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ABSTRACT

Every person reacts differently to music. The task then is to
identify a specific set of music features that have a signifi-
cant effect on emotion for an individual. Previous research
have used self-reported emotions or tags to annotate short
segments of music using discrete labels. Our approach
uses an electroencephalograph to record the subject’s reac-
tion to music. Emotion spectrum analysis method is used
to analyse the electric potentials and provide continuous-
valued annotations of four emotional states for different
segments of the music. Music features are obtained by pro-
cessing music information from the MIDI files which are
separated into several segments using a windowing tech-
nique. The music features extracted are used in two sepa-
rate supervised classification algorithms to build the emo-
tion models. Classifiers have a minimum error rate of 5%
predicting the emotion labels.

1. INTRODUCTION

Listening to music brings out different kinds of emotions.
It can be involuntary and different for every person and
primarily caused by musical content. A lot of research has
been done identifying music features that are associated
with affecting emotion or mood [3, 5, 17]. The work of [9]
also investigates music features and discusses how chang-
ing these features can affect the emotions the music elicits.

With a good background of how different music fea-
tures affect emotions, it is possible to automatically clas-
sify and predict what kind of emotions a person will ex-
perience. A survey of music emotion research by Kim et
al. [6] report that the typical approach for classifying mu-
sic using emotion is to build a database of ground truth of
emotion labels by subjective tests. Afterwards, a machine
learning technique is used to train a classifier to automati-
cally recognize high-level or low-level music features.

A common problem encountered by previous work is
the limitation of the annotation for emotion. It takes a lot
of time and resources to annotate music. Lin, et al. [8] re-
views various work on music emotion classification and
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utilize the vast amount of online social tags to improve
emotion classification. However, a personalized emotion
model for labelling music would still be desirable. Music
that is relaxing for some people may be stressful for others.

Songs are also usually annotated with the most promi-
nent emotion (i.e. only one emotion label per song). Multi-
label classification [18] can be used to have richer emotion
annotations. These annotations however are still discrete-
valued emotion labels.

In our work, we are interested in learning how emo-
tion changes throughout the song and identify music fea-
tures that could have caused these changes. Because of
this, continuous-valued emotion annotations are preferred.
One method to do this is to use an electroencephalograph
(EEG) in recognizing emotions similar to the work used
to develop Constructive Adaptive User Interface (CAUI),
which can arrange [7, 13] and compose [14] music based
on one’s impressions of music. In addition to collecting
continuous-valued annotations for full-length music, we
focus our work on considering individual emotion reac-
tions to music as opposed to building a generalized emo-
tion model.

2. DATA COLLECTION METHODOLOGY

We construct a user specific model by using supervised
machine learning techniques to classify songs using music
features. As mentioned earlier, this task requires songs that
can elicit emotions from a listener and the music features
of these songs.

For this research, we had a 29-year old female partic-
ipant who selected and annotated songs. The music col-
lection is a set of MIDI files comprised of 121 Japanese
and Western songs having 33 Folk, 20 Jazz, 44 Pop, and
24 Rock music. By using MIDI files, the music informa-
tion can be easily extracted to produce high-level features
for the classifier. MIDI files also eliminate any additional
emotions contributed by lyrics.

2.1 Emotion annotation

Music emotion annotation is performed in 3 stages. First,
the subject listened to all songs and manually annotated
each one. The subject was instructed to listen to the entire
song and was given full control on which parts of the song
she wanted to listen to.

After listening to each song, the subject gives a general
impression on how joyful, sad, relaxing, and stressful each



Figure 1. The EEG has 23 electrodes used to record elec-
trical changes on the scalp. Each node is identified by a
letter to indicate lobe position: F-Frontal lobe, T-Temporal
lobe, C-Central lobe, P-Parietal lobe, O-Occipital lobe. ’Z’
refers to an electrode placed on the mid-line

song was using a five-point Likert scale. Aside from the
emotions felt, the subject was also asked to rate whether
she was familiar with the song or not using the same scale.
With this feedback, we chose the 10 most relaxing songs
and 10 most stressful songs with varying levels of familiar-
ity to the subject. The manual annotation was done in one
session for approximately one and a half hours.

Since collection of the emotion annotations takes a lot
of time and effort from the subject, it was decided to con-
centrate time and resources on a certain type of emotion.
We opted to concentrate on relaxing music because these
are normally the kind of music people would want to listen
to on stressful days. The stressful songs are meant to serve
as negative examples for the classifier.

In the second stage an EEG was used to measure brain
activity while the subject listened to the 20 songs previ-
ously selected. The EEG device is a helmet with electrodes
that can be placed on all scalp positions according to the In-
ternational 10–20 Standard. Figure 1 shows the location of
the different electrodes. Using the EEG, electric potential
differences were recorded with a reference electrode on the
right earlobe.

Work on EEG to recognize emotions find that different
mental state produces a distinct pattern of electrical activ-
ity [1, 2]. The right hemisphere is responsible for negative
emotions (i.e. stress, disgust, sadness) while the left hemi-
sphere is responsible for positive emotions (i.e. happiness,
gratitude, amusement).

The EEG device is very sensitive. As such, the subject
was instructed to close her eyes and remain still while data
was being collected. Listening sessions had to be limited
to a maximum of 30 minutes or upto the moment that the
subject begins to feel uncomfortable wearing the helmet.
We had to ensure that the subject was comfortable and
eliminate external factors that may contribute to changes
in emotion. On average, EEG readings for 7 songs were
recorded per session.

Prior to playing each music, we introduce a 10 second
white noise to help the subject focus on the task at hand
without stimulating a strong emotional response. After lis-
tening to one song, a short interview is conducted to de-

termine if the subject particularly liked or disliked specific
parts of the song. The interview also helped confirm the
initial manual annotations of the subject.

In the final stage, continuous emotion annotations were
obtained using EMonSys. This software 1 uses the emo-
tion spectrum analysis method (ESAM) [12] to convert
brain wave readings to emotion readings. Using data from
10 scalp positions at Fp1, Fp2, F3, F4, T3, T4, P3, P4, O1,
O2, electric potentials were separated into their θ (5–8 Hz),
α (8–13 Hz) and β (13–20 Hz) frequency components by
means of fast Fourier transforms (FFT). Cross-correlation
coefficients for each pair of channels are computed (i.e.,
10 channels * 9 channels/2) and these are evaluated for ev-
ery time step together with the 3 bands to obtain an input
vector Y having 135 variables at each time step. EMonSys
can evaluate the EEG readings at different time steps. We
used the smallest available: 0.64 seconds.

Using an emotion matrix C, this 135-dimensional vec-
tor is linearly transformed into a 4-D emotion vector E =
(e1, e2, e3, e4), where ei corresponds to the 4 emotional
states, namely: stress, joy, sadness, and relaxation. For-
mally, the emotion vector is obtained by

C · Y + d = E, (1)

where d is a constant vector. The emotion vector is used
to provide a continuous annotation to the music every 0.64
seconds. For example, if one feels joy, the emotion vector
would have a value of E = (0, e2, 0, 0).

2.2 Extracting Music Features

A song having length m is split into several segments us-
ing a sliding window technique. Each segment, or now re-
ferred to as a window w has a length n, where one unit of
length corresponds to one sample of emotion annotation.

MIDI information for each window is read using a mod-
ule adapted from jSymbolic [10] to extract 109 high-level
music features. These features can be loosely grouped into
the following categories: Instrumentation, Texture, Dy-
namics, Rhythm, Pitch Statistics, and Melody. The fea-
ture set includes one-dimensional and multi-dimensional
features. For example, Amount of Arpeggiation is a one-
dimensional Melody feature, Beat Histogram is a
161-dimensional Rhythm feature, etc. All features avail-
able in jSymbolic were used to build a 1023-dimension
feature vector. The category distribution of the feature vec-
tor is shown in Table 1. The Others category refers to
the features Duration and Music Position. Duration is a
feature from jSymbolic, which describes the length of the
song in seconds. Music Position refers to the position of
the window relative to duration of the song. Although it
was known that not all of the features will be used, this ap-
proach allows utilization of feature selection techniques to
determine which features were the most important in clas-
sification.

After extracting the features for one window, the win-
dow goes through the data using a step size s until the end

1 software developed by Brain Functions Laboratory, Inc.



Category Amount Percentage
Dynamics 4 0.39%
Instrumentation 493 48.19%
Melody 145 14.17%
Pitch 174 17.01%
Rhythm 191 18.67%
Texture 14 1.37%
Others 2 0.20%

Table 1. Distribution of features used for the instances

of the song is reached. Each window was labelled using
the average emotion values within the length of the win-
dow. Formally, the label for wi is the emotion vector

Ei =
1

n

i+n∑
j=i

Ej =
1

n

i+n∑
j=i

(
ej1, e

j
2, e

j
3, e

j
4

)
, (2)

where 1 ≤ j ≤ m− n.

3. EMOTION MODEL

Weka’s [4] implementation of linear regression and C4.5
were used to build the emotion models for each emotion.
The training examples were derived from the window given
one emotion label, which results to four datasets. Each
dataset has a maximum of 6156 instances using the small-
est values for the sliding window (i.e. n = 1 and s = 1).
The number of instances depends on the parameters used
for windowing. During preliminary experiments we ob-
served that the decrease of training data due to larger step
sizes had too much of a negative influence on performance.
As such, all features were extracted using the smallest size
of s = 1 for all experiments.

Prior to training, all features that do not change at all
or vary too frequently (i.e. varies 99% of the time) are
removed. Afterwards, normalization is performed to have
all feature values within [0, 1].

3.1 Using Linear Regression

The linear regression used for building the emotion mod-
els uses the Akaike criterion for model selection and M5
method [15] to select features. The M5 method steps
through the features and removes features with the smallest
standardized coefficient until no improvement is observed
in the estimate of the error given by the Akaike information
criterion.

3.2 Using C4.5

C4.5 [16] is a learning technique that builds a decision
tree from the set of training data using the concept of in-
formation entropy. Since this technique requires nominal
class values, the emotion labels are first discretized into
five bins. Initial work used larger bin sizes but we observed
poorer performance using these.

3.3 Testing and Evaluation

We used 10-fold cross-validation to assess the models gen-
erated by the two methods using different values for the

Figure 2. Relative absolute error using linear regression

Figure 3. Relative absolute error using C4.5

window length. We use the relative absolute error for eval-
uating performance of the classifiers. Weka computes this
error measure by normalizing with respect to the perfor-
mance obtained by predicting the classes’ prior probabili-
ties as estimated from the training data with a simple
Laplace estimator. Figures 2 and 3 show the change in
relative absolute error using linear regression and C4.5, re-
spectively. Window length values were varied from 1 to 30
samples (i.e. 0.64 seconds to 19.2 seconds of music).

4. RESULTS AND ANALYSIS

Increasing the window size increases accuracy of the clas-
sifiers. Further experiments were done to include window
sizes upto 240 samples. Results of these are shown in Fig-
ures 4 and 5. From these results, we find the value of n
which minimizes the average relative absolute error over
n = [1..20]. For linear regression, using n = 90 gives
the minimum average relative absolute error of 7.6% with
a correlation coefficient of 0.8532 and root mean squared
error of 0.1233. The average is taken from values for the
four emotion model results.

Using C4.5, a smaller window length is necessary to
obtain similar results. Using n = 60, the average relative
absolute error is 5.1%, average root mean squared error is
0.0871, and average Kappa statistic is 0.9530. The Kappa
statistic describes the chance-corrected measure of agree-
ment between the classifications and the true classes.

When n ≥ 120, we notice that some songs are no longer
included in the training data as the window length becomes
greater than the song length. As such, results using these
window lengths may not be accurate.



n = 1 n = 30 n = 60 n = 90 n = 120
Class No. S R S R S R S R S R

1 84.0% 95.3% 56.5% 82.2% 52.3% 80.5% 51.0% 81.5% 49.1% 80.5%
2 13.3% 3.8% 31.6% 9.9% 28.6% 6.0% 26.1% 3.7% 25.7% 3.2%
3 1.9% 0.7% 8.7% 6.5% 15.4% 10.3% 18.4% 11.1% 20.7% 9.4%
4 0.5% 0.2% 1.8% 1.0% 1.8% 2.2% 2.3% 2.7% 1.6% 5.7%
5 0.3% 0.0% 1.4% 0.4% 1.9% 1.0% 2.1% 1.1% 2.9% 1.1%

Table 2. Class sizes for Stress (S) and Relaxation (R) data after discretization

Figure 4. Relative absolute error using linear regression

Figure 5. Relative absolute error using C4.5

4.1 Influence of window length

Model accuracy is highly dependent on the parameters of
the windowing technique. Increasing the window length
allows more music information to be included in the in-
stances making each more distinguishable from instances
of other classes.

Increasing the window length also affects the emotion
annotations. ESAM was configured to produce emotion
vectors having positive values. Since most of the emotion
values are near zero, the average emotion values for the
windows are also low. Figure 6 shows the steady increase
of the values for the class labels as the window length is in-
creased. The standard deviation also follows a linear trend
and steadily increases from 0.091 to 0.272 for the same
window lengths. Using larger window lengths diversifies
the emotion labels as well which, in turn, contributes to
better accuracy.

The low average values also affected the discretization
of the emotion labels for C4.5. It resulted to having a ma-
jority class. Table 2 shows that class 1 is consistently the
majority class for the data set. With a small window length,
more instances are labelled with emotion value close to 0.
We note, however that as window length is increased, the
number of classes steadily balances out. For example, at

Figure 6. Average of emotion value for different window
lengths

Category Stress Relaxation Sadness Joy
Rhythm 40.4% 32.4% 32.8% 34.0%
Pitch 21.3% 29.7% 28.4% 32.0%
Melody 10.6% 16.2% 19.4% 20.0%
Instrumentation 17.0% 10.8% 10.4% 8.0%
Texture 8.5% 5.4% 4.5% 2.0%
Dynamics 0.0% 2.7% 1.5% 0.0%
Others 2.1% 2.7% 3.0% 4.0%

Table 3. Distribution of features used in C4.5

n = 1, 84% of the data is labelled as class 1, but when
n = 90, it is only 51%. This is the general trend for all
the emotion models. At n = 90, the instances labelled as
class 1 for the other emotion labels are as follows: 62.2%
for Joy, 78.8% for Sadness, and 81.5% for Relaxation.

4.2 Important features used in C4.5

C4.5 builds a decision tree by finding features in the data
that most effectively splits the data into subsets enriched in
one class or the other. This causes a side effect of identify-
ing music features that are most beneficial for classifying
emotions.

Table 3 summarizes the features included in the trees
generated by the algorithm using n = 60. The items are
ordered according to the number of features present in the
decision trees. A big portion of the features included are
rhythmic features averaging 34.9% of the feature set. Fea-
tures related to instrumentation also play a big part in iden-
tifying Stress unlike the other emotions. On the other hand,
melody features are more important for Relaxation, Stress
and Joy.

A closer inspection of the decision tree reveals that each
emotion can be classified faster using a different ordering
of music features. Table 4 shows the distribution of fea-
tures found in the first 5 levels of the different decision



Category Stress Relaxation Sadness Joy
Rhythm 23.4% 13.5% 6.0% 14.0%
Pitch 0.0% 10.8% 9.0% 10.0%
Melody 4.3% 2.7% 1.5% 6.0%
Instrumentation 4.3% 2.7% 4.5% 4.0%
Texture 0.0% 0.0% 0.0% 0.0%
Dynamics 2.1% 2.7% 1.5% 0.0%
Others 0.0% 2.7% 0.0% 0.0%

Table 4. Distribution of features found in the first 5 levels
of the decision trees of C4.5

trees. The Stress model mostly uses rhythmic features and
2 melodic features for the first 4 levels and uses Instru-
mentation for the 5th level. During the interview with the
subject, when asked which parts of the songs are stressful,
she explains that songs with electric guitar and rock songs
in general are very stressful for her. Rock songs used in
the dataset had a fast tempo and may be a factor as to the
construction of the decision tree.

For relaxing music, the subject mentioned that there
are specific parts of the songs that made her feel relaxed.
These include introductory parts, transitions between cho-
rus and verses, piano and harp instrumentals, and climactic
parts of the song (i.e. last verse-chorus or bridge). Exam-
ining the decision tree for relaxation, we find that Melodic
Interval Histogram, Basic Pitch Histogram, and Music Po-
sition are used for the first 3 levels, which are features that
support the statements of the subject. Although emotion
models for Joy and Sadness are available, a complete anal-
ysis of these cannot be done since the dataset was primarily
focused on relaxing and stressful music.

4.3 Accuracy of Emotion labels

The manual emotion labels were also compared to the emo-
tion values from ESAM. The average emotion value for
each song was calculated and transformed into a 5-point
scale. Comparing the manual annotations with the dis-
cretized continuous annotations, we find that only 25%
of the emotion labels from EEG were the same with the
manual annotations, 62% of the emotion labels from EEG
slightly differed from the manual annotations, and 13%
were completely opposite from what was originally
reported. It is difficult to attribute error for the discrep-
ancy. One possible cause could be the methodology for
manual annotations. While the subject was doing the man-
ual annotations, we observed that usually, she would only
listen to the first 30 seconds of the song and in some cases
skip to the middle of the song. It is possible that the man-
ual annotation incompletely represents the emotion of the
entire song.

It is also possible that the subject experienced a differ-
ent kind of emotion unconsciously while listening to the
music. For example some songs that were reported to be
stressful turned out not stressful at all. We examined the
emotion annotations and checked if there was any depen-
dency between the values.

In Table 5 we can see that the subject treated the emo-
tion Stress to be the bipolar opposite of Relaxation due to

Joy Sadness Relaxation Stress
Sadness -0.5638
Relaxation 0.5870 0.0733
Stress -0.6221 -0.0555 -0.9791
Familiarity 0.7190 -0.2501 0.5644 -0.6252

Table 5. Correlation of manual annotations

Joy Sadness Relaxation Stress
Sadness -0.1187
Relaxation 0.4598 -0.2338
Stress -0.4450 0.3100 -0.4223
Familiarity -0.0579 0.2956 -0.2343 0.5731

Table 6. Correlation of annotations using ESAM

the high negative correlation value. Using ESAM, we find
a similar situation but there is only a moderate negative
correlation between the two as shown in Table 6. If we
examine the other emotions, we find that Joy has a correla-
tion with Relaxation and a negative correlation with Stress.
This is consistently reported for both manual annotations
and annotations using ESAM.

Finally, we compared the amount of discrepancy be-
tween manual and automated annotations against the sub-
ject’s familiarity with the song. We found that the discrep-
ancy values for joyful and relaxing songs have a high corre-
lation with familiarity : 0.6061 for Joy and 0.69551 for Re-
laxation. This implies that measurements of ESAM for Joy
and Relaxation become more accurate when the subject is
not familiar with the songs. It is possible that unfamiliar
songs will help induce stronger emotions as compared to
familiar music. This may be an important factor when us-
ing psychophysiological devices in measuring emotion.

5. CONCLUSION

This research focuses on building an emotion model for
relaxing and stressful music. The model was built by ex-
tracting high-level music features from MIDI files using
a windowing technique. The features were labelled using
emotion values generated using EEG and ESAM. These
values were also compared against manual emotion anno-
tations. With the help of interviews conducted with the
subject, we observe that EEG and ESAM can be used for
annotating emotion in music especially when the subject
experiences a strong intensity of that emotion. Familiarity
of the subject with the song can affect genuine emotions.

Linear regression and C4.5 were used to build the differ-
ent emotion models. Using a 10-fold cross-validation for
evaluating the models, high accuracy with low relative ab-
solute errors was obtained by using large window lengths
encompassing between 38.4 seconds (n = 60) to 57.6 sec-
onds (n = 90) of music.

6. FUTURE WORK

The current work involves one subject and it would be in-
teresting to see if the model can be generalized using more



subjects or, at the least, to verify if the current methodology
will yield similar results when used with another subject.

Instead of using the average value for the emotion la-
bel, we intend to explore other metrics to summarize the
emotion values for each window.

Further study on the music features is also needed. The
current model uses both one-dimensional and multidimen-
sional features. Experiments using only one set of the fea-
tures will be performed. We also wish to explore the ac-
curacy of the classification if low-level features were used
instead of high-level features.

The window length greatly affects model accuracy. We
have yet to investigate if there is a relationship between the
average tempo of the song with window length. We hy-
pothesize that slower songs would require longer window
lengths to capture the same amount of information needed
for fast songs. On the other hand, songs with fast tempo
would need shorter window lengths.

Finally, this model will be integrated to a music recom-
mendation system that can recommend songs which can
induce similar emotions to the songs the user is currently
listening to.
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