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Points of Interest

Two ways of combining classifiers
Combining arbitrary classifiers
Fixed and trained combining rules
Splitting the feature set

Combining combiners

Performance of classifiers and combiners

7/11/ R.P.W. Duin



The Data

Handwritten digits (binary, 30 x 48 pixels)

10 Classes: 0, 1, ..., 9. 200 Objects / class.
Training: 50 x 10 objects. Testing: 100 x 10 objects.
6 Feature setsjtotal of 649 features)

e Fourier: 76 Fourier coefficients of the character shapes.
L6 profile correlations.
» KL-coet: 64 Karhunen-Loeve coefficients.

 Pixel: 240 pixel averages in 2 x 3 windows.
« Zernike: 47 Zernike moments.
e Morph: 6 morphological features.

See Machine Learning Repository: mfeat
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Feature Set Performance

Classification Error

Fourier
Profiles
KL—coef

- Pixels
- Zernike
- Morph

Fisher Map Dimensionality

The Fisher classification error for the six feature sets optimally

projected on low-dimensional subspaces.

7/11/

R.P.W. Duin




PCA Plots

Fourier Profiles KL
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Fisher Map Plots

Fourier

Profiles

Morph

A
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Combining Classifiers over a Different Feature Sets

—» Classifier 1

'level-2’ features

—» Classifier 2

Combining

Different feature sets Classifier

Classifier 3

— »{ Classifier 4

-C?D@
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Combining Different Classifiers over a Single Feature Set

Classifier 1
'level-2' features
Classifier 2
Combining
Classifier
Classifier 3
Classifier 4

Single feature set, different classifiers
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Combining Different Classifiers

Compute comparable confidence vect(pg = [C1(X), C)(X), ..., Go(X)]-
ijj(x)
Z P.f.(X)

2. Confidence output classifiers, e.g. neural networks.

1. Density based classifiers(x) =

3. Distance based classifiers: discriminanis) & S(D(x))

7/11/ R.P.W. Duin
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Confidences for Discriminants

Classifier Conditional Posterior Probabilities

PAf A (Y)
c(X) =Prob (xJA| y=D(x)) = fy)
fa(y) fA(Y) M
X y = D) —

Fit a sigmoid, or a logistic function to the data y = D(x),

such that|‘| c(x;) is maximized restricted to p(x) = 0.5 for D(x) = 0.
i
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The Classifiers
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Multi-Class Classification by 2-Class Discriminants

Fisher

Combine 2-class discriminants and

assign to class with maximum confidenc Bayes-1
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Fixed Combining Rules

Combining n classifiers over 10 classes:

cij(x) Is the confidence of classifier i (i=1,n) for class j (j=1,10):

q;'(x) = I\/Ic’islx(cij), g(x) = 1(?1' (X)

> 0j'(x)

j=1

Combining Rules: Max, Median, Mean, Min, Product, Majority
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Trained Combining Rules

Combining n classifiers over 10 classes:
Gjj(x) Is the confidence of classifier i (i=1,n) for class j (j=1,10).
Use G(X) as a set of 10 x n features for obpect

Train by Bayes-2, Bayes-1, Nearest Mean and 1-NN
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Combining Combiners

Classifier 3

Classifier 1

Classifier 3

CC Setl

CC Set 2

Combining
Classifier

CC Set 3

4

Combining
Combining
Classifier

CC Set

Combining
Classifier

N

CC Set 5
CC Set 6
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Combining Different Classifiers (1)

Individual Classifiers

Fixed

Combiners Combiners

Trained

All Features (649) Fourier (76) Profiles (216)

Fisher ------------

(Vo ——

Majority ----------
Bayes-2 ----------
Bayes-1 ----------
NMean -----------

0.2 04 06 0.8 0.2 04 06 0.8 0.2 04 0.6 0.8

Error——
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Combining Different Classifiers (2)

Individual Classifiers

Fixed

Trained
Combiners Combiners

All Features (649) Karhunen Loeve (64) Pixels (240)

Fisher ------------

(Vo ——

Majority ----------
Bayes-2 ---------
Bayes-1 ---------
NMean -----------

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Combining Different Classifiers (3)

Individual Classifiers

Fixed

Combiners Combiners

Trained

All Features (649) Zernike (47) Morphological (6)

Fisher ------------

(Vo ——

Majority ----------
Bayes-2 ---------
Bayes-1 ---------
NMean -----------

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Combining the Same Classifier over Different Feature Sets (1)

Feature Sets

Fixed

Combiners Combiners

Trained

Bayes -2 Bayes-1 Nearest Mean

All Features --
Fourier --------
Profiles --------

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Feature Sets

Fixed

Combiners Combiners

Trained

Combining the Same Classifier over Different Feature Sets (2)

All Features --
Fourier ---------
Profiles --------

1-NN

2 04 06 0.8

0
Error ———

K-NN

0.2 04 06 0.8

Parzen

0.2 04 0.6 0.8
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Combining the Same Classifier over Different Feature Sets (3)

Feature Sets

Fixed

Combiners Combiners

Trained

Fisher Dec. Tree ANN-20

All Features --
Fourier --------
Profiles --------

Z
3
REE

v
Z
Z

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Combining the Same Classifier over Different Feature Sets (4)

Feature Sets

Fixed

Combiners Combiners

Trained

ANN-50 SVC-1 SVC-2

All Features --
Fourier --------

Profiles --------

Bayes-2 ------- 1
Bayes-1 ------- it ! !

|
|
y R N] \J— ] |
|

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Feature Sets

Fixed

Combiners Combiners

Trained

Combining Combined Classifiers over Different Feature Sets (1)

Max Combiner Median Combiner Mean Combiner

All Features --
Fourier --------
Profiles --------

2 04 06 0.8 0.2 04 0.6 0.8 0.2 04 0.6 0.8

0.
Error ——
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Feature Sets

Fixed

Combiners Combiners

Trained

Combining Combined Classifiers over Different Feature Sets (2)

All Features --
Fourier --------
Profiles --------

Min Combiner

2 04 06 0.8

0.
Error ——

Product Combiner

0.2 04 0.6 0.8

Majority Combiner

0.2 04 0.6 0.8
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Combining Combined Classifiers over Different Feature Sets (3)

Bayes-2 Combiner Bayes-1 Combiner

All Features ---
Fourier ---------
Profiles ---------

Feature Sets
~
8
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Trained
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0
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Combining Combined Classifiers over Different Feature Sets (4)

Nearest Mean Combiner 1-NN Combiner

All Features --
Fourier --------
Profiles --------

Feature Sets
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Reorganizing the Feature Sets

Setl (108@ . Fourier (76) @

Random Set1 108@ . S e Selection
Selection ( rofiles (216) of
Best Sets
Setl (108© All . KL-coef (64) @
649

Setl (108© . pixel (240)

Setl (108 . Zernike (47)

Setl (109 . Morph (6)
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Combining the Same Classifier over Different Feature Sets:
Original, Best 3 Selected and 6 Randomized

Feature Sets

Fixed

Combiners Combiners

Trained

Bayes -2 Bayes-1 Nearest Mean

All Features --
Fourier --------
Profiles*-------
Kar. Loeve*---

Max ------------ . 3original
Median -------- 6 randomized

0.3 01 02 0.3

* Selected 01 02 0.3 01 0.2

Error —p
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Combining the Same Classifier over Different Feature Sets:
Original, Best 3 Selected and 6 Randomized

Feature Sets

Fixed

Combiners Combiners

Trained

1-NN k-NN Parzen

All Features --
Fourier --------
Profiles*-------
Kar. Loeve*---

best 3 ofigina
6 randomized

* Selected 01 02 0.3 01 02 0.3 01 02 0.3

Error ——
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Combining Best Classifiers for Each Feature Set

Fourier @ Parzen (0.171

Profiles O Bayes-1 (.039

Max (0.037)
Median (0.029
Mean 0.029

KL-coef O Parzen (0.03
Combining

Min 0©.029
Prod 0.029

Majority (0.040)

Classifier
Pixel O Parzen (0.037)/(

Zernike@ Bayes-1 (0.18

Morph @ Fisher (0.282)

Bayes-1 (0.044)
Bayes-2 (0.052)
N- Mean (.03))
1-NN 0.029

(Compare Overall Best: 0.015)
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The Best Results per Feature Set

Best

Best

Features Classifier Error Combiner Error
All 1-NN 0.036 | NMean 0.032
k-NN
Parzen
Fourier Parzen 0.171| Majority 0.175
Profiles Bayes-1 0.034| Majority 0.035
KL-coef Parzen 0.037 | Majority 0.032
Pixels 1-NN 0.037 | Majority 0.037
k-NN
Parzen
Zernike Bayes-1 0.180| Majority 0.169
Morph Fisher 0.282 | NMean 0.266
Random Bayes-1 0.025| Mean, Majority, 0.018
Bayes-1, NMean
7111/ R.P.W. Duin 33



The Best Results per Classifier

Classifier Best Feature Set  Error  Best Combiner Erfor
Bayes-2 Profiles 0.058 | Median 0.028
Bayes-1 Profiles 0.034 | Product 0.031
NMean Pixels 0.096 | Bayes-1 0.020
1-NN Pixels 0.037 | NMean, Product 0.017
kK-NN Pixels 0.037 | 1-NN 0.026
Parzen Pixels, KL-coef 0.037 | Product 0.027
Fisher Profiles 0.047 | Median 0.032
Dec. Tree Morph 0.329 | NMean 0.102
ANN-20 Profiles 0.046 | 1-NN 0.021
ANN-50 Profiles 0.130 | Bayes-1 0.031
SVC-1 KL-coef 0.061 | Majority 0.047
SVC-2 KL-coef 0.040 | Median 0.036
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The Best Combiner Combiners

Combiner Best Feature Set Error  Best Combiner Combiner El
Maximum KL-coef 0.039 | NMean, 1-NN 0.019
Median KL-coef 0.036 | NMean 0.019
Mean Profiles 0.035 | 1-NN 0.019
Minimum KL-coef 0.109 | 1-NN 0.056
Product KL-coef 0.044 | Bayes-1 0.04]
Majority KL-coef 0.032 | 1-NN, Product, Mean 0.020
Bayes-2 KL-coef 0.044 | Median 0.017
Bayes-1 KL-coef 0.040 | Median 0.024
NMean Profiles 0.037 | NMean 0.015
1-NN Profiles 0.038 | Median, Mean, Product, 1-IT\II\D.018
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Conclusions for this Experiment

Random feature subsets are better than a systematic subset for a single classifier.

This holds for the individual classifiers as well as for combining over the feature subsets.
Combining the best individual classifier per feature set is not better than using the same class
Combining different classifiers over the same feature set is sometimes useful.

Combining combining classifiers are useful.

Weak classifiers combine well.

Simple good solution: Use Nearest Mean over Bayes-1, or Bayes-1 over Nearest Mean
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