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Abstract 
We evaluate the performance of a speech emotion recognition 
method for affective human-robot interaction. In the proposed 
method, emotion is classified into 6 classes: Angry, bored, 
happy, neutral, sad, and surprised. After applying noise 
reduction and speech detection, we obtain a feature vector for 
an utterance from statistics of phonetic and prosodic 
information. The phonetic information includes log energy, 
shimmer, formant frequencies, and Teager energy; the 
prosodic information includes pitch, jitter, and rate of speech. 
Then a pattern classifier based on Gaussian support vector 
machines decides the emotion class of the utterance.  To 
simulate a human-robot interaction situation, we record speech 
commands and dialogs uttered at 2m away from a microphone. 
Experimental results show that the proposed method achieves 
the classification accuracy of 58.6% while listeners 
give 60.4% with the reference labels given by speakers’ 
intention. On the other hand, the proposed method shows the 
classification accuracy of 51.2% with the reference labels 
given by the listeners’ majority decision. 

1. Introduction 
A human conveys emotion as well as linguistic information 
via speech signals. The emotion in speech makes verbal 
communications natural, emphasizes a speaker’s intention, 
and shows one’s psychological state. Recently there has been 
a lot of research activities for affective human-robot 
interaction with a humanoid robot by recognizing the emotion 
expressed through facial images and speech [1] [2] [3] [4] [5].  
In particular, speech emotion recognition requires less 
hardware and computational complexity compared to facial 
emotion recognition. A speech emotion recognizer can be 
used in an interactive intelligent robot which responds 
appropriately to a user’s command according to the user’s 
emotional state. It can be also embedded in a music player 
which suggests a suitable music list to the user’s emotional 
state. 

Emotion can be recognized by using acoustic information 
and/or linguistic information [6] [7] [8] [9].  Emotion 
recognition from linguistic information is done by spotting 
exclamatory words from input utterances and thus cannot be 
used when there are no exclamatory words. However, 
acoustic information extracted from speech signals is more 
flexible for emotion recognition than linguistic information 
because it does not require any speech recognition system to 
spot exclamatory words and can be extended to any other 
language. 

Among many features suggested for speech emotion 
recognition, we select the following acoustic information: 
pitch, energy, formats, tempo, duration, jitter, shimmer, mel 

frequency coefficient (MFCC), linear predictive coding 
(LPC) coefficient, and Teager energy. A pattern classifier 
based on support vector machines (SVM) classifies the 
motion by using the feature vector obtained from statistics of 
the acoustic information. We compare the performance of 
automatic emotion recognition when the reference labels are 
given by speakers and human listeners. 

This paper is organized as follows: Section 2 explains the 
base features extracted from speech and the pattern classifier. 
Section 3 describes the experimental results when the 
reference labels are supplied by human listeners and speakers. 
Section 4 concludes the paper. 

2. Emotion recognition 
The input speech signals are sampled at 16 kHz and coded by 
16 bit pulse code modulation (PCM). We apply Wiener 
filtering [10] to reduce environmental noise, and detect end 
points to remove non-speech parts from the input utterance 
[11].  

An emotion recognizer classifies input utterances into 6 
emotion classes: Angry, bored, happy, neutral, sad, and 
surprised. For emotion recognition, base features are first 
extracted from an input utterance and statistical values are 
computed from the base features. Then the SVM-based 
classifier decides the emotion expressed in the utterance. The 
details of the base features and the statistics are described in 
the following sections. 
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Fig. 1. Speech emotion recognizer 

2.1. Base Feature extraction 

We use the Hamming window [12] with the size of 25 ms, 
shifting 10 ms for each frame. However, the Hanning window 
[12] is used for pitch extraction. The base features consist of 
pitch, energy, jitter, shimmer, and rate of speech. 
 
•  Pitch 

The Hanning window with the size of 60 ms was used to 
include 2~3 pitch periods in the window.  Then the input 
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signals were filtered by a low pass filter with the cutoff 
frequency of 800Hz. For each frame, we obtain a pitch 
candidate by finding the minimum index of the average 
magnitude difference function (AMDF) [13] defined as 

where N  is the number of samples, )(ixn is the i -th sample 

value of the n -th frame, and MAXLAG  is the maximum of 
the possible pitch period. 

The pitch candidate sequence for an utterance undergoes 
the post-processing stage as follows. At first, the pitch 
candidate sequence is smoothed so that the inter-frame pitch 
changes are less than the maximum allowable pitch change. 
Then very short unvoiced frames (1-2 frames) enclosed in a 
voiced region are changed to voiced frames and assigned a 
new pitch value by the average of adjacent pitch values.  
 
• Energy 

We define two kinds of energy in this work: Log energy and 
Teager energy. The log energy is computed by summing the 
absolute values of speech samples in a frame and taking the 
logarithm of the sum. Following the Kaiser’s algorithm [14], 
we define the Teager energy with respect to filter bank 
coefficients for each frequency band as  

where )(ifn  is the i -th filter bank coefficient of the n -th 
frame and FB  is the number of frequency bands. The Teager 
energy is known to reduce the stationary noise and enhance 
the dynamic aspects of speech signals. In this work, we use 
50 frequency bands between 50 Hz and 400 Hz. 
 
• Jitter and shimmer 

The quality of speech can be analyzed by jitter and shimmer 
[15]. The jitter denotes the variation of pitch frequency and 
the shimmer denotes the variation of signal amplitude 
between two neighboring frames [15], which are defined 
respectively as 
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where N  is the number of frames in an utterance, 
i

T0
is the 

pitch period of the i -th frame, and iA is the amplitude of the 

i -th frame.  
The jitter is high for a transition region from an unvoiced 

consonant to a voiced sound. An utterance with wide-spread 
jitter sounds rough. The shimmer is not regularly distributed 
if an utterance is emotional speech [16]. 
 
 

• Rate of speech 

The rate of speech (ROS) denotes the duration of the voiced 
segments in a unit period. In this work, we use the constant 
voice rate of speech [17] defined as  

where N  is the number of voiced segments and 
id is the 

duration of the i -th voiced segments.  
 
• Formant 

Formant frequencies in speech are extracted using linear 
predictive coding analysis. Linear prediction is an adequate 
all-pole model to voiced speech signals. Parameters of all-
pole model are representative of formant positions. A 
difference equation on solution of linear prediction expresses 
each sample of the original signal as a linear combination of 
preceding samples. This difference equation is the linear 
predictor and the coefficients of equation are the linear 
predictive coding (LPC) coefficients [18]. The formant 
frequencies are estimated from peaks of the linear prediction 
spectra of speech signals. In this paper, the first, the second, 
and the third formant frequencies (F1, F2, and F3) are 
obtained from the 14-th order LPC coefficients. 

2.2. Computing statistics 

We compute statistical values from the base features that are 
pitch, energy, Teager energy, jitter, shimmer, rate of speech, 
and formant. The statistics includes the mean, percentile, 
standard deviation, maximum, minimum, range, linear 
regression coefficient, and maximum gradient. 

2.3. Emotion classification by SVM 

The SVM maximizes the margin between two classes. The 
SVM with a kernel function [19] [20] maps the space 

}{xS = consisting of the input samples into a high 
dimensional feature space so that the input samples become 
linearly separable in the high dimensional feature space. 

Input space Feature space

Gaussian 
kernel function

Fig. 2. SVM with a kernel function 

The decision function in the SVM classifier for the two-
class problem can be formulated using a kernel function 

),( ixxK of new input x and training input ix : 
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where SVs  is the number of the training inputs and 1±=iy  
are the label of the training inputs ix . The parameters 
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In this paper, we used the OSU SVM tool box for 
MATLAB 3.0 [21] configured to have a Gaussian kernel 
function ),( ixxK  

2

),( ixx
i exxK −−= γ  (7)

where we set the kernel parameter ( γ ) to 0.0088 and the cost 
of constraint violation parameter ( C ) to 1.  

3. Experimental results 

3.1. Speech database 

We recorded emotional Korean speech data according to a 
human-robot interaction scenario. 15 males and 15 females in 
the 20s or 30s uttered commands or dialogs with 6 emotion 
classes: Angry, bored, happy, neutral, sad, and surprised. The 
speech data included 6 kinds of utterances: enrolling 
sentences, greeting dialogs, some conversations regarding 
weather and time, and speech commands to control the 
moving direction of robots. The utterance length was mostly 
less than 2 seconds. The two enrolling sentences were used as 
a decision reference for human listeners. Each speaker uttered 
320 utterances and the speech database comprised 9,060 
utterances.  

3.2. Emotion recognition by SVM with a reference label 
supplied by speakers 

First, we performed an emotion recognition experiment 
assuming that the correct emotion class for an utterance is set 
to the emotion with which the speaker was asked to 
pronounce the utterance.  Because we do not have enough 
data to train and test the SVM, we adopted the cross-
validation strategy. We used 29 speakers as the training set 
and the remaining one speaker as the test set. We repeated 30 
times with substituting the test speaker one by one.  

Table 1 shows the confusion matrix of the experiment. 
The SVM classifier is easy to confuse speaker’s sad emotion 
state and bored, on the other hand the to category speaker’s 
surprised emotion state compatible with others. The overall 
classification accuracy was 58.6%.  

Table 1. Confusion matrix in percentage (%) by SVM 

 angry bored happy neutral sad surprised
angry 58.6 0.3 9.0 12.2 1.1 18.8
bored 0.1 64.1 2.4 5.5 27.9 0.1
happy 11.8 2.2 54.0 16.7 5.5 9.7
neural 8.5 3.1 13.4 64.0 8.6 23.8

sad 0.3 35.6 5.8 12.5 45.2 0.7
surprised 19.5 0.0 11.5 2.6 0.5 66.0

3.3. Emotion recognition by humans with a reference label 
supplied by speakers 

Even if a speaker says a sentence with a specific emotion 
state, human listeners often have difficulty in recognizing the 
emotional state of the speaker. In this experiment, 12 human 
listeners classified the emotion class of the speech data. 

In this experiment, we selected 4 speakers yielding good 
classification accuracy in the previous experiment, 4 speakers 
with medium accuracy, and 2 speakers with bad accuracy.  Of 
the 10 selected speakers, there were 5 male speakers. In 

addition, we also selected 25 utterances with relatively long 
duration because speakers usually cannot express emotion 
with short utterances. Accordingly, we compiled a new 
database with 25 utterances for each speaker. The total 
number of utterances in the new database was 1,520 inclusive 
of 2 neutral enrolling sentences for each speaker.  

Before classifying the emotion utterances of database, 
human listeners had listened to the enrolling sentences 
pronounced in the neutral state in order to have a reference 
about emotion expression of the given speaker. We shuffled 
the speech database so that human listeners cannot use the 
knowledge obtained while deciding the emotion of the 
previous sentences with the same linguistic contents but 
different emotion. 

Table 2 shows the confusion matrix. The average 
classification accuracy was 60.4% while SVM classifiers 
achieved 58.6% in the previous experiment. Accuracy 
difference between classification accuracy by human and 
SVM classifiers was approximately 2%. However when the 
confidence interval is considered, the accuracy difference was 
not significant. 

According to the results in Table 2, humans confuse the 
utterances in the bored and sad states because the pitch and 
energy in those emotional states are similar. 

Table 2. Confusion matrix in percentage (%) by human 

 angry bored happy neutral sad surprised
angry 68.7 1.9 4.1 15.6 0.7 20.2
bored 1.2 56.9 1.9 5.3 42.2 0.4
happy 4.5 2.8 62.7 4.5 2.6 9.9
neural 18.4 6.2 26.4 70.9 11.0 7.9

sad 0.4 32.0 2.0 3.0 42.4 0.4
surprised 6.8 0.2 2.9 0.8 0.1 61.2

Table 3 shows the confusion matrix between listeners and 
SVM. The table indicates that 41.9% of SVM classification 
results by average are consistent with human listeners’ 
decision, implying that there exists a little discrepancy in the 
emotion recognition mechanism of humans and machines. 

Table 3. Confusion matrix in percentage (%) between listeners 
and SVM 

 angry bored happy neutral sad surprised
angry 43.7 12.7 22.6 19.7 18.8 8.9
bored 8.1 38.4 7.4 5.8 19.5 13.3
happy 12.0 6.3 40.1 12.6 11.0 9.4
neural 13.7 10.5 10.9 48.4 15.6 10.6

sad 5.3 23.8 10.5 4.8 27.3 8.3
surprised 17.3 8.3 8.6 8.7 7.8 49.4

Another interesting result was that male and female 
listeners showed different classification accuracy as shown in 
Table 4. Female listeners showed 63.4% classification 
accuracy while male listeners gave 58.3% accuracy. These 
results imply that females are more sensible than males in 
feeling emotion embedded in speech. A similar tendency was 
also observed in the psycholinguistic study using simulated 
emotional speech data collected from professional actors [22].  
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Table 4. Comparison of emotion recognition of male and 
female speakers by male and female listeners (%) 

 male listeners female listeners
male speakers 60.2 67.1 

female speakers 56.5 59.7 

3.4. Emotion recognition by SVM with a reference label 
supplied by human listeners 

For the third experiment, we assumed that the correct emotion 
label for an utterance was determined by majority voting of 
the human classification results. In this experiment, we also 
used the cross-validation strategy where we repeated 10 times 
where 9 speakers were used as the training set (1,350 
utterances) and the remaining one speaker as the test set (150 
utterances) with the test speaker changing each time. Table 5 
is the confusion matrix by the SVM classifier. The average 
classification accuracy was 51.2%.  

Table 5. Confusion matrix in percentage (%) by SVM 

 angry Bored happy neutral sad surprised
angry 57.5 2.8 6.8 19.2 0.0 13.8
bored 0.8 81.0 2.9 15.0 0.3 0.0
happy 13.7 7.0 38.3 33.5 0.4 7.2
neural 9.6 18.7 12.3 54.4 0.0 5.1

sad 0.0 71.6 11.2 15.8 1.3 0.0
surprised 29.4 1.0 16.0 7.9 0.0 45.8

3.5. Discussion 

The emotion decision mechanism of humans makes the 
accuracy difference between by human and SVM classifiers. 
The difference between average classification accuracy of 
human and SVM seems to come from the fact that humans 
use the association and imagination capability in order to 
decide emotion of new utterances never heard before. A 
human listener decides the emotion of the next utterance by 
remembering the previous emotion states and utilizing the 
previous decision. However, the SVM-based classifier 
decided the emotion of an utterance independent of the 
previous decision. 
We obtained rather low classification accuracy than previous 
researches [23] [24] [25], because the new database included 
a small number of speakers and short utterances such as 
greeting dialogs and speech commands.  

4. Conclusion 
We evaluated a speech emotion recognizer for affective 
human-robot interaction. Features for an input utterance are 
obtained from statistics of phonetic and prosodic information. 
The phonetic information includes log energy, 
shimmer, formant frequencies, and Teager energy; the 
prosodic information includes pitch, jitter, and rate of speech. 
When the reference labels are supplied by the speaker, the 
classification accuracy by human was 60.4%. On the other 
hand, when the reference label is given by majority voting of 
human listeners, the classification accuracy was 51.2%. 
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