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Abstract. This work presents a modified Boosting algorithm capable
of avoiding training sample overfitting during training procedures. The
proposed algorithm updates weight distributions according to amount
of misclassified samples at each iteration training step. Experimental
tests reveal that our approach has several advantages over many classical
AdaBoost algorithms in terms of error generalization capacity, overfitting
avoidance and superior classification performance.
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1 Introduction

AdaBoost algorithm was probably the very first boosting algorithm widely used
in real-time systems, due to its simplicity and adaptability. Freund and Schapire
[1] introduced the adaptive Boosting algorithm (AdaBoost) based on a sim-
ple boosting algorithms developed by Valiant [2] and Schapire [3]. The Real
AdaBoost algorithm is considered as the first variant of AdaBoost seeking to
optimize the cost function of classifiers [4]. The Gentle AdaBoost uses Newton
stepping to produce more stable and reliable ensembles [5]. The Modest Ad-
aBoost provides lower generalization error but higher classification error rate
during training stages when compared to the Gentle AdaBoost [6]. The Float-
Boost removes less significant weak classifiers in order to reduce classification
error rate [7]. The EmphasisBoost uses the so-called emphasis function of, in
this case each sample is weighted according to a criterion defined by a parame-
ter such that the training process focuses on critical samples [8].

Dietterich [9], Ratsch et al. [10] and Servedio [11] showed that AdaBoost
algorithm has great tendencies to cause sample overfitting in the presence of
high noise data. In order to avoid sample overfitting phenomena, Li et al. [12]
proposed a modified method to update weights, focusing on the samples being
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misclassified by assigning large weights to samples erroneously classified. The
proposed weight updating procedure may cause considerable distortion in weight
distribution, cumulatively augmented by repeated iterations. In this sense, in this
work we propose a new method to update sample weight distribution in order
to avoid sample overfitting problems.

2 The Proposed AdaBoost Algorithm

2.1 The Conventional AdaBoost Algorithm

Adaboost algorithm combines several weak classifiers in such a way that the
ensemble can improve their performance. The training ensemble consists of a
set of samples xi ∈ X, i = 1 . . .N , with labels yi ∈ {−1, 1}. At each round
t = 1, . . . , T , a new weak classifier is added implementing a function ht(xi) : X →
[−1, 1]. Through a gradient descent procedure, a classic AdaBoost algorithm
attempts to minimize an exponential error function. Wt,i denotes the weight
that the tth classifier function assign to xi. Initially, a common weight value is
adopted, W1,i = 1/N . Then, the weight distribution is updated according to
Wt+1,i = Wt,iexp(−αtht(xi)yi)/Zt, where Zt is a normalization factor assuring

that
∑N

i=1 Wt,i = 1, and αt is the importance assigned to the tth weak classifier.
At each iteration, AdaBoost linearly combines weak classifiers as F (x) =

∑T
j=1 αjhj(x) in order to achieve a classification accuracy better than each weak

classifier individually. As a result, the generalization error of the resulting linearly
combined classifier becomes smaller and smaller as training iteration proceeds,
possibly achieving zero classification error after several iterations.

2.2 The Improved AdaBoost Algorithm

In order to solve the overfitting problem detected during training processes, this
work suggests a modified method to update the weight distribution, by introduc-
ing a new variable, denoted by δi, which is associated to each training sample.
The proposed updating process is similar to that of the classical AdaBoost algo-
rithm; thus, at each iteration step we add a weak classifier to the set of classifiers
that are linearly combined to build a single strong classifier F (x). In this way,
the set of new variables, δi ∈ Δ = {0, . . . , k} is involved in the training and is
responsible for preventing the increase of weights of misclassified samples.

Notice that in a classical Boosting procedure when a sample is misclassified,
the associated weight has its value increased; on the other hand, when a sample
is correctly classified, the associated weight is diminished. This weight updating
strategy may cause sample overfitting due to excessive weight value accumulated
in repeated iterations. In order to avoid this problem, in this work, we change
the weight updating procedure by considering the frequency of occurrence of
misclassified samples. In other words, the weights are only changed when the
number of a sample being misclassified is above a predetermined threshold value,
denoted by k frequency samples. Thus, the rise of the weight is not always
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Algorithm 1. Proposed modified AdaBoost algorithm

– Given dataset S = {(xi, yi), ..., (xn, yn)}, where yi ∈ {−1,+1}, with
δi ∈ Δ = {0, ..., k}

– Initializing δi = 0
– For t = 1, ..., T

1. Normalizing the sample distribution: Wt,i

2. Calling weak classification algorithm, and choosing the best weak classifier
ht : S{−1,+1} with the lowest error εt

3. Choosing αt =
1
2
ln 1+εt

1−εt
4. Updating the sample weight distribution.

Wt+1,i =

⎧
⎪⎨

⎪⎩

Wt(i)exp(−αt) ht(xi) = yi

Wt(i)exp(αt) ht(xi) �= yi ∧ δi ≥ k

Wt(i) otherwise

(1)

5. Updating the misclassified count (Frequency).

δi =

⎧
⎪⎨

⎪⎩

δi + 1 ht(xi) �= yi ∧ δi < k

0 δi ≥ k

δi otherwise

. (2)

– The final strong classifier is introduced as:

F (x) = sign(
T∑

t+1

αtht(x)) (3)

performed continuously from iteration to iteration. The weight of a misclassified
sample will be increased only if it was misclassified k times or more (see (1)).

According to Algorithm 1, during the training phase, a dummy variable δi,
belonging to the set {0, 1, 2, . . . , k}, is used to indicating the number of times
sample has already been misclassified. δi remains unchanged when the sample is
classified correctly. δi is reset to zero when it is saturated, i.e. when δi = k. The
updating procedure of the variable δi is shown by (2) in Algorithm 1.

3 Experimental Investigation

The main objective of the experiments (computational trials) developed in this
work consists in comparing the performance of the proposed method with those
offered by other boosting approaches. Accordingly, most Boosting algorithms,
reported in the literature, rely on a cost function optimization. We adopted the
real data sets described in [13] and two artificially generated data sets in our
experimental evaluation. Each dataset is splitted into a training set and a testing
set under the 80:20 proportion. The maximum value for variable δi is limited to
k = 20. We explicitly compare the performance of the proposed method with
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that given by the Real AdaBoost Algorithm as illustrated by six classification
error curves for six different data in Fig. 1 and 2. In addition, in Table 1 we
compare the performance, in terms of average classification error rates, observed
in both training and testing phases using thirteen different datasets [13].

According to [14] the Ringnorm dataset has a sphere surface separation. Such
a geometric format prevents the Adaboost algorithms to guarantee good clas-
sification results. To contrast, our boosting method offered better performance
for the testing subset with lower error rate almost in every iteration (see Fig-
ure 1a). The proposed method was designed to resist sample overfitting; in fact,
our method outperforms the classical AdaBoost algorithm when data samples
are noisy or separation surfaces are complex. As illustration, according to [14],
the Twonorm dataset presents a planar separation surface what implies an easier
classification task than the above case of the Ringnorm dataset (see Figures 1a
and 1b). It is important to highlight that the comparison results are valid for all
classical Adaboost algorithms (Real AdaBoost, GentleBoost, Modest AdaBoost,
FloatBoost, EmphasisBoost, etc.), because the improved method described in
this work can be introduced into these variants.
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Fig. 1. Test error curves of classical approach (RAB - Real AdaBoost) and the approach
of this work (D-RAB). The x-axis is on a logarithmic scale for easier comparison.

We also observed that there are significant differences between the proposed
method and the Real AdaBoost in terms of error and convergence of the training
process. As illustrated by Table 1, the proposed approach consistently performs
better for the following datasets: Australian, Bcancer, Diabetes, Fourclass, Liver,
Splice, Svmguide1, W1a, Spam. In terms of convergence speed, the proposed ap-
proach is higher than the classical approaches and also provides lower training er-
rors. This is due to the fact the proposed updating scheme (using δi counter) has
eliminated unnecessary and redundant weight updating steps. As a result, it is pos-
sible to use a reducednumber ofweak classifiers tobuild strong classifiers.Certainly
this is a desirable property for real time applications such as real-time object detec-
tion. Figures 2a and 2b show that themethod developed in this workmay converge
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faster than the classical approaches (in this case, when compared to the Real Ad-
aBoost algorithm), in terms of the number of iterations (up to 1000 iterations).

Table 1. Results of Real Adaboost (RAB) and Real Adaboost using the δi variable
(D-RAB) for training error and test error

Data set Algorithm Average Training error Average Test error

australian RAB 0.073797 ± 0.022533 0.73868 ± 0.016918
D-RAB 0.056123 ± 0.023557 0.73222 ± 0.032643

bcancer RAB 0.0020888 ± 0.0067642 0.7033 ± 0.013678
D-RAB 0.0017302 ± 0.0054692 0.70771 ± 0.015291

diabetes RAB 0.12941 ± 0.026878 0.41084 ± 0.0042467
D-RAB 0.11787 ± 0.029094 0.39325 ± 0.0041971

fourclass RAB 0.43295 ± 0.011658 -3.9745 ± 19.4456
D-RAB 0.37657 ± 0.039754 -4.4004 ± 30.8115

heart RAB 0.0186255 ± 0.03319 0.41922 ± 0.012025
D-RAB 0.018817 ± 0.029935 0.41492 ± 0.0099736

ionosphere RAB 0.0018697 ± 0.011596 0.37 ± 0.016583
D-RAB 0.0020264 ± 0.011412 0.37452 ± 0.021583

liver RAB 0.080236 ± 0.045446 0.50874 ± 0.00487
D-RAB 0.077945 ± 0.045223 0.51065 ± 0.00466

sonar RAB 0.00187 ± 0.0156 0.51398 ± 0.00681
D-RAB 0.00205 ± 0.0159 0.51489 ± 0.00686

splice RAB 0.017477 ± 0.02460 0.31484 ± 0.01243
D-RAB 0.017088 ±0.02410 0.30438 ± 0.01441

svmguise1 RAB 0.01529 ± 0.00687 0.63523 ± 0.001161
D-RAB 0.01294 ± 0.00571 0.63519 ±0.000723

svmguide3 RAB 0.05238 ± 0.03806 0.38258 ± 0.04875
D-RAB 0.05560 ± 0.03602 0.36418 ± 0.04123

w1a RAB 0.017522 ± 0.005182 0.010509 ± 0.000903
D-RAB 0.016046 ±0.005242 0.011638 ± 0.001349

spam RAB 0.038357 ± 0.0011447 -0.41031 ± 2.0464
D-RAB 0.034284 ± 0.0010706 -0.50353 ± 2.2454

On the other hand, it was computed the test error in terms of the general-
ization ability. The behavior of the classical approaches may generate sample
overfitting on several cases; that is, the performance on the training examples
still increases while the performance on unseen data becomes worse, as presented
by Dietterich [9], Ratsch et al. [10] and Servedio [11]. However, the experiments
developed in this work (computational trials) showed that this approach may
be more resistant to overfitting problems. Table 1 also shows the performance
of the algorithms in the testing phase. Real AdaBoost algorithm is slightly bet-
ter in five cases (bcancer, ionosphere, liver, sonar, w1a), while our method has
better performance, in terms of better lower average test error, in eight distinct
cases (australian, diabetes, fourclass, heart, splice, svmguide1, smguide3, spam).
Now, in terms of generalization ability our approach is considerably better than
those classical AdaBoost ones. This fact is illustrated by Fig. 2c when using the
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Fig. 2. Train error curves and Test error curves of classical approach (RAB - Real
AdaBoost) and the approach of this work (D-RAB). The x-axis is on a logarithmic
scale for easier comparison.

diabetes database. Similar results were obtained for the svmguide dataset (see
Figure 2d), where a lower average test error is obtained.

4 Discussion and Conclusions

4.1 Algorithm Structure and Capabilities

In this section, we provide some insights into the quality of the proposed method.
For this, we use the margin theory proposed by Schapire et al. [15] who provided
one the most popular explanations to the success of AdaBoost, i.e, it tends
to improve the margin even after the error. The margin of an example with
respect to a classifier is a measure of the confidence of the classification result.
Thus, consider binary classification problems, where the examples are drawn
independently according to an underlying distribution W over X × {−1,+1},
andX is an instance space. Let to includeH variable as a classifier space. A weak
classifier h ∈ H is a mapping from X to −1,+1. A linear convex combination is
of the form F (x) =

∑
αihi(x), where

∑
αi = 1, αi ≥ 0. An error occurs on an

example (x, y) if and only if:
yF (x) ≤ 0. (4)
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The value of yF (x) reflects the confidence of the prediction. Therefore, yF (x)
is called the margin for (x, y) with respect to F , where yF (x) is the difference
between the weights assigned to those weak classifiers that correctly classify
(x, y) and the weights assigned to those that misclassify the example. We use
PX(F (x, y)) to denote the probability with respect to choosing an example (x, y)
uniformly at random from the training set X , where, PX(yf(x) ≤ 0) is the
generalization error which we want to bound. Considering the margins over the
whole set of training examples, we can regard PX(yF (x) ≤ β) as a distribution
over β(−1 ≤ β ≤ 1), which is the fraction of training examples whose margin
is at most β. This distribution is referred to as the margin distribution. On the
other hand, during weights update process performed at each iteration of the
training process, the misclassified samples in previous iterations are focused, i.e,
those misclassified samples have a low margin. In each subsequent iteration, the
classic AdaBoost algorithm try to increase the margins of those training samples;
thus the distribution at each step can also rewritten as:

Wt(i) =
exp(−yf(xi))

Z
(5)

where, it is possible to assign high weights to samples misclassified in previous
iterations. However, this operation may result in provoking misclassification of
samples with higher margin at a given iteration; and, therefore, reducing their
margins. Under such a circumstance, it is natural to ask whether it is a good prac-
tice to reduce the margin in the beginning of the training process. Apparently it
is not a wise measure because it could also reduce the margins of samples that
are not “truly” misclassified, since this could decrease generalization ability of
the AdaBoost algorithm; and, therefore, causing higher errors in testing stages.
Such a phenomenon is known as overfitting. In order to solve this overfitting
problem, we introduce and use δi variable to monitoring the misclassification
rate of those samples with low margins, avoiding excessive reduction of margins
and simultaneously maintaining its generalization ability.

4.2 Conclusions

In this paper, we present and introduce a novel weight updating procedure to
improve the performance of the AdaBoost algorithm. Experimental results vali-
dated the proposed method which has the following qualities:

– The proposed method enables faster convergence than the Classical Ad-
aBoost, providing lower misclassification error rates. The fast convergence is
the consequence of using a smaller number of weak classifiers to build the
strong classifier. Such structure simplification has some desirable implica-
tion including real time applications such as object detection, where on line
response is critical.

– The approach described in this work makes boosting algorithms less noise
sensitive.
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