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ABSTRACT
Gaussian mixture models (GMMs) and the minimum error
rate classifier (i.e. Bayesian optimal classifier) are popular
and effective tools for speech emotion recognition. Typically,
GMMs are used to model the class-conditional distributions
of acoustic features and their parameters are estimated by the
expectation maximization (EM) algorithm based on a train-
ing data set. Then, classification is performed to minimize
the classification error w.r.t. the estimated class-conditional
distributions. We call this method the EM-GMM algorithm.
In this paper, we introduce a boosting algorithm for reliably
and accurately estimating the class-conditional GMMs. The
resulting algorithm is named the Boosted-GMM algorithm.
Our speech emotion recognition experiments show that the
emotion recognition rates are effectively and significantly
“boosted” by the Boosted-GMM algorithm as compared to
the EM-GMM algorithm. This is due to the fact that the
boosting algorithm can lead to more accurate estimates of
the class-conditional GMMs, namely the class-conditional
distributions of acoustic features.

Index Terms— Emotion recognition, Gaussian mixture
model, Bayesian optimal classifier, EM algorithm, boosting

1. INTRODUCTION

Speech emotion recognition is a relatively new direction in
the areas of speech signal processing and pattern recognition
[1–13]. Unlike speech recognition, which aims to extract the
linguistic content from a speech signal while considering the
emotions carried in the signal as irrelevant noise, speech emo-
tion recognition aims to extract the non-lexical, paralinguis-
tic information from the speech signal regardless of its verbal
content. Like speech recognition, speech emotion recognition
has turned out to be an important research topic and has many
useful applications in our daily lives [3, 4].

Just like speech recognition and many other pattern recog-
nition problems, the problem of speech emotion recognition
is often tackled by generative model-based pattern recog-
nition methods such as Gaussian mixture models (GMMs)
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[14] and hidden Markov models (HMMs) [15] as well as
through classification of low-level acoustic features such as
mel-frequency cesptral coefficients (MFCCs) or perceptual
linear prediction (PLP) coefficients [16, 17]. What is dif-
ferent is that, because speech emotion recognition normally
requires text-independency, ignoring the linguistic content
of the speech signals, the temporal characteristics or time
order of the speech signals are not considered. In practice,
a common approach is to utilize a GMM to represent the
probabilistic distribution of acoustic features extracted from
all speech signals that carry a particular category of emotion
in a training data set, and to perform minimum error rate
(MER) classification based on the trained emotion-specific
GMMs using the Bayesian optimal classifier [18]. The very
nice property of GMMs that they can approximate arbitrarily
complex probabilistic distributions arbitrarily closely makes
GMMs a popular choice for modeling the class-conditional
probability distribution functions (PDFs) in many pattern
recognition problems.

A GMM is typically estimated by the expectation max-
imization (EM) algorithm [19] or its variants. One known
problem of maximum likelihood estimation techniques such
as the EM algorithm is that the estimate is not globally op-
timal. Most often, the EM algorithm gets stuck in the local
maximum of the data log likelihood function. This problem
can become very severe when bad initializations of the model
parameters are given. Since the accuracy of model estimation
is the most important, or even deciding, factor for generative
model-based classification, how to reliably and precisely esti-
mate the class-conditional GMMs based on a training data set
becomes a central problem of speech emotion recognition.

In this paper, we introduce a novel algorithm for estimat-
ing the class-conditional GMMs based on a boosting frame-
work. The algorithm is named Boosted-GMM and can be
deemed as an example of the increasingly popular ensemble
methods for data analysis [20]. The theoretical study of Ma-
son et. al. [21] showed that boosting can be viewed as gra-
dient descent search in a function space. Rosset et. al. [22]
applied this methodology to probability density estimation.
Wang et. al. [23] specialized it for GMMs. In this paper,
we extend this idea and apply the proposed Boosted-GMM
algorithm to speech emotion recognition. Our experiments



show that significantly higher emotion recognition rates are
achieved by the Boosted-GMM algorithm than are achieved
by the EM-GMM algorithm under the same training and test
conditions. This result is primarily due to the fact that the
boosting algorithm can lead to more accurate estimates of the
class-conditional GMMs, namely the class-conditional distri-
butions of acoustic features.

2. DATABASE DESCRIPTION

We have collected a database of emotional speech for analysis
and synthesis tasks. Our script consists of 720 semantically-
neutral English sentences which were chosen to maximize the
phonetic coverage. A student actress whose mother language
is American English was hired to speak each of these sen-
tences, as naturally as possible, in the neutral, happy, sad,
and angry manners, respectively. The speech waveforms were
recorded in a studio environment at 44.1K Hz using a MOTU
8pre firewire audio interface and a Studio Projects B1 con-
denser microphone, and were downsampled to 16K Hz prior
to further processing. The average length of the utterances in
the database is about 3 to 4 seconds, depending on the emo-
tion category. Thus, each of the four emotion categories in the
database contains 720 utterances, that is speech data about 36
to 48 minutes long.

3. GMM AND MER CLASSIFIER

The GMM [14] confines the form of the PDF to be a linear
superposition of a finite number of Gaussian distributions

p(x) =
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where αk is the mixture weight of the kth component Gaus-
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with a mean vector µkand covariance matrix Σk for a D-
dimensional random variable x. αk can be interpreted as
the a priori probability that an observation of x comes from
the source governed by the kth Gaussian distribution. Thus
it satisfies the constraints 0 ≤ αk ≤ 1 and

∑K

k=1 αk =
1. A GMM is completely specified by its parameters θ =
{αk, µk, Σk}K

k=1 and the estimation of the PDF reduces to
finding the proper values of θbased on a training data set.
In the context of C-class classification, a class-conditional
GMM is trained for each of the C classes p(x|c), c = 1, ..., C
where c denotes the class label. The minimum error rate
(MER) or Bayesian optimal classification rule [18] is given
by

H(x) = arg max
c∈{1,...,C}

p(c|x) = arg max
c∈{1,...,C}

p(x|c)p(c) (3)

where p(c) is the prior probability of the cth class.
A central problem of GMM-MER classification is how to

estimate the model parameters θc, c = 1, ..., C. This problem
can be practically solved by maximum likelihood estimation
(MLE) techniques such as the EM algorithm. A fundamental
drawback of MLE is that it suffers from the local maximum
problem, especially when there is insufficient training data.
The number of free parameters of a GMM, N , depends on
the feature dimension D and the number of Gaussian mix-
tures K. More precisely, N = KD2/2 + 3KD/2 + K − 1,
which grows linearly in K and quadratically in D. In order to
alleviate this “curse of dimensionality”, diagonal covariance
matrices are often used instead of full covariance matrices in
the component Gaussians. In this case, N = 2KD + K − 1,
which grows linearly in both K and D.

4. THE F-J ALGORITHM

The choice of the number of mixtures, K, is a fundamen-
tal issue of GMM training with the EM algorithm. In most
cases, K is empirically set prior to training and held fixed af-
terwards. Problems arise when an inappropriate value of K
is assumed. With too big a K, the estimated PDF may overfit
the training data, while with too small a K, the estimated PDF
can be a very poor approximation of the underlying “true” dis-
tribution of the data. The Figueiredo-Jain (F-J) algorithm [24]
is an improved variant of the EM algorithm that aims to over-
come this weakness. It starts with an arbitrarily large number
of mixture components and adjusts it during the estimation
process by annihilating those components not supported by
the data. The objective function that the F-J algorithm mini-
mizes is
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where Nc is the number of parameters needed to specify a
mixture component, p(Y |θ) =

∏

y∈Y p(y|θ) is the data like-
lihood, and knz =

∑

k[αk > 0] denotes the number of non-
zero-probability components. A component-wise EM algo-
rithm [25] is adopted to minimize Eq. 4, which leads to the
following iterative update formulas
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5. THE BOOSTED-GMM ALGORITHM

The goal of GMM model estimation (or model estimation in
a very general sense) is to seek a set of model parameters that
maximizes the data log likelihood. Given a training data set
X = {xi}N

i=1 and a probability density function p(x) to be
estimated, the data log likelihood is given by

L(p) =
N

∑

i=1

log p(xi) (6)

Here, in this paper, p(x) is the probability density function
of a GMM given by Equation 1. Instead of directly optimizing
Equation 6 as in the EM algorithm, we start with an initial
estimate p0 (a GMM) and iteratively add to this estimate a
small component qt at round t. That is,

pt = (1 − α)pt−1 + αqt (7)

where 0 ≤ α ≤ 1 is small quantity and qt is also a GMM.
According to Taylor’s theorem, the new data log likelihood

L(pt) = L((1 − α)pt−1 + αqt) (8)

can be approximated by a first-order Taylor expansion around
pt−1, namely

L(pt) = L(pt−1)+N log(1−α)+
α

1 − α

N
∑

i=1

qt(xi)

pt−1(xi)
(9)

Equation 9 implies that, in order to maximize the data log
likelihood, we can first search for qt ∈ Q where Q is the space
of GMMs such that

qt = arg max
qt∈Q

N
∑

i=1

qt(xi)

pt−1(xi)
(10)

Then, given the qt, we can seek the α that yields maxi-
mum increase in L(pt). From Equation 10, it is obvious that
qt can be obtained through performing maximum likelihood
estimation on the training examples weighted by Wt = 1

pt−1

.
This meets our intuition of boosting that more focus is put on
the examples with low probabilities under the previous esti-
mate, and Wt can be deemed as the distribution over the train-
ing set at round t in a boosting algorithm [26]. The Boosted-
GMM algorithm is summarized in Algorithm 1.

The sampling procedure in Step 3 in Algorithm 1 can be
done as follows. At each round, we sort the training exam-
ples by their weights in the descending order and keep only a
fraction r of them (e.g. r = 0.3). Another heuristic is, at each
round, to keep the first Nt examples where

Nt = Round
(

e−
∑

N

i=1
Wt(xi) log Wt(xi)

)

(11)

Finally, once all class-conditional GMMs are estimated,
the MER or Bayesian classifier is given by

k(X) = argmax
1≤k≤K

p(X |k)p(k) (12)

Algorithm 1 The Boosted-GMM algorithm
1: Input: X = {xi}N

i=1, r, and T .
2: Initialize W1(xi) = 1/N , i = 1, ..., N , p0 = 0.
3: For t = 1, ..., T or until L(pt) ≤ L(pt−1)

• Sample Xt from X according to Wt and estimate
qt from Xt using the F-J algorithm [24].

• Set pt = (1 − α)pt−1 + αpt where α =
arg max0≤α≤1 L(pt).

• Update Wt+1(xi) = 1
pt(xi)

, i = 1, ..., N .

4: Output: Final density estimate pT .

where p(X |k) =
∏n

i=1 p(xi|k) is the likelihood of a test ut-
terance with n speech frames, X = {xi}n

i=1, and p(k) is the
prior probability of the kth class (i.e. emotion category).

6. EXPERIMENTS

In this paper, we performed speech emotion recognition ex-
periments on the emotional speech database described in Sec-
tion 2. For each experiment, we randomly selected from the
database a training set consisting of 10 utterances per emotion
and a test set consisting of 90 utterances per emotion. There-
fore, the training set consisted of 40 utterances in total and
the test set 360 utterances in total. Note that there were no
overlapping utterances in the training and test sets. Instead of
conducting a complete cross-validation process, which would
be very time consuming, we ran 100 such experiments inde-
pendently, each of which involved a random selection of the
training set and test set from the database, and the emotion
recognition rates of these 100 experiments were averaged.
We believed that in this way such average would represent a
well generalized emotion recognition rate over the database.
An experiment was carried out as follows. For each speech
frame in an utterance, we extracted a set of acoustic features
including 12 MFCCs, the log energy, and the pitch (f0) using
a 25ms hamming window at a 10ms frame rate. These basic
parameters were augmented with their first derivative to form
for each frame a 28-dimensional feature vector. Based on the
training set, the class-conditional feature vector distributions
were estimated using both the Boosted-GMM algorithm and
the EM algorithm, and the same MER classifier was applied
with two sets of estimated class-conditional GMM models.

Figure 1 shows the average overall emotion recognition
rates (i.e., the average recognition rates across all 4 emotions
of 100 independent experiments) of the Boosted-GMM algo-
rithm on the test sets with two sampling fractions r versus
the number of boosting iterations, as well as compares these
recognition rates with the average overall emotion recogni-
tion rate of the EM-GMM algorithm on the same test sets.
The number of Gaussian mixtures in the GMMs and the num-
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Fig. 1. Comparison of overall emotion recognition rates of
the Boosted-GMM algorithm and the EM-GMM algorithm.

ber of EM iterations required for convergence were automat-
ically determined by the F-J algorithm. Our experiment re-
sults demonstrate that the emotion recognition rates can be
effectively and significantly “boosted” by the Boosted-GMM
algorithm, which is a natural, expected result and clear indica-
tion that the class-conditional probabilistic density functions
can be more accurately estimated by the Boosted-GMM algo-
rithm than by the EM-GMM algorithm. It is worthy to men-
tion that the Boosted-GMM algorithm converges very fast -
only a few iterations (less than 5) would be sufficient to lead
to a stable result. This relaxes the possible concern that the
Boosted-GMM might require a lot more training time than the
EM-GMM algorithm.

7. CONCLUSION

In this paper, we introduce the Boosted-GMM algorithm,
which embeds the EM algorithm in a boosting framework
and which can be used to reliably and accurately estimate
the class-conditional probabilistic distributions in any pattern
recognition problems based on a training data set. We apply
the Boosted-GMM algorithm to speech emotion recognition
and our experiments show that the emotion recognition rates
are effectively and significantly “boosted” by the Boosted-
GMM algorithm as compared to the EM-GMM algorithm due
to the fact that boosting can lead to more accurate estimates
of the class-conditional GMMs, namely the class-conditional
distributions of acoustic features.
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