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ABSTRACT 
With the growth of digital music, the development of music 
recommendation is helpful for users. The existing 
recommendation approaches are based on the users’ preference on 
music. However, sometimes, recommending music according to 
the emotion is needed. In this paper, we propose a novel model for 
emotion-based music recommendation, which is based on the 
association discovery from film music. We investigated the music 
feature extraction and modified the affinity graph for association 
discovery between emotions and music features. Experimental 
result shows that the proposed approach achieves 85% accuracy in 
average. 

Categories and Subject Descriptors 
H.5.5 [Information Interfaces and Presentation]: Sound and 
Music Computing – methodologies and techniques; J.4 
[Computer Applications]: Social and Behavioral Sciences – 
psychology. 

General Terms 
Algorithms, Human Factors. 

Keywords 
music recommendation, emotion, affinity graph, association 
discovery 

1. INTRODUCTION 
With the development of digital music technology, it is essential 
to develop the music recommendation system which recommends 
music for users. Some work has been done on the personalized 
music recommendation to recommend based on the users’ 
preference [1][2][11]. There exist two major approaches for the 
personalized music recommendation. One is the content-based 
filtering approach which analyzes the content of music that users 
liked in the past and recommends the music with relevant content. 
The other is the collaborative filtering approach which 
recommends music that peer group of similar preference liked. 
Both recommendation approaches are based on the users’ 

preferences observed from the listening behavior. However, 
sometimes, it is more adequate to recommend music based on the 
emotions. Potential applications of emotion-based music 
recommendation includes of music score selection for production 
of home video, background music playing in shopping mall to 
stimulate sales, music playing in context-aware home to 
accommodate to inhabitant’s emotion, and music therapy. 
Most people experience music every day with affective response. 
For example, joy when listening to an excellent performance at a 
concert, sadness when listening to the music of a late night movie. 
Some researchers have devoted to understanding the relationships 
between music and emotion from the philosophical, musicological, 
psychological and anthropological perspectives [3]. To 
recommend music based on emotions, the straightforward 
approach is to recommend music by the rules, in terms of the 
relationship between emotion and music elements, observed by 
the psychological research. Another possible approach is to learn 
the rules by training from music labeled with emotion types. 
However, this approach is time-consuming.  
In our work, to avoid labor work of emotion labeling, we propose 
a generic emotion-based music recommendation model to 
recommend music by association discovery from film music. In 
particular, we investigated music feature extraction and modify 
the affinity graph to discover the relationship between music 
features and emotions from film music. Experimental result shows 
that the proposed approach achieves 85% accuracy in average. 

2. RELATED WORK 
Ringo is a pioneering music recommendation system based on the 
collaborative filtering approach [11]. In Ringo, the preference of a 
user is acquired by the user’s rating of music. Similar users are 
identified by comparing the preferences. Ringo predicts the 
preference of new music for a user by computing a weighted 
average of all ratings given by peer group of similar preference. 
MusicCat is a music recommendation agent based on user 
modeling [1]. In MusicCat, the user model is defined by the user.  

Figure 1. The proposed music recommendation process. 
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It contains information about user’s habit, preference or user-
defined features, etc. MusicCat can automatically choose music 
from user’s music collection according to user’s model. MRS is a 
system which provides music recommendation based on music 
grouping and user interests [2]. It combines both content-based 
and collaborative filtering techniques to recommend music. 

3. THE PROPOSED EMOTION-BASED 
MUSIC RECOMMENDATION MODEL 
3.1 Model 
Figure 1 shows the process of proposed generic music 
recommendation model. The heart of our approach is the 
construction of the recommendation model from film music. In 
films, music can serve as the overture to suggest whole film’s 
theme or spirit. The emotions, thoughts, wishes and 
characterizations of the characters can be expressed by music. 
Music can also change the audiences’ emotions and can be used as 
forewarning. Moreover, music can suggest situations, classes or 
ethnic groups. Music can neutralize or even reverse the 
predominant mood of a scene [4]. Kalinak has claimed that music 
is “the most efficient code” for emotional expression in film [5]. 
To construct the music recommendation model, we propose the 
process including the extraction of the music features from film 
music, the detection of emotions from film segment and the 
discovery of the associations between music features and 
emotions. Given the query emotions, the recommendation model 
will return the recommended music features with respect to the 
query. The recommended features are then employed to rank the 
database music and to recommend music for query emotions. 

3.2 Emotion Detection 
Many studies have been done on emotion detection from facial, 
voice, physiological signals and text. Especially, there exists 
research which extracts emotions from audio description in films 
provided for visually impaired people [10]. In this work, a list of 
emotion tokens was generated for each of the selected 22 types of 
emotions. Occurrences of emotion tokens are the indication of 
emotion being depicted. Recently, the problem of color-mood 
analysis of films based on syntactic and psychological models has 
been investigated [12]. All these studies may be utilized to help 
for detecting emotions from captions, visual features of scenes or 
acoustic features of dialogs in films. In this paper, we do not 
address the issues of emotion detection. We assume that the 
emotions associated with film music have been detected.  

3.3 Music Feature Extraction 
Music elements which affect the emotion include melody, rhythm, 
tempo, mode, key, harmony, dynamics and tone-color. Among 
these music elements, melody, mode, tempo and rhythm have 
stronger effects on emotions. Generally speaking, major is 
brighter, happier than minor; rapid tempo is more exciting or 
tenser than slow tempo.  
Take Schubert’s Der Lindenbaum from Winterreise cycle as an 
example. First, Schubert used E major scale to express memory of 
the warm past (Fig. 2a.) Then, it is modulated from E major to 
minor to reflect the mournful situation of the wanderer (Fig. 2b.)  
Sometimes emotion conveyed by music cannot be identified using 
only one of the above elements. For example, the music in minor  

 
Figure 2. Excerpts of Der Lindenbaum, in Schubert’s 
Winterreise. 

 
Figure 3. Candidate chords in C major and C minor. 

scale but sprightly rhythm may be joyful rather than sad. 
Consequently, we consider the effect of the combination of three 
types of features and corresponding feature extraction algorithms 
related to these music elements. 
Melody is the most important and memorable element in music. In 
our previous work on music style recommendation, we utilized 
chord as the melody feature for representing the music style and 
proposed method for assigning chords for melody [6]. 
Nevertheless, to aim at the music emotion, we modified the chord 
assignment algorithm to consider mode and key of the melody. 
To assign the chord, the original polyphonic music should be pre-
processed to obtain the main melody sequence and key/mode 
information. Some melody extraction algorithm can be used for 
MIDI files, such as all-mono [6]. Then, we determine the key 
signature of the music from MIDI key signature events. 
Our modified chord assignment algorithm is a heuristic method 
based on the music theory and Harmony. The algorithm selects 
suitable chords from the candidates according to consonance and 
chord progression. The candidate chords we used here are the 
diatonic triads, which are basic and common chords. For minor 
scale, we selected 9 diatonic chords which are often used in 
composition from both natural and harmonic minor scales. Figure 
3 shows two sets of the candidate chords in C major and C minor. 
The algorithm includes two stages. In the first stage, melody is 
divided into parts first. Three rules are used to score candidates for 
each part. First, if the candidate has more notes which also appear 
in the part, it gets more points. Second, the longest note should be 
more dominant in the part; therefore, candidates that have the 
longest note get points. Last, tonic triad (I for major and i for 
minor) get more points in first and last parts, because music often 
begin and end at tonic triad. For each part, if the highest-score 
candidate is not unique, proceed to the second stage. 
In the second stage, rules of chord progression which includes root 
motion and dissonance resolving are used. Root motion means the 
movement from one chord’s root to next chord’s root. We selected 
some common root motions for scoring, such as down a fifth (ex. I
→IV) or up a second (IV→V). Then, some chords are unstable, 
and tend to resolve to more stable chords such as tonic triad. 
Therefore, if chord in previous part is unstable, some candidates 
that are more stable will get points. Finally, if the highest-score 
candidate is not unique, we assign a set of these candidates for 
each part, named as the chord-set. 
Rhythm is the music feature that describes the timing information 
of music. Our rhythm extraction method includes the following 
steps: First, the beat sequence is extracted based on percussion 
instruments and is represented as a binary string, where one stands 

I           ii         iii       IV         V          vi       viio

i         iio     III      iv       v         V         VI       VII    viio

(a) 

(b)

C major 

C minor 
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for onset of the percussion note. For instance, a quarter note can 
be represented as 1000, where the basic unit is set to sixteenth 
note long. Then, the repeating patterns are discovered from the 
beat string using existing repeating pattern finding algorithm. The 
rhythmic pattern of music is the recurrent pattern with high 
frequency. We retained the highest frequency patterns for each 
music object. 

In our approach, tempo is calculated from resolution of the music 
and beat density of the most repetitive pattern. The resolution of a 
music object is the number of ticks per beat. The following is the 
formula for calculating tempo: 

NSNB*resolutiontempo = , 
where NB is number of beat onset in a rhythmic pattern and NS is 
the length of the rhythmic pattern. 

3.4 Association Discovery and 
Recommendation 
Emotion-based music recommendation recommends the music 
corresponding to query emotions. More precisely, given a query 
set of emotions, we wish to find out the corresponding music 
features for recommendation. The relationship between music 
features and emotions of training data should be discovered. The 
graph-based approach, Mixed Media Graph (MMG) are adopted 
and modified for proposed emotion-based music recommendation.  

3.4.1  Mixed Media Graph 
MMG was proposed to find correlations across the media in a 
collection of multimedia objects [8]. A typical application of 
MMG is the automatic image captioning to automatically assign 
caption words to the query image. This is achieved by finding 
correlations between the image features and the caption words 
from a given collection of images and associated captions.  

In MMG, all the objects and associated attributes are represented 
as vertices. For objects with n types of attributes, MMG will be an 
(n+1) layered graph with n types of vertices and one more type of 
vertices for the objects. There are two types of edges in MMG. 
The object-attribute-value link (OAV-link) is the edge between an 
object vertex and an attribute vertex. The other type, nearest 
neighbor link (NN-link), is the edge between two attribute vertices.  
An edge is constructed between each attribute vertex and each of 
its k nearest neighbors. After the construction of MMG, to find 
the correlations across the media, the mechanism of random walk 
with restart is employed to estimate the affinity of attribute 
vertices with respect to the query vertices. In detail, fq(v), the 
affinity of vertex v with respect to query vertex q is the steady-
state probability that the random walker will reach v from q. In 
each vertex, the walker randomly selects and moves to the next 
vertex among the available edges with the exception to return to q 
with probability c. For the detail description of the computation of 
fq(v), refer to [8]. 

3.4.2 Music Affinity Graph 
The music affinity graph is constructed as follows. For each 
trained music object, a music object vertex is created. For each 
music object vertex, four types of attribute vertices – emotion, 
chord, rhythm, and temp vertices are created and attached. Note 
that one vertex is created for each of the perceived emotion while 
one vertex is created for each member of the set of chord-set  

Figure 4. The music affinity graph G 

extracted from a music object. The edge between chord (tempo) 
vertices is constructed based on the k-nearest neighboring while 
the edge between emotion (rhythm) vertices is constructed only 
when both vertices are of the same emotion (or rhythm). 

Example Given a collection of two music objects {m1, m2} in 
which music object m1, with chord feature {c11}, tempo feature t1, 
rhythm feature r1, is perceived with emotions {eA, eB, eC} while 
music object m2 , with chord feature {c21, c22},tempo feature t2, 
rhythm feature r2, is perceived with emotions {eA, eB}. Figure 4 
illustrates the constructed music affinity graph with respect to the 
query music Q and query emotions {eA, eB} where the number of 
nearest-neighbors, k, is set to one.  

The performance of the music affinity graph may be improved by 
the consideration of discrimination. The steady-state probability 
of an attribute vertex represents the affinity between the 
corresponding music feature value and the query emotions. 
However, it is not necessary to say that the music feature value 
with high affinity is highly correlative to the query emotions. It is 
possible that this music feature value also has high affinity with 
respect to other emotions. In other words, it is possible that there 
exists a feature value in spite of the emotion types. For example, a 
chord-set appears in both music with positive emotions and that 
with negative emotions. To address this problem, we propose the 
modified approach to accompany with complement affinity graph 
G’. The complement affinity graph G’ is similar to the music 
affinity graph G except that all the nearest neighbor links from the 
query emotions are removed while the complement query edges 
are added. The complement query edge connects the query 
emotion vertex to the vertex, associated with music, of different 
emotion. After the construction of complement affinity graph, 
using the mechanism of random walk with restart, the affinity gq(v) 
for each vertex v in G’ can be derived in the same manner of the 
affinity fq(v) in music affinity graph G. Consequently, the final 
affinity hq(v) is equal to fq(v)- gq(v). 

4. PERFORMANCE EVALUATION 
To evaluate the effectiveness of our proposed music 
recommendation approach, we performed experiments on a 
collection of 107 film music from 20 animated films. We choose 
animated films because emotions in animated films are more clear 
and explicit in general. The 20 films include the productions of 
Disney, Studio Ghibli and DreamWorks, such as Lion King, 
Spirited Away, and Shrek. We collected the MIDI files of film 
music from the websites: http://www.wingsee.com/ghibli/, http:// 
www.ginevra2000.it/Disney/Midi/allmidi.htm, and http://www. 
hamienet.com. 

To simplify the experiments, the emotions of the music were 
annotated manually. The emotions used in our experiments were 
mainly selected from [9]. We added some emotions such as lonely  
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Table 1. Emotions used in the experiments 
No. Emotions 
1 Hope, Joy, Happy, Gloating, Surprise, Excited 
2 Love 
3 Relief 
4 Pride, Admiration 
5 Gratitude 
6 Gratification, Satisfaction 
7 Distress, Sadness 
8 Fear, Startle, Nervous 
9 Pity 

10 Resentment, Anger 
11 Hate, Disgust 
12 Disappointment, Remorse, Frustration 
13 Shame, Reproach 
14 Lonely 
15 Anxious 

 Figure 5. Performance of proposed approach (k=7, c=0.8) 

and nervous, and divided these emotions into 15 groups. These 
groups are shown in Table 1. Each MIDI file was annotated with 
one to seven emotion groups.  
We take five-fold cross-validation in our experiments. In each test, 
the affinity graph was constructed from the training set and the 
emotions of one of the test set. In average, the music affinity 
graph contains 1000 chord-set nodes, 180 rhythm nodes, 86 tempo 
nodes and total 1600 nodes. All database music objects were 
ranked by the approach stated in section 3.4.2. Top-ten music 
were returned. The recommendation performance is measured by 
the similarity between query emotions and returned music’s 
emotions. The performance measure used in our experiments is 
defined as 

NScorescoreaverage
N

i
i∑

=
=

1
_ , 

where N is the number of returned music, Scorei is the similarity 
between emotion sets Ei of the ith returned music and Eq of the 
query. Scorei is defined as 

qiqii EEEEScore ×∩= , 

where |Ei| is the cardinality of the set Ei, ∩ is the set intersection 
operation. Scorei  = 1 if Ei is the same as Eq. 

Figure 5 shows the performance of the proposed recommendation 
approach (with k = 7 and c = 0.8.) The average scores of top-one 
music are above 0.8 using two or three recommended features. 
The overall average scores are above 0.5. The result using more 
than one recommended features are better; it is possible that 

information of only one recommended feature is insufficient for 
recommendation. 

5. CONCLUSIONS 
In this paper, we presented a generic model to recommend music 
based on emotion. The core of our proposed approach is to 
construct the recommendation model from film music, for music 
plays an important role in conveying emotions in films. The 
model construction process consists of feature extraction, emotion 
detection and association discovery. We propose the feature 
extraction approaches to extract chord, rhythm and tempo, and 
modified the affinity graph approach to discover the associations 
between emotions and music features. Experimental result shows 
that the top-one result’s average score achieves 85% using three 
recommended features.  
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