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EmoBGM : Emotion-aware BGM
recommendation for creating impressive

slideshow™

Konan N’djabli Cedric Ange

Abstract

Music is largely used in ceremonies, in movies or for therapeutic purposes. Its
abilities to influence humans mood are highly important in our lives. However,
not every music suits to every event. A certain music, selected based on the
tempo, the beat, the instrument used, the lyrics etc. is more suitable for a given
event than another one. This fact is easily visible while creating a slideshow from
a personal photo as a memory for an event. The match of the images and the
background music accompanying it must be perfect to keep intact the memory of
the scene lived. This thesis presents a study about estimating the emotions con-
veyed in clips of background music (BGM) to be used in an automatic slideshow
creation system. The system we aimed to develop, automatically tags each given
pieces of background music with the main emotion it conveys, in order to recom-
mend the most suitable music clip to the slideshow creators, based on the main
emotions of embedded photos. As the first step of our research, we developed
a machine learning model based on audio features such as MFCCs, LPC, Beat
sum etc. to estimate the emotions conveyed in a music clip and achieved 88%
classification accuracy with cross-validation technique. The second part of our
work involved developing a web application using Microsoft Emotion API to de-
termine the emotions in photos, so the system can find the best candidate music
for each photo in the slideshow. In our evaluation experiment, 16 users rated the

recommended background music for 3 set of photos using a 5-point Likert scale

*Master’s Thesis, Graduate School of Information Science,
Nara Institute of Science and Technology, NAIST-IS-MT1551126, March 8, 2017.



and we achieved an average rate of 4.1, 3.6 and 3.0 for the photo sets 1, 2, and 3

respectively.
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Chapter 1

Introduction

Music is ubiquitous in everyday life. It is in the background in movies, super-
markets, elevators etc. as we go about our everyday tasks. Some studies show
that music can provoke both positive and negative behaviors [1] [11] and pro-
mote attention and wakefulness when performing tasks. It can also affect how
we perceive the emotions observed in an image or video. For instance, people
viewing photographs of smiling faces while listening to happy music will rate the
emotions observed in the photos as happier than those viewing the photos with-
out background music. This ability of music to enhance the emotional impact
of a photo or a scene has led to its prevalence in movies, and more and more
people are creating slideshows of their favorite photos set to background music
as mementos.

In order to preserve the emotional memories of the events in photos, we need
to embed music that conveys a similar emotion to the one depicted in the images.
However, how can we accurately choose this suitable background music for the
perfect video memory? This is the main question we aim to answer in this study.

Various researchers have focused on both assigning emotions to pieces of music
and extracting emotions from media files. The used techniques have ranged
from textual analysis [19], audio patterns and sound frequency analysis [8] to
image processing combined with machine learning, and have resulted in high
levels of classification accuracy. However, the studies do not address the problem
of matching images and background music based on emotions conveyed. We build

upon this work by developing a system that combines both emotion extraction



from images and emotion assignment to music, to recommend appropriate music
clips for a slideshow of pictures. Our work focuses on two factors: (i) how to
assign background music clips despite the absence of lyrics or user’s annotation
and (ii) user evaluation of the system.

We started our work with a tagging task where 250 participants tagged 50
music clips from a set of 14 different emotions. We developed EmoBGM, an
emotion estimation model for background music, using audio features (MFCC,
LPC, Beat sum etc.) that were extracted with JAudio [10] and the emotion
previously tagged. We then conducted a subjective evaluation of the resulting
model. 16 users rated, using a 5-likert scale, the recommended background music
for 3 sets of photos we provided. The background music database, embedded in
the evaluation system, had been analyzed by our model (EmoBGM) and tagged
automatically with emotion tags. The users rated the recommendations with an
average of 4.1, 3.6 and 3.0 for the photo sets 1, 2, and 3 respectively, indicating
a good level of appropriateness.

The rest of this thesis is arranged as follows. Chapter 2 presents some related
researches followed by a description of the challenges of our study. Chapter 3 then
presents the methodology used in this study. After explaining the evaluation part
in chapter 4, we discuss the results in chapter 5 before concluding this thesis in
Chapter 6.



Chapter 2

Related work and challenges

2.1 Music’s emotion recognition approaches

Various approaches have been used to determine the main emotion provoked by a
piece of music [7]. They ranged from the usage of acoustic features [4] [16] [15] to
Audio-content based method [14] [18]. An overview of the most common acoustic

features used for mood recognition is given in Table 2.1.

Table 2.1: Common acoustic feature types for emotion classification.

Type Features
Dynamics RMS Energy
Timbre MFCCs, spectral shape, spectral contrast
Harmony Roughness, harmonic change, key clarity, majorness
Register Chromagram, chroma centroid and deviation
Rhythm Rhythm strength, regularity, tempo, beat histograms

Articulation | Event density, attack slope, attack time

The most promising approaches are the one combining two kind of features.

2.1.1 Combining audio and lyrics

Y. Yang et al. combined lyrics and audio features using a database of 1240

Chinese pop songs [20]. The songs were hand-labeled according to one of the



four valence-arousal quadrants of the RussellThayer model, and acoustic features
(MFCC and spectral descriptors) were computed for a 30-second segment drawn
from the middle of each song. Lyrics (assumably from the entire song) were text-
analyzed using the BOW approach. This work compared three different methods
of combining audio and text features, obtaining the best results by first using
audio and text separately to classify arousal and valence, respectively, using SVMs
and then merging the results to determine a full V-A classification. On an 80/20
training-testing split of the data with 1000- fold cross-validation, acoustic features
alone resulted in a baseline of 46.6% correct classification, while combining audio
and lyrics yielded 57.1% accuracy (a relative performance increase of 21%)
Schuller et al. investigated using audio features, lyrics, and metadata to
automatically label music in a discretized version of the V-A space [17]. For a
database of 2648 pop songs, each was rated by four listeners who selected one of 5
discrete labels. Their classification task, is ultimately reduced to two independent
three-class problems. Their best performing system made use of feature selection
algorithms and label filtering, achieving 64.1% and 60.9% on valence and arousal,

respectively.

2.1.2 Combining audio and tags

Music-IR researchers have also focused on multimodal approaches incorporating
tags and low-level audio features for classification tasks.

Bischoff et al. combine social tag information and audio content-based anal-
ysis specifically for the task of emotion recognition [2|. For each of 4,737 songs,
they collect social tags from Last.fm and generate a 240-dimensional audio feature
vectors (including MFCCs, chroma features, and other spectral features). They
then train a naive Bayes classifier for the social tags and an SVM for the audio
feature vectors, combining them using a simple weighted combination approach.
In one experiment, this approach is used to predict one of the five MIREX mood
clusters. In the second experiment, the approach is used to predict one of the
four quadrants of the V-A mood space. Ground truth for each track is based
on a manually-determined (ad-hoc) mapping between one of 178 mood tags to a
MIREX mood cluster and to a V-A quadrant. In both experiments, the multi-

modal approach demonstrates better performance than either the tag-based and



audio-based approaches alone.

2.1.3 Combining audio and images

Analysis of audio features of music in combination with associated images (album
covers, artist photos, etc.) for Music-IR tasks has very recently sparked research
interest. Dunker et al. investigated methods to combine music and image domains
for mood classification [3]. Their work investigates both classifying audio paired
with images in a multimodal media tagging approach as well as trying to pair
audio and images that have been tagged separately. More recently, Libeks and
Turnbull analyze promotional photographs of artists using content-based image
annotation [9]. Although they label these artists with genre tags (provided by
Last.fm), it would be straightforward to adapt their approach to use emotion
tags.

The studies mentioned above tackled some challenges we faced in our work.
However, the main difference with our work lies in the fact that we focus on back-
ground music which does not have lyrics. Therefore, we have to focus only on core
audio features such as MFCC-OSD (Mel-Frequency Cepstral Coefficients Overall
Standard Deviation), Area method of moments of MFCCs OSD and Area Method
of Moments of MFCCs Overall Average. We extracted these features using the
feature extractor JAudio [10]. In addition, as we are targeting recommendation of
background music for personal photos, we want to accurately guess the sentiment

without relying on comments or annotations to limit the user burden.

2.2 Existing commercial system

Some applications that are currently available in app markets (Google play or
Apple App store) try to achieve a similar aim to ours by creating automatic
slideshows from personal photos accompanied by background music. Such appli-
cations include Google photos* which curate user’s photos into beautiful videos
accompanied by a generic piece of instrumental music that might go along with

any kind of photos. They generally provide the option to change the background

*https://play.google.com/store/apps/details?id=com.google.android.apps.photos
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music in case of a mismatch but this may bring some burden to the user who is
looking for a good video rapidly. In addition, the use of the same generic song
for various videos may remove the emotional memories which the user wishes to
keep, and may also bore the user. We enhance the services and options provided

by such applications through considering emotion.

2.3 Challenges

2.3.1 Understanding human feelings

Due to the extreme heterogeneity of human sentiment, it is particularly difficult
to guess what a person feels while listening to a certain music. For example,
the person’s feeling can be influenced by his cultural background and his current
state of mind. However, an ethnomusicology study of people with no exposure to
Western music (or culture), showed that Mafa natives of Cameroon categorized
music examples into three categories of emotion in the same way as Westerners;
demonstrating the universality of emotion in music [6]. Also, taking the example
of movies, we notice that the director always manages to select suitable music to
accompany each scene, and therefore it is possible for humans to easily recognize

what music suits what types of scenes. We exploit this insight in our research.

2.3.2 Influence of Music’s feature on the emotion con-

veyed

Some other problems are: what features to use in order to make the most accurate
model possible? how to determine those features and what features, among the
hundreds of music features available, influence the most the emotion in the music?
We also face the challenge to determine how to match images and music in our

final application.



Chapter 3

Proposed method

Background Music’s emotion model creation

Audio
<50 —[‘ features 6\%\®

extraction

50 music clips
14 emotion tags

Tagging task (A) Audio features extraction (B) EmoBGM (C)

Final system architecture

H—er %

BGM tagged with
BGM
EmoBGM (C) emotion

BGM recommendation system (E)
Emotion in image

Image tagged with
analyzer (D) ge tage

emotion

Figure 3.1: Proposed method

In order to achieve automatic background music assignment to a slideshow of
images, the following issues need to be addressed: (i) tagging each piece of BGM
music with an emotion tag and (ii) determining the main emotion conveyed in a
scene. In our research, we focus on developing a prediction model for the former

and use already available tools to perform the latter. Figure 3.1 shows the method
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we used to solve our problem.

3.1 Background Music’s emotion model creation

The first part of our proposed method dealt with the method to create a back-
ground music emotion model. We conducted an experiment where users tagged
a set of background music with a list of emotions that we provided. Then, we
extracted audio features from the music files and used them to create a model
via machine learning. Figure 3.2 presents a detailed summary of the background

music model creation process.

[ —— Dataset Wav files

1
Jaudio, Audio
Feature extractor
l Arff file with 99 audio

AN
features extracted

| including emotion

Weka's Attribute Selection
BestFirst Algorithm
Arff file with 9 audio
| features extracted

[& Random forest algorithm]

}

BGM emotion
analyzer

Figure 3.2: Summary of music model creation process



3.1.1 Tagging task (A)

To tag a music piece with an emotion, we first needed to determine the main
emotions people feel when listening to various kinds of music scores.

Several researches classified the human emotion into categories. In 1980,
Robert Plutchik developed a theory saying that the eight (8) basic human’s
emotions are: Fear, Anger, Sadness, Joy, Disgust, Trust, Anticipation and Sur-
prise [13]. The wheel resulting of his research shows what is the result of the
combination of two basic emotions. For example, according to Plutchik, a mix of

disgust and anger make a person feels contempt as shown in figure 3.3

Figure 3.3: Plutchik’s wheel of emotions

Paul Ekman released in 1972 a list of basic emotion from a transcultural
research on a Papua New Guinea tribe. He concluded that 6 basic emotions
(Sadness, Anger, Joy, Fear, Disgust, Surprise) are either biological or belongs to
all humans without distinctions. In 1987 Ekman extended the list including a
range of positive and negative emotions that are not all encoded in facial muscles
[5]. Table 3.1 shows the Ekman’s list of emotion.



Table 3.1: Ekman’s list of emotion

List of emotions released in 1972 List of emotions added in 1987
Sadness Amusement
Anger Contempt
Joy Contentment
Fear Embarrassment
Disgust Excitement
Surprise Guilt

Pride in achievement
Relief

Satisfaction

Sensory pleasure

Shame

Parrot [12] divided them into 6 primary emotions (Love, joy, surprise, anger,
sadness and fear). These primary emotions are then split into secondary and
tertiary emotions, which results in a list of 100+ emotions. The full list of Par-
rott’s classification of emotion is shown in Table 3.2. This extensive list provides
a comprehensive and easily understandable structure of human emotion. In an
initial survey, we found that people could more easily tag music when provided
with the comprehensive list than when provided with the basic emotion classes

alone. We, therefore, used Parrot’s list for our work.
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Table 3.2: Parrot’s list of emotion

Primary emotion

Secondary emotion

Tertiary emotions

Adoration, affection, love, fondness, liking,

Affection attraction, caring, tenderness, compassion,
Love sentimentality
Lust Arousal, desire, lust, passion, infatuation
Longing Longing
Amusement, bliss, cheerfulness, gaiety, glee,
Cheerfulness jolliness, joviali'ty, joy., dglight, enjoy'ment,
gladness, happiness, jubilation, elation,
satisfaction, ecstasy, euphoria
Zest Enthusiasm, zeal, zest, excitement, thrill,
Joy . .
exhilaration
Contentment Contentment, pleasure
Pride Pride, triumph
Optimism Eagerness, hope, optimism
Relief Relief
Surprise Surprise Amazement, surprise, astonishment
Irritation Aggrav?ation, irritati(.)n, agitation, annoyance,
grouchiness, grumpiness
Exasperation Exasperation, frustration
Anger, rage, outrage, fury, wrath, hostility,
Anger Rage ferocity, bitterness, hate, loathing, scorn,
spite, vengefulness, dislike, resentment
Disgust Disgust, revulsion, contempt
Envy Envy, jealousy
Torment Torment
Suffering Agony, suffering, hurt, anguish
Depression, despair, hopelessness, gloom,
Sadness glumness, sadness, unhappiness, grief,
sorrow, woe, misery, melancholy
Disappointment Dismay, disappointment, displeasure
Sadness Shame Guilt, shame, regret, remorse
Alienation, isolation, neglect, loneliness,
rejection, homesickness, defeat, dejection,
Neglect . . -
insecurity, embarrassment, humiliation,
insult
Sympathy Pity, sympathy
Alarm, shock, fear, fright, horror, terror,
Horror . . e
Fear panic, hysteria, mortification
Anxiety, nervousness, tenseness, uneasiness,
Nervousness

apprehension, worry, distress, dread

11




Presenting users with 100+ emotions as tags can lead to confusion and make
the task tedious. We, therefore, sought to identify the most frequently felt emo-
tions and remove the others from the list. We asked 6 native English speakers
in our university to listen to a music database and highlight the emotions they
thought best expressed the feelings they felt while listening to each clip. The
result of this task gave us 14 emotion tags listed in table 3.3 that we used in our

research.

Table 3.3: List of emotion tags

Primary emotions Secondary emotions
Love Love, Tenderness, Passion
Anger Anger, Fury

Happiness Joy, Excitement , thrill
Sadness Sadness, Suffering, Despair
Fear Fear, Anxiety, Horror

The sound dataset we used in our research is composed of 50 music files split
into 5 set of 10. They are background music of famous movies of different genres:
Comedy, Action, Animation, Drama etc. We cut the background music with the
rule that one background music must cover only one scene, with no lyrics and
should last for less than 40 secs.

We used Amazon Mechanical Turk to recruit 250 turkers that will help us
to tag the background music dataset. Via a web application that we developed
(Figure 3.4), we asked the turkers to listen to background music in their set and
to select the appropriate emotions from the 14 emotions listed. Each music clip
could be tagged with a maximum of 3 emotions. The music looped until they
choose at least one tag and validated their choice by clicking the "Next Song'
button. We targeted 50 tags per song (i.e. 50 workers).

3.1.2 Audio features extraction (B)

After the tagging task, we extracted the acoustic features (MFCC, LPC, Beat
sum etc.) of each music file using JAudio.

We used only acoustic features for 2 main reasons. First, to allow users to

12
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Figure 3.4: Tagging task application

include instrumental music pieces including their own compositions which lack
textual information and second because prior research has shown that acoustic
information alone does provide a high accuracy of recognition of emotion in music
pieces [14].

Some of the features among the 99 extracted are described below:

e Mel frequency cepstral coefficients: MFCC is calculated based on the short
time Fourier transform (STFT). First, log-amplitude of the magnitude spec-
trum is taken, followed by grouping and smoothing the fast Fourier trans-
form (FFT) bins according to the perceptually motivated Mel-frequency
scaling. Jaudio provided all of the 13 coefficients, among which 4 were

found to produce the best classification result.

e Spectral flux: Spectral flux is defined as the squared difference between the

normalized magnitudes of successive windows:

F = Z (Nifn] — N [n])? (3.1)

where Ny[n| and N;_;[n] are the normalized magnitudes of the Fourier trans-
form at the current frame t and the previous frame t-1, respectively. The

spectral flux represents the amount of local spectral change.

13



e Spectral Centroid: Spectral Centroid is the center of gravity of the mag-
nitude spectrum of the STFT. Here, Mi[n| denotes the magnitude of the
Fourier transform at frequency bin n and frame i. The centroid is used
to measure the spectral shape. A higher value of the centroid indicates
brighter textures with greater frequency. The spectral centroid is calcu-
lated as follows:

_ i nMi[n]

C; .
im0 Mi[n]

(3.2)

e Beat sum: This feature is measured as the sum of all entries in the beat
histogram. It is a very good measure of the importance of regular beats in
a signal.

In our final recommendation system, the resulting classification model is used
to tag a library of candidate songs with emotions. We use Microsoft Emotion API
to detect the emotions in images uploaded by a user and the system recommends
songs from the library whose tags match those in the uploaded images. Then
depending on the emotion perceived by both systems we match them and succeed

to recommend some BGM for a slideshow curation.

3.1.3 EmoBGM (C)

We used WEKA to input the acoustic features extracted and built a classifica-
tion model to automatically tag music files with an emotion. We created a model
using different sets of features and different algorithms (random forest, J48, sup-
port vector machine). Table 3.4 summarizes the result we obtained. The best
classification accuracy is reached when using random forest algorithm with the 9
best features computed by the attribute selection BestFirst algorithm.

We observe that randomly choosing 20 features among the provided ones gives
relatively good classification accuracy between 80% and 86% depending on the
algorithm used. This good result needs to be put into perspective when we see
the result given when we choose 9 random features. This means that we need to
find a better way to find out which features can provide us a good classification
accuracy. We use the attribute selection BestFirst algorithm to get the 9 best

features from the 99 features. With these features, we reach 88% of accuracy with

14



support vector machine algorithm as well as with random forest. To make our
final decision, we create and evaluate our model with 5 random features among
the 9 best provided. The result shows that random forest keeps its accuracy while
support vector machine drops to 80%. We finally choose random forest algorithm

for our model in this research.

Table 3.4: Comparison of result of classification using different algorithm
J48 | SVM | Random forest

20 random features 86% | 80% 86%

9 random features 74% | 68% 80%
5 among best features | 84% | 80% | 88%
9 best features 84% | 88% 8%

3.2 Implementation of the evaluation applica-
tion

The second part of our work dealt with the evaluation of the resulted model. The
main question we want to answer is: Is our model capable of recommending a
background music to a set of photos conveying a certain emotion? We performed
a subjective evaluation to verify whether the users found the recommendation of
background music based on emotion useful and if the result provided suits them.

To do this, we built a web application which embeds a set of background music
that our model analyzed and classified per category with a confidence percentage.
Since we want to recommend a background music to a set of images based on
emotion, we need an automatic image’s emotion analyzer to output the main
emotion conveyed in a given image. Then, based on emotion and confidence
estimation, our application recommends a suitable background music.

As automatic image emotion analysis system, we used Microsoft Emotion
API that we first evaluate to confirm its ability to guess emotion in images. We

followed the process explained below.

15



3.2.1 Microsoft Emotion Api Evaluation (D)

Microsoft Emotion API is a service provided by Microsoft cognitive services.
From a photo, this service is able to analyze the faces and give an estimation
of the emotion of the person in the image. It classifies the facial emotion into 8
categories (Anger, contempt, Happiness, Disgust, Neutral, Sadness, Surprise and

Fear). Figure 3.5 shows an example of the API’s output from their test platform*.

Detection Result:
JEON:
[
{
"faceRectangle": {
"left": 175,

"top": 187,
Anger 0.00000 "width": 214,
Contempt 0.00003 *height": 214
Disgust  0.00001 b ‘

scores": {
Feal 0.00029 § "anger”: 0.00000190023718,
Happiness 0.09596 "contempt”: 0.0000281295361,
Neutral 0.00335 "disgust”: 0.0000101891646,
Sadness  0.00000 "fear": 0.0002911696,

N "happiness": 0.09596056,
Surprise  0.90036 "neutral®: 0.00334733119,
"sadness™: 0.00000427461237,

"surprise”: 0.9003565

Figure 3.5: Example of result given by Microsoft Emotion API

To evaluate the prediction of Microsoft emotion API, we built another web
application (Figure 3.6), where the user had to choose the emotion he thinks the
main character in the photo is feeling. Microsoft Emotion Api analyses all the
faces in the photo but we take into account only the main character’s facial ex-
pression, which is the one with the biggest face detected. Among the 10 candidate

photos, some are from our lab photo library and some are from the Internet.

“https://www.microsoft.com/cognitive-services/en-us/emotion-api
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Figure 3.6: Microsoft Emotion Api evaluation app

24 people participated in this task. 18 people out of 24 were present when
some of the photos were taken so they knew the emotion felt by the people at that
time, a fact we used as ground truth. We asked the participants to focus on the
facial expressions and not on the whole scene since Microsoft emotion API only
uses facial expressions. The results, summarized in table 3.5, show that Microsoft
Emotion API is very accurate, guessing in 8 cases out of 10 the major emotion

in the image provided.

3.2.2 Best background music selection

Our application embeds some candidate background music with their emotion
estimation given by our model. To get the recommended background music,
the user uploads his photos. The system sends a request to Microsoft emotion
API and gets the emotion estimation of each photo. Using this estimation, we

calculate the matching score of each candidate BGM following this equation:

Scorepan(iy = |Simg(i) — Pogm(i)| (3.3)
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Table 3.5: Microsoft Emotion API Evaluation task result

Image Microsoft emotion API Guess | Human Guess

Image 1 | Surprise 71% Surprise 67%

Image 2 | Neutral 63% Happiness 50% Neutral 33%
Image 3 | Anger 99% Anger 99%

Image 4 | Happiness 100% Happiness 99%

Image 5 | Disgust 55%; Anger 34% Disgust 41% Sadness 33%
Image 6 | Sadness 100% Sadness 67%

Image 7 | Happiness 99% Happiness 67%

Image 8 | Surprise 51%; Fear 47% Fear 63%

Image 9 | Happiness 99% Happiness 99%

Image 10 | Neutral 99% Neutral 45%; Contempt 36%

where Sjng) is the percentage of the strongest sentiment detected in the

image and Py, ;) is the percentage of the strongest sentiment of the candidate

background music.

As shown in Figure 3.7, which is the screenshot of the final system, the 3

background music with the highest scores are selected and recommended via

a play button displayed below each photo. For the photos tagged as neutral,

we recommended a random background music downloaded from the free music

archive!.

Thttp:/ /www.freemusicarchive.org/
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Figure 3.7: EmoBGM evaluation App
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Chapter 4

Evaluation

4.1 Evaluation scenario

To check whether our system succeeded to match the background music with the
emotions depicted in pictures, we tested it on 3 different sets of photos, with each
set containing 5 photos. The photos in the first set were a wedding scene showing

the bridal couple smiling directly into the camera.

Figure 4.1: Evaluation set 1

The second set was of people on a sightseeing trip in Kanazawa, Japan. Some
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photos showing the people interacting with the surroundings and each other while
others showed them smiling into the camera at a restaurant.
The third set showed people talking and playing in a soccer game. None of

the people pictured were looking into the camera.

Figure 4.3: Evaluation set 3
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16 people participated in the evaluation. Each participant completed 3 tasks:
First, they answered the following question: Do you think that a system that
analyses the emotion in the photos and suggests the music accordingly is neces-
sary? Next, they rated the recommended music(s) for each set of photos using a
5-point Likert scale and gave a comment on their feelings on the association be-
tween the music and photo set (i.e. reason behind the rating given). Finally, they
answered the question: What information or features are important to provide

better matching results?

4.2 Evaluation results

For the first question, 100% of the participants agreed that a system for recom-
mending background music according to the emotion is necessary and will save a
lot of time while creating a slideshow. Figure 4.4 shows the average user rating on
how appropriate the recommended music clips are based on the emotions observed
in the photos (task 2 in evaluation). Out of a maximum of 5, users gave ratings
of 4.1, 3.6 and 3 for photo sets 1, 2 and 3 respectively. The key phrases from the
comments given on the reasons behind the ratings are summarized below. We

discuss them in more detail in the discussion section.

w

likert scale
[(\)

SET 1 SET 2 SET 3
Photo sets

Figure 4.4: Average rating (on a scale of 5) for how appropriate the recommended
BGM is for the set of pictures
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Chapter 5

Discussion

5.1 Discussion on the experimental result

We observed a decrease in rate from 4.1 for the first set (wedding ceremony) to 3
for the third set (soccer game). Indeed, the users were very excited about the first
set and appreciated the accuracy of the recommended music which, according to
them, matches with the emotion conveyed in the images.

Then their appreciation rate dropped because of the difference in the emo-
tional impact of each set. The photo set 1, depicting a wedding ceremony and
rated as happy by the image emotion analyzing system, caused a peak of exci-
tation within the users. Hence the rate was relatively high in the first set. The
second photo set, presenting a lab trip, aroused less excitement among users es-
pecially as the pictures do not necessarily show the face of the people. The rate
of the third set is relatively low. This is due to the fact that few of our users
play soccer or team sports. It was, therefore, difficult for them to understand the
emotion of the people present in the photos and decide whether a background

music is suitable to express what the person in the photo was feeling.
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5.2 Discussion

5.2.1 Approaches

Many approaches could have been used to automatically assign background music
to a set of photos.

We could mine through social network services for slideshows accompanied
by bgm, and use this data for machine learning. However, this would result in a
seemingly infinite amount of data (photos, music and videos), therefore infinite
number of features and differences, that would lower the accuracy of any model.

We preferred to use emotion to match music and images because it is a com-
mon component of both of them. We can categorize music in a finite category of
emotion and images as well, thanks to context recognition and facial expression.
Finally, we aimed to create impressive slideshows which means a slideshow which
preserves the memory, and we believe that using emotion is the best approach to

reach our goal.

5.2.2 System enhancement

It emerges from these analysis that, besides the major emotion conveyed in a
photo, the context recognition of the scene is also very important to match accu-

rately the images and the background music.

Subclasses

From the results and comments we obtained, we are able to confirm that our
method succeeded to accurately estimate the emotion in a piece of background
music. However, to increase the accuracy and a better recommendation for
slideshows, we must extend the classification to subclasses such as parties or

sports events for the happiness category.
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Google Cloud Vision

In order to tackle the problem of context recognition in photos, we investigated

Google Cloud Vision* . With this API, it is possible to get facial emotion as well

as labels that illustrate the picture and help to understand the context of the

photo.
PHOTO EMOTIONS DETECTED LABELS
Bride 94
Fa
Joy H EH E B B Veylikely Man 89%
Very Unlikely
Sorrow er ke Woman a0
Anger Very Unlikely
Surprise Very Unlikely Groom 85%
Exposed Very Unlikely Male 82%
Blurred Very Unlikely
Groom 80%
Headwear Very Unlikely
Roll: 1° Tilt 7° Pan: -23° Wedding Dress 9%
Confidence 95% Wedding 782
Ceremony 75%
Face 2
Joy H H B B B Veylikely Dress 75%
S Very Unlikely . .
orow e Bridal Clothing 72%
Anger Very Unlikely
Surprise Very Unlikely Gown 70%

Figure 5.1: Screenshot of google vision api output

Figure 5.1 is an example of what Google vision API give as result. As input

we uploaded a wedding photo, showing the groom and the bride smiling. Google

vision API detected the two faces and estimated that the two faces are expressing

joy with 95% of confidence. The labels outputted are also very accurate describing

a wedding ceremony. Using this tool will help us to understand easily the context

in the photo and recommend a better background music.

*https://cloud.google.com/vision/
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Chapter 6
Conclusion

Finding out the emotion someone feels out from a media file is a very difficult task.
Nevertheless, the human senses succeed somehow to distinguish the different emo-
tions conveyed in photos or music. We exploited this insight to create a machine
learning model capable of determining which emotion is conveyed by a piece of
background music. The goal of our proposed system is to be able to recommend
a suitable background music for slideshows based on the main emotion conveyed
in the photos. Despite the lack of additional information such as lyrics or annota-
tions, which could give us a clue for our emotion recognition model, we succeeded
to reach 88% of accuracy with cross validation techniques, and an average rate
of 4.1, 3.6 and 3.0 for the photo sets 1, 2, and 3 respectively of the subjective

evaluation we conducted, demonstrating the effectiveness of our proposed system.

For future work, we plan to improve our music model by adding the possi-
bility to label the background music with a genre and possible suitable event
automatically. This will permit to our system a better recommendation even
inside categories. Our image emotion analyzer also can be improved by using
Google Cloud Vision * and photos’” EXIF information. Besides detecting faces
and classifying them in emotion category, Google cloud vision detects individual
objects in the photo and is able to provide the relevant words (labels) that can
help to understand the context of the photo as well as the GPS data and date
info etc. that can be obtained from the EXIF files of the photos. Next, we will

*https://cloud.google.com/vision/
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define the rules to choose the suitable background music for a whole set of re-
lated photos, taking into account the possible changes of emotion detected form a
photo to the next one and manage the case when there is more than one emotion

detected in a photo.
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