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Abstract—Modeling the emotional content of music is of great 
importance, since it is believed that music is capable of inducing 
different emotions. In this study we present an Autoregressive 
with Exogenous Input (ARX) model based on system 
identification theory for modeling the emotional content of music 
in a two dimensional emotion space and also a nonlinear 
Autoregressive with Exogenous Input (NARX) model to capture 
the nonlinear characteristics of the system. We also investigate 
the causal relationship between musical features and the induced 
emotions by removing the autoregressive terms from the 
developed model. Finally A brief discussion about the most 
important features is presented. 
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I.  INTRODUCTION  

Nowadays With rapid evolution of new technologies, 
perception of human emotions is a key factor in human-
computer interaction (HCI). Machines must be able to evaluate 
user’s emotion (e.g. emotions about a movie, music, or a game) 
in an easy and reliable way. This is necessary for a better 
mutual sympathy between machines and humans. Perception of 
the emotional content of music is an interesting and relatively 
fresh subject of study in psychology and music analysis. 
Obviously it is a complex issue influenced by culture, gender, 
age and many other parameters. However, if we consider music 
as a carrier for emotions, it makes more sense to focus on the 
music itself rather than how an individual will interpret its 
emotional content. So far several researches have been carried 
out in this field. Feng et al. [1] Li and Ogihara[2], and Vaizman 
et al.[3] used some musical features to extract different 
emotions, but they assumed emotions as a discrete variable. 
Since music is continuous and time-varying in nature, by 
expressing music with a discrete emotion we unreasonably 
eliminate the continuous properties of the system. Schubert 
suggested considering the emotions as a continuous variable 
[4]. He presented a mathematical model for musical emotions 
based on music features. Korhonen [5] also used this method to 
construct a generalized model for emotional content of music 
as a continuous variable. Schmidt and Kim [6] developed a 
second by second emotional labeling method in a two 
dimensional emotion space as another solution. Here we use a 
system identification approach for modeling this emotional 

content in a two dimensional emotion space as a continuous 
variable. We first introduce a better Autoregressive with 
Exogenous Input (ARX) model in comparison to previous 
researches, and then proceed by developing a novel nonlinear 
Autoregressive with Exogenous Input (NARX) model with 
improved results. We discuss the prominent drawbacks of these 
models and present a solution for it. Finally a discussion about 
the most important features, based on a sequential forward 
selection algorithm is presented. 

II. BACKGROUND INFORMATION 

A. Measuring emotions 

Generally there are two major ways for evaluating 
emotions. One approach is to choose emotions from a 
predefined list of words (e.g. happiness, sadness, fear). Many 
researches aimed at recognizing these emotions using 
physiological signals [7, 8] , however this method is applicable 
only if we consider emotions as a discrete variable. There is not 
a unanimous agreement about the exact meaning of emotions 
and the best words to describe them [9]. The second approach 
is to measure emotions in a two dimensional emotion space, 
suggested by Lang et al. [10] and in a similar way by Russell 
[11]. The two dimensions are intensity and valence; with 
intensity representing the intensity of the experienced emotion, 
and valence describing the degree of the pleasantness (Fig. 1). 
Emotions can be described here by valence-intensity values: 
e.g. sadness has negative valence and low intensity or 
happiness has positive valence and high intensity. Now by 
continuous recording of these two-axis values, we are capable 
of measuring emotions induced by external stimuli over time. 
Since in this research we assumed emotions as a continuous 
variable of time, second approach was chosen. 

 

 

 
 
 
 
 
 
 
 

Figure 1. Two-dimensional model for emotion 
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Table I. MUSICAL SELECTIONS USED IN THIS PAPER 
Musical Selection Composer 

Concertio de Aranjuez(Adagio) Rodrigo 
Morning(Peer Gynt) Grieg 

Piano Concerto NO.1 
(Allegro Maestoso) 

Liszt 

Pizzicato Polka J.Strauss 

B.  Database information 

Here we use the database collected by Korhonen et al. [12]. 
It contained 6 musical pieces. In this work we discarded two 
musical pieces of this collection due to their somehow neutral 
emotional content, which in our experiments as well as 
Korhonen’s study [5] resulted in misleading predictions.   
Table I shows the musical selections we used in this study. 
Data are collected from 35 persons and each person listened to 
all musical selections in a random order. For measuring 
induced emotions two programs called FEELRTACE [13] and 
EmotionSpace Lab [4] were used. The user can describe 
emotions by using a pointer device in these programs. 
Measured emotions are recorded as normalized valence-
intensity values over time. Input data are 18 musical features 
collected by two programs, PsySound [14] and Musical 
Research System for Analysis and Synthesis (MARSYAS) [15] 
based on musical properties including Dynamics, Timber, 
Harmony and Texture. 

III. PROPOSED MODELS 

A. ARX Model 

In order to improve the results reported by Korhonen et al. 
[12], we tried to develop a more efficient ARX model   based 
on the classical Gram-Schmidt orthogonalization algorithm 
[16].  

From system identification theory [17], a generalize ARX 
model for a multi-input single-output (MISO) system is: 

y (t) =a1y(t−1)+a2y(t−2)+…+any(t−n) 
        +b11u1 (t−1) +… +b1mu1 (t−m) 
              ⋮                       ⋮ 
         +bk1uk(t−1)+…+bkmuk(t−m)+e(t) ,   for t=1,…,N (1) 

Where y(t) is the output, n and m are the number of output 
and input regressors, respectively , k shows the number of 
inputs , N is the data length and e is the prediction error. If we 
consider as follows [16]: 

= [a1 a2 … an b11 … b1m …bk1 …bkm] T (2) 

and also: 
Xy(t−1) … y(t−n)  u1 (t−1) … uk(t−m)]T (3) 

we have: 
y (tXt) (4) 

If we consider M as the number of parameters, then assuming: 
XW.A (5) 

W=[w1 w2 …wM] (6) 

A=

⎣
⎢
⎢
⎢
⎡
1 ��� ��� ⋯ ���
⋮ ⋱ ⋮ ⋮ ���
0 ⋮ ⋱ ⋮ ⋮
0 0 0 ⋱ �����
0 0 0 … 1 ⎦

⎥
⎥
⎥
⎤

 (7) 

Where A is an upper M×M triangular matrix and W is a matrix 
with orthogonal columns. W is built with the following 
formulation and through the orthogonal Gram-Schmidt 
decomposition. At the kth step of the algorithm: 

w1=x1 (8) 
And for k=2,…, M: 

aik=
���,���

���,���
    ,    1  ≤i<k (9) 

wk=xk−∑ �����
���
���  (10) 

where <w,x> denotes inner product. Now we define: 
D=WTW (11) 

g=D-1WTy (12) 
Finally, at the end of the evaluation phase we can calculate  
from the training dataset as follows: 

g (13) 
And the estimated output (Z) is as follows: 

Z=Xe (14) 
More comprehensive details and formula for calculating fitting 
can be found in [16, 17]. 

Two different ARX models for valence and intensity were 
developed. Table II shows the fitting values obtained from the 
validation phase. 

An improvement was observed in the prediction of valence 
from what was previously reported. Korhonen achieved an 
average fitting of 21% which in this study reached to 48.2%.  
Lower fitting values were obtained for intensity Korhonen 
achieved 78% average fitting, while ours was 67%. However, 
by taking into account both the valence and intensity values a 
better overall fitting was achieved compared to what was 
reported by Korhonen. 

B. NARX Model    

Since emotion perception for an individual depends on 
many parameters, it seems that a nonlinear approach can be a 
better choice for modeling this influence of music. Therefore 
we developed a NARX model in order to improve our 
previously introduced ARX model. Akaike Information 
Criterion (AIC) was used as a stopping criterion in the forward 
selection procedure. Utilizing AIC results in a Tradeoff 
between model complexity and flexibility.  

The General form for a NARX model is (in a MISO 
system): 

y(t) = f ( y(t−1), ,…,y(t−n) 
              u1(t−1),…,u1(t−m) 
                    ⋮               ⋮ 
              uk (t−1),…,uk (t−m)) +for t=1,…,N (15) 
 

TABLE II. VALIDATION RESULTS FOR THE ARX MODEL 
Musical selection Valence Fitting 

(%) 
Intensity Fitting 

(%) 
Morning (Peer Gynt) 63 80 

Allegro Maestoso 
(Piano Concerto No.1) 

71 66 

Pizzicato Polka 42 50 

Concierto de Aranjuez 
(Adagio) 

17 72 
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where f (.) is a nonlinear function, n and m are the number of 
output and input regressors, k is the number of inputs and  is 
the modeling error. Since any f (.) can be approximated with a 
polynomial, so we have: 

y (t) = ∑ �(t)�
��� 	i+(t)     ,t = 1,…,N (16) 

where y(t) is the output, pi (t) is the monomials of X columns 
in (3), contains the estimated parameters. This equation can 
be written in the matrix form [16]: 

Y=P  
where: 

Y=�
�(1)
⋮

�(�)
�, P=[�� … ��], �

θ�
⋮
θ�

��
ξ(1)
⋮

ξ(M)
� 

 
and M is the number of parameters, and also: 

pi=�

��(�)
⋮

��(�)
� 

(19) 
Since only a relatively small number of regressors suffice 

for adequate characterization of the system dynamics [16]. 

Θcan be calculated by minimizing |Z−Pin a least square 
framework. 

We use the orthogonal Gram-Schmidt with forward 
selection to find the most effective regressors.by considering:  

P=WA (20) 
Where W and A are similar to what was described in the ARX 
model.  For each regressor at the kth step(k=2,…,ns) and for 
i=1,…,n with i≠ �� ,…,����  [18]: 

ajk
(i)=	

��
���

��
���

  ,  with  j=1,…,k-1 
(21) 

wk
(i)= pi−∑ ���

(�)���
��� �� (22) 

gk
(i)=	

��
(�)�

�

��
(�)�

�
�
(�) 

(23) 

errk
(i)=	

(��
(�)
)���

(�)�
��
(�)

���
 

(24) 

We found and utilized the regressor associated with the 
largest error reduction ratio (err). 

 An AIC was used as the stopping criterion during the 
forward subset selection to terminate forward subset selection 
procedure [18]. 

Table III shows the results obtained from the validation 
phase using the developed NARX model. This table illustrates 
better average value for intensity  average fitting (78%) 
compared to the ARX model, and almost equal results for 
valence predication(fitting of 46%). It was observed that In the 
forward selection procedure in most cases y(t-1) was selected 
as the most important regressor.  In the  next  step we aimed at  

TABLE III. VALIDATION RESULTS FOR THE NARX MODEL 

Investigating the causal relationship between the musical 
features and the self-evaluated emotions. This would allow us 
to decide whether we can predict the induced emotion solely 
based on stimulus characteristics. Moreover one cannot expect 
autoregressive term to be available in practical applications. 
Here, another model was developed by omitting the output 
past terms from the regressor pool. All the theoretical details 
in this case are similar to what was previously stated for 
NARX model .The modified model was not able to predict the 
valence values with acceptable accuracy. 

 Table IV illustrates the results obtained for predicting the 
intensity values during the validation phase. Fig. 2 shows an 
example of estimated and actual values of the reported 
induced intensity by Morning (Peer Gynt).One of the reasons 
for the poor performance of the model in predicting valence 
can be explained as follows: we believe that the intersubject 
variation of the reported valence was larger than that of 
intensity, since valence can be modulated by factors such as 
extra association, mood, and amount of exposure to a specific 
music genre in the subject’s daily life, while it is widely 
reported in the literature that intensity can be modulated by the 
violation of expectancy.  

A closer look at the selected regressors in the identification 
phase revealed that the Short Term Max Loudness (STML) 
[14], which is a dynamic feature, was selected in almost all 
cases as the most important regressor. This demonstrates that 
STML and its related regressors play an important role in 
estimating the values of the induced intensity.  

IV.  CONCLUSION AND SUGGESTION 

In this paper we investigated the emotional content of 
music and the application of two parametric models for 
predicting this content. A linear as well as a nonlinear ARX 
model was practiced for prediction of the reported valence and 
intensity. The proposed NARX model was further modified in 
order to explore the role of the utilized musical features for 
predicting the reported intensity. The proposed model was 
able to follow the pattern of the reported intensity solely based 
on the musical features (Fig .2). 

For future researches a more comprehensive look at the 
effective inputs for predicting intensity and valence is 
required. Although the proposed model was not able to 
determine the causal relationship between the utilized musical 
features and valence, a more through experiment with a wider 
musical selection from different genres may lead to a better 
performance. Since valence is highly dependent on the 
personal comprehension and judgment of the stimuli, 
electrophysiological as well as peripheral signals, recorded 
from the subject during the test procedure, may be better for 
predicting the experienced valence. 

TABLE IV.RESULTS FROM SIMULATION MODEL 
Musical selection Intensity Fitting (%) 

Morning (Peer Gynt) 42 

Allegro Maestoso 
(Piano Concerto No.1) 

43 

Pizzicato Polka -64 

Concierto de Aranjuez 
(Adagio) 

42 

Musical selection Valence Fitting (%) Intensity Fitting (%) 

Morning (Peer Gynt) 67 82 

Allegro Maestoso 
(Piano Concerto No.1) 

78 83 

Pizzicato Polka 57 68 

Concierto de Aranjuez 
(Adagio) 

-19 79 
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Figure 2. Estimated and actual output for causal model (intensity of Morning) 
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