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2Sestek Inc., İstanbul, Turkey

(mustafa.erden|arslanle)@boun.edu.tr

Abstract
Automatic emotion recognition can enhance evaluation of

customer satisfaction and detection of customer problems in call
centers. For this purpose emotion recognition is defined as bi-
nary classification for angry and non-angry on Turkish human-
human call center conversations. We investigated both acoustic
and language models for this task. Support Vector Machines
(SVM) resulted in 82.9% accuracy whereas Gaussian Mixture
Models (GMM) gave a slightly worse performance with 77.9%.
In terms of the language modeling we compared word based,
stem-only and stem+ending structures. Stem+ending based sys-
tem resulted in higher accuracy with 72% using manual tran-
scriptions. This can be mainly attributed to the agglutinative
nature of Turkish language. When we fused the acoustic and
LM classifiers using a Multi Layer Perceptron (MLP) we could
achieve a 89% correct detection of both angry and non-angry
classes.
Index Terms: emotion recognition, human-human dialogs

1. Introduction
In call centers all dialogues between agents and clients are
recorded for quality measurement and agent performance moni-
toring. However, because of additional costs and large amounts
of accumulated data only a small fraction of those conversations
are reviewed. If automatic emotion recognition is applied to this
data problematic calls can be identified to some extent and re-
tention operations can be performed for disgruntled customers.

Emotion recognition on real life call center data is a chal-
lenging task. First of all, the environmental conditions and mi-
crophone qualities are from a broad range. Also it is impossible
to know the exact emotion of the speaker. Therefore subjective
tests are necessary for labeling the data. Additionally real life
data usually contains multiple emotions at the same time even
the conflictual ones [1].

Previous studies on emotion recognition are done using dif-
ferent data sets with different classifiers and for different num-
ber of emotion categories. Some studies are performed on acted
data [2, 3]. In [4], real emotions are simulated with a Wizard of
Oz setup. In recent years many studies have focused on interac-
tive voice response (IVR) system data in order to enhance hu-
man machine interaction [5, 6]. Also human-human dialogs are
investigated [1, 7]. In [1], 82% correct classification between
negative and positive emotions is achieved on French medical
call center data using paralinguistic features. In [7], 56% detec-
tion is achieved for five emotion classes using acoustic features
as well as information extracted from orthographic transcrip-
tions of utterances.

Prosodic parameters are proven to be good correlates for
emotions as well as being applicable to all kinds of data. How-
ever, linguistic parameters are only applicable to spontaneous

data since content of acted data is predetermined. In order to
capture lexical information, language models are trained [8],
emotional salience of words are calculated [5, 9, 10] and classi-
fication with a bag of words approach [10] is implemented.

Since Turkish is an agglutinative language, words are gen-
erated by appending suffixes to roots. This morphological struc-
ture makes it difficult to build robust word-based language mod-
els. Also reasonable size dictionaries suffer from high out of
vocabulary (OOV) words. The solution is using sub-word units
instead of words. This type of language models are applied for
automatic speech recognition applications [11]. Additionally
stemming (removing suffixes from roots) is found to be suc-
cessful for document retrieval [12]. To investigate the effect
of sub-word models and stemming in emotion recognition task
three different models are built for calculating language model
scores; i) word based ii) stem-only iii) stem+ending.

In the second part of the work database used is presented. In
the third part the classifiers and features are explained. Finally
the results and discussion are given.

2. Database
The database used in this study consists of utterances of real
agent-client dialogs recorded in 3 Turkish commercial call cen-
ters from finance, insurance and telecommunications sectors.
The dataset to be labeled is filtered out of 300 hours of conver-
sations. Agents have indicated possibly problematic calls. This
remaining set comprised of 6 hours 13 minutes of 8 kHz, 8 bit
mu-law encoded audio. Using a voice activity detection (VAD)
module, these 385 dialogs are split into 8512 utterances. Then
the utterances are separated into 4 non overlapping subgroups.
Each subgroup is labeled by a different person. The labelers
marked each utterance as angry, non-angry or garbage. Garbage
label is assigned for turns such as silences, DTMF tones and
overlapping speech. These data are not included in experiments.
It was observed that the issues that caused anger were undeliv-
ered postage, mishandling of cancelation request, unauthorized
transactions, problems with services and billing etc.

Data is separated into train and test sets as in Table 1. There
is no overlap in terms of speakers between train and test sets.

Table 1: Number of utterances for train and test sets.

angry non-angry

Train set 1052 6531
Test set 146 783

Apart from 4 labelers 2 other labelers labeled the test set for
measuring labeler-labeler agreement. Kappa statistic is used for
this purpose as in [5, 6].
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κ =
P (A)− P (E)

1− P (E)
(1)

where P (A) is the probability of agreement between labelers
and P (E) is the probability of agreement by chance. The kappa
value being less or equal to 0 means no agreement and 1 means
total agreement between the labelers. Kappa value between the
two labelers is found to be 0.79 which indicates a high degree
of conformity.

3. Classification
In this study three different classifiers are trained with three dif-
ferent sources of information.

3.1. Support Vector Machines and Acoustic Features

Support Vector Machines are discriminative classifiers which
aim to find separating hyperplane with maximum margin be-
tween two classes. Libsvm library [13] is used for SVM mod-
eling end testing. Radial Basis Function kernel is applied. For
SVM experiments 143 features are extracted from each utter-
ance. These are:

• MFCC parameters : 13 coefficients with deltas and delta
deltas combines to 39 features. We extract three 39 di-
mensional vectors from each utterance. First vector is the
average MFCC vector across all frames. Second vector
comprises of minimum of each element in MFCC vector
across the utterance. Third vector corresponds to maxi-
mum values. When these three vectors are concatenated
we obtain a single 117 dimensional vector per utterance.

• Pitch parameters : min, median, max, first quartile, third
quartile, mean and max of first derivative, inter voiced
maximum difference, intra voiced maximum difference.
Pitch contours are extracted by robust algorithm for pitch
tracking (RAPT) [14]. Then z-normalized by shifting the
mean to 0 and scaling the variance to 1, for eliminating
speaker differences.

• Energy parameters : min, max, mean, standard devia-
tion, mean and max of first derivative.

• Microprosody parameters : min, max, standard deviation
of jitter and shimmer. Jitter and shimmer are calculated
using a linear filter as used in [3].

During pitch contour calculations it is observed that for
noisy recordings background speech contours were also in-
cluded. To eliminate these errors a bias towards unvoiced de-
cision is introduced.

3.2. Gaussian Mixture Models

Gaussian Mixture Models are representation of probability dis-
tributions as weighted average of several Gaussians. The like-
lihood contributed by i’th Gaussian component for a d dimen-
sional vector ~x is

p(~x|~µi,Σi) =
1

(2π)d/2Σ1/2

∗ exp{−1

2
(~x− ~µi)

′Σi
−1(~x− ~µi)} (2)

where ~µi is mean and Σi is covariance matrix of i’th Gaussian.
The total likelihood for the given model is calculated as

p(~x) =

N∑
i=1

wip(~x|~µi,Σi) (3)

where N is the number of Gaussians and wi is the weight of
Gaussian i. GMM is trained by Expectation-Maximization al-
gorithm which iteratively increases the likelihoods until a pre-
determined convergence criterion is reached.

Gaussian Mixture Models for angry and non-angry model
classes are trained with spectral features. Spectral features are
extracted using HTK [15] toolkit. 13 Mel Frequency Cep-
strum Coefficients are calculated for 25 ms Hamming win-
dowed frames with 10 ms skip rate. With the addition of delta
features a 26-dimensional vector for each frame is formed. We
used 64 mixtures for each GMM.

Becars software [16] is used for GMM training end testing.

3.3. Language Model

For language modeling all utterances are manually transcribed.
Only words and human noises are included in transcriptions.
In order to split words into sub-word parts Morfessor [17] is
used. Morfessor is an unsupervised morphological analyzer that
segments words into morphs which are morpheme-like units.
First morph of a word is labeled as a stem while remaining
morphs are concatenated and labeled as endings. Also endings
are marked by a special character for avoiding possible con-
fusions. After creating stemmed and stem+ending forms the
language model processing applied is the same as word model
processing.

Table 2: Language model train set lexical analysis.

Angry Non-angry

# of words 10259 38390
# of distinct words 2985 6953
# of distinct stems 1922 3913

# of distinct morphs 2387 4788

For language modeling two different unigrams are trained
for angry model and non-angry model. The classification de-
cision is made by comparing the difference between the likeli-
hoods with a threshold. Language model train set lexical anal-
ysis is given in Table 2. The training data is imbalanced with
non-angry model containing at least two times that of distinct
units in the angry model. This imbalance creates a disadvantage
during likelihood calculations for the angry model. In order to
compensate for this “add delta smoothing” between angry and
non-angry language models is applied. In add delta smoothing
unobserved words in the dictionary are assigned a very small
probability. Delta value of 0.25 is found to be optimum in terms
of classification accuracies in the train set.

Table 3: Percentage of OOV for different language models.

Angry Model Non-angry Model

word 29.85% 7.85%
stem-only 24.35% 6.39%

stem+ending 23.80% 6.24%

The difference in out of vocabulary percentages for differ-
ent language models implemented are presented in Table 3. Call
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center conversations use limited vocabulary and sentence forms.
On the contrary for a general purpose Language model trained
from a large Turkish corpus with stem+ending model OOV rate
is 2.5% [11]. Therefore it will be interesting to investigate those
three models in the context of emotion detection for call center
conversations.

3.4. System Combination

System combination at the decision level is implemented in or-
der to avoid dimensionality problems. A multi layer perceptron
(MLP) is trained for this purpose. An MLP creates a mapping
from given input vector to the desired output. It consists of
nodes with nonlinear transfer functions. Outputs of nodes in a
layer are weighted and added while being delivered to the next
layer.

Training set utterance scores for SVM, GMM and LM clas-
sifiers are normalized and mapped to [-1 1] range where higher
values imply higher probabilities of being angry. These scores
are three inputs of MLP and the expected labels are the desired
output. Using all 6531 utterances in the non-angry train set cre-
ated a bias towards this class. To remove this bias only 1052
non-angry utterances are included for training which is the same
number as angry utterances. A two layer MLP having three neu-
rons in first layer and a single neuron in second layer applying
gradient descent backpropagation training algorithm is found to
be optimum for decision merging.

4. Experiments
Results for LM classifiers with different modelling units are
given in Figure 1 as anger recall vs non-anger recall curves.
When we compare the equal recall rates for anger and non-anger
classes, word, stem-only, and stem+ending models resulted in
70.5%, 69.3% and 72.0% respectively. Therefore we can con-
clude that stem+ending based model performs better than the
two other methods.

Figure 1: Results for different LM classifiers.

In Turkish, polite speaking style differs from impolite
speaking style mostly by usage of different suffixes. An exam-
ple for this difference is given in Table 4 for two words with two
suffixes. The English meanings of words are given in parenthe-
ses. Since angry people tend to use less polite speaking style
this is reflected in the choice of endings. Therefore remov-

ing endings results in degradation of the performance. Also
frequencies of semantically similar endings are increased for
stem+ending model which explains the performance superior-
ity.

Table 4: Turkish stemming example.

Impolite Style Polite Style

bırak+ın (leave it) bırak+ınız (please leave it)
çıkart+ın (remove it) çıkart+ınız (please remove it)

kapat+ın (close it) kapat+ınız (please close it)

Results of different classifiers are given in Figure 2. Error
rates for various operating points are calculated by applying a
threshold to the differences between angry model scores and
non-angry model scores.

Figure 2: Results for different classifiers.

To measure the similarity between classifiers Q statistic is
calculated as in [5].

Q =
N11N00 −N01N10

N11N00 +N01N10
(4)

where N11 is the number of both classifiers being correct, N10

is the number of first classifier being correct and second clas-
sifier wrong, N01 is the number of first classifier being wrong
and second classifier correct, N00 is the number of both classi-
fiers being wrong. Absolute value of Q being closer to 0 means
the classifiers are independent whereas higher values indicate
higher similarities between the two classifiers.

Table 5: Q statistic for classifiers.

Q(SVM, GMM) 0.63
Q(SVM, LM) 0.05
Q(GMM, LM) -0.16

The pairwise Q values for SVM, GMM, and LM classifiers
are given in Table 5. SVM and GMM classifiers have a rela-
tively high correlation as they both model acoustic characteris-
tics. The Q values between LM classifier and others are lower
which means linguistic channel contains complementary infor-
mation to acoustic parameters. Additionally negative Q value
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with GMM method indicate that correct classification is done
for different samples of the test set [18].

5. Discussion
In order to extract linguistic information from utterances Un-
igram LM classifiers are implemented based on words, stem-
only and stem+ending units. Stem+ending based model
achieved accuracies higher than word based model because of
the level of politeness conveyed through suffixes in Turkish.
Additionally we observed that LM classifier could categorize
utterances correctly which are misclassified by acoustic classi-
fiers. As a result, after merging the scores of three classifiers
by an MLP recognition accuracies of anger and non-anger in-
creased considerably.

Language model anger recall values did not increase above
0.74 while non-anger values were above chance level. We can
conclude that some of the utterances in the test set labeled as
angry, does not contain any linguistic information which can
favor angry model over non-angry model. In other words speak-
ers may sometimes speak completely with neutral content even
though they are emotionally disturbed. Therefore acoustic in-
formation is necessary for correct classification of these utter-
ances.

6. Conclusion
In this paper different sources of information are utilized to
recognize emotions in real-life human-human call center data.
SVM classifier with prosodic and spectral features outper-
formed GMM with spectral features. The data set used con-
tains noisy recordings which are recorded through various tele-
phones. Features extracted for SVM classification are more ro-
bust to these conditions resulting in a better performance.

In [8], it is observed that stemming enhances lexical model
performance on French human-human call center data. This is
contrary to our findings which can be attributed to the different
morphological structures of Turkish and French. While Turkish
is mostly agglutinative, French show fusional aspects. In fu-
sional languages for some words it is very difficult to segment
to morphemes as they are fused together.

Human-human dialog data is rarely investigated in litera-
ture in terms of emotion recognition. A similar study to this
one is presented in [1], which is on human-human call center
data classifying between negative and positive emotions. We
have achieved comparable accuracies with SVM classifier us-
ing acoustic features.

Future work includes considering the whole dialog while
making a decision on utterance level as well as dialog level.
Also the effect of using automatic speech recognizer (ASR) hy-
pothesis instead of manual transcriptions for language modeling
will be investigated.
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