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Abstract. The goal of this work is to investigate real-time emotion
recognition in noisy environments. Our approach is to solve this prob-
lem using novel recurrent neural networks called echo state networks
(ESN). ESNs utilizing the sequential characteristics of biologically moti-
vated modulation spectrum features are easy to train and robust towards
noisy real world conditions. The standard Berlin Database of Emotional
Speech is used to evaluate the performance of the proposed approach.
The experiments reveal promising results overcoming known difficulties
and drawbacks of common approaches.

1 Introduction

The present innovations in affective computing aim to provide simpler and more
natural interfaces for human-computer interaction applications. Detecting and
recognizing the emotional status of a user is important in designing and devel-
oping efficient and productive human-computer interaction interfaces [2]. The
efficiency gain is well founded on the fact that in healthy human to human in-
teraction emotion is essential in every bit of communication. For example, while
explaining something to another person, one could communicate understanding
with a simple smile, with no need to say “I understand, what you are telling
me” [15]. Hence, emotion analysis and processing is a multi-disciplinary topic,
which has been emerging as a rich research area in recent times [2,4,6,13,18].
The visual cues, such as facial expressions and hand gestures are the natural
indicators of emotions. However, these require additional hardware and compu-
tational resources for processing. Alternatively, speech can be used for emotion
recognition which is not only simple to process, but can also be incorporated
into the existing speech processing applications [2,6,17]. Most commonly used
features are pitch, energy and speech spectral based features [13]. In this work,
a novel approach based on long term modulation spectrum of speech is used to
detect the emotions close to real-time using a recurrent neural network called
echo state network (ESN).

One of the main issues in designing an automatic emotion recognition system
is the selection of the features that can represent the corresponding emotions.
In [12], pitch and linear predictive coding (LPC) features were used as input
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to an artificial neural network (ANN). After detecting the start and end points
of the utterances, a 300 dimensional vector was used, which resulted in classi-
fication rates of around 50% detecting eight different emotions. In earlier work
multi classifier systems (MCS) were trained with three feature types, comprising
modulation spectrum, as in this work, relative spectral transform - perceptual
linear prediction (RASTA-PLP), and perceived loudness features, in a MCS to
recognize seven different emotions with an accuracy of more than 70% [18]. The
Mel Frequency Cepstral Coefficients (MFCC) based features were used in [11],
which were obtained with a window of 25 ms sampled every 10 ms. The Hid-
den Markov Model (HMM) was then used for training each of the four targeted
emotions. After training a combination of all the phoneme class based HMMs
on the TIMIT database, for each of the emotions, the classification performance
reached around 76%. In [3], k-nearest neighbor (KNN) algorithm was applied to
classify four emotions, which resulted in 65 % accuracy. The pitch based statis-
tics, such as contour of pitch, maximum, minimum, and slope were considered as
features. Broadly speaking, differences in the various approaches arise from the
overall goal (recognizing single vs. multiple emotions), the specific features used,
and the classification framework. The anger vs. neutral emotion classification
was studied, particularly in the context of interactive voice response systems
with specific application to call centers in [19]. 37 prosody features related to
pitch, energy, and duration were used as features, and for classification neural
networks, support vector machines (SVM), and KNN were applied. With the
most significant feature set of 19 features, the best recognition accuracy about
90% was achieved using SVMs. In another study, agitation vs. calm emotion clas-
sification was performed with KNN, ANN, and set of experts [14]. “Agitation”
included happiness, anger, and fear, and “calm” comprised neutral, and sadness
emotional states. Pitch, energy, speaking rate, formants, and their bandwidths
were used as features, which resulted in an accuracy of 77%.

However, commonly used features and classifiers are sensitive towards noise.
In this work, a system overcoming these issues is targeted. Furthermore, clas-
sifiers still require time to classify the utterances as they rely on statistics of
the features and are computationally intensive. Here we use a special charac-
teristic of long term modulation spectrum, which reflects syllabic and phonetic
temporal structures of speech [5,7]. Recently, a novel recurrent neural network
(RNN) called echo state network (ESN) is developed. An ESN has an easy train-
ing algorithm, where only the output weights are to be adjusted. The basic idea
of ESN is to use a Dynamic Reservoir (DR), which contains a large number of
sparsely interconnected neurons with non-trainable weights. The previously men-
tioned features are used as inputs to an ESN classifier. Since, the only weights
that need to be adjusted in an ESN are the output weights, the training is not
computationally expensive using the direct pseudo inverse calculation instead of
gradient descent training. The performance is close to real-time, as the decisions
are made on short-segments of the signal (100 ms), rather than over the entire
utterance. This is of great advantage since emotions are constantly changing and
aggregating statistics of pitch or other similar features may not suffice [17]. An
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example of a scenario where emotions change rapidly can be found in [15]. In
this scenario a tennis player feels a piercing pain in his lower back and he first
turns around clenching his fist and feeling angry, but as he sees that a woman in
a wheelchair hit him his feelings changed to sadness and sympathy. This small
example illustrates the possible rapid changes of how we value situations. There-
fore, it is necessary to build a system that does not need to aggregate information
over several seconds, but is able to classify emotions close to real time. In this
work we present a feature extraction system that extracts after a lead time of
400 ms feature vectors with a frequency of 25 Hz, which is sufficient for emotion
recognition in many applications.

The paper is organized and presented in four sections: Section 2 gives an
overview of the database used for experiments, Sect. 3 describes the feature
extraction, Sect. 4 introduces the echo state networks used for classifictation,
Sect. 5 presents the experiments and results, and finally Sect. 6 concludes.

2 Database Description

The Berlin Database of Emotional Speech is used as a test bed for our approach.
This corpus is a collection of around 800 utterances spoken in seven different
emotions: anger, boredom, disgust, fear, happiness, sadness, and neutral [1]. The
database is publicly available at http://pascal.kgw.tu-berlin.de/emodb/.
Ten professional actors (five male and five female) read the predefined utter-
ances in an anechoic chamber, under supervised conditions. The text was taken
from everyday life situations, and did not include any emotional bias. The ut-
terances are available at a sampling rate of 16 kHz with a 16 bit resolution and
mono channel. A human perception test to recognize various emotions with 20
participants resulted in a mean accuracy of around 84% [1].

3 Feature Extraction

Short term analysis of the speech signal, such as extracting spectral features from
frames not more than several milliseconds, dominates speech processing for many
years. However, these features are strongly influenced by environmental noise
and are therefore unstable. In [8], it is suggested to use the so called modulation
spectrum of speech to obtain information about the temporal dynamics of the
speech signal to extract reliable cues for the linguistic context. Since emotion in
speech is often communicated by varying temporal dynamics in the signal the
same features are used to classify emotional speech in the following experiments
[17].

The proposed features are based on long term modulation spectrum. In this
work, the features based on slow temporal evolution of the speech are used to
represent the emotional status of the speaker. These slow temporal modulations
of speech emulate the perception ability of the human auditory system. Ear-
lier studies reported that the modulation frequency components from the range
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Fig. 1. Schematic description for feature extraction

between 2 and 16 Hz, with dominant component at around 4 Hz , contain impor-
tant linguistic information [5,7,10]. Dominant components represent strong rate
of change of the vocal tract shape. This particular property, along with the other
features has been used to discriminate speech and music [16]. In this work, the
proposed features are based on this specific characteristic of speech, to recognize
the emotional state of the speaker.

The block diagram for the feature extraction for a system to recognize emo-
tions is shown in Fig. 1. The fast Fourier transform (FFT) for the input signal
x(t) is computed over N points with a shift of n samples, which results in a N

2
dimensional FFT vector. Then, the Mel-scale transformation, motivated by the
human auditory system, is applied to these vectors. The Mel-filter bank with
eight triangular filters Hi[k], is defined by:

Hi[k] =

⎧
⎪⎨

⎪⎩

2(k−bi)
(di−bi)(ci−bi)

bi ≤ k ≤ ci

2(di−k)
(di−bi)(di−ci)

ci ≤ k ≤ di

, (1)

where i = 1, ..., 8 indicates the index of the i-th filter. bi and di indicate the fre-
quency range of filter Hi and the center frequency ci is defined as ci = (bi+di)/2.
These ranges are equally distributed in the Mel-scale, and the corresponding fre-
quencies bi and di are listed in Table 1. For k < bi and k > di Hi[k] = 0.
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Table 1. Start and end frequencies of the triangular Mel-filters

Band Start Freq. (Hz) End Freq. (Hz)

1 32 578
2 257 964
3 578 1501
4 966 2217
5 1501 3180
6 2217 4433
7 3180 6972
8 4433 8256
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Fig. 2. Modulation spectrum for the first four bands of a single angry utterance. The
x-axis represents the time scale, in frames and the y-axis, the frequency in Hz.

For each of the bands, the modulations of the signal are computed by taking
FFT over the P points, shifted by p samples, resulting in a sequence of P

2
dimensional modulation vectors. Most of the prominent energies can be observed
within the frequencies between 2 - 16 Hz. Figure 2 illustrates the modulation
spectrum based energies for a single angry utterance, for the values N = 512,
n = 160, P = 100 and p = 1 for the first four bands. For the classification task
following values were used: N = 1600, n = 640, P = 10, p = 1. Since the signal
is sampled with 16 kHz, N corresponds to 100 ms and n to 40 ms resulting in
a feature extraction frequency of 25 Hz. According to the window size P a lead
time of 400 ms is necessary. Therefore, one feature vector in the modulation
spectrum takes 400 ms into account with an overlap of 360 ms, due to p.

4 Echo State Networks

Feed forward neural networks have been successfully used to solve problems that
require the computation of a static function, i.e. a function whose output depends
only upon the current input. In the real world however, many problems cannot
be solved by learning a static function because the function being computed
may produce different outputs for the same input if it is in different states. Since
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Fig. 3. Basic architecture of ESN. Dotted arrows indicate connections that are possible
but not required.

expressing emotions is a constantly changing signal, emotion recognition falls
into this category of problems. Thus, to solve such problems, the network must
have some notion of how the past inputs affect the processing of the present
input. In other words, the network must have a memory of the past input and
a way to use that memory to process the current input. This limitation can
be rectified by the introduction of feedback connections in the network. The
class of Neural Networks which contain feedback connections are called RNNs.
In principle RNNs can implement almost arbitrary sequential behavior, which
makes them promising for adaptive dynamical systems. However, they are often
regarded as difficult to train. Using ESNs only two steps are necessary for train-
ing: First, one forms a DR, with input neurons and input connections, which
has the echo state property. The echo state property says: “if the network has
been run for a very long time, the current network state is uniquely determined
by the history of the input and the (teacher-forced) output.” [9]. According to
experience, it is better to ensure that the internal weight matrix has maximum
eingenvalue |λmax| < 1. Second, one attaches output neurons to the network and
trains suitable output weights.

As presented in (Fig. 3), we consider a network with K inputs, N internal
neurons and L output neurons. Activations of input neurons at time step n
are U(n) = (u1(n), . . . , uk(n)), of internal units are X(n) = (x1(n), . . . , xN (n)),
and of output neurons are Y (n) = (y1(n), . . . , yL(n)). Weights for the input
connection in a (NxK) matrix are W in = (win

ij ), for the internal connection in
a (NxN) matrix are W = (wij), and for the connection to the output neurons
in an L x (K + N + L) matrix are W out = (wout

ij ), and in a (NxL) matrix
W back = (wback

ij ) for the connection from the output to the internal units.
The activation of internal and output units is updated according to:

X(n + 1) = f(W inU(n + 1) + WX(n) + W backY (n)) (2)



Real-Time Emotion Recognition from Speech Using Echo State Networks 211

where f = (f1, . . . , fN ) are the internal neurons output sigmoid functions. The
outputs are computed according to:

Y (n + 1) = fout(W out(U(n + 1), X(n + 1), Y (n))) (3)

where fout = (fout
1 , . . . , fout

L ) are the output neurons output sigmoid functions.
The term (U(n + 1), X(n+ 1), Y (n)) is the concatenation of the input, internal,
and previous output activation vectors. The idea of this network is that only the
weights for connections from the internal neurons to the output (W out) are to
be adjusted.

Here we present briefly an off-line algorithm for the learning procedure:

1. Given I/O training sequence (U(n), D(n))
2. Generate randomly the matrices (W in, W, W back), scaling the weight matrix

W such that it’s maximum eingenvalue |λmax| ≤ 1.
3. Drive the network using the training I/O training data, by computing

X(n + 1) = f(W inU(n + 1) + WX(n) + W backD(n)) (4)

4. Collect at each time the state X(n) as a new row into a state collecting
matrix M , and collect similarly at each time the sigmoid-inverted teacher
output tanh−1D(n) into a teacher collection matrix T .

5. Compute the pseudo inverse of M and put

W out = (M+T )t (5)

t: indicates transpose operation.

For exploitation, the trained network can be driven by new input sequences and
using the equations (2) and (3).

5 Experiments and Results

All the experiments were carried out on the German Berlin Database of Emo-
tional Speech, which is described in Sect. 2. The utterances comprising anger
and neutral are specifically used with regard to the most important task in call
center applications, where it is necessary to recognize angry customers for the
system to react properly.

In the first experiment especially the real-time recognition capability of the
ESN is tested. After thorough tuning the following parameters revealed optimal
results. A randomly initialized network of 500 neurons was used. The connec-
tivity within the network was 0.5 which indicates that 50% of the connections
were set within the network. Additionally, the spectral width λmax was set to
0.2. Figure 4 (a) shows the cumulative sums over frame wise decisions of three
different utterances taken from the first fold of the 10 fold cross validation ex-
periment. The vertical bars represent borders of single utterances taken from
the database. The ESN needs some time to adapt to the new portrayed emotion
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Fig. 4. Example results of ESN generalization behavior: (a) cumulative sum over frame
wise decisions; (b) median filtered ESN output with superimposed plotted frame wise
decisions and teacher signal

in the following utterance. However, after only a few frames the ESN achieves
adoption and recognizes the correct emotion fast. The output of the ESN counts
as a vote for anger if the sign of the output is + and a vote for neutral if it is
−. It is seen that the cumulative sum of the correct emotion is above the other
only a few frames after an emotional shift and hardly any errors are made in
most of the cases. At every point in time a possible shift from neutral to angry
and vice versa is possible. Only once in the 10 folds of the cross validation the
correct emotion is overruled by around 52% of the votes, leading to an accuracy
of more than 99%. In every other case the correct emotion wins at least at the
end of an utterance, most of the cases behave similarly to the three in Fig. 4
(a). In Fig. 4 (b) the dashed line corresponds to the median filtered ESN output
signal. The median filter used had the magnitude 10. However, the circles and
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Fig. 5. Example results of NN generalization behavior: (a) cumulative sum over frame
wise decisions; (b) frame wise decisions with superimposed plotted teacher signal

crosses correspond to the frame wise decisions not the median filtered output in
order to show the real-time performance of the network. Additionally, the plot
of the ESN output is superimposed by the teacher signal. Each circle or cross
that does not lie on the solid line resembles an error of the network on a single
frame. These errors may occur, but oscillating outputs could just be filtered out
and only if a series of the same decisions follow each other an emotion will be
recognized in future applications.

In Fig. 5 (a) the cumulative sums over the frame wise decisions of a simple
NN classifier are shown. In most of the cases the NN errs more often than the
ESN. This may be the result of the ESN’s capability to take earlier frames
into account. Due to the recurrent architecture of the ESN it is possible to
“keep several frames in mind”. In a similar way HMMs are capable to process
sequences of frames. The cumulative sums of the wrong emotion overruled the
correct emotion in the 10 fold cross validation 6 times using the NN classifier.
Furthermore, the calculation of the nearest neighbor is far more computationally
expensive as the output for a single frame of the ESN. In Fig. 5 (b) again circles
or crosses not lying on the line resembling the teacher signal count as errors. To
be able to calculate the outputs in real-time it would be necessary to reduce the
search space for the NN classifier. For example, by using a clustering method
such as Learning Vector Quantization (LVQ) or K-Means. However, using these
methods may result in more errors.
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Table 2. Frame wise error rate of the two classifiers according to differing conditions
of noise

Type of Noise Frame wise error rates
ESN NN

no noise 0.15 0.21
coffee machine 0.14 0.23

office 0.16 0.22
vacuum cleaner 0.16 0.23

inside car 0.18 0.26
city/street 0.18 0.27

In a second experiment we added different amounts of noise to the audio
signals in order to check whether the ESN or the NN are capable of dealing
with noise and how the classification performance develops. Theoretically the
modulation spectrum features should be quite stable towards noise, since only
voice relevant frequencies pass through the Mel filtering. Additionally, it is pos-
sible to compensate noise using ESNs [9]. Table 2 shows the recognition results
adding noise to the audio signal. The error rates correspond to the average rate
of misclassified frames. In the first row no additional noise was added. In the
following rows the amount of noise slowly increases from a quiet coffee machine
up to noise recorded in Helsinki on a sidewalk. The noise of the coffee machine is
mostly due to dripping water. The office environment corresponds to people typ-
ing, chatting in the background, and copying some papers. The vacuum cleaner
is a very constant but loud noise. Inside the car mostly the engine of the own car
is heard. The last type of noise comprises passing trucks, cars, motorbikes, and
people passing by. All the noise was added to the original signal before feature
extraction. The audio material was taken from the homepage of the “Freesound
Project”1. It is seen that the results using modulation spectrum based features
are quite robust using both classifiers. However, the recognition stays more sta-
ble using the ESN, which confirms the abilities of the ESN to compensate noise
to a certain amount.

6 Conclusions

This paper presented an approach towards recognizing emotions from speech
close to real-time. Features motivated by the human auditory system were used
as input for an ESN. The real-time recognition performance of the network in
one of the most important tasks in automatic call centers is impressive. Fur-
thermore, the utilized features as well as the ESN are very stable towards noise
of different types, like cars, office environment, or a running vacuum cleaner.
The data was tested using a standard emotional speech database. However, the
recognition task was rather limited and could be extended further to recognize
1 Data is freely available: http://freesound.iua.upf.edu/

http://freesound.iua.upf.edu/
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various other emotions such as happiness, fear, disgust, and sadness, and to-
wards the classification of real-world data. In earlier work, these emotions were
recognized using additional feature types and multi classifier systems [18]. In this
work emotions can not be recognized in real-time, which is a major drawback as
it was illustrated in an example in this paper. However, this could be improved
using ESNs. These issues will be studied in the future.
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