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Abstract
Speech is one of the most important signals that can be used
to detect human emotions. Speech is modulated by different
emotions by varying frequency- and energy-related acoustic pa-
rameters such as pitch, energy, and formants. In this paper, we
describe research on analyzing inter- and intra-subband energy
variations to differentiate five emotions. The emotions consid-
ered are anger, fear, dislike, sadness, and neutral. We employ a
Two-Layered Cascaded Subband (TLCS) filter to study the en-
ergy variations for extraction of acoustic features. Experiments
were conducted on the Berlin Emotional Data Corpus (BEDC).
We achieve average accuracy of 76.4% and 69.3% for speaker-
dependent and -independent emotion classifications, respec-
tively.
Index Terms: emotion classification, energy variations, human
emotion, subband filters

1. Introduction
Recent advances in computer and internet technology enable in-
creasingly seamless interaction between human and machines.
Applications such as conventional video teleconferencing and
web-based teaching involve interaction between human and
machine [1]. It is desirable to integrate affective information
in such applications. In distant teaching, if a student does
not understand what a teacher is saying, such perplexity may
be detected from expression of emotions on his face and in
his speech. These responses may have a direct and immedi-
ate influence on the teacher who would in turn try to explain
the topic again. Human emotions can be recognized through
several channels including speech signals, facial expressions,
and biomedical signals such as an electroencephalogram (EEG)
or electrocardiogram (ECG). For human-computer interaction
(HCI) in conventional video teleconferencing, web-based teach-
ing, and game applications, recognizing emotions from speech
and facial expression is helpful. Although emotion recognition
systems can help HCI systems attain higher effectiveness, rates
of recent emotion recognition or classification accuracies are
still far behind the required levels for such systems.

Among the several channels in which emotions can be clas-
sified, speech is one of the most important for automatic clas-
sification of emotions [2]. During recent years, several projects
have been conducted to automatically classify emotions from
speech [3, 4, 5]. A speech-based emotion classification sys-
tem includes two components which affect the performance of
the system: the front-end feature extraction and back-end emo-

tion classifier. For back-end classifiers, several traditional clas-
sifiers are widely used in emotion classification. These include
hidden Markov models (HMMs) [2, 4], neural networks (NNs)
[6, 7, 8], support vector machines (SVMs) [4], and Gaussian
mixture models (GMMs) [9]. In addition to these widely used
classifiers, techniques such as decision trees [8] and k-nearest
neighbor (K-NN) [8] are also used in emotion classification
studies.

Regarding the front-end feature extraction component, a
number of features have been explored in different studies. In
[5], features based on pitch, energy, Mel Frequency Cepstral
Coefficients (MFCCs), and spectral energy were studied. In
[4], features such as pitch, log energy, formant, Mel-band en-
ergies, and MFCC were explored as basic features to classify
emotions. In [3], features including pitch, energy, fundamental
frequency, and formants were investigated. The features studied
are related to the acoustic characteristics of frequency, energy,
and spectral intensity. In fact, these are basic characteristics of
acoustic signals. By extracting acoustic features using these ba-
sic characteristics, the emotion contained in a speech signal can
be recognized.

Vocal expressions of emotions are differently patterned
[10]. For high arousal emotions such as anger and fear, energy
in high frequency regions is stronger than for low arousal emo-
tion such as sadness [11, 12, 13]. For angry utterances, spectral
energy is concentrated in high frequency regions, but in sad ut-
terances, the spectral energy is concentrated in low frequency
regions [14]. Energy variation in high vs. low frequency re-
gions affects the perception of voice quality or timbre [15, 16],
and human audition can perceive and distinguish emotions.

MFCC feature [5, 4] formulation involves computing en-
ergy in each Mel frequency band. As Mel frequency bands
span low to high frequency regions, a MFCC feature vector car-
ries information on spectral energy variation. For ease of expla-
nation hereafter, we refer to energy variation between high vs.
low frequency bands as inter-subband energy variation and en-
ergy variation within each frequency band as intra-subband en-
ergy variation. The inter-subband energy variation detected by
MFCC feature analysis can differentiate between high and low
arousal emotion groups. To distinguish emotions within high or
low arousal groups (for example, between anger and fear, which
are both in a high arousal group), we investigate intra-subband
energy variation.

In this paper, we propose a method to extract acoustic fea-
tures that include inter- and intra-subband energy variations for
emotion classification. We employ a Two-Layered Cascaded
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Figure 1: Emotion Classification Process

Subband (TLCS) filter [17] to detect such energy variation in
acoustic features. For emotion classifier, we use a Hidden
Markov Model (HMM). Fig. 1 shows an overview of our emo-
tion classification system.

The rest of the paper is organized as follows. Section 2 de-
scribes the proposed acoustic feature formulation method. Sec-
tion 3 describes the emotional speech corpus used. Section 4
presents experimental results, and Section 5 concludes the pa-
per.

2. Acoustic Parameters
Extraction of acoustic parameters which carry information to
differentiate individual emotions effectively is the most impor-
tant task in an emotion classification system. The feature vector
should correspond to emotion information as much as possible.
Before specifying acoustic features, we should study the effects
of emotional states on speech characteristics.

Emotion produces changes in respiration, phonation, and
articulation, which in turn vary acoustical parameters [15]. For
emotions such as anger and fear, the acoustic parameters of
mean fundamental energy (F0), F0 range, and mean energy in-
crease [11, 12, 13]. In addition, emotions are correlated with
particular physiological states which affect speech parameters
such as F0 and voice quality. As an example, for high arousal
emotions of anger and fear, the sympathetic nervous system is
aroused, the heart rate and blood pressure may increase, the
mouth becomes dry, and there are occasional muscle tremors.
Speech will then become loud, fast, and enunciated with strong
high-frequency energy. However, for the low arousal emotion
of sadness, the parasympathetic nervous system is aroused, the
heart rate and blood pressure decrease, and salivation increases,
which results in slow, low-pitched speech with little high fre-
quency energy [18].

Different emotions modulate speech parameters differently.
The characteristics of different emotions mentioned above af-
fect energy distributions across different bands. Spectral energy
concentrates in high frequency regions for high arousal emo-
tions, and in low frequency regions for low arousal emotions
[14]. Fig. 2 shows the energy concentrations in high and low
frequency regions for anger and sadness emotions respectively.
Relative energy in high vs. low frequency regions affects the
voice quality or timbre, and hence, human ears perceive differ-
ent emotions differently.

Voice quality or timbre can be measured using energy vari-
ation between frequency bands (particularly the relative energy
in the high vs. low-frequency regions) [15, 16]. Anger emotion
manifests as blaring timbre while sadness emotion expresses as
resonant timbre [12].

MFCC feature formulation involves computing spectral en-
ergy variation in high vs. low frequency regions. This variation
is important to distinguish between high and low arousal emo-
tion groups. However, to distinguish among emotions within
high or low arousal emotion groups, additional information is

Figure 2: Energy concentrates in high frequency region for high
arousal emotion, anger, and in low frequency region for low
arousal emotion, sadness

Figure 3: Two-Layered Cascaded Subband Filter

necessary. Hence, we further investigated the characteristics
of high and low arousal emotions. For high arousal emotions,
energy concentrates in high frequency regions [14]. However,
the degree of concentration and the frequency location where
energy concentrates or energy peaks occur differ among in-
dividual high arousal emotions (for example, anger vs. fear).
For example, anger has stronger high frequency contents than
fear: strength and energy peak location of anger are higher
than those of fear within a high frequency band. Hence, intra-
subband energy variation in high frequency bands is useful to
distinguish among different high arousal emotions. Similarly,
intra-subband energy variation in low frequency bands is useful
to distinguish different low arousal emotions. Details on find-
ings of our investigation using Two-Layered Cascaded Subband
(TLCS) Filter are explained in the following subsection.

2.1. Two-Layered Cascaded Subband Filter

To include inter-subband and intra-subband energy variation in
acoustic feature formulation, we employ a Two-Layered Cas-
caded Subband (TLCS) filter [17]. The structure of filter is
shown in Fig. 3

The filter has two cascaded layers of subbands. The first
layer has 12 overlapped rectangular filters. The second layer
has 5 non-overlapped rectangular filters of equal bandwidths for
each rectangular subband of the first layer. There are a total of
60 (12×5) subbands in the second layer. The first layer of the
filter bank was designed to mimic the varying auditory resolv-
ing power of the human ear for various frequencies, so divides
the speech signal into 12 frequency bands that match the criti-
cal perceptual bands of the human ear. Bandwidths bi and cen-
ter frequencies fi for the subband filters in the first layer are
computed using the following equations [19]:
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b1 = C, bi = α bi−1, 2 ≤ i ≤ 12 (1)

fi = f1 +

i−1∑
j=1

bj +
bi − b1

2
(2)

where C is the bandwidth of the band-limited speech sig-
nal, f1 is the center frequency of the first filter, and α is the
logarithmic growth factor.

Although the useful bandwidth of a band-limited speech
signal for speech recognition is between 200 Hz and
3.2 kHz [19], selecting this range for emotion recognition may
discard some useful information. Therefore, we have selected
α = 1.4 (see equation 1) to get a range between 100 Hz and
∼7 kHz (see Table 1).

Table 1: Filter center frequencies and bandwidths

Filter i fi (Hz) bi (Hz)
1 127 54
2 191.5 75.1
3 281.2 104.3
4 405.9 145
5 579.2 201.6
6 820.1 280.2
7 1154.9 389.5
8 1620.4 541.4
9 2267.3 752.5

10 3166.6 1046
11 4416.5 1453.9
12 6154 2021

Intra-subband energy variations are observed by tracking
local maxima in the instantaneous amplitude output of the sub-
bands in the second layer, as shown in Fig. 4. Local maxima in-
dicate the strength and position of the energy peak. The advan-
tage of such a cascaded filter over the Mel-frequency bands used
in MFCC feature extraction is that it includes intra-subband en-
ergy variations by tracking instantaneous amplitude variations
in each subband. As can be seen in Fig. 4(a) and (b), the strength
and location of energy peaks for anger and fear emotions are
different using a TLCS filter. However, Mel-frequency bands in
Fig. 4(c) and (d) shows similar energy strengths for both anger
and fear emotions, and there is no location information within
a subband for each peak. Thus, a cascaded filter can effectively
distinguish high vs. low arousal emotions as well as emotions
within arousal groups.

2.2. Cepstral Coefficient Computation

A digitized speech signal is divided into frames of 16 ms with
9 ms overlap. Each frame is multiplied by a Hamming win-
dow to minimize signal discontinuities at the end of each frame.
Then, the audio frame is passed through the TLCS filters and the
log energy of each band in the second layer is calculated. Fi-
nally, a total of 13 TLCS Filter Cepstral Coefficients (TLCSF-
CC) are computed from log energies using Discrete Cosine
Transform [20]. To compare TLCSF-CC features with tradi-
tional MFCC features, we also compute MFCC features. The
range of Mel-frequency bands is also similar to TLCS filters,
and a total of 13 MFCC features are computed for each frame.

Figure 4: Capturing peak spectral energy using a TLCS filter (a
and b) and using a Mel-frequency filter (c and d): In each sub-
figure, the upper pane shows the signal, the middle pane shows
the filter bank, and the lower pane shows the output of subband
filters.

3. Corpus
The Berlin Emotional Data Corpus (BEDC) is an acted database
recorded at the Technical University Berlin [21]. Five male and
female actors contributed to the database. The database has
been tested for recognizability of emotions and naturalness. The
speech material comprises about 800 sentences. Each sentence
belongs to one of seven emotion categories. Those emotion cat-
egories are anger, boredom, disgust, fear, happiness, neutral,
and sadness. The utterances are in WAV (mono) format with
sampling rate of 16 kHz and 16 bit depth. The database can be
accessed by the public.

4. Experiments
Experiments were conducted to evaluate the effectiveness of
TLCSF-CC features. We use continuous density HMM with
four states and three Gaussian mixtures per state for all HMM
models in our experiments. Using the training database, we
trained a model for each emotion. For each test utterance, we
computed log likelihood scores against all five models. Then,
the model with the highest likelihood score is selected as the
classified emotion. To compare emotion classification perfor-
mance of TLCSF-CC with traditional MFCC features, emotion
classification experiments were conducted using MFCC fea-
tures. Two sets of experiments were conducted. One set was
for speaker-dependent emotion classification and the other set
was for speaker-independent classification. Classification ac-
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curacies for speaker-dependent and -independent emotion clas-
sification experiments are presented in Tables 2 and 3 respec-
tively. Speaker-dependent and -independent experiments were
conducted with utterances from 10 speakers. In experiments,
2/3 of utterances were used for training and 1/3 were used for
testing, including some overlap.

Table 2: Accuracies of speaker-dependent emotion classifica-
tion

Speaker TLCSF-CC (%) MFCC (%)
1 90.9 79.8
2 82.5 86.4
3 90.0 76.0
4 50.8 50.8
5 59.4 50.9
6 70.4 64.8
7 77.8 77.8
8 69.7 67.4
9 64.1 51.2

10 94.5 77.7
Average 76.4 69.5

Table 3: Accuracies of speaker-independent emotion classifica-
tion

Emotion TLCSF-CC
Accuracy (%)

MFCC Accuracy
(%)

Anger 80 70
Dislike 66.7 55.6
Fear 40 30
Sadness 90 90
Neutral 70 50
Average 69.3 59.1

TLCSF-CC feature achieves average classification ac-
curacies of 76.4% and 69.3% for speaker-dependent and
-independent emotion classifications respectively. Also
TLCSF-CC feature analysis outperforms traditional MFCC fea-
ture analysis in majority of experiments. TLCS filters capture
emotion-related characteristics from speech with absolute ac-
curacy improvement compared to MFCC feature analysis of
6.9% and 10.2% for speaker-dependent and -independent emo-
tion classification, respectively. The advantage of TLCSF-CC
features over MFCC features is that TLCS filters can capture
intra-subband energy variation, which helps to effectively dis-
tinguish emotions within arousal groups.

5. Conclusions
We have presented an approach to extract acoustic features
effectively for classifying different emotions. Energy varia-
tion between high frequency vs. low frequency regions (inter-
subband energy variation) is helpful to differentiate between
high vs. low arousal emotion groups. To differentiate among
emotions of high as well as low arousal groups, we further in-
vestigated the relation between emotions and their characteris-
tics of energy variations in individual frequency bands (intra-
subband energy variation). We found that strength and location
of energy peaks in each high frequency band vary between high
arousal emotions anger and fear. We analysed intra-subband
energy variations by using Two-Layered Cascaded Subband

(TLCS) filter. Experimental results showed that the proposed
TLCSF-CC feature outperforms traditional MFCC features for
both speaker-dependent and -independent emotion classifica-
tions.
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