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Chapter 1

Introduction

1.1 “Weather talk”, the idea

It is always about the right combination, everywhere. In life, in mathematics, in thoughts
the right combination of “elements” will make the difference. “Weather talk”, in general, is a
project that tries to create the right combinations between technically unrelated information
in order to extract useful conclusions. It is an idea of Professor Nello Cristianini; an idea
with an unconventional title but conventional applications.

“Weather talk” takes advantage of the vast amount of information that lies on the World
Wide Web (hereinafter web). The goal of this project is to use statistical analysis on text
documents available online in order to extract information about the weather on a specific
location. Documents can include blogs, newsgroups and news articles but not officially
weather related web sites or pages. These documents form “Weather talk”, the input of our
project.

Why has weather been chosen instead of something more challenging? Weather may not
seem an interesting subject to investigate as the process of deriving the weather state of
a location, one day after, without watching the weather observations of official weather
repositories does not offer any extra information. The answer is that the choice of weather
is motivated by the easy availability of ground truth.

As an extension to the whole process, we may construct a graphical representation of our
predictions on a map. More importantly, if the “Weather talk” model behaves correctly
we will experiment by applying it to other types of information, e.g. marketing, products,
opinions.

1



Chapter 1. Introduction 2

1.2 “Weather talk”, the description

What is the general plan of this project? The project will be separated in three serialized
steps. In every step, we will get a final result and every next step will use the achievements
of the previous one.

• Step 1 - Infer weather state from observable web data.
In this step we will infer the major weather state of a day using observable1 web data
(Figure 1.1). Data collection methods as well as classification of the collected data
should be applied.

 

Weather related 

observable data 

on the web 

Weather 

states 

Figure 1.1: “Weather talk” Step 1. Infer weather states from observable web data.

• Step 2 - Infer weather state using observable web data fusion.
In order to improve our prediction, we will use one or more contexts that include
information which is related with or maps to weather states or ‘consequences’ such as
topics referring to traffic, sport events, and agriculture (Figure 1.2).

• Step 3 - Improve result using yesterday’s weather.
This step concludes our system and introduces the need of memory. It combines all the
previous steps with the addition of using previous day’s weather state as a coefficient
in the model (Figure 1.3). A Hidden Markov Model will be applied for carrying out
this step.

• Evaluation Step.
In this step we compare our results to official weather data. Constructing the weather
states of our system will be based on the format of ground truth data. Therefore,
it is important to decide which format of official weather data is going to be used
before starting building the weather states of the system. There are more complicated
solutions on that, such as mapping both inferred weather states with official ones to
a common weather state system. This step will be carried out after each one of the
previous steps, for evaluation purposes.

1 throughout this report “observable” term will be used to indicate data that derive from unofficial
resources and can be observed by a user or an application.
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Figure 1.2: “Weather talk” Step 2. Infer weather states from observable web data together
with traffic data (data fusion).
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Figure 1.3: “Weather talk” Step 3. Improve results using yesterday’s weather.

• Designing the weather map.
Instead of having a static text list with city names and weather states, it is in our goals
to project our results using a map interface, such as Google Maps API.2 However, our
main goal is getting the right results, not projecting them.

1.3 Report outline

The content of this report is distributed as follows; in Chapter 2, we refer to methods for
data retrieval as well as in their possible adaptations to this project. In Chapter 3, we
provide an analysis of the technique for classifying the collected web information and we
introduce data fusion. In Chapter 4, we present a Hidden Markov Model which is used

2 Google Maps API, http://code.google.com/apis/maps/.

http://code.google.com/apis/maps/
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to decide the weather state of a day by combining all the previous methods together with
the inferred weather state of the previous day. In Chapter 5, we describe the methods for
evaluating and displaying our results and we discuss about possible extensions, and different
applications of this project.



Chapter 2

Collecting web data

In this chapter we make a brief reference to web mining techniques applicable to “Weather
talk”. Furthermore, we describe alternatives that can be used nowadays and offer the same
level of results.

2.1 Data and Web Mining

Data mining, also known as “Knowledge Discovery in Databases”, is the process of extract-
ing unknown, non obvious or hidden, but conditionally useful information from data stored
in a database format using nontrivial techniques [FPSM92]. Web mining is based on the
same concept and in most cases uses the same algorithms for retrieving information but it
is applied on web data. These data may have been derived from a server’s database but
the web mining system cannot have full access to that server. Web mining applications can
access information located on the web either it is visible or just unprotected, meaning that
the data collection process is a substantial part of the whole mining procedure.

2.2 Crawling the web

The data collection process in Web mining is performed, most of the times, by programs,
known as crawlers or spiders or robots. As an example of a very simple and limited crawler,
we could have a program that after is given a set of Uniform Resource Locators (hereinafter
URLs) as an input, it starts to follow links within the web pages while storing the pages it
passes by into a repository.

For this project we have investigated two different crawler types. A “focused” crawler
follows the proposal of Chakrabarti et al. [CvdBD99] and applies goal directed crawling.
A document that withholds all the topics of interest is given as an input to the crawler.

5



Chapter 2. Collecting web data 6

As a result, the crawler does not search only for specific keywords but for more general
contexts that might describe them. In our project the input could have the form of a
weather ontology1 as it was proposed in [EM03]. A classifier is used in order to fetch pages
that are more close to the predefined interest. It may use two possible strategies:

• Conventional strategy. None of the fetched pages of paths are withdrawn during
crawling. All the pages are sorted based on their probabilities to contain information
of interest. The crawling continues by fetching the pages with higher probabilities
first.

• Strict strategy. For each page the classifier finds the most probable context. If none
of the pages which belong to the search path of the current page (ancestors of the
current page) is of the requested context, then this path is pruned.

An extension of this crawler is described in [CPS02]. It uses a second classifier, named as
“apprentice”, which assigns priorities to pages that have not been crawled yet by analyz-
ing information which is related to them, such as inspecting items of interest inside the
Document Object Model (hereinafter DOM) tree of the pages that link to them.

An “intelligent crawling” technique is presented in [AAGY01]. The crawler is given as
input a set of “predicates”, which they may be words of interest in the linked URLs or
the DOM tree (content) of the pages. Before visiting a page, it calculates the probability
that this page is interesting by using the “predicates”. Suppose that we are looking for
pages about the weather. We have set only one predicate, the word weather and we are
looking only whether this word is part of the URL of an unseen page. From our previous
results we know Pr(subject = weather

⋂
token in URL = weather), the probability that

a page talks about the weather and includes the word weather in its URL. We also know,
Pr(subject = weather) and Pr(token in the URL = weather). Then, we may calculate the
fraction d,

d =
Pr(subject = weather

⋂
token in URL = weather)

Pr(subject = weather) Pr(token in the URL = weather)
. (2.1)

The crawler decides that the unseen page is not interesting if d ≤ 1, and interesting other-
wise. An advantage of this method is that the crawler does not need a seed of URLs in order
to start. On the other hand, one should be very careful when deciding for the “predicates”.

2.3 Alternatives on Crawling

Including a crawler in “Weather talk” will result to search engines independence and will give
a more flexible and customizable character to the project. However, implementing a smart,

1 Ontology application is discussed in Chapter 3.
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large-scale crawler for a specific purpose (e.g. effective searching of weather information)
may be a project of its own. For the reason that during this project, we would like to focus
on investigating and implementing the core theory of our system, instead of customizing or
implementing from scratch a crawler, we use more conventional, alternative methods.2

Alternative methods will include the use of modern search engines’ services, such as retriev-
ing dynamically an RSS feed3 which includes all the articles of interest based on the tokens
of a search.

2 We are more interested in the theoretical investigation and implementation of the concepts presented in
Chapters 3 and 4. Whether a crawler will be implemented or adapted to the project’s needs, will be decided
by the whole progress of the project.

3 RSS stands for RDF Site Summary, or Rich Site Summary, or Really Simple Syndication depending on
its author and version, http://en.wikipedia.org/wiki/RSS_(file_format).

http://en.wikipedia.org/wiki/RSS_(file_format)


Chapter 3

Classifying web data

In this chapter, we describe methods used for classifying the collected information. The
representation of the term “weather state” in our project and its connection with a weather
state ontology are explained. In the end, we describe how data fusion is applied in order to
conduct more accurate results.

3.1 Weather states

Our initial purpose is to decide and assign a weather state to each target city for each
day. A weather state is a general description of the weather of a day indicating the major
weather condition and it may consist of one or multiple words that form a phrase, e.g.
sunny, rain, partly cloudy, light rain shower. Different weather states may be hundreds with
small variations with each other. We have to limit this for two significant reasons:

• the weather states derived from the official resources are limited. We will need a
mapping between similar, derived weather states to a more general one, used by the
official sources.

• making conclusions with that level of accuracy would not be beneficial for the total
outcome or will lead to incorrect assumptions. Suppose that observable web infor-
mation maps to the weather state of fair weather with a percentage of 20%, to bad
weather with 15%, to cold weather with 20%, to wet weather with 20%, and to sunny
weather with 25%. Based on these probabilities, we decide the weather state with the
highest one, i.e. sunny weather. It is obvious, that the other derived states map to the
more general fair weather state, as bad, cold, and wet are adjectives which describe
this condition. The fact that sunny weather has been mentioned in the minority of
resources, points to the conclusion that it was not the major weather state of the day.

8



Chapter 3. Classifying web data 9

A solution to this problem might come with the use of a weather ontology in a customized
manner. The main weather states will be defined from the official weather observations
which form the ground truth mechanism. From a detailed weather ontology, mappings
between multiple weather states and their contextual descriptions will be extracted. We
will end up with a basic set of weather states and their mappings to weather related words
or phrases derived from the weather ontology.

3.2 Using a weather ontology

In [Gru93] ontology is defined as a formal but restricted specification of a concept which
describes predicted relationships between its elements. Applications of ontologies vary; in
this project we will use a weather ontology in the process of transforming unordered and
heterogeneous data to usable information. Scenarios describing this type of use for ontologies
(“common access to information”) are presented in [JU99].

Building an ontology about a general subject is not a trivial task. At the same time, a very
general ontology about the weather will introduce a higher level of complexity in a part of
our problem that we want to be as simple and accurate as possible. Our final decision is to
research existing ontologies about the weather1 and to adapt them to a weather ontology
suitable for “Weather talk”. The general idea is that the ontology will map several elements
(words or phrases) to a weather state (Figure 3.1). This is a way of dealing with the
restrictions that ground truth weather states introduce. Editing or building a new ontology
may be carried out with Protégé [NSD+01], an ontology editor and knowledge acquisition
tool.2

Weather

Sunny sunny

State Element1 Element2 Element...

Rainy

Cloudy

warm weather … 

rainy light shower … 

cloudy wet weather … 

… … … … 

Figure 3.1: A partial graphical representation of a weather ontology.

1 A weather ontology was constructed for a project at the Computer Science Department of Aberdeen,
Scotland, UK, http://www.csd.abdn.ac.uk/research/AgentCities/WeatherAgent/index.php.

2 Protégé, http://protege.stanford.edu/.

http://www.csd.abdn.ac.uk/research/AgentCities/WeatherAgent/index.php
http://protege.stanford.edu/
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Using WordNet3 might help in building a more complete and consistent weather ontology.
According to [MBF+90], WordNet is a different, much more interesting approach of an
English language dictionary. It represents general concepts as a collection of several synonym
sets (called “synsets”). Words are connected to each other, building a networked scheme,
based on similarities in meaning or in the general concept in which they are attached.
This networked structure of WordNet could also be useful in improving the search queries
mentioned in the previous Chapter.

3.3 Deciding a weather state by applying Näıve Bayesian
classification

3.3.1 Bayes’ theorem

In general, Thomas Bayes’ theorem provides a way to calculate the a posteriori probability
Pr(X|Y ),4 from the a priori probability Pr(X), using Pr(Y |X) and Pr(Y ).

Pr(X|Y ) =
Pr(Y |X) Pr(X)

Pr(Y )
. (3.1)

Using (3.1) we are able to calculate the exact probability of an event X, given a set of data
Y . In case we want to decide the most probable event based on the same data set Y , then
the normalizing denominator Pr(Y ) is not needed as it is the same for all the events X.
Our decision is the maximum a posteriori hypothesis s and is defined as

s = argmax
xi∈X

Pr(xi|Y ) = argmax
xi∈X

Pr(Y |xi) Pr(xi). (3.2)

3.3.2 Applying Näıve Bayesian classification to “Weather Talk”

This section is based on the relevant chapters in Mitchell’s [Mit97] and Liu’s [Liu07a] books.
Näıve Bayesian classification, which will be used for the purposes of this project, is based
on equations (3.1) and (3.2). It forms a popular classification algorithm used mainly for
supervised learning.5

As we have mentioned before, we want to transform observable web data to weather states.
Let WS be the class of weather states with values < ws1, ..., ws|WS| >, where |WS| is the

3 WordNet, http://wordnet.princeton.edu/.
4 Pr(X|Y ) denotes the probability of the event X based on the event Y , or closer to our subject the

probability of a weather state X based on a data set of observations Y .
5 this type of learning is called supervised because the input data (or more formally training data) are

labeled with predefined classes.

http://wordnet.princeton.edu/
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number of predefined different states.

WS =< ws1, ..., ws|WS| > . (3.3)

Let OD be the data set of weather information collected from observable web data with
discrete attributes < O1, ..., O|O| >, where |O| is the number of attributes we use.

OD =< O1, ..., O|O| > . (3.4)

For clarity, we mention that this data set does not contain any official weather information.
Let o be an instance of OD, o =< O1 = o1, ..., O|O| = o|O| >. In other words, o is an
observation made of collected web unofficial weather data. The number of attributes |O|
is the number of parsed words or phrases of interest (elements).6 Each attribute holds
an element of interest that is part of the weather ontology. With high probability there
would be attributes which will contain the same element (we will refer to them as duplicate
attributes). Our model ensures that duplicate attributes will not be ignored as they should
strengthen the probability of one weather state.

The purpose of our model is to calculate the probability of a weather state wsi ∈WS based
on the observation o. This probability is Pr(WS = wsi|o) and using Bayes’ theorem can be
expressed as

Pr(WS = wsi|o) =
Pr(o|WS = wsi) Pr(WS = wsi)

Pr(o)
=

=
Pr(o|WS = wsi) Pr(WS = wsi)∑|WS|

k=1 Pr(o|WS = wsk) Pr(WS = wsk)
.

(3.5)

We will make a decision about the weather state based on the value of (3.5), picking the
state with the greatest probability (maximum a posteriori probability). Therefore, as in
(3.2) only the enumerator will be calculated as the denominator of (3.5) is the same for all
the values of the weather state class.

We are able to simplify the formulas above by assuming that for a known weather state,
WS = wsi, the weather data set attributes are conditionally independent one another.
That means that each element, which maps to a weather state, is not related with the other
words included in our data set. Of course, this is not true, but from [Zha04] we assume
that even when there are strong dependencies between the words in the text, naive Bayes
classification is optimal. The conditional independency can be expressed as

Pr(Oj = oj |WS = wsi) =
Pr(Oj = oj |O1 = o1, ..., Oj−1 = oj−1, Oj+1 = oj+1, ..., O|O| = o|O|,WS = wsi).

(3.6)

6 in order to refer to words or phrases of interest, the term element is going to be used from this moment
onwards.
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As a result

Pr(o|WS = wsi) =
|O|∏
j=1

Pr(Oj = oj |WS = wsi). (3.7)

From (3.5) and (3.7) we have that

Pr(WS = wsi|o) =
Pr(WS = wsi)

∏|O|
j=1 Pr(Oj = oj |WS = wsi)∑|WS|

k=1 Pr(WS = wsk)
∏|O|
j=1 Pr(Oj = oj |WS = wsk)

. (3.8)

Since we only need the most probable weather state for a city, we will not take into consid-
eration the denominator of (3.8), as its value is the same for every instance of the weather
state class. Consequently, our decision d is

d = argmax
wsi∈WS

Pr(WS = wsi)
|O|∏
j=1

Pr(Oj = oj |WS = wsi). (3.9)

the weather state whose probability’s enumerator is the greatest.

We will make the following assumptions:

• All the weather states have the same probability to occur,

Pr(WS = ws1) = ... = Pr(WS = ws|WS|) =
1
|WS|

. (3.10)

For a particular location on a particular day, it is obvious that is assumption is not
correct as there are areas with “restricted” weather behaviour. On the other hand,
this is another type of input, the biggest part of which is based on weather forecasting
statistical techniques. It is clear that this is not the scientific field that this project
targets.

• All the elements that map to a weather state, have the same probability to map to this
weather state with any other element that maps to another weather state. Formally,

Pr(Oj = oj |WS = wsk) = Pr(Oi = oi|WS = wsu) =
1
|O|

,

for ∀{i, j} ∈ [1, |O|] and for ∀{k, u} ∈ [1, |WS|],
where O :→WS.

(3.11)

Similarly to the previous assumption, there are elements that should have a stronger
mapping to a weather state. Taking this into consideration will require the creation of
a dynamic weather ontology, in which the elements that map to a weather state will
have weights.
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Table 3.1: A small weather ontology mapped on a table.

Weather State Element1 Element2 Element3 Element4
sunny sunny warm lots of sun clear
rainy rainy light rain cold -
cloudy cloudy cold fair weather -

It is trivial to notice that there would exist probabilities with zero values, when a mapping
between a parsed element and a weather state does not occur. To avoid losing important
information, we apply the Lidstone’s law of succession [Lid20] by adding a λ = 1

|O| to
both the enumerator and denominator of the probabilities in (3.11). This process is called
smoothing. As a result, instead of zero probabilities, the minimum probability is now equal
to 1
|O|2+1

.

3.3.3 Näıve Bayesian Classification, an example

In this section, we provide a minimal example of how exactly Bayesian inversion will be
applied to “Weather talk”. Suppose that we work with the very small ontology which is
mapped on the table 3.1. Every weather state is described with some elements. These
elements we are trying to spot in the observable web data.

Suppose again, that the data we observe (for a specific location and day) include the fol-
lowing set of terms:

< cold, warm, clear, cloudy, cloudy > .

We assume that each weather state is equally probable. As a result,

Pr(WS = sunny) = Pr(WS = rainy) = Pr(WS = cloudy) = 1/3.

Each element should map equally to a weather state. We want that to happen in order not to
assume higher probabilities for elements which belong to a weather state that does not have
the biggest number of different elements (in our example rainy and cloudy have an element
less than sunny). Consequently, all the probabilities of the type Pr(O = oi|WS = wsj) are
equal to 1

|O| , where |O| is the biggest allowed number of elements in our model. We have
assumed, that

Pr(O = sunny|WS = sunny) = ... = Pr(O = cloudy|WS = fairweather) = 0.25.

As mentioned in the previous section, we will apply Lidstone’s law of succession with λ =
1
|O| = 0.25. The probabilities will be equal now to 1+λ

|O|+λ ,

Pr(O = sunny|WS = sunny) = ... = Pr(O = cloudy|WS = fairweather) =
5
17
.
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We start to investigate weather states by calculating the enumerators of their probabilities
since all the denominators are equal, using (3.9):

Sunny weather state:

Pr(WS = sunny) Pr(O = cold|WS = sunny) Pr(O = warm|WS = sunny) · ...
... · Pr(O = clear|WS = sunny) Pr(O = cloudy|WS = sunny) · ...
... · Pr(O = cloudy|WS = sunny) = 5.8691 · 10−6.

Rainy weather state:

Pr(WS = rainy) Pr(O = cold|WS = rainy) Pr(O = warm|WS = rainy) · ...
... · Pr(O = clear|WS = rainy) Pr(O = cloudy|WS = rainy) · ...
... · Pr(O = cloudy|WS = rainy) = 1.1738 · 10−6.

Cloudy weather state:

Pr(WS = cloudy) Pr(O = cold|WS = cloudy) Pr(O = warm|WS = cloudy) · ...
... · Pr(O = clear|WS = cloudy) Pr(O = cloudy|WS = cloudy) · ...
... · Pr(O = cloudy|WS = cloudy) = 29.3457 · 10−6.

Based on the above calculations, we assign weather state cloudy to a location for a specific
day.

3.4 Data Fusion

Data fusion can be defined as the combination of heterogeneous kinds of information during
the process of decision making in order to enhance the overall accuracy of the decision. Lee in
[Lee97] proves that combinations of information will improve the final conclusion. Especially,
when integrating (“fusing”) non relevant contexts, the improvement is even greater [VC99].
Before we begin the fusing process, we have to choose a general data concept to fuse. A good
choice is the use of observable web data about traffic, as traffic’s behaviour is connected to
the weather conditions.

There are two alternatives in applying data fusion on “Weather talk” project. These al-
ternatives refer to the level of the model on which data fusion is applied. Following the
definitions in [HL97], “raw data” fusion, combines data from all the resources at the time
of retrieval. If we had chosen this approach, then we would have to collect data related
with weather and traffic and then, using a more complex multi-ontological scheme, to map
them to weather states. A better approach is to use “decision level” fusion, meaning that
the fusing procedure is carried out on the already made decisions of two separate models.
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The implementation of “decision level” fusion will request to follow the same procedure for
traffic data (as described in the previous sections). At the end, using a weight mechanism
we will merge the two different based decisions into the final one. The values of each weight
will be determined through experiments.



Chapter 4

Hidden Markov Model application

In this chapter, we use a model based on Markov chains, the Hidden Markov Model (here-
inafter HMM), in order to use yesterday’s weather state as an additional input to the previ-
ously analyzed “Weather talk” design. This input will transform our model from memoryless
to memory based, as it will have to “remember” the previous day’s weather state.

4.1 Markov chains and Hidden Markov Model

This section is based on the relevant chapters in Durbin’s et al. [Dur98a] and Chakrabarti’s
[Cha03] books. We would like to describe a basic Markov chain by using its graphical
representation (Figure 4.1).

… … … … … Si Si+1 Sn

t i, i+1

t i, n

tn, i

t i, i
t i+1, i

t i+1, n

tn, i+1 tn, nt i+1, i+1

Figure 4.1: A simple Markov chain between n states.

A Markov chain consists of a number of states and visualizes the relationships between
consequent ones. In Figure 4.1, states Si are connected with labeled arrows. Each arrow
has one direction and holds a value ti,j , where i identifies state Si, and j, state Sj . ti,j

16
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is called transition probability, and is equal with the probability of moving from Si to Sj .
Formally,

ti,j = Pr(current state = Sj |previous state = Si). (4.1)

The key characteristic of a Markov chain is that each state depends only on the previous
one. This is expressed by the equation

Pr(Si|Si−1, ..., S1) = Pr(Si|Si−1). (4.2)

and it is also known as the Markov Property.

A well known extension to classical Markov chains is the HMM. In HMM apart from tran-
sition probabilities between the states, emission probabilities of the states are introduced.
An emission probability of a state Si, e(Si), is defined as the probability of a state based on
an observation o,

e(Si) = Pr(S = Si|o). (4.3)

For “Weather talk” project, we have calculated these probabilities by first performing Näıve
Bayes Classification on the observable data (i.e. weather and traffic related data) and then
applying data fusion. According to [Rab89], we are searching for the “optimal sequence”
(succession in weather state) associated with the observed data. As a result, the probability
of a weather state based on the observational data o1 as well as on the weather state of the
previous day is

Pr(WS = wsj) =
Pr(WS t = wsj |WS y = wsk) Pr(WS = wsj |o)∑|WS|
i=1 Pr(WS t = wsi|WS y = wsk) Pr(WS = wsi|o)

, 2 (4.4)

where WS t denotes the weather state today, WS y the weather state yesterday, ws is a
weather state of our scheme, and |WS| is the total number of weather states.

We want to make a decision d of the most probable weather state. As in the previous
Chapter, the denominator is the same for each weather state probability, and if we are
not interested in its specific value, then we may calculate only the enumerator of (4.4).
Consequently,

d = argmax
wsi∈WS

Pr(WS t = wsj |WS y = wsk) Pr(WS = wsj |o). (4.5)

4.1.1 Applying Hidden Markov Model, an example

In a minimal version of our system, we only have three weather states.

ws = [sunny, rainy, cloudy].
1 This probability combines all the observed data because data fusion has been applied.
2 Equation (3.1) was used.
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Following the procedure which has been described in Chapter 3, we have assigned probabil-
ities to each weather state WS based on a observation o.

Pr(WS = sunny|o) = 0.15,
Pr(WS = rainy|o) = 0.4,
Pr(WS = cloudy|o) = 0.45.

Sunny

CloudyRainy

0.5

0.5

0.5

0.25

0.25

0.25

0.25

0.25

0.25

Figure 4.2: Applying HMM to “Weather talk”. In this minimal example, we present
a chain between three weather states. Arrows have been assigned with the transition

probabilities.

We also know that the weather state of yesterday is “rainy”. In Figure 4.2, we have designed
a Markov chain that denotes the transition probabilities between weather states. Following
the notation of the previous section, these transition probabilities can be formally written
as

Pr(WS t = wsi|WS y = wsj) = 0.25, where i 6= j, and
Pr(WS t = wsi|WS y = wsi) = 0.5.

We calculate the exact probability of each weather state using equation (4.4),

Pr(WS = wsj) =
Pr(WS t = wsj |WS y = rainy) Pr(WS = wsj |o)∑3
i=1 Pr(WS t = wsi|WS y = rainy) Pr(WS = wsi|o)

.

We have that,
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Sunny weather state:

Pr(WS t = sunny|WS y = rainy) Pr(WS = sunny|o) = 0.0375.

Rainy weather state:

Pr(WS t = rainy|WS y = rainy) Pr(WS = rainy|o) = 0.2.

Cloudy weather state:

Pr(WS t = cloudy|WS y = rainy) Pr(WS = cloudy|o) = 0.1125.

As a result, we decide rainy as the weather state of this day (for a specific location).

4.1.2 Disadvantages of the scheme

The model described in the two previous sections has an obvious disadvantage. In order to
work properly, it needs a set of transition probabilities between the weather states. These
probabilities should be a result of weather research and will vary from one location to
another. The decisions of the model might be correct for some locations, but we cannot
accept that they will be universally correct.

Another disadvantage is the static value of yesterday’s weather. We retrieve this value from
an official resource making our model dependent to an official weather source. We would like
a model that is performing well through time, without applying “corrections” via official,
and accurate weather states.

4.2 Changing scheme to a pair Hidden Markov Model

The general concept of this section is influenced by the reading of [Dur98b]. In this section
we describe how a pair Hidden Markov Model is used in “Weather talk” in order to address
the disadvantages mentioned in the previous section. In this model we only have two main
states, namely Y and T (Figure 4.3).3

From the Figure 4.3, it is obvious that each state “knows” the probabilities of a set of
elements x1, ..., xn. In our case we want state Y to represent the previous day (yesterday)
and state T the current day (today). State Y “knows” the probabilities of each weather
state for the previous day, and state T “knows” the probabilities for each weather state for
the current day but based only on an observation o (emission probabilities).

3 You may interpret T , and Y as Today’s, and Y esterday’s weather state respectively.
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Y T

P (x  )1y

P (x  )ny

P (x  |o)1t

P (x  |o)nt

P (x  )1t

P (x  )nt

… 

… … 

Figure 4.3: A simplified pair Hidden Markov Model that addresses “Weather talk”
project. In this model we have two states (Y and T ). We know the probabilities of the
events in Y , the probabilities of the events in T based on an observation o and we want to

calculate the probabilities of the events in T based on the provided information.

Rewriting the latter using the notation used for the purposes of this project, we know all
the probabilities

Pry(WS = wsi), i ∈ [1, |WS|], (4.6)

where WS is a weather state, wsi its respective value, and |WS| the number of different
weather states. The pointer y is used to denote that we refer to probabilities of the previous
day. From the observational data and after emphdata fusion procedure, we have received
all the probabilities

Prt(WS = wsi|o), i ∈ [1, |WS|], (4.7)

where pointer t is used to denote reference to the current day. No we can calculate the
probability for every possible weather state for the current day using the equation

Prt(WS = wsi) =
Prt(WS = wsi|o)Pry(WS = wsi)∑|WS|

j=1 Prt(WS = wsj |o)Pry(WS = wsj)
.4 (4.8)

4 Equation (3.1) was used.
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As before, the denominator of (4.8) is the same for all the weather state probabilities, and
it can be omitted. Our final decision d is given by the equation

d = argmax
wsi∈WS

Prt(WS = wsi|o)Pry(WS = wsi). (4.9)

4.2.1 Pair HMM, a quick example

Suppose that our system supports only three weather states,

< sunny, rainy, cloudy > .

For the previous day we know that

Pry(WS = sunny) = 0.5,
Pry(WS = rainy) = 0.2,

Pry(WS = cloudy) = 0.3.

From the observation o we learn that

Prt(WS = sunny|o) = 0.3,
Prt(WS = rainy|o) = 0.2,

Prt(WS = cloudy|o) = 0.5.

Using the equation (4.8), the probabilities for the weather states of the current day are

Prt(WS = sunny) = 0.44117,
Prt(WS = rainy) = 0.11766,

Prt(WS = cloudy) = 0.44117.

In that case we can decide a combined weather state, such as “sunny and cloudy”.



Chapter 5

Evaluation and further extensions

In this chapter, we refer to possible evaluation methods on the results we have produced
using the procedures described in the previous chapters. We also mention additional features
which might be applied on “Weather talk”. In the end, we make some thoughts about how
the general model we follow can be applied to other objects of interest.

5.1 Evaluation procedure in “Weather talk”

The whole procedure of this project is based on the evaluation pattern. This was the main
reason for choosing weather in the first place; the easy availability of ground truth. The
several weather states of “Weather talk” will be extracted from official weather observations.
This states will form the basis of the weather ontology. As a result, we should start back-
wards by assuring these sources and their structure before implementing the core modules
of the project.

There are three possible ways in evaluating the final results. One approach would be a
manual evaluating method. We compare the experimental results with the official just by
observing them. For a small amount of data, this might be a good way to judge whether
your model is working. But it is not a proper way for making conclusions and it will not
work for bigger amounts of data.

Another approach would have been a strict automatic evaluation. The term strict is used to
indicate that an experimental result is correct only if it is exactly the same with the official
one. This approach does not take into account small differences that may occur between
the experimental and the official results; it just discards everything different.

The third approach, which we will try to follow, expresses a more flexible automatic evalua-
tion mechanism, which has embedded the similarities (e.g. in percentages) between weather

22
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states. Consequently, when it comes to a situation of dissimilar results it returns a percent-
age of similarity. If we assign the value of one in each correct result and the value of the
similarity percentage (between the official and experimental result) in incorrect results then
the percentage of success S is given by the equation

S =
N +

∑M
i=1 sim(i)

N +M
, (5.1)

where N and M are the numbers of correct and incorrect results respectively, and sim(i) is
the similarity percentage for the ith element that is incorrect.

5.2 Additional features

Instead of displaying “Weather talk” results in text mode, we may try to draw a graphical
representation of them on a map. Furthermore, we may try to extend our model in order
to include temperature or humidity estimations. This could be carried out by mapping the
differences in the probabilities of weather states into temperature or humidity arithmetic
equivalents. However, it would be difficult to produce a general solution, as e.g. a warm day
is understood differently in different geographical locations. As a result, for each location, we
would have to use a different understanding (or mapping) of the observational data. Parsing
temperature’s (or humidity’s) values directly from the text would have been desirable, but
people seldom mention them, when talking about the weather.

5.3 Further challenges

“Weather talk” project is not about the weather. It is about investigating, designing, and
implementing a model which could be easily evaluated. If the operation of this model is
successful, then the next step should be its application to more interesting concepts and
contexts. A field that has received a lot of attention recently is “Opinion mining” [Liu07b],
the procedure of classifying opinions about products, individuals, places, etc. According to
[HL04], one should try first to identify the different features or attributes that a document
is mentioning and then decide whether an opinion about an identified feature is positive,
negative or neutral.

Another challenge would be the prediction of opinions about “objects” in the future. Having
a model which is able to mine opinions from the web enables us to use a large amount of
training data on specific opinion targets and study how this information evolves through
time. Then, we could make estimations of the transition probabilities of the system, e.g.
what is the probability that an opinion A about a feature of an object turns to opinion
B in the next state of the system. It may sound illogical but having a large amount of
information at the current moment, may lead us to predictions of future opinions. By
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combining different data concepts on the same purpose (data fusion) we may end up with a
very sophisticated system which could try to make targeted assumptions for the future, e.g.
whether a sports equipment company should use a specific material or not in the future.
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