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Abstract

In speech emotion recognition, we need to maximize the variability of emo-
tion features across emotion states and suppress the non-emotion variabili-
ties. This paper investigates methods to achieve both of these goals. Specif-
ically, utterance-level emotion features are extracted and the most relevant
features are selected by ranking their Fisher discriminant ratios; nuisance
attribute projection (NAP) is applied to project the emotion vectors to a
subspace with minimum non-emotion variability. The projected vectors are
classified by support vector machines or deep neural networks. Evalua-
tions on Emo-DB and CHEAVD suggest that (1) among the 4000+ features
defined in the Interspeech speaker-state challenge, many of them have low
discriminative power and can be dropped without affecting performance; (2)
NAP can remove some of the non-emotion variability; and (3) it is better to
use a richer set of features and let the feature selection algorithm to select
the relevant ones rather than starting with a compact feature set without
feature selection.1
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1. Introduction

Human has the intrinsic ability to recognize the emotion of people. In-
deed, without this ability, human interaction will become very difficult. To
make human computer interaction more natural, it is important to develop
software that can recognize the emotion of human. In the case where only
audio signals are available, the recognition and tracking of emotion can only
be achieved by analyzing the speech signals. A typical example of such
scenario is spoken dialog systems for customer services.

In recent years, much progress in speech emotion recognition has been
made. Much of the effort has been spent on finding useful local features (such
as pitch, spectral envelope and MFCCs) from which utterance-level features
are extracted through some statistical functions [1, 2]. The utterance-level
features were than classified by statistical classifiers such as support vector
machines (SVMs) and Gaussian mixture models [3, 4]. To improve classifica-
tion performance, some authors [5, 6, 7] applied feature selection techniques,
such as information gain and minimal-redundancy-maximal-relevance [7] to
find the spectral and prosodic features that are mostly correlated to emotion
states of speakers.

The DNN approach to emotion recognition has started to become pop-
ular very recently. Instead of using hand-craft spectral and prosodic fea-
tures, deep belief networks can be used for generating emotion features
from prosodic and spectral features; then, the generated features can be
classified by SVMs [8]. In [9], contextual acoustic information from spectro-
grams were used for training a denoising autoencoder [10]; after training,
emotion features were extracted from the bottleneck layer of the autoen-
coder [9]. To classify the frame-based bottleneck features or to exploit the
dynamic structure of frame-based features, long short-term memory recur-
rent neural networks (LSTM-RNN) [11] have been used [9, 12, 13]. In a
similar strategy, a denoising autoencoder with two sets of hidden neurons is
trained to learn the hidden representation of neutral and emotional speech,
respectively; then, emotion features are extracted from the emotion hidden
neurons of the autoencoder [14].

In speech emotion recognition, all non-emotion variabilities embedded
in the speech signals are considered as nuisance information and should be
suppressed. One source of nuisance variabilities comes from the speakers,
primarily because the voices of individuals are different and different per-
sons will express the same emotion differently. While speaker variability
can be normalized by factor analysis (FA) techniques [15], the method re-
quires speaker labels in the training corpus. In this paper, we propose using
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nuisance attribute projection (NAP) [16, 17, 18], which has been very suc-
cessful in speaker verification, to suppress the non-emotion variability in the
utterance-level feature vectors. In speaker verification, NAP finds a nuisance
subspace in which most of non-speaker information varies and projects the
speaker-dependent GMM-supervectors to a subspace that is orthogonal to
the nuisance subspace. In emotion recognition, speaker variability becomes
the nuisance and emotion variability is the variability that we want to keep.
NAP has advantages over the FA approach in that it does not require speaker
labels in the training corpus.

This work has investigated two utterance-level feature sets for emotion
recognition. One set has over 300 features and another one has over 4,000.
For the former, a majority of the features are important for emotion recog-
nition. For the latter, some of the 4000+ may be redundant and some of
them are more relevant for emotion recognition than the others. By ranking
the relevance of individual features, we demonstrate that the relevance drops
exponentially fast and that many of the 4000+ features have a low relevance.
This observation suggests that it is important to select relevant features for
emotion recognition. This paper attempts to answer the question: Shall we
use a more compact feature set (300+) without feature selection or shall we
select relevant features from a bigger and potentially richer feature set? Our
results clearly suggest that the latter approach is better.

We applied NAP and feature selection to the utterance-level features
and present the resulting feature vectors to SVM-based and DNN-based
classifiers. Performance of these emotion classifiers was evaluated on two
datasets: Berlin Emo-DB and CHEAVD. It was found that NAP and feature
selection can improve classification performance.

2. Nuisance Attribute Projection

Nuisance attribute projection (NAP) is originally developed for removing
channel effects on GMM-SVM speaker verification [16, 17, 18]. The idea is
to find a subspace within the GMM-supervector space [19] in which all non-
speaker variabilities occur. The method requires a training set comprising
multiple speakers and multiple recording sessions per speaker.

In this work, we applied NAP to suppress the non-emotion variability in
the emotion features. Unlike speaker recognition, speaker variability is one
of the nuisance attributes that we want to remove. While speaker variabil-
ity can be suppressed by linear discriminate analysis (LDA) and probabilis-
tic LDA [20, 15], these methods require an emotion speech database with
speaker labels. Also, To ensure sufficient rank in the covariance matrices,
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these methods also require a large number of speakers in the database. On
the other hand, to suppress non-emotion variability (including speaker vari-
ability), NAP only requires an emotion database with an emotion label for
each utterance.

Given a training set comprising N emotion vectors X = {x1, . . . ,xN},
we aim to find a subspace defined by the column vectors in V such that the
projected vectors

x̃i = Pxi = (I−VVT)xi, i = 1, . . . , N (1)

retain most of the emotion information but with non-emotion information
suppressed. For x̃i’s to retain most of the emotion information, the rank of
V should be low. The subspace can be found by minimizing the objective
function:

V∗ = arg min
V:VTV=I

∑
ij

wij‖P(xi − xj)‖2 (2)

where

wij =

{
1 if emotion(xi) = emotion(xj)
0 otherwise.

(3)

Eq. 1 and Eq. 3 suggest that we pull the projected emotion vectors belong
to the same emotion together and do not care about the vector pairs of
different types.

To find V∗ in Eq. 2, we define the data matrix X ≡ [x1 . . . xN ] and the
vector difference dij ≡ (xi − xj). Then, the weighted projected distance in
Eq. 2 can be expressed as

D =
∑
ij

wij (Pdij)
T (Pdij)

=
∑
ij

wijd
T
ij(I−VVT)T(I−VVT)dij

=
∑
ij

wijd
T
ijdij −

∑
ij

wijd
T
ijVVTdij , (4)

where we have used the constraint VTV = I. Dropping terms independent
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of V, we have

D′ = −
∑
ij

wij(xi − xj)
TVVT(xi − xj)

= −
∑
ij

wijx
T
i VVTxi −

∑
ij

wijx
T
j VVTxj

+ 2
∑
ij

wijx
T
i VVTxj

= −2
∑
ij

wijx
T
i VVTxi + 2

∑
ij

wijx
T
i VVTxj . (5)

Using the identity aTBBTa = Tr{BTaaTB}, where Tr stands for matrix
trace, Eq. 5 can be written as

D′ = −2Tr

∑
ij

wijV
Txix

T
i V

+ 2Tr

∑
ij

wijV
Txix

T
j V


= −2Tr

{
VTXdiag(W1)XTV

}
+ 2Tr

{
VTXWXTV

}
= 2Tr

{
VTX [W − diag(W1)] XTV

}
, (6)

where W is the weight matrix in Eq. 3 and diag(a) means converting a
into a diagonal matrix, and 1 is a vector of all 1’s. It can be shown that
minimizing D′ in Eq. 6 with the constraint VTV is equivalent to finding the
first K eigenvectors with the smallest eigenvalues of [21]:

X [W − diag(W1)] XTV = ΛV.

3. Fisher Discriminant Ratio

Fisher Discriminant Ratio [22, 23] is a feature selection method that
ranks the relevance of individual features based on their degree of separa-
bility between the positive (+) and negative (−) classes:

FDR(j) =
(µ+j − µ

−
j )2(

σ+j

)2
+
(
σ−j

)2 . (7)

In Eq. 7, j is the feature indexes and µj and σj are the mean and standard
deviation of feature j, respectively. To apply FDR for feature selection,
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FDR(j)’s are sorted in descending order and the first F features in the
sorted list are considered as the relevant features.

Eq. 7 define the criterion for ranking features in binary classification
problems. For multi-class problems, a simple extension is to consider each
class in turn and rank the feature for each class using the one-vs-rest ap-
proach. The final set of features comprise the union of the class-dependent
features.

4. Experiments

4.1. Speech Data and Evaluation Protocols

The experiments were based on the Berlin Database of Emotional Speech
(Emo-DB) [24] and the Chinese natural emotional audio–visual database
(CHEAVD) [12].

Emo-DB contains seven categories of emotional speech spoken by ten
speakers. All speakers spoke the same set of verbal content in an ane-
choic chamber. The database comprises 535 speech files. Because Emo-DB
does not divide the data into training and test set, we performed leave-one-
speaker-out cross-validation (LOSOCV) on the data.

CHEAVD contains 140 minutes of emotional segments extracted from
Chinese movies, TV plays and talk shows. It contains 2,322 speech segments
(files) spoken by 238 speakers. Each file has multiple emotional labels and
one of which is the primary label. There are a total of 8 primary emotional
states. In this work, we chose the 6 major categories – Angry, Disgust,
Happy, Neutral, Sad, and Surprise – so that we can compare our results
with those in [12]. The database divides the speech segments into three
sets: training, validation and test. This work used the training and test
sets.

4.2. Emotion Features

We used OpenSmile V2.1 [25] to extract emotion features from the speech
files. We used the feature sets specified in Interspeech 2009 Emotion Chal-
lenge (IS09 emotion.conf) [1] and Interspeech 2011 Speaker State Chal-
lenge (IS11 speaker state.conf) [2]. The former contains 384 features
and the latter has 4,370. These feature sets comprise low-level descriptors,
such as root-mean-square frame energies, MFCCs, zero-crossing rates, voice
probabilities, and fundamental frequencies. The low-level descriptors are
processed by statistical functionals – such as maximum, minimum, range,
standard deviation, kurtosis, skewness, slope of contour, etc. – to extract
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high-level descriptions of the speech signals. For both datasets, we removed
the features with zero variances.

The features were normalized independently by z-norm. Then, FDR
(Eq. 7) was applied to select F relevant features per class. Then, the final set
of features are the union of the F FDR-selected features across all emotion
classes. As a result the total number of selected features are larger than the
specified cut-off F .

4.3. SVM and DNN Emotion Classifiers

We used support vector machines (SVMs) and deep neural networks
(DNNs) for classification. For the SVMs, we adopted a one-vs-one ap-
proach to implementing the classifier.2 Although the number of features
in IS11 speaker state.conf is larger than the feature dimension, we ob-
serve that RBF-SVMs perform slightly better than linear SVM. Therefore,
we used RBF-SVM with the kernel parameters set to 1/no of features.3

Each DNN classifier in this work comprises two hidden layers (each with
100 nodes) and a softmax output layer with either 6 or 7 output nodes
(depending on the dataset used). The ReLU activation function was used
for all hidden nodes. A dropout rate of 20% was applied to all layers, and L2
kernel regularization with a weight of 0.1 was applied to the second hidden
layer and the output layer (just before the softmax). The Adam optimizer
in the Keras library was used for training the DNNs for 20 epochs. All of
the parameters in the Adam optimizer were set to their default values.

5. Results

5.1. Feature Sets and Feature Selection

Table 1 shows the performance of SVMs and DNNs using different fea-
ture sets. Evidently, IS11 Speaker State is a better feature set. The re-
sult is reasonable because IS11 Speaker State was defined three years after
IS09 Emotion and it contains over 4,000 features, whereas IS09 Emotion
only has a few hundred features.

Fig. 1 shows the histogram of FDR for the ‘Angry’ class against the
remaining 5 classes in CHEAVD. The results suggest that while the number
of features in Interspeech 2011 Speaker State Challenge is very large, many
of them are not very useful and only a third of them have high FDR scores.

2We use the Python function sklearn.svm.SVC().
3Python code: svc = SVC(C=10, gamma=’auto’, kernel=’rbf’).
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Fig. 2 further confirms this observation. The figures suggests that we may
drop many features with low FDRs.

Table 2 shows the performance of SVMs and DNNs for different num-
bers of selected features. Because IS09 emotion only has 382 features, we
focused on IS11 Speaker State. For CHEAVD, feature selection does have
significant effect on recognition performance. Using the full feature set that
comprises 4,368 features degrades the performance. The accuracies in Ta-
ble 2(a) are higher than the 53% achieved by LSTM-RNN in Table 7 of [12].
The superior performance of SVMs suggests that it may not be necessary
to use complicated models such as LSTM-RNN for this dataset.

Fig. 3 shows the confusion matrices obtained by the best performing
SVMs in Table 2. It shows that for CHEAVD, only ‘Angry’ and ‘Neutral’ are
less confusable with the other emotion states. Many samples from ‘Happy’,
‘Sad’, and ‘Surprise’ were incorrectly classify to ‘Neutral’. On the other
hand, the utterances in Emo-DB are less confusable, as most of the samples
were correctly classified.

5.2. Effects of NAP

Because there are only 10 speakers in Emo-DB, there is not much speaker
variability in the data. Therefore, we applied NAP to CHEAVD only.
CHEAVD contains the speech of 234 speakers, which have sufficient speaker
variability for us to see the effect of NAP.

Table 3 shows the performance of NAP with different numbers of columns
in V, i.e., the number of dimensions to be projected out. The results show
that even for 234 speakers, performance can only be improved by projecting
out one nuisance dimension.

5.3. Compare with Existing Systems

Table 4 shows the performance of the proposed emotion classifiers and
other existing classifiers in the literatures. Because CHEAVD was published
in September 2016, there is only one paper (from the authors of CHEAVD)
using this dataset. For CHEAVD, our best performing system (NAP +
DNN) outperforms the one in [12] by 8.5%. For the Emo-DB, our best
system is superior to the GMM and SVM classifiers in [4] but still not
comparable with the performance achieved by human.

6. Conclusions

This paper proposes using nuisance attribute projection (NAP) to sup-
press non-emotion variability in utterance-level emotion vectors and using
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Figure 1: Distribution of FDR for the ‘Angry’ class against the remaining 5 classes in
CHEAVD using the IS11 Speaker State feature set.

Fisher discriminant ratio (FDR) to select relevant features for SVM and
DNN classifiers. Some of the observations are highlighted below:

• FDR and SVM work very well together. With FDR, the accuracy of
our SVM-based emotion classifier increases by 9.3%.

• The ranked relevances of the emotion features decrease exponentially
fast. As a result, many of the features can be dropped without affecting
performance.

• As long as a good set of utterance-level features can be found, simple
SVM classifiers can outperform the more sophisticated classifiers such
as LSTM-RNN that operate on the frame or segment level.

• For small datasets, SVM classifiers have less parameters to tune and
can easily beat DNN classifiers.
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