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Abstract

We present an improved AdaBoost algorithm to avoid overfitting phenomenon. AdaBoost is widely known as one of the best
solutions for object detection. However, AdaBoost tends to be overfitting when a training dataset has noisy samples. To avoid the
overfitting phenomenon of AdaBoost, the proposed method divides positive samples into K clusters using k-means algorithm, and
then uses only one cluster to minimize the training error at each iteration of weak learning. Through this, excessive partitions of
samples are prevented. Also, noisy samples are excluded for the training of weak learners so that the overfitting phenomenon is
effectively reduced. In our experiment, the proposed method shows better classification and generalization ability than conventional
boosting algorithms with various real world datasets.
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Table 1. Pseudo code of proposed improved AdaBoost

Input: A set of training samples, {(Xi,)1),"**,(Xmm)}
where yE{-1, +1}

A set of positive training samples, Sp={(Xi,yi)yi=t1}

A set of negative training samples, Sx={(x;,yi)|yi=-1}
1. Divide Sp into K clusters using k-means clustering algorithm,
2. Initialize  Di(i) = U/m
3. Do fort = 1,-,T

a) Train weak learner using weight distribution D,(i) / L,k and

clustered training samples Sp; U Sk k = 1,-+,K where L,/k is
the normalization constant, and

> Dli=
i€ SpU Sy
b) Calculate the training error of

hy e, = ED

c) Calculate - gkmm(sk_)

d) Get weak classifier h, = hy, e, =€

s Vi # hdxi),

1 1—¢,
and choose «, = —In/

2 &
e) if ¢, >0.5 or &, =0 then
Generate uniformly distributed weights D(i) = 1/m, continue;
Update weight distribution

D, (i)exp(— a,y;h, (%
D, ()=~ ( 7 ity (%)) where Z is a normalization

4

constant, and Y D,(i)=

T
Output:  final strong classifier, H(x)= sign(zatht(x)
t=1
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An Improved AdaBoost Algorithm by Clustering Samples)
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Fig. 1. The flow of proposed method. (a) given training samples
and clustering positive samples (red square), (b) weak learning with
the selected cluster to minimize the training error at first boosting
round, (c) update weight distribution of samples, (d-f) weak learning
and update weight distribution at consecutive boosting rounds.
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Table 2. Average test error (%) of UCI datasets after 1000 training iterations

(G: HE OILIFAE, M: ZL|AE OICIFAE, R: 2| OCIRAE, Pro: Meksl= 2, A2 A= g COIEAIM T 22 BIAE QRS LIEIH)

Noise 0% 10% 20%
Dataset G M R Pro G M R Pro G M R Pro
Aust 17.46 14.60 17.78 14.49 26.15 22.42 26.47 20.61 31.35 28.55 31.36 25.65
Breast 4.52 3.79 4.31 7.04 14.64 10.86 14.62 13.38 24.96 18.53 25.36 20.05
German 28.44 29.01 28.66 36.40 35.22 31.95 35.20 37.95 40.49 36.41 40.44 39.63
Haber 33.91 25.79 34.30 32.61 40.28 35.02 41.64 39.94 43.22 39.47 44.30 37.52
Heart 23.59 19.26 23.39 17.63 37.60 35.00 36.81 26.96 43.90 42.53 43.21 32.89
lono 9.43 8.73 8.61 10.49 18.39 18.49 18.17 16.47 24.36 23.84 23.80 19.56
Pima 28.22 25.42 28.61 23.93 35.86 35.59 35.66 21.13 40.30 37.48 39.86 33.92
Sonar 20.82 22.93 20.97 14.73 32.28 30.22 32.13 21.23 41.28 39.56 41.02 23.17
Wdbc 3.49 4.37 3.49 543 17.03 16.70 16.57 14.85 27.38 26.07 26.94 21.13




