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Abstract.
This paper presents an opportunistic sensing system
for air quality monitoring to forecast the implicit factors of air
pollution. Opportunistic sensing is performed by web scraping in
the social network service to extract information. The data source
for the air quality analysis combines two types of information:
explicit and implicit information. The objective is to develop the
information extraction methodology by web scraping for smart cities.
The application development methodology has potential for solving
real-world problems such as air pollution by data comparison between
social activity observing and data collecting in sensor network.
Keywords. Smart city; open data; web scraping; social media;
machine learning.

1. Introduction
With the continuously increasing urbanization, an emerging problem is the
lack of data, resources, and technical capability to manage urban crises such
as energy, health, transportation, water and sanitation. Traditionally, the
urban environmental problems have been primarily resolved through professional
expertise, which results in the formulation of strategic policies. To resolve the
urban crises, some governments are taking an extra step to make a city “smarter”.
A particular strategy of a smart city is to use open data with the help of information
technology to respond to citizen demands. For example, in Chicago, Tweet
sentiments is used for recommending which road issafer for walkers (Kim, Cha &
Sandholm, 2014). In this paper, our focus is to support the function of air quality
monitoring in smart cities. The information extraction from social media is based
on IoT sensor networks in smart cities, as shown in Figure 1.

T. Fukuda, W. Huang, P. Janssen, K. Crolla, S. Alhadidi (eds.), Learning, Adapting and Prototyping,
Proceedings of the 23rd International Conference of the Association for Computer-Aided Architectural
Design Research in Asia (CAADRIA) 2018, Volume 2, 515-524. © 2018 and published by the Association
for Computer-Aided Architectural Design Research in Asia (CAADRIA) in Hong Kong.

516

C.C. CHUNG AND T.S. JENG

Figure 1. Crowd sensing in a social media on the IoT sensor network.

In the paper, a methodology is developed to extract information by web
scraping in the internet using an algorithm. To forecast the implicit factors of air
pollution by machine learning according to two sources of information: the sensor
network and the social media. By comparing these two sources of data related
to air quality conditions and analyzing the relations to train the monitor function,
we develop an algorithm that can forecast the pollution in advance when the air
quality monitor extracts one of the factor terms to cause air pollution. Information
for urban planning is extracted from geographic information such as population
counting using the statistics of the census registry, zoning and road mapping by
population composition (Shirvani, 1985). For smart city planning, increasingly
many infrastructure or facilities are connected with digital information. There
is a strong demand for integrating the information of social activities into future
urban planning.However, the information of human activities is difficult to sense
and measure. The location-based observing stations are no longer sufficient. In
addition, it is difficult for urban planners to plan new device in modern cities by
referencing old information (Ratti and Claudel, 2016). Thus, more information
must be collected via opportunistic sensing. The opportunistic information comes
from unexpected sources and has potential for predictability. To collect the
opportunistic information, web scraping is applied to extract data for the decision
support system (Bakaev and Avdeenko, 2014). Web scraping can collect useful
real-time information that is provided in the standard formats (Bishop, 2014). By
providing open data with the R package, one can solve the air pollution problem
(Carslawa and Ropkins, 2011). In this paper, we develop a method of crowd
sensing by web scraping to develop an air quality monitor to forecast air pollution.
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2. Related work
In the Senseable City Lab project (MIT, 2004-2017), the media lab categorizes its
projects about information sensing in cities to optimize smart cities. The method of
city sensing includes surveying, tag tracking, sensor setting and web scraping. A
series of studies on opportunity sensing provides an improvement plan for policy
and urban management. In the Senseable City project, a city is embedded by a
set of sensors, sensing and analyzing the information of daily life in a city. The
applications are to solve the wasting problem, air pollution, traffic and any kinds
of issue in cities. Different from traditional urban planning, Sensible City projects
extract the data to inform design. The Amsterdam Smart City project (ASC,
2009-2017) is a collaboration among the inhabitants, businesses and governments
to upgrade the Amsterdam city in energy saving and carbon reduction by collecting
information of each participant and analyzing the database to solve the sustainable
problems. A serial of community methods and algorithms are used to enhance the
residents’ awareness, detect smoke patterns and integrate varied big data while
the air pollution caused by factories in cities. (Hsu, Dille, Cross, Dias, Sargent, &
Nourbakhsh, 2017) The researchers in this project develop a social network service
in phone app to circulate a notice for the users. Once the air quality is getting worse,
every user who perceives can post a notification on the social network through
this app by their mobile device, pointing out where and when the bad air happens.
When the opinions of citizens are considered in urban planning, the policy and
management will be more accessible and effective. Smart-city planning has strong
connection with the sensor network. From infrastructures, buildings, vehicles to
mobile devices, the sensor network connects all information through the entire
city infrastructure. The information revealed from the sensor network reflects the
public opinions and is crowd sensing in the social network.The information of
crowd sensing reflects the smart mentality of citizens. Crowd sensing can sense
the factor that the sensor network cannot easily detect. In this paper, we compare
these two sources of information i.e. sensor network and social media to support
the air quality monitor.
3. Research Method
To import the information of crowd sensing to open data about the city
environment, we define the city information in two categories: “explicit” and
“implicit”. For example, the explicit information includes air pollution, population,
aging, and zoning; the implicit information includes the causes and effects of the
problem in cities. Both categories of information may reflect the problems, yet
the evidence is hardly articulated. According to the process of urban planning,
the requirement of urban planning includes information sensing and analysis. To
support information extraction for air quality monitoring, we select the social
network information by web scraping and compare with the sensor network of
the air quality in a smart campus project to determine the unexpected factor of
air quality control. In the process, we define the explicit information as the AQI
(Air Quality Index) from the sensor network and the keyword that we select from
the social network. The implicit information is the factor of air quality problem,
which is derived from two sources of information about the air quality. After
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defining the information categories of smart-city design resources, we extract the
two sources of information and estimate their relevance to find the key factor
of air pollution. To extract the information, we analyze the sensor network and
use web scraping. In the experiment, we collect the air quality database in a
Smart Campus project, which is a synthetically-smart-city study in a campus scale.
Which involved district management, traffic plan, air quality monitor and policy
improvement. The purpose of smart campus is to develop a demonstration of
smart city in digital governance. In the territory of the smart campus, we set
several types of environment sensors to collect the environment data and examine
the smart-campus planning for deeper intelligence (Figure 2). In Figure 2, the
black solid line means the database flow during the extraction process. When the
forecasting algorithm is completed, the air quality monitor will feedback the sensor
network and seek for the factor of air pollution according to the inference as the
blue dotted line.

Figure 2. A framework to extract information in air quality monitoring.

The air quality observation is one sensor network application of the
smart-campus project, which collects the air quality database for smart-campus
management. We compare this air quality database with the social network
information to derive the implicit factors of air pollution. When the air quality
sensed from the sensor network in smart campus is poor, the air quality monitor
will extract the current message on social network. In addition, analyzing the two
sources of information to define which keyword is the factor of air pollution.
4. Development Process
To forecast the implicit factors, there is a machine learning method using the
social network and sensor network information in the last step. The development
processes are: (1) Air quality information sampling; (2) Explicit information
scraping; (3) Comparison between the explicit information and the analyzed
database; (4) Implicit information forecasting; (5) Machine learning for the
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optimal strategy.
4.1. AIR QUALITY INFORMATION SAMPLING

First, we collect the necessary information by setting the observing stations in the
smart-campus field. The air quality data include the temperature, humidity and
airborne. According to this database, we can determine when the air quality is bad
or good during the monitoring. Figure 3 shows the air quality data at an observing
station in a time interval. Figure 4 shows the sensor device (in the box) on a lamp
in the smart campus. There are up to thirty sensor devices in the experiment field.

Figure 3. Air quality database chart.

Figure 4. Air quality sensor device on a lamp.

4.2. EXPLICIT INFORMATION SCRAPING

After obtaining sufficient spatial air quality data, we can obtain the time when
the air quality is poor. Then, we collect the social activity information about
the cause of the poor air quality. To collect the social activity information, we
scrape some explicit keywords on the web. In the experiment, we collect article
text from the BBS (Bulletin Board System) because it has the characteristic of
uncommercial, public, popular, open data and plain text. The message data from
the BBS are suitable for this experiment. The web scraper is coded in Python
and stores the extracted information to a .cst database file (Figure 5). We scrape
the article in the specific board in the time interval when the air quality is poor.
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The scraped message may contain some factor about the poor air quality. The
scraped information includes the IP address, posted location, posted time, whole
article and comments. This social network database composes with the “explicit”
information. The explicit keywords reflect the opinions of the citizens about the
current environment.

Figure 5. Explicit-data-scraping process.

4.3. COMPARISON BETWEEN THE EXPLICIT INFORMATION AND THE
ANALYZED DATABASE

To develop an air-quality-monitoring algorithm, the air quality is quantized in
the AQI (Air Quality Index) (see Table 1). We scrape the articles on the social
network in the time interval with poor air quality for twenty hours, mark and count
the words that appear more times (Tables 2 and 3). We can see the quantity of
each word during the observation and compare if these words are related to air
pollution. By repeatedly searching and scraping, we can obtain sufficiently many
explicit words for the analysis. We analyze the natural language analysis, count
the individual words in the article and select the meaningful ones to determine the
air quality. By collect the explicit key words, we can forecast the implicit factor
that causes the air pollution.Table 1. Air quality index (AQI) at specific observing
stations
Table 1. Air quality index (AQI) at specific observing stations.

Table 2. Explicit data example (partially confidential).

Table 3. Explicit keyword counting.
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4.4. IMPLICIT-INFORMATION FORECASTING

When we have obtained sufficiently many explicit keywords, we can identify the
words that indicate the poor air quality. First, we quantize the keywords and
define the weight as the word counts in the analyzed timeline. If a word appears
more times when the AQI is higher, the word has more weight. The counts of
keywords and the AQI during the same monitoring time export a function, which
captures the relation between the explicit words and the air quality. Then, we can
combine all keywords into a function to train the machine learning to normalize
the keyword-to-AQI function and find the explicit words. In this experiment, we
define that the case-control group function fi (x) is the AQI in the time interval.
When event Si of the air pollution occurs, the function is fi (x) = ai x + bi ; ai and
bi are known parameters, x is the occurrence rate of the explicit words (occurrence
rate=increasing quantity / average quantity). The experimental group function is
fi i(x) = ai ix + bi i, where x is the occurrence rate of implicit words. When fi (x)
ai
and fi i(x) are highly related, i will approach 1. We can derive the meaning of a
ai
keyword of the air quality from collecting many groups of x to analyze a and b of
f (x). In Figure 6 and Table 4, the constants ai and bi of fi (x) are exported from
x, including the counts of keywords. Until ai and bi approach a constant value,
we can derive the keyword-to-AQI function in a specific area.

Figure 6. Keyword-to-AQI function diagram.

Table 4. Keyword-to-AQI function algorithm example.

After deriving the keyword-to-AQI function, we can compare the explicit
keyword that affects the air quality and obtain the keyword that is highly connected
with the phenomenon. After the air quality monitor senses the explicit keyword,
it can check the relation with the high or low factor. In fact, not all high-count
words are related to the factor. The keyword-to-AQI function is built to check the
information collected in the social network.
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4.5. MACHINE LEARNING FOR THE OPTIMAL STRATEGY

The air quality monitor operates by explicit-information extraction. To forecast the
air pollution, it must extract the implicit information from the explicit one. After
we derive the keyword-to-AQI function from explicit words, we can import the
events that become the keywords in the decision tree for the air quality monitor.
This decision tree is used to predict the factor of air pollution. When the air quality
monitor senses a high AQI in the observing stations, it will collect the associated
message on the local social web service, including the explicit and implicit one.
After the keyword-defined explicit information of the bad air quality is scraped,
the keyword-to-AQI function must estimate the word that causes the air pollution
but not explicit defined. This process is programmed to improve the air quality
monitor because only the explicit information is not objective to forecast future
events. The implicit keyword is different from the explicit one and may not be
relevant to air pollution. The keyword-to-AQI function estimates the explicit
information to find the implicit one. The explicit and implicit words scraped from
one message from a social network are related to a specific event. This decision
tree determines the keyword relation by their events. For example, keywords [A]
and [B] is highly related to event{S}; if [A] is estimated in an explicit word, [B]
can be the implicit one. In the air quality monitor operation process, event {S} can
be the factor that causes air pollution. The decision rule is: [A] is explicit keyword
in Situation {S}, and [B] is related to [A], the decision tree will determine whether
word [B] is implicit or not in the situation {S}. See Figure 7.

Figure 7. Implicit keyword decision tree.

In the first step of air quality monitoring, the keyword-to-AQI function extracts
the explicit words and builds the database for analysis; then, the decision tree
imports this explicit database to forecast the implicit one. After the decision tree
is trained, the keyword-to-AQI function can forecast the factor of air pollution
according to the implicit information. In this experiment, we estimate the explicit
word [A], which includes the air, east dist. location, weather, traffic and cloudy.
Two types of example information are estimated in one situation; they may contain
at least one implicit keyword is the factor. The implicit word [B] may be the East
dist., traffic and cloud (see Table 5).
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Table 5. Explicit data example.

When we import the explicit word into the decision tree in Figure 7, the factors
are as follows:S = Situation in bad air qualitySA = Se ={air, east dist. location,
weather, traffic, cloudy}SB = Si = {East dist., traffic and cloudy}An explicit
keyword can also be an implicit one. When the extracted implicit keyword in
a situation complies with the explicit factor, which results in air pollution, the
algorithm will also be determined as the factor. A definition of the implicit words
is useful to forecast the air pollution.
5. Implementation
In order to demonstrate the methods presented here, we apply them to the air
pollution monitoring example. The web interface of keyword-to-AQI function
is presented in Figure 8. The chart diagram shows AQI information when the
user inputs the location and time intervals. Furthermore, web scraping has been
embedded on the right-hand side of the user interface. In order to find out the
causes and effects of air pollution at the specified time interval, the user provides
inputs by typing a URL address and some keywords to extract relevant information
from social media regarding AQI. Figure 9 shows the result of web scraping
relevant to air pollution. In Figure 9, the upper diagram shows the number of
occurrences of explicit information (i.e. air, news, area, location), whereas the
lower diagram shows the number of occurrences of implicit information (i.e. east
dist, cloudy, traffic, traffic control). The implicit keywords are automatically
generated by the machine learning algorithm. The implicit keywords are very
likely the causes and effects of air pollution in the specified time interval. The
air quality motoring system combined with web scraping shows the potential of
evidence-based design, allowing citizens to fully understand the causes, effects,
and possible solutions of air pollution so that public authorities can be asked to
take action.

Figure 8. AQI-to-keyword monitoring at specified time intervals.
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Figure 9. Extracting explicit and implicit keywords of air pollution by web scraping.

6. Contribution
In this experiment, we develop a methodology of information extraction by web
scraping to combine the air quality monitor system and web scraping for smart
cities. We define two sources of information, i.e. explicit and implicit, to
develop the keyword-to-AQI function in the process of air quality monitoring.
The keyword-to-AQI function can extract the information from a social media
and quantize the natural language into the number of occurrences of keywords
to support air quality monitoring. The air quality monitoring system extracts
the causes, effects, and possible solutions from the sensor network and forecasts
the coming pollution with the social media. By collecting messages about the
activities of citizens, we can obtain the real factors that cause the poor air quality.
While the social network database increases, the decision tree algorithm can be
expanded and the forecast function of the air quality monitor will be more complete.
The future work is to collect more information so that the machine is trained
to make specific decisions using the learning algorithm. In future applications,
the algorithm scraped message in social media may forecast more environmental
problems in smart cities.
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