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Objectives

Weather Map

o Infer the weather state of a location for a specific date by
applying Bayesian Inference models and statistical analysis
on web observations.

o Enhance the decision accuracy by using previous day’s
weather and/or a weather prior probability.

o Build an additional scheme which combines traffic
information with web observations (data fusion).

o Quantify the performance of each scheme.
o Display the results on a dynamic map.

Bayesian Inference

Training, Performance Quantification & Testing 

Data Collection & Preprocessing

Conclusions & Future Work

o Results indicate that Weather Talk’s schemes are able
to infer the two major weather states for a location
with a 63.51% percentage of success at most.

o Traffic data enhance weather inference by 4.5%.

o P-values indicate that the results of all the schemes
are significantly better when the input is not
random.

o Future work: Static weather ontology can be
replaced with dynamic word indexing, smarter
traffic mapping, more complex geolocating models,
implementation of a large scale dedicated crawler.

o Most importantly, it has been proved that this
kind of information extraction is possible and as a
result future work should be focused on different
contexts.
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Weather Representation

Let X be a random variable representing the weather state at a
given time and location. The set of possible values for X is made
of the following weather classes: {rainy (r) , cloudy (c), windy
(w), fair/sunny (f), snow (s), reduced visibility (v)}. We infer from a
distribution of probability over this set and use that distribution
to make predictions in order to generate a weather map.
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M(e) is the following parameterised matrix

At the first stage, we infer the weather state using 
media observations only.  The scheme forms a 
Bayesian belief network.

We assume that the 
observations of the 

official weather resources 
are accurate.
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M(e) is a normalised expression of M.
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where, e.g. Pr(r|c ) denotes the probability of
weather class rainy based on the observed
probability of weather class cloudy in media.

At the final stage, we infer the weather by
combining all information available in a weighted
Bayesian scheme.

Wx denotes the weight of
each module. M(f) has
the same structure with
M(e) but f has a different
optimal value.

Euclidean norm of the subtraction between the inferred weather vector and the official one (m1) is used to
decide how close is the inferred weather distribution is to the official one. Parameters are trained by
applying this method on a period of 50 days and 13 locations in the UK. Results indicate that for e = 0.261
and f = 0.0969 we achieve the best performance in standalone schemes (inference from media only or
previous day’s weather only respectively). Experiments have been carried out to the weighted schemes for
deciding the optimal weight combinations (media weight was always kept above the normalised average).

Scheme p-valuefor m1 M1 p-value for m2 M2

Media 0.156 43.6778 0.0806 52.22%

Previousday 0.0455 25.3556 0.0797 56.38%

Media & Previous day 0.0509 30.6963 0.0835 60.4%

Media, Previous day & 
Weather prior

0.0425 27.0426 0.1534 62.42%

Media & Traffic 0.0526 30.5797 0.0803 56.73%

Media, Previousday & Traffic 0.0439 26.9322 0.0972 62.84%

Media, Previous day, Traffic 
& Weatherprior

0.0398 25.6541 0.1184 63.51%

For testing, a different data set (20 days)
on the same locations has been used.
Random data sets have been created in
order to define the p-values of the
performance quantification measures. All
the schemes perform significantly better
than their respective p-values.

Another measure for quantifying the
performance of each scheme is the
percentage of success in inferring the
two major weather states without
considering their order (m2). This
inference is the output displayed on the
weather map.

* The probability of inferring randomly 2 weather states out of 6 is equal to 6.67% *
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From the formula above it is obvious that, e.g. the
element r (which represents the weather class
rainy) in the decision vector D is equal to

The same method is followed for inferring the
current weather state from previous day’s official
weather state.

Observations

Decisions

r =  Pr(𝑟|𝑤𝑠𝑜𝑏𝑠 = 𝑤𝑠𝑗 )

6

𝑗=1

∙ Pr(𝑤𝑠𝑜𝑏𝑠 = 𝑤𝑠𝑗 ) 

where wsobs denotes the observed weather state 
and ws = {r, c, w, f, s, v}.
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The best success percentage is achieved by the scheme 
that combines all the input data and is equal to 63.51%.

The inference decision vector, D, is given by
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