
webcams from webcam.travel are visited exactly four times peanidyas a result, about 9,000 and 4,000 images,
respectively, are collected daily from these sources. On the other hand, the number of images collected daily fror
Flickr exhibits a large variability since it depends on the number of geotagged imagespgh that are uploaded

daily by Flickr users. As expected, the number of images collected from Flickr increases significantly during Saturc
and Sunday, since users tend to capture and upload more images during weekends. On average, about 5,500 ima
are collected daily from Flickr.
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Figurell ¢ Number of images collected daily from each source

During the collection period, we retrieved images from almost every country in Elrigpee 12 shows the
percentage of the total number of collected image&Nl) corresponding to each country, whHigurel3 shows the

total numbers of Flickr and webcam images collected from each country (only the top 20 countries are shown in a
cases to increase the readability of the figures). We see that most images come from the UK, mainly because mc
Flickrimages are from there, while Norway is second in the rank because it is the country where most webcams ar
located(given our collection criterialsermany, another country of interest for hackAIR (since pilots will take place in
Germany and Norway) isalvery well covered, exhibiting a balanced number of Flickr and webcam ifmggei4

shows the total number of images collected daily in Germany and NorwayeWeasafter the full integration of all
image sources (in May), more than 1,000 and 2,000 images are collected daily from Germany and Norway, respective

ATy
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¥
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As we will see in Secti@m, these larger numbers of collected images lead to a large numberaésicging images
that can be used for air quality estimation.
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Figurel2 ¢ Percentage of the total number of collected images coming from each European country (top 20 are shown)
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Figurel4 ¢Total number of images collected daily from Germany and Norway

23|79




D3.2: 2 " Environmental node discovery, indexing and data acquisition

2.4 Collectng Measurementfrom Ground Stations

In this section, we presetite framework that we developed for collecting air quality measurements (specifically PM10
andPM2.5) from ground stations. The framework is based on the collection of data from Gpeni@ quality web
service that was briefly described in D3.1 (section 3.3.3). OpenAQ is an open data platform that aggregates and sha
air quality data fronmultiple official sourcearound the world. The data offered by the platform is of high quality as
they mainly come from official, usuatipvernmentlevel organizations. The platform offers the data as they are
received from their originating sources, latit performing any kind of transformations. In particular, the following
five main criteria are used for deciding upon the suitability of the data sources that are included in thePiatform

1. Data must be of one of these pollutant types: PNdfGnterestto hackAIR)PM2.5(of interest to hackAIR)
sulfur dioxide (SO2), carbon monoxide (CO), nitrogen dioxide (NO2), ozone (03), or black carbon (BC).
2. Data must be from an officibldvel stationary, outdoor air quality source, defined as data produced by a
gowernment entty or international organizations
3.5 GF Ydzad 06S WNIGQ YR NBLRNISR Ay LKeaAaAlOrf 02ycC
4. 5+ GF YdzAaG oS SAS KB ywailh HHEARNS I 6 SR Ay id2 | KAIKSN
5. Data must be from measurements averddgetween 10 minutes and 24 hours.

Importantly, the OpenAQ system checks each data source for ggddétemation every 10 minutes. Thus,is
guaranteed that the data will be almost as e as they are offered by the original sourdasth respect o
geographical coverage, the platform collects measurements from 5,629 locations in 48 countries. Since the focus
the hackAIR project is the collection of PM10 and PM2.5 measurements from countries in Eablg2eshows the
European countries for which PM10 &mdPM2.5datais providedthe number of locationthat provide data in each
country, as well as the corresponding data soW¢e observe that data for IH#uropean countries are available. In
most cases, the data source is the European Environmental Ay@&tex) but additional officidvel data sources

are included (e.g. DEFRIiA the United KingdomWe observe that PM10 data are available from moratiogs in

each country compared to PM2.5 data with only three exceptions (United Kingdom, Belgium and Poland) where
similar number of PM10 and PM2.5 locations are available. In total, OpenAQ provides PM10 and PM2.5 data fro
1728 and 737 locations in Eye, respectivelyWe also observe that the countries of the pilare very well
represented, with 434 PM10 and 183 PM2.5 locations in Germany and 48 PM10 and 37 PM2.5ilodadravay.

Table2 ¢ European countries for which data is available in the OpenAQ platform along with datassmoegs6lumn),
number of locationwith PM 10 datdthird column and number of locations with PM2.5 data (fourth columhg URLs of the
data sources are ed in some cases because the source name is not provided by OpenAQ.

Country # PM 2.5 locations
France EEA France 372 147
Germany EEA Germany 434 182
Spain EEA Spain 243 72
Austria EEA Austria 199 0
United Kingdom DEFRA 71 74

19 https://openaq.org

20 More details can be found hetgtps://medium.com/@openag/wheteesopenagdatacomefrom-a5cfof3a5c85

21 https://www.eea.europa.eu/

22 https://ukair.defra.gov.uk/
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Netherlands http://www.Iml.rivm.nl/sos/ 94 64
Czech Republic EEA Czech Republic 83 52
Belgium EEA Belgium 61 63
Norway luftkvalitet.info 48 37
Finland EEA Finland 37 16
Croatia EEA Croatia 17 9
Hungary EEA Hungary 24 1
Bosnia and Herzegovir| http://www.fhmzbih.gov.ba 11 5
Poland http://sojp.wios.warszawa.pl 9 10
FYROM EEA FYROM 15 0
Sweden Swedish datdrom SLB analy 9 4
Ireland EEA Ireland 1 1
Total 1728 737

Based on its characteristics, Operng@onsidere@n ideal source of PM10 and PM2.5 ground station measurements
for the hackAIR platform. Therefore, a specialized data collection framework was developed to retrieve diaga from
REST API provided OpenA®:. The /latest endpoint* of the APIlis usedwhich provides the latest value of each
availableparameter (pollutant) for every location in the system. To avoid retrieving results frofaunopean
O2dzy i NASax 6S dz&aS (GKS 2LJiA2y Lt LI NI YSGSNI a Oéitumy, ib NB £

I 2AR NBUONASGAYy3A NBadzZ 6a F2NJ LRtfdzityda 20KSNI GKFy
queries are performed for each of the 17 European countries, one to retrieve the latest PM10 measurements and on
to retrieve the lagést PM2.5 measurements. For instance, the following two queries are used to retrieve the latest data
PM10 and PM2.5 data for Norway:

9 https://api.openag.org/vl/latest?pameter=pm10&country=NO
i https://api.openag.org/vl/latest?parameter=pm25&country=NO

Figurel5shows a part of the response of the OpenAQ API to the first of the above queries. We notice that the respons
contains all the required information for each measurement, i.e. exact geoloeaiibtime yvalue and unit.

The air quality data collector queries the OpenAQ API for the latest data once every hour and stores ne\
measurements in the MongoBi#aised environmental node repository that was described in D3.1 (sectioRigute
16 shows an example record from this repository. We see that the record contains the following fields:

f & Y AsR &inique object identifier added automatically by MongoDB
1 GRIGAYSE ait2NBa GKS dGAYSaidl YL 2F GKS YSIFadaNBYSyi
f at20¢ aid2NBa (GKS IS23aINILIKAOFE O22NRAYyIlIGSa 2F (K
 &aa&a2dzNOS e lypetof thie ilaadbiiée ofithk Geasuremetit

N>

23 https://docs.openad.org/

24 hitps://docs.openaq.org/#apatest

25 Currently all measurements come from OpenAQ but additianats types can be integrated in the future.
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already been retrieved (i.e. duplicates).
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{
meta™: {
"name"”: “openag-api”,
"1i =": "CC BY 4.8",
=": "https://docs.openag.org/",

"page”: 1,
"limit™: 10868,
"found™: 48

}J

"results [
1

"location™: "Alnabru”,

"city": "0slo”,

"country™: "NO",

"measurements”: [

{
"parameter”: "pmle@",
"value": 4.8,
"lastUpdated”:
"unit™: "pg/m3",
"sourcelams": "Norway™
}

] »

"coordinates™: {
"latitude™: 59.92773,
"longitude”: 10.84633

I

}p
{53},
{3},
(&=,
{3}
]
¥

"2017-865-28T15:80:00.000Z7" ,

Figurel5 ¢ Example response from the latest endpoint of the OpenAQ API.
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Key Yalue Type
w23 (1) Objectld("39031e8aa3a8343c... {11 fields }
_id Objectld("39031e8aa3a8343c10%ea7f0")
o datetime 2017-04-28 10:00:00.000Z
v 113 |oc { 2 fields }
" type Point
3 coordinates [ 2 elerments ]
| source_type opeEnag
" pollutant pm10
##| value 12.7
" unit pg/m®
i MO_Torvet_pm10_14%3373600000
" countryCode MO
" ity Trondheim
" location Torvet

Figurel6 ¢ Example MongoDB record of an environmental measurement from the OpenAQ API

The eavironmental data retrieval framework was deployed on 21/12/28xidhas been continuously collecting data
since then. As a result, the repository currently contains more than 1 million measurements in total. To facilitate ar
easy inspection of the collected datlaeir geographical distribution, and the current aialijty conditions in Europe

(in terms of PM10 and PM2.&e built a web applicatihthat displays the latest PNdland PM25 measurements

with appropriate markers on a mapigurel7 shows two screenshots of the applicativvie see that the application

offers three ways of filtering the results: a) based on country (initially results from all European countries ate shown
b) based onpollutant type (PM10/PM2.% and c) based on thpollution class (index) corresponding to each
measurement. The mapping from absolute PM10/PM2.5 values to pollution classes is performed accoattiieg to

3. In addition, there is the option of filtering measurements that are not recent (i.e. older than 24Wéeisge that
markers contain a number that corresparid the pollutant value at the specific &ion and are colored according

to the respective pollution class. In case necent measurements are not filtered, the corresponding markers have

a grey colorWhen an individual marker is clicked, a jpgpwindow opens that showadditional details abduthe
measurements such as the time it was last updated and the name of the location.

26 hittp://hackairmklab.iti.gr/sensors/
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Figurel? - Screenshots of the ground station data collection visualization web application.

Table3 - Mapping of absolute PM10/PM2.5 values to pollution classes.

Class name tamn aol S
Very good >=0 and <=20 >=0 and <=10
Good >20 and <=50 >10 and <=25
Medium >50 and <=70 >25 and <=35
Bad >70 >35
B (0)
[ ] hachAIR
Sy
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3 ImageédnalysigExperiment@ndStatistics

In D3.1, we presenteand evaluatedwo alternative methods for detectirgky regions in skyepicting images. The
first approach is based @tate-of-the-art machine ¢arningalgorithmsand consists of the combination of a visual
concept detectiorframework (seesection5.2.1.1 of D3.1}hat is used to detect images that depict sky, and a sky
locdizationframework(seesection5.2.1.2 of D3.1}hat is used to specify the sky region of the imade second
approach consists of a setgifpleheuristic rules provided bignagebased air quality estimation experts (DUTH) and
aims at directly detecting sky regions that are suitableif@gebasedair quality estimationAccording to the
evaluationreported inD3.1, the machine learnindpased approach performed better than the heuristic approach.
However the evaluation waperformedon ageneraipurposebenchmark collectiowhere the regions annotated as
sky might not always be suitable for air dyadstimation (e.gbecause they contain clouds).

In section3.1, we present a new evaluation of the two methods (and of their combination) on-aoddl datasée

that was annotated by air quality estimatiorexperts from DUTHhased on the suitability of the sky region for
performing air quality estimation using theok Up Table (LUBased approacthat waspresented irD3.3 Then in
section 3.2, we study the robustness dfmage analysisesults with respect to various widely applied image
transformation and filtersSection3.3describeghe final architecture of the image analysis service that we developed
and discusses the computatanoadof its various processing stepEinally,section 3.4 presens statistics of the
image analysis servi¢eollected over a period of more thawo monthg that allow us taestimatethe number of
usableéimageghat we can retrieve daily, botacross the whole Europe amdspecific countries of interess hackAIR

(i.e. Germany and Norway).

3.1 Evaluation of SkyokcalizatiorViethods

In this sectionwe carry outan air quality estimaticoriented evaluation of the twasky localization approaches
presented in D3.JFully Convolutional Neural Network<Y (Long et al., 20)%nd the heuristicule-basedapproach
proposed by DUTHeuristig. In D3.1, both approaches wereadvated on the SUNathbasé’ (Xiao, 201}) a general
purposebenchmark collection for image annotation and segmentation taksksvaluation was carried out on 2,030
images that were annotated with the concept sky and for which the polygons of the sky part of the image were
provided. In this ealuation, theFCNapproach was fountb performsignificantly better than thbeuristicapproach

as it achieved A.9177pixelwise precision and a 0.9425 pixébe recall versus a 0.8245 piwése precision and a
0.5922 pixelvise recall for theuristcapproachHowever, a more critical analysis of the results that involved a visual
AYAaLISOiAzy 2F GKS 3ANRdzy R NXzi K |y e image fediofi that B @annafiated O
I & & a ] @wayssuitablefd dir quality eshationas in many cases the gigrtis not clear€.g.contains clouds,

the sun, small objects, etcln additonK I O1 ! LwQa A Yl 3S hésbéeh &téritiéd 2oyhclutddcamS & 2 N
images which are expected to pose additional challenges tokihdosalization methods due to theirstinct
characteristics (e.giext overlays).

For these rasons we designed a negpecialize@valuation of the two sky localization methods tfoausesexplicitly
on their ability to correctly identify sky regions that are suitable for air quality estimaiog the LUDbased
approachTo ths end, out of 500K images that we collectddring the perio®4/2/2017-14/3/2017, wefiltered out

those in whth thedetectionconfidence of theky concepis notveryhigh(  0.8)to ensure thatnost ofthe remaining
images wildepict skyandthen took a random sample @pproximately 100 Flickr and 100 Webcam imageaseach
of these imagse, we extracted skynasks using: a) tHeCNapproach and b) thbeuristicapproachandwith the help
of experts from DTHwe answeed the following questions for each image:

1 Ql-a:Does the image contain a sky regisablefor air qualityestimatior? (Yes/No)

27 http://groups.csail.mit.edu/vision/SUN/
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1 Q1-b: Pleaseshortly describe th reason if you answered No@i-a
1 Q2-a:ls the sky region selected witihe FCNapproachusablefor air qualityestimatior? (Yes/No)
1 Q3-a:ls the sky region selected withe heuristicapproachusablefor air qualityestimatior? (Yed\o)

The first question (Q4) aims at helping us identify images with a sky raggablefor air quality estimatiorso that

we can subsequently evaludtee different sky localization methodsly on images with asablesky regionFigure
18shows tke distribution of responsto Ql-aandQ1-b, separatelyor Flickr images (lefandwebcam images (right).
We see that in both cases, about 60%hefimages contain a sky region thatissiblefor air qudity estimation (Yes

to QXa).Looking at the distribution of sponses to Qb, we see that in most casasd forboth Flickand webcam
images it is the presence of clouds or cirrus clog@gems of atmospheric cloud generally characterized by thin,
wispy strandspr the fact that the image is captured too early in the morning or too late in the evening that render
images unusablefor air quality estimation, despite the existence of a sky re@iimer reasons includeumidity,
rain/snow, strange images (usually deformed webcam images due to camera moyantistit)imagesnd a very
small number ofmages (5 out of 197) that dwt depict sky at alFigurel9 shows some examples sifydepicting
images that are considered usablefor air quality estimation.
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Figurel8¢ Reponses to @4 and Qb for Flickr images (left) and webcam images (right).
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Figurel9 ¢ Examples asky-depictingimagesthat areconsidered umsablefor air quality estimation due to (left to right): a)
cirrus clouds, b) clouds, c) hour of the day (too late or too eathymit)ity

Having identifiedmageswith usablesky regios, we now focus our analysis on the ability of each sky localization
approach to extractheseregiors. The results are presented figure20, which shows thgercentages o€orrectly
detected image regions using tREN(Q2a) and theheuristic(Q3a) approach for Flickr and webcam imagdésa

first glancethe performance of the two methodsppeas muchworse than theperformanceobtained on theSUN
databaseNote, however, thathe evaluatiorperformedhere is much stricteas evenfia small percentage of the
region recognized as skyludesnon-skyelements(e.g, clouds, buildinggext overlay}, then the whole region is
markedincorrect.An illustrative example is providedrigure21, depictinga case Were both masks are considered
incorrect, even thougha sizable percentagef the region recognized as sky is indeed sky (espeicidhg FCN
approach)Moreover, we obseve that in contrast to the results obtained when the evaluation was performed on the
SUN database, theeuristicapproach performs better than tHeCNapproach as it manages to correctly detect the
sky region in 45.76%/50.00% of the Flickr/webcam imagyssisonly 28.81%/20.69% for the FCN approashe
foundby performinga visual inspection of the masks generated by each approach, this diffprehably stem$om

the fact that theheuristicapproach generatemuchmore detailed sky maskg#ich seers to be advantageous for this
type of evaluation.
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Figure20 - Percentagsof correctlyincorrectlydetectal skyregions using each sky localization approach for Flickr images (left)
and webcam images (right).
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Figure21 - Inappropriatesky masks extracted using the FCN (middle) and the heuristic (right) approach for a Flickr image (left).

Visual comparison of thgeneratedmasks revealed that each approach has its own merits and works belitézrient
situations.Particularly we noticed thathne FCNF LILINR I OK A& o0SGGSNI Fd | @2ARAYy3
buildings or windows as sky), while beristicapproach is very good at filtering out small objects (e.g. tree branches)
and text overlays that are very common in images from webcams. Some illustrative examples are preSiguted in

22. In the firstrow, we see that altoughthe FCNapproach(2" column)correctly identifies the sky regiohnmisses

the white pillar. Théneuristicapproach(3 column) on the other handgorrectly filters the pillar but gets confused

by the bus windowsSimilar is the situation in the second and third row where we see thdtehesticapproach
manages to discard small neky elements (clouds in the second row and text overlay in tieerthw) that are not
discarded by théCNapproach which, on the other hand, does a much better job at not being confused by water
(second row) and part of mountains (third row).

Motivated bythe complementarity of the two approaches, we decided to dgvaleky localization approach that
combines themRCN-+heuristicMore specifically, we first calculate a sky mask using the FCN approach and then apply
the heuristicalgorithm described in D3.1, considering only those pixels that have been recognized as sky by the FC
approach. Tiis way, we manage to exploit the effectiveness oFishpproach in roughly recognizing the sky region

of the image and then utilize theuristicapproach to discard small naky elementsThe last column dfigure22

shows the masks extracted by tREN+heuristiapproach. We see that in all case€\+heuristicorrectly identifies

the sky regionBesides this visual evaluation, we also performeguantitativeevaluation of theFCN+heuristic
approachas we didor FCNandheuristic i.e. we counted the number of timesisablesky region was extraad by

the FCN-heuristicapproachby collecting responses to the questiai@4-a: Is the sky region selected with the
FCN+heuristiapproachusablefor air quality estimation? (Yes/No)he results of this evaluation are presented in
Figire 23, whichshows thepercentages of correctly and incorrectly detected sky regions for each approach, when
considering all images (Flickr and webcam images2xpected, there is @ny large improvement &80.34%of the

sky regions are correctly recognized by B@N-heuristicapproach, compared to 47.86% for theuristicapproach

and 24.79% for the FCN approach.
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