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Objectives

 An introductive tutorial on multiple classifier 
combination

 Motivation and basic concepts

 Main methods for creating multiple classifiers

 Main methods for fusing multiple classifiers

 Applications, achievement, open issues and 
conclusion
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Pattern Classification

Processing

Feature extraction

Classification

Fork spoon
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Traditional approach to pattern classification

 Unfortunately, no dominant classifier exists for all 
the data distributions, and the data distribution of 
the task at hand is usually unknown

 Not one classifier can be discriminative well enough 
if the number of classes are huge

 For applications where the objects/classes of 
content are numerous, unlimited, unpredictable, 
one specific classifier/detector cannot solve the 
problem.
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Combine individual classifiers

 Fusion of multiple classifiers can improve the 
performance of the best individual classifiers

 This is possible if individual classifiers make different
errors

 For linear combiners, Turner and Ghosh (1996) 
showed that averaging outputs of individual 
classifiers with unbiased and uncorrelated errors can 
improve the performance of the best individual 
classifier
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Definitions

 A “classifier” is any mapping from the space of 
features(measurements) to a space of class labels 
(names, tags, distances, probabilities)

 A classifier is a hypothesis about the real relation 
between features and class labels

 A “learning algorithm” is a method to construct 
hypotheses

 A learning algorithm applied to a set of samples 
(training set) outputs a classifier
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Definitions

 A multiple classifier system (MCS) is a structured 
way to combine (exploit) the outputs of individual 
classifiers

 MCS can be thought as:

 Multiple expert systems

 Committees of experts

 Mixtures of experts

 Classifier ensembles

 Composite classifier systems
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Basic concepts

 Multiple Classifier Systems (MCS) can be 
characterized by:

 The Architecture

 Fixed/Trained Combination strategy

Others
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MCS Architecture/Topology

 Serial

Expert 1

Expert 2

…

Expert N
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MCS Architecture/Topology

 Parallel

Expert 1 Expert 2 … Expert N

Combining strategy
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MCS Architecture/Topology

 Hybrid

Expert 1

Expert 2

…

Expert N

Combiner1

Combiner2
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Multiple Classifiers Sources?

 Different feature spaces: face, voice fingerprint;

 Different training sets: Sampling;

 Different classifiers: K_NN, Neural Net, SVM;

 Different architectures: Neural net: layers, Units, transfer 
function;

 Different parameter values: K in K_NN, Kernel in SVM;

 Different initializations: Neural net
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Multiple Classifiers Sources?

Same feature space, three classifiers demonstrate different performance
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Combination based on different feature spaces
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Combining based on a single space but different classifiers
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Architecture of multiple classifier combination
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Remarks on fixed and trained combination strategies

 Fixed rules
 Simplicity

 Low memory and time requirements

 Well-suited for ensembles of classifiers with 
independent/low correlated errors and similar 
performances

 Trained rules
 Flexibility: potentially better performances than fixed rules

 Trained rules are claimed to be more suitable than fixed 
ones for classifiers correlated or exhibiting different 
performances

 High memory and time requirements
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Bagging ( Bootstrap Aggregation)

 Training set D={(x1,y1),…,(xN,yN)}

 Sample S sets of N elements from D (with 
replacement): D1, D2, …,DS

 Train on each Ds, s=1,..,S and obtain a sequence of 
S outputs f1(X),..,fS(X) 

 The final classifier is:

Regression

Classification




S

1s
s

)X(f)X(f




S

1s
s

)))X(f(sign()X(f



19

Neural Networks - Shahrood University - H. Khosravi



20

Neural Networks - Shahrood University - H. Khosravi

Results

براي بازشناسي ارقامروي چند ويژگيAdaBoost.M1اعمال الگوريتم نتايج 

ويژگي
تعداد شبکه هاي
ايجاد شده با 
AdaBoost.M1

ي نرخ بازشناس
داده هاي 
آموزش

نرخ بازشناسي
داده هاي 
آزمايش

ميزان بهيود 
بازشناسي داده
هاي آزمايش

هيستوگرام 
499.9898.820.25گراديان

399.7198.120.37کريش

599.9498.190.43کريش

DCT81399.7097.320.29

DCT81599.9497.740.71
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Results

براي بازشناسي ارقامروي چند ويژگيAdaBoost.M2نتايج اعمال الگوريتم . 38-4جدول 

ويژگي
تعداد شبکه هاي
ايجاد شده با 
AdaBoost.M2

نورونهاي لايه 
مياني

ينرخ بازشناس
داده هاي 
آموزش

نرخ بازشناسي
داده هاي 
آزمايش

ميزان بهيود 
بازشناسي داده 
هاي آزمايش

44099.99898.880.31يانهيستوگرام گراد
54010098.940.37يانهيستوگرام گراد

34099.6398.370.62کريش
54099.9098.450.70کريش
DCT8134099.7397.800.77
DCT8154099.9898.191.16

DCT22536099.9397.980.7
DCT22556010098.180.9

54099.8697.530.95بلوک بندي
56010099.080.06-3افتهگراديان بهبود ي
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A toy example

Training set: 10 points 
(represented by plus or minus)

Original Status: Equal 

Weights for all training 

samples
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A toy example(cont’d)

Round 1: Three “plus” points are not correctly classified;

They are given higher weights.
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A toy example(cont’d)

Round 2: Three “minus” points are not correctly classified;

They are given higher weights.
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A toy example(cont’d)

Round 3: One “minus” and two “plus” points are not correctly 

classified;

They are given higher weights.
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A toy example(cont’d)

Final Classifier: integrate the three “weak” classifiers and 

obtain a final strong classifier.
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