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Example classification problem
• This is the weather prediction of two cities for the next days:

Classify the prediction into Alicante or Munich…



Machine Learning

Classification Pattern recognition

• Sometimes the differences are unclear. You can use the three definitions 
indistinctly. 

• In this course we concentrate on labeling observations -> Pure 
classification problem.



What does classification mean?
• We give labels  to examples representing something:

Label:People Label: Vehicles



Classes and instances
• Class: group of examples sharing some characteristic

• Instance: just one concrete example

People

Man

Woman

Vehicles

Truck

Car

In this talk we concentrate on classes.



Representing the examples
• Computers understand numbers. Transform examples 

into numbers. How? → Feature extraction

People Vehicles



Representing the examples
• Computers understand numbers. Transform examples 

into numbers. How? → Feature extraction

f1: width

f2: height

f2

f2f2

f2

f1

f1
f1

f1



Feature vector
• Each example is now represented by its set of features

x1 = { f1, f2 }

x4 = { f1, f2 }

x3 = { f1, f2 }

x2 = { f1, f2 }



Feature space
• We plot the feature vectors into the feature space which 

will be used for the classification algorithms.

f1 (width)

f2 (height)

x1 (man)
x2 (woman)

x3 (truck)

x4 (car)



General idea of classification
• Find a mathematical function that separates the classes 

in the feature space. 

f1 (width)

f2 (height)

x1
x2

x3

x4



General idea of classification
• Find a mathematical function that separates the classes 

in the feature space. 

f1 (width)

f2 (height)

x1
x2

x3

x4People

Vehicles



New classifications
• Once we have the function we try to classify new 

examples in the feature space

x5 ={ f1, f2 }

f2

f1

f1 (width) 

f2 (height)

x1
x2

x3

x4

x5

x5 is a person



New classifications
• Classifiers are not perfect: errors in the classification

x6 ={ f1, f2 }

f2

f1

f1 (width) 

f2 (height)

x1
x2

x3

x4

x6

x6 is a person???



Training set
• Is the set of already labeled examples that is used to 

calculate the classifier.

• This process is called training.

Vehicles

training set

classifier

People



Test set
• Is the set of new examples that we want to classify 

(assign a label)

VehiclesPeople

labels???

training set test set

classifier



Measuring the quality of a classifier

• We use the test set to measure the quality of the 
resulting classifier. Of course the examples of the test 
set need to be labeled to be able to get statistics.

• Usually a set of labeled examples is divided into training 
(~70%) and test (~30%) sets.

testtraining



Measuring the quality of a classifier

• The confusion matrix shows the confusions between 
classes when classifying the test:

People Vehicles

People 90% 10%

Vehicles 30% 70%

• The diagonals indicate the true classifications.

• The rest are false classifications.

• A good classifier has high true classifications and low
false classifications.



Detectors

• A detector is a classifier which try to distinguish only one 
class of objects from the rest of the world.

• In this case, the class to detect is called positive and the 
rest of classes in the world are called negative. 

• Example: people detector.

positive 
examples negative examples



Measuring the quality of a classifier

• In the case of a detector, the confusions have especial 
names: True positives(TP), True negatives (TN), False 
positives(FP), False Negatives(FN)

True False

True TP FN

False FP TN

• Good detector:  high trues (T*) and low falses (F*).



Example: Binary classifier based on Bayes

• Classes: w1, w2 represented by Gaussians.

• Example x is assigned to class w1 if

f1

f2

w1

w2

x



Decision hyperplane

f1

f2

w1

w2



Bayesian classification



Bayesian classification using Gaussians



Naive Bayes



Naive Bayes



Estimating probabilities in Naive Bayes



Classifying with Naive Bayes



Linear classifiers
• Do not assume any model for the classes wi, and just 

look for a hyperplane dividing the data

f1

f2

x1
x2

x3

x4



Support Vector Machines
• Finds the hyperplane which optimizes the distance 

between the two classes

f1

f2

x1
x2

x3

x4

x2 and x3 all called 
support vectors

d

d



Nonlinear case
• If the classes are nonlinear separable we can apply a 

transformation in the feature space. 

• Usually a radial function is used in the form:

• Which is actually a distance with respect to a center.

• Typical used function in SVM has a Gaussian form:



Nonlinear case

x1

x2

x3

x4

• Original feature space



Nonlinear case

x1

x2x3
x4

• Transformed feature space



Boosting
• Meta classifier that improves the result of simple 

classifiers.

• For each feature fj we create a linear classifier:

x2 x3 x4

f1

x1

• Where θj is a threshold and pj indicates the direction of 
the inequality (> or <)

θ1



Boosting
• Simple classifiers are combined to form a strong 

classifier

x1 .  .  . xN

Boosting

f1 .  .  . fM

α1h1

.

αT hT

.

.  
Σ

Binary Strong
Classifier H

{1,-1}
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negative

<

positive
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θ

Main idea



x1 x2 x3        x4          x5

positive 

negative

<

positive

negative

θ

Main idea



x1 x2 x3        x4           x5

negative
positive

<

θ

negative positive 

Main idea



Video AdaBoost



Example application: 
People detection in 2D laser data



Detection in One Level

• Divide the scan into segments.



Detection in One Level

• Divide the scan into segments.

• Select the segments corresponding to people.



Detection in One Level

• Divide the scan into segments.

• Learn the segments corresponding to people.

• Classification problem:

1. Select the features representing a segment.

2. Learn a classifier using Boosting



Features from Segments



Results



Final considerations when learning a classifier

• Outliers

• Overfitting

• Normalization of data

• Feature selection



Outliers
• Examples with some features having extreme values 

• Possible reasons:

• Error during the extraction/calculation of the features

• Exceptional example in the class

• Solution: ignore these examples



Overfitting
• The learned classifier is to close to the training 

examples. 

• This reduces generalization if new examples are slightly 
different from the training.



Overfitting
• The learned classifier is to close to the training 

examples. 

• This reduces generalization if new examples are slightly 
different from the training.



Normalization of data
• The ranges of the features could be very different. 

• It is interesting to normalize them:

f1 [1 2]

f2 [-100 100]

f1, f2 [0, 1]



Feature selection
• Some features discriminate better than others. 

f1

f2

x1
x2

x3

x4



Feature selection
• Projection on f1

f1

x1
x2 x3x4



Feature selection
• Projection on f1, easy classification

f1

x1
x2 x3x4



Feature selection
• Projection on f2

f1

f2

x1
x2

x3

x4



Feature selection
• Projection on f2, difficult classification

f2

x1
x2

x3

x4
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