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Abstract— This paper describes a method for Speech Emotion
Recognition (SER) using Deep Neural Network (DNN)
architecture with convolutional, pooling and fully connected
layers. We used 3 class subset (angry, neutral, sad) of German
Corpus (Berlin Database of Emotional Speech) containing 271
labeled recordings with total length of 783 seconds. Raw audio
data were standardized so every audio file has zero mean and
unit variance. Every file was split into 20 millisecond segments
without overlap. We used Voice Activity Detection (VAD)
algorithm to eliminate silent segments and divided all data into
TRAIN (80%) VALIDATION (10%) and TESTING (10%) sets.
DNN is optimized using Stochastic Gradient Descent. As input we
used raw data without and feature selection. Our trained model
achieved overall test accuracy of 96.97% on whole-file
classification.

I. INTRODUCTION
The primary objective of Speech Emotion Recognition
(SER) is to aid human to machine interaction. Despite the fact
a lot of progress has been made in the area of Speech
Recognition (SR) in past years, still there is a need for a better
computer understanding of human emotions which could lead
to further improvement in human to machine interaction
systems [1].
The ideal way to reach this objective, as the trends are
showing, might be to create an end-to-end learning algorithm,
which is capable of processing raw input signal directly
resulting in desired performance with as little human
knowledge and work as possible [2]. Hence, in this paper we
investigate the possibilities in unison with this idea.
Nowadays, we are at the dawn of Deep Learning (DL)
because in a short time it has dramatically improved the stateof-the-art in many domains including SR. This approach allows
us to use complex multi-layer models that learn representations
of data with multiple levels of abstraction. SER is not an
exception since convolutional nets as well as recurrent nets are
applicable for solving this problem. The main advantage of DL
is the fact that it requires very little engineering by hand, and it
can benefit from today's increases of data amounts and
computational power [3].
The reminder of this paper is organized as follows.
Section II introduces the related papers in this area of expertise.
In section III, the methodology of our experiment will be
discussed. The results will be presented in section IV.
Conclusions will be drawn in section V.
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II. RELATED WORK
Most of related papers published in past decade use spectral
and prosodic features extracted from raw audio signals prior to
recognition itself. Usually Mel frequency cepstrum coefficient
(MFCC), Mel energy spectrum dynamic coefficient (MEDC),
Linear prediction cepstrum coefficient (LPCC), Perceptual
linear prediction cepstrum coefficient (PLP), pitch, formants
and energy. After extraction, several classifiers have been
proposed for this task including Support Vector Machines
(SVM), Hidden Markov Models (HMM), Artificial Neural
Networks (ANN), Bayesian Networks (BN), K-nearest
Neighbors (KNN) or Gaussian mixture models (GMM)
[4][5][6].
Yixiong Pan in [7] used SVM for 3 class emotion
classification on Berlin Database of Emotional Speech [8] and
achieved 95.1% accuracy which is to our knowledge the best
result yet published in this particular matter.
S. Lalitha in [9] used pitch and prosody features and SVM
classifier reporting 81.1% accuracy on 7 classes of the whole
Berlin Database of Emotional Speech. Yu Zhou in [10]
combined prosodic and spectral features and used Gaussian
mixture model super vector based SVM and reported 88.35%
accuracy on 5 classes of Chinese-LDC corpus. Fei Wang used
combination of Deep Auto Encoder, various features and SVM
in [5] and reported 83.5% accuracy on 6 classes of Chinese
emotion corpus CASIA.
In contrast to these traditional approaches a more novel
papers have been published recently employing Deep Neural
Networks into their experiments with the promising results.
Jianwei Niu in [11] used various features in their recognition
system and combined DNN with HMM reporting 92.3%
accuracy on 6 classes of 7676 spoken Mandarin Chinese
sentences. H.M. Fayek in [12] explored various DNN
architectures and reported accuracy around 60% on two
different databases eNTERFACE [13] and SAVEE [14] with 6
and 7 classes respectively.
Sadly, we are not aware of any paper that used Deep
Learning for Speech Emotion Recognition on Berlin Database
of Emotional Speech.
III. METHODOLOGY
A. Data
The data set we used was German Corpus (Berlin Database
of Emotional Speech) that contains about 800 sentences
(7 emotion classes * 5 female and 5 male actors * 10 different
sentences + some second versions).

All sentences were recorded in an anechoic chamber using
high-quality equipment with sampling frequency of 48kHz and
later downsampled do 16kHz (mono) [8].
This preliminary experiment was conducted on a smaller
subset of this corpus containing 271 labeled recordings with
total length of 783 seconds. Because of nonequality between
classes and in order to get comparable results with [7], we used
all sentences from all actors but only from 3 emotional states:
angry (127 recordings, 334 seconds), neutral (79 recordings,
186 seconds), sad (65 recordings, 263 seconds). To remove the
silent parts of the audio signal as depicted in Fig. 1 a Google
WebRTC voice activity detector [15] (VAD) was incorporated
into our preprocessing. All audio files were standardized to
have zero mean and unit variance.

For regularization of the DNN, we used a 0.1 dropout [19]
for all convolutional and fully connected layers except the last
layer with 0.2 dropout. Relu as activation function [20] was
used for all layers except the Softmax output layer. All layers
were initialized using Glorot uniform initialization [21]. This
whole DNN had overall 468003 parameters and its whole
architecture is depicted in Fig.2.

Fig. 1. An example of silent segment detection on raw audio signal of
uttrance 08a01Wa.wav

We split every file into 20 millisecond chunks with no
overlap - vectors of length 320 (16 kHz * 20ms) obtaining total
number of 39052 segments. Then we removed the 3098 silent
segments according to VAD and split the prepared data into
TRAINING (79.56%), VALIDATION (9.84%) and TESTING
(10,60%) sets. To obtain an even distribution of all classes in
training and validation sets we adjusted the amounts of
segments used from each class according to the class with the
smallest number of segments available, hence we used only
73.86% of valid (non-silent) speech segments resulting in
21129 training segments (7043 for each class), 2613 validation
segments (871 for each class). The rest was used as testing data
with 2814 segments from 33 audio files (11 angry, 12 neutral,
10 sad). All segments used for testing were taken from files
that have not been seen by DNN during training or validation.
B. DNN architecture
As the first two layers of our model we used convolutional
layer [16] with 32 kernels of size 7 x 1 succeeded with average
pooling layer [17]. The third and fourth layers were also
convolutional with 32 kernels of size 13 x 1 again succeeded
with average pooling. The last two convolutional layers had 16
kernels again of size 13 x 1. After the last convolutional layer
we divided the network to two branches. Both branches
consisted only of one pooling layer. One with average pooling
and the second with max pooling [17] which were afterwards
flattened and concatenated back to main branch.
From this point on, the DNN consisted of only fully
connected layers. The first of size 480, the second one of size
240 and the last one was an output Softmax layer [18] with 3
output neurons. All pooling layers were used with pool size 2.
All convolutional layers border mode was set to 'valid'
therefore no zero padding was performed on borders.
Fig. 2. Detailed architecture of proposed DNN with in/out vector shapes.

C. Experiment
For training our proposed model we utilized Stochastic
Gradient Descent algorithm with fixed learning rate of 0.11 to
optimize a Binary crossentropy loss function also known as
logloss [22].
The input data were presented to the DNN in batches of
size 21 in multiple epochs (iterations). Every batch contained
exactly the same number of segments from every class and
each sample succeeded with a sample of different class (e.g.
angry, neutral, sad, angry, neutral, sad, angry ...).

TABLE I.

TABLE II.

THE CONFUSION MATRIX OF VALIDATION SEGMENTS

THE CLASSIFICATION REPORT OF VALIDATION SEGMENTS

The last batch was populated with the remaining number of
segments to complete an epoch and therefore might be smaller
if necessary, yet all previous rules of equality remained
honored. At each epoch the data were presented to DNN in
different order. Since batch size can vary, vector shapes in
Fig.2 start with “None” instead of scalar.
To eliminate overfitting we set the patience equal to 15.
That means the experiment was terminated if no progress on
validation loss had been made for more than 15 epochs of
training. The best results were recorded after the 38th epoch of
training.

TABLE III.

THE CONFUSION MATRIX OF TESTING SEGMENTS

We utilized the capabilities of Keras [23] and Theano [24]
frameworks to build the DNN model and accelerate the
training on GPU (NVIDIA GeForce GTX 690). The whole 38
epochs long training took only 4.12 minutes to finish. All
hyperparameters were tuned based on the validation results.
Using the trained model we were able to obtain the
prediction probabilities for each class of each segment from
validation and testing sets. We took the maximum value from
predicted probabilities to denote the predicted class.

TABLE IV.

THE CLASSIFICATION REPORT OF TESTING SEGMENTS

It was of course important to deliver the final results for the
whole audio files. For that purpose we computed the average
probability of all segments belonging to the particular file and
used it to denote the final predicted class. The value of average
probability can be viewed as confidence of prediction.
IV. RESULTS

TABLE V.

THE CONFUSION MATRIX OF TESTING FILES

In order to perform 3 class SER predictions on 33 testing
audio files of German speech, we built a deep neural network
model consisting of convolutional, pooling and fully connected
layers. We trained it with raw, standardized input data cleared
of silent segments using mini-batches of size 21 over 38 epochs
on GPU. The whole training took only 4.12 minutes.
The training and validation sets contained exactly the same
number of segments per class as can be seen in Tab. I. The
DNN predicted 545 validation segments to belong to a wrong
class as opposed to 2068 correct predictions resulting in
79.14% validation accuracy. The precision, recall, f1-score and
overall accuracy of validation segments is shown in Tab. II.
Tab. III shows the DNN predicted 633 testing segments to
belong to a wrong class as opposed to 2181 correct predictions
resulting in 77.51% testing accuracy. The precision, recall,
f1-score and overall accuracy of testing segments is shown in
Tab. IV.

TABLE VI.

THE CLASSIFICATION REPORT OF TESTING FILES

After combining the predictions of segments, only one
file’s emotion class out of 33 testing files has been predicted
incorrectly as confusion matrix shows in Tab. V. As shown in
Tab. VI, our DNN achieved 96.97% accuracy on speech
emotion recognition task on testing files. The average
confidence of file prediction was 69.55%.
V. CONCLUSION
The objective of this paper was to predict the emotional
state of a person from a short voice recording split into 20
millisecond segments. Our method achieved 96.97% accuracy
on testing data with the average confidence of 69.55% on file
prediction.
Our approach is context independent which means that all
audio segments were classified independently. The DNN thus
had no knowledge of the actual context of what the actor is
saying nor did it have any knowledge of the rhythm etc. On
one hand, this can be viewed as an advantage, but we think that
context dependent approach as in [2] using recurrent nets might
significantly improve the results in this.
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Even though the resulting accuracy is high, our future work
will try to further improve the approach, by incorporating
recurrent neural networks, using over-sampling or bigger data
sets, so the model is capable of bringing the satisfying results
on more than 3 classes and across multiple data sets with
higher accuracy on validation sets, higher confidence of
predictions and higher reliability on real-world data.
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