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Abstract. Prior research suggests and reveals that there is a correla-
tion between human emotional responses and the subjective qualities of
digital interactive experiences. Using facial analysis done by deep neu-
ral networks presents a true non-intrusive way of measuring emotional
responses and engagement assessed as the desire to continue playing.
This paper proposes a tool to measure emotional responses across eight
different emotions and in real time of any game. The emotional recog-
nition system achieves an accuracy of 98% and the continuation desire
system achieves 93.3% accuracy in a pilot test with a two player game
and 78.5% accuracy in a single player game. This forms a strong tool
that shows a correlation between emotions and the continuation desire
of a player, which can be used to evaluate engagement in games and
digital interactive experiences, e.g. in critical stages of development of
said content.

Keywords: Continuation desire · Conation · Emotion · Machine
learning · Facial expressions · Design tools/technologies · Game and
flow · Game immersion · Player engagement assessment

1 Introduction

The Game industry is a billion dollar industry, with video game revenue pre-
dicted to exceed over 180 billion US dollars by 2021 [60] and it is an industry,
where content quality often dictates the revenue. It is estimated that with an
improved infrastructure for testing and removal of bugs or low quality scenes,
millions of dollars can be saved [44]. The QA (Quality Insurance) department
needs more tools at hands for testing, not only for game mechanic bugs that
makes a game unplayable but also for narrative bugs, which is an increasingly
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part of every game. In the current research, a vast majority of interactive expe-
rience testing revolves around using interviews and observation of play testers
to evaluate games and interactive experiences in terms of fun and engagement.
Few attempts have been made to develop a non-intrusive framework for a more
reliable testing using different data gathering techniques. Such data could give
a deeper understanding of what a user experience during a test session. Many
techniques rely on heavy equipment and complicated setups, which is not always
applicable for smaller studios to use, or it is complicated to replicate a specific
scientific method from an academic paper. As the rise of Machine Learning and
computational power, it is now more accessible to use algorithms to find correla-
tions in high dimensional data signals and give a better understanding of what
these signals mean. Other than for testing purposes, such data could also be used
for adaptive experiences in a real-time setting, such as changing the narrative or
character behaviour or even lighting mood inside an interactive experience, to
create a more tailored experience to the user.

When evaluating interactive experiences, one can measure, flow [10,12], pres-
ence [31], immersion [29] or enjoyment [27], but one method of measure specifi-
cally developed for evaluating engagement in interactive experiences is the con-
cept of continuation desire [45–47,50]. Continuation desire is the desire to con-
tinue playing/watching digital content, which evaluate the real metric for content
to be engaging and popular, namely retention [15,58].

Emotion recognition is the process to identify an affective state of a person,
and is getting increasing attention from researchers in human-computer inter-
action [52]. Such as the use for gaming experience evaluation [25], mental diag-
nosis [57], driving safety [56]. There is a vast amount of different data measures
that can be used for emotion recognition such as audio, video and physiological
measures. Using audio as emotion recognition have been used by researchers in
different works, using spectral analysis as features to predict emotions in speech
[7]. In terms of visual based recognition, different approaches have been explored
such as older systems using binary patterns [34,53], and image processing tech-
niques to track landmark points [55] and newer methods such as convolutional
neural networks [6,21]. Typically individual researchers achieve high accuracies,
in the area of 90–95%, within their own testings, but it is usually a result of
sparse data, and commonly systems learn specific individuals which is used in
the experiment, rather than a generalised solution [28,30,38,61].

In this paper, the scope and focus is to develop such a tool to measure emo-
tions and continuation desire both during development of interactive experiences
and finished productions such as games. The measured data from a test session
is then visualised as graphs to pinpoint emotional spikes and changes in continu-
ation desire, these points can show elements in the interactive experience which
spark these spikes.

The tool is equally relevant and applicable in adaptive game balancing or
interactive experiences, as an input to control certain aspects of the environment
such as the narrative, character behaviour and mood lighting. The developed
emotion recognition system achieves an accuracy of 98% trained on two million
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images, moreover a continuation desire system is developed which achieves 95.1%
accuracy trained on 2.6 million samples, when used in a co-op two player game
session and 78.5% in a single player game session.

Furthermore, an expert interview with a game company reveals that a tool
to measure emotions and continuation desire such as the system suggested in
this paper is applicable in the production phase of a game, and can give great
value to the developers in early stages as well as later in the production phase.

2 Related Works

Creating adaptive video games is drawing more attention from both players
and game studios, as the research have found that stimulating the mind, with
signals that create an emotional response is an import component of game design
[13,37].

Machine learning have also been used to predict emotions from different kind
of physiological signals, such as heart rate, video data, galvanic skin response,
electroencephalogram (EEG), eye tracking etc. [59,62]. It is a promising way for
seamless and accurate measures of emotions during game play in real time.

When working with different measures, both physiological and video feeds,
one has to choose a subjective measure which best fit the way of evaluating
the experience of play. Different models exist to evaluate the experience of play,
but one model for evaluating engagement as continuation desire, proves as a
useful tool for game design and analysis of games [45,48,49]. As of now, the
connection between continuation desire and different physiological signals have
not been explored in any academic sense to its fullest, apart from [51]. Which
used Galvanic skin response, eye tracking and heart rate to determine the level
of continuation desire a user was feeling, during game play, the project achieved
an respectable accuracy of 75%.

Outside of academia, there are multiple products related to emotion recog-
nition, especially targeted at affective gaming, and product analysis. A common
denominator is using physiological signals and a processing method, either in
terms of signal processing or using neural networks to model the data to an
emotion. Typically in this space, arousal and valence is used to describe each
emotion, instead of the actual emotion itself. This is due to the fact that valence
and arousal are continuous values which in theory can map any combination of
values to a direct emotion, as seen on the circumplex model of affect [41].

Most companies accept different input modalities from heart rate to elec-
troencephalography. The most complete and complex setup is from Sensum [3],
where it is possible to provide tailored emotion recognition setups for a specific
project, and use almost any kind of input, and output various data. Only one of
the companies focus on testing within games and experiences, which is Modl.ai
[2], and their products is within the field of player experience and retention.
However, they use player behaviour telemetry inside the game, and do not mea-
sure any physiological signals. Therefore it seems that there is no company which
specifically focuses on player and user experiences in the games or film industry,



Non-intrusive Measurement of Player Engagement and Emotions 333

by utilising the concept of continuation desire. Based on the current research
specific areas are extracted and elaborated upon in more detail in the follow-
ing literature review, explicitly Engagement, Continuation Desire, Emotions and
Machine Learning.

3 Literature Review

3.1 Engagement

Engagement is an element of the player experience which is highly important,
and it is of utter importance for games to be engaging to be considered a good
game. It is not enough to only motivate players to keep playing, they have to be
engaged to keep playing a game [46]. Player engagement is one facet of the player
experience, and can be related to flow [10,12], presence [31], immersion [29],
enjoyment [27], affective dimensions, and satisfaction [5]. With these dimensions
one can fully define and attempt to measure engagement. This can play a large
role in evaluating video games, as engagement, enjoyment and immersion arise
from a volition to experience the game.

Engagement is thus an intertwined concept and can further be defined as:

“A value of user-experience that is dependent on numerous dimensions,
comprising aesthetic appeal, novelty, usability of the system, the ability of
the user to attend to and become involved in the experience and the user’s
overall evaluation of the salience of the experience.” [35]

In relation to player engagement, the concept of continuation desire is essen-
tial to include, as for a player experience to be engaging, the player must have
the desire to continue. According to Brown et al. [9], in the context of play, the
desire to keep playing is a product of play and that the pleasure of the expe-
rience makes a player continue playing. In [46] we set the desire to continue in
the context with player engagement, and we elaborate which characteristics of
a players engagement that makes a player want to continue playing.

3.2 Continuation Desire

When evaluating engagement as the desire to continue, the term Conation can
be used as a foundation to give an overview of the topic. Conation was first
defined in the eighteenth century, as one of three parts of the mind: Affection,
Cognition and Conation (Continuation Desire) [23]. Conation was then and still
is defined as the desire and will to strive for a goal, and as this connection between
knowledge and affection which leads us to act [26]. Huitt describes conation as
the following:

“The personal, intentional, planful, deliberate, goal-oriented, or striving
component of motivation, the proactive (as opposed to reactive or habit-
ual) aspect of behaviour” ([26], p.1).
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This means that conation is the intrinsic motivation that is displayed when
attempting to achieve a goal through volition. In [45,50], we redefine conation in
the context of digital media, more explicitly video games as continuation desire,
and formalise it as the player engagement process framework (PEP) [46].

Continuation desire is a way to describe a player’s engagement based on dif-
ferent triggers which cause players to engage in or disengage from an interactive
experience. The player engagement process presents a comprehensive connection
between four components which forms continuation desire: objectives, activities
accomplishments and affect [47]. The relationship between these components can
be seen on Fig. 1.

Fig. 1. Causes of continuation desire add to the level of conation. Source: [48]

The objective(s) of an interactive experience is the extrinsic and intrinsic
motivations to reach a goal or overcome a challenge a player experiences during
play. These includes the extrinsic objectives which are set up by the game as well
as any intrinsic objectives that a player brings to or forms during the experience.

The activities describe the ways a player can become engaged with the experi-
ence while pursuing the objective(s). The accomplishments are defined as receiv-
ing achievements, experiencing progression in the narrative or levelling up as well
as completing objectives.

The activities, objectives and accomplishments of a game thus comes from
either the conscious design of the developer, which have designed the experience,
from specific items, narratives, or it can come from the preconceived expectations
of the game that players can have, or objectives set up by the players themselves.

Lastly the affect is defined as the emotions which are experienced during
play as well as the absorption of the player into some activity. The affect can
also be described as the conscious or sub conscious emotional response expe-
rienced by the player. This response can cause a physiological, cognitive and
behavioural reaction, such as facial expressions, increase/decrease in heart rate
and higher/lower conductance with electrodermal activity [8,47].

The affect can then be translated into the positive or negative emotions which
makes or breaks the experience, or in other words pull the player in or out of
the experience.
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These four components of the Player Engagement Process in combination
can add to the level of conation a player is currently experiencing.

The components interacts sequentially with each other in cyclical rotation.
This cycle is the player engagement process, and the process may begin with the
affect of the player. The reason is that the player will initially have a form of
intrinsic motivation to start the game before the experience begins.

The experience provides the player with different objectives, which can be
accomplished through defined activities. The accomplishments, (or merely per-
forming the activities) can then result in the player becoming absorbed and/or
lead to a negative or positive affect which makes the player want to continue or
disengage from the experience [46].

Fig. 2. The relation between objectives, accomplishments, activities and affect (The
OA3 framework). Source: [46]

The emotions which relate to affect can cover the whole spectrum of emo-
tional responses, from low to high arousal and low to high valence. These changes
in human behaviour can be measured and there is therefore potential to classify
them using machine learning [28]. When using such a method it is thus possible
to obtain continuation desire without using subjective measures, as the affective
space of elements of the continuation desire can be measured through emotions.

This is also supported by [16], who found that there is a significant correlation
between physiological measures and self reported measures revolving a players
experience in a FPS (First Person Shooter) game.

Continuation desire is a combination of many facets and it can be argued that
all actions will lead to a affective response, as seen on Fig. 2, therefore we suggest
that it is possible to use the affective state of a player to measure continuation
desire.

In summary, the feeling of the desire to continue, can be described by affect
or emotions, as a person often react to content with an emotional response. The
next section will therefore focus on emotions, and how to measure a persons
emotional state and which cognitive processes and state can influence a persons
emotional response.
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3.3 Emotions

Almost 150 years ago in 1872, Charles Darwin wrote in his book called ‘The
Expression of the Emotions in Man and Animals’,

“Facial expressions of emotion are universal, not learned differently in each
culture” [14].

Today, this is still a statement that has been much debated. However, psy-
chologist Paul Ekman, proposed six universal emotions, sadness, disgust, fear,
anger, surprise and happiness [17,18,39].

In both the field of psychiatric and neuroscience research, there is a general
consensus that through evolution, humans have been supplied with a range of
basic emotions [18,39]. Each of the emotions is unique in the physiological and
behavioural expression, and each of them emerges from an activation within
particular neural pathways in the central nervous system.

The emotional system is complex, and it can be described by the emotional
continuum, see Fig. 3. A human has three orders of emotion, the first order is the
automatic processes within the human body, such as appetites. As it is bodily
responses, which is an automatic process, that is hard to control by cognitive
processes, and is a responses or reaction to a stimuli and is therefore categorised
as uncontrollable responses.

The second order is basic emotions, which as mentioned, are the univer-
sal emotions: emotions, sadness, disgust, fear, anger, surprise and happiness.
These emotions can also be translated to high/low arousal and positive/negative
valence [39].

The third order is higher order emotions which requires cognitive process
to be activated, these are emotional responses which are activated by complex
neural signals. Higher order emotions can be pride, anxiety, remorse, etc. As
these emotional responses are produced by complex signal and cognitive pro-
cesses makes them significantly more subjective than the basic emotions. The
third order is also tertiary emotions, which means that they require higher level
cognitive processing, as the emotions are usually self-conscious, and require self
reflection and evaluation.

Fig. 3. Figure showing the emotional continuum and the different emotion orders.

There exists six different states, which cover the phenomena concerning the
emotional responses, as many emotions and responses is depended on the state
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of mind a person [41,42]. The states are: emotion, feelings, moods, attitudes,
affective style and temperament. These states could and in many cases will
affect the measuring of emotional responses, both with self reported measures
or measured with physiological measures [41,42].

As mentioned emotions can be segmented into arousal and valence, and by
using the two axes a model can be made to plot emotions on a two dimensional
system. Such as model was described by Russell [41], and depicted as the “cir-
cumplex model of affect”. The model describes how emotions have both arousal
and valence properties which relate to the neural circuitry.

Being able to concise emotions in a visual way and compare emotions on
a mapped figure makes it more accessible to compare emotions. According to
[39,41,42], is it possible to sub serve all emotions on the model, as valence and
arousal cover all affective states.

There has been much research in the difficulties people have in assessing
the describing their emotions [43]. When conducting self reported measures of
emotions, people tend to either not experience the emotion or recognise emotions
when isolated from each other. Cacioppo describes that the psycho physiology as
a field that is based on a assumption that emotion and cognition are embodied
phenomenon rooted deep in the physical substrate of the body and brain [11]. It
must then be possible to measure characteristics of the human body to elucidate
and infer the understanding of the structures of third order cognitive functions.

From this section it is found that emotion have roots in the physiological state
of mind, and that basic emotions is close to uncontrollable, meaning that it is
possible to measure an emotional response. The basic emotions is also referred as
universal emotions, which makes it possible for one system to measure emotions
from every human on earth, as emotional responses should be largely identical.

Closely related to emotions is the facial expression, and the next section will
focus on the visual emotional responses that occurs when a person reacts to
stimuli.

3.4 Facial Expressions

As Darwin wrote, all facial expressions are universal, and even the debate that
some could be culturally different, the basic emotions is universal to a high
degree. From newborns to blind persons to the average person, all show the basic
emotions in the exact same way [32]. This study concur with Darwin in some
manner, that most facial expressions is universal, especially macro expressions,
but micro expressions might have a slight variance depending on the cultural
background of a subject. The two different kinds of expressions, macro and micro-
expressions, denotes both the duration and the area of the facial musculature
that is used. Macro-expressions often last 0.5–4 s and involves the entire face [19].
Macro-expressions is mostly single emotional responses and last said duration
when the emotion is not being concealed, by higher cognitive functions. Macro-
expressions occur mostly when we are alone or with friends or family, when we
feel most open and familiar.



338 D. Rae Selvig and H. Schoenau-Fog

Micro-expressions are however different, as they last as little as 1/30 of a
second and involves only small parts of the face. Micro-expressions are therefore
arduous to see, especially for a human. They are often categorised as concealed
emotions as they occur when two parts of the brain, the cortical motor strip
and subcortical areas, oppose over the neural pathways to take control over the
facial expression. This ends with quick fleeting micro expressions.

An evaluation test developed by Matsumoto & Hwang concludes that humans
can on average classify micro-expressions and subtle macro-expressions with a
48% accuracy, and when both joy and surprise is removed, which are the easiest
to recognise, the recognition falls to 35%. This means that most people are not
very good at recognising facial expressions, when the emotional response is short.

Several researchers have investigated how high cognitive load affects the
response of an emotional expression, and usually high cognitive load tends to
suppress emotional responses yielding a more neutral expression or of lower
intensity. This means that, in relation to games, that during a challenging level,
players might not express high intensity emotions in the moment, or even any.
Expressions can be enforced by being in a social setting, when people playing a
game together, expressions occur more often than when alone. This means that
being in a social setting, amplifies your emotional expressions as the context is
more appropriate to express emotional responses [20]. Measuring emotions from
facial expressions can introduce challenges as expressions is depended on the
environment and setting around the person. It is therefore important to create
an environment and setting that facilitate responses in a safe manner.

4 Machine Learning

Classifying and predicting human emotions is a hard task, even for humans.
Creating a machine learning algorithm which can predict and classify such emo-
tions is equally hard. As the era of machine learning is upon us, research in this
area is moving at enormous speeds, also within predicting and mimicking human
behaviour.

When working with images, or image sequences (video), convolutional layers
is commonly used to extract features of each image. As images are 2D, hav-
ing a width and height, 2D convolutional layers is used, which takes a kernel
and literately processes the image. The essence of a convolutional layer is to
extract feature patterns from a picture. In terms of Facial Expression Recogni-
tion (FER), the kernel will learn to look for specific lines in the face, such as eye
placement, eyebrow angle, mount width and angle, as these landmarks usually
relates to a specific expression.

A study by T. Zhang et al. used EEG data and a LSTM model to predict
emotions with a 90% accuracy [62]. The network was constructed with a quad-
directional spatial LSTM layer, after this layer a bi-directional temporal RNN
layer is used to spot more subtle emotion patterns, lastly a softmax layer creates
probability for each class.

A study using only a video feed for facial recognition to classify emotions,
have achieved high accuracy (+80%) [36]. It is stated that it would be possible to



Non-intrusive Measurement of Player Engagement and Emotions 339

use in real time, but no such tests is conducted in the studies. A common factor
is that the dataset is often small, and consists of only a few people, meaning that
the algorithm is learning specific responses relating to the person. This means
that the algorithm is not learning a generalised way of predicting emotions, which
will make the algorithm useless in a real environment. Therefore it is important
to have as many different samples as possible in the data set.

Our study bases its algorithm on a shallow but deep architecture, using both
residual connections [22,54], high-way layers [24] and shared parameter states to
create a novel architecture which is highly optimised and achieves state of the
art results on emotion classification. The developed emotion recognition system
was trained on 2 million samples and achieved a high accuracy of 98% on the
test set.

The continuation desire algorithm is a sequence based model of LSTMs, as
conation is a feeling that is time based. The algorithm will ingest data from the
emotion system both in terms of facial embeddings, but also softmax scores. With
this rich feature set, it is possible to accurately predict a users conation level. The
algorithmwas trained on 2.6million samples and achieved a high accuracy of 95.2%
on the test set, which is more than previous work in this area [51].

To get an indication of the speed of the algorithms, the inference time for
the emotion recognition system, a single frame takes 0.002 s to process making
it indeed quick enough to run along side multiple other high load systems, such
as a game. For the continuation desire predictor, it processes 18000 samples in
0.1 s, as this algorithm runs every five minutes, the slightly larger overhead is
not significant, and would still be able to run alongside a game. This means that
both algorithm are able to run in real time, even simultaneously with a complex
graphical 3D game.

5 Experiment

When designing engaging experiences, levels of conation is a good measure of
player experience as the PEP is a cohesive model, rooted in affect. Affect cor-
relates closely with valence and arousal which makes up emotions described by
the circumplex model. Therefore if measuring emotions, either with physiologi-
cal data, or a video feed, it is possible to determine levels of continuation desire
through the use of said data. To measure emotions truly unobtrusive, using a
camera to capture facial expressions is the optimal way, since other physiological
signals such as heart rate and galvanic skin response require equipment attached
to the test participant. The setup can quickly become complex and expensive,
and the scope of this project is concerned with creating and testing a software
system which is accessible and applicable for e.g. smaller development studios.

In terms of facial expressions during high cognitive loads, where faces usually
become very neutral, this study is founded on the co-operational play style in
two player games to enforce interaction, even through challenging play levels. A
neutral face may occur, and this could also relate to conation. The expressions
are determined usable to infer conation from said data.
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Using faces as features, it is optimal to use machine learning, especially deep
learning to extract deep facial features during experiencing digital content, these
deep features can both be used for emotion recognition but also to determine the
level of conation. This could be a powerful tool for both affective and adaptive
gaming, for changing narrative behaviour, but also for game or film evaluation,
to investigate the underlying emotions and continuation desire during a game
or film. The use such a system for adaptive system, the developed recognition
system should be able to process data in real-time, therefore the developed sys-
tem needs to be lightweight in terms of compute power needed, and usable cross
platforms for PC, Unix based systems and mobile operating systems.

Two machine learning algorithms is developed in this study, namely the
emotion recognition system, and the continuation desire predictor. The emo-
tion recognition system was developed by using Deep Learning trained on two
million images across eight different emotions. The continuation desire predictor
system was developed by creating a downstream task on the emotion recogni-
tion system, using rich feature vectors. The data for training this system was
gathered by pilot testing the game “Little Big Planet”1 for Play Station 4. The
game is a platformer in semi 3D, which can be played in a co-op setting. The test
persons played for at least 30 min, and reported their desire to continue every
five minutes during play on a scale from 1 to 7. This resulted in 2.6 million data
points.

The systems has then been validated to access its accuracy in other domains
from where it was developed. This validation was done by using the game “This
is the Only Level”2, which is a lightweight 2D graphics game where one player
have to complete stages of the same level where small mechanics change from
stage to stage.

The method for the test will be for test players to complete 15 stages of “This
is the Only Level”, after each stage completed the test persona will report their
current desire to continue on a scale from one to seven.

Cross validation between the reported continuation desire and the predicted
values will be done, to analyse the true accuracy of the system. To analyse the
true accuracy of the emotion recognition system, sequences of images of the
session will be validated to see if they correspond to the recognised emotion of
the system.

The validation test was conducted over three days, all in all 18 participants
were tested (n = 18), resulting in a mean play length of 8.2 min and a variance
of 1.43 x = 8.2, σ = 1.43. This aggregates to 147 min of game play video. All
participants completed all 15 stages of the game.

The age distribution of all participant had an age range from 22–30 x =
25.61, σ = 1.94. The sampling method for the test is convenience sampling. This
means that the distribution of ages is much the same as in the continuation desire
test session. Most participants were about 25–26 years of age, while a couple of
participants were in their early twenties or late twenties.

1 https://www.playstation.com/en-us/games/littlebigplanet-3-ps4/.
2 John Cooney, 2009 (jmtb02) http://www.jmtb02.com/this-is-the-only-level.

https://www.playstation.com/en-us/games/littlebigplanet-3-ps4/
http://www.jmtb02.com/this-is-the-only-level


Non-intrusive Measurement of Player Engagement and Emotions 341

Fig. 4. Continuation desire levels
reported from the test on the game

Fig. 5. Reported continuation desire at
each stage from the game test.

The participants also reported the weekly hours spent on gaming. The
reported average was 9 h per week and this indicates that the general skill level
of the participants is higher than the average, so it was expected that most
participants would complete all stages in a quickly manner.

On Fig. 4, the aggregated occurrences of the reported continuation desire
levels can be seen (x axis/Conation levels: 1 = low, 7 = high). The aggregated
occurrences of conation/continuation levels in the test of “this is the Only Level”
ranges from 1 = low, 7 = high. In the test, the conation levels created a negative
skewed distribution being that over 70% of the occurrences were above level 4.

On Fig. 5 a box plot show the mean continuation desire values reported from
each participant. It shows all 15 stages at the x-axis, and there is a tendency for
the continuation desire to decrease over stages. This is assumed as the game is
quite repetitive, and can become boring after several levels. It is also seen that
in the first seven stages the reported continuation desire is stable, and does not
contain much variance. Towards to end stages, the variance becomes larger, and
here the players preferred game genre might come in to play. Some players do like
the repetitive game play, where others do not, and if you are not too fond of the
repetitive game style, the game will become boring, and thus feel disengaging.
Overall it can be seen that the level of continuation desire decreases over time.

During the test, three emotions was not spotted by the algorithm, namely
surprise, calm and disgust. It is not surprising that these emotions were not
captured, as the game play does not actively stimulate those emotions. Happy
and sad were the most captured emotions by 80%. Neutral and angry accounted
for 10% each, while fearful was 2%.

The sad response is surprising as the game does not create situations where a
sad response makes sense. The distribution however is different from the emotion
distribution from the pilot test on “Little Big Planet”, where the most captured
emotion was angry (as players were sometimes frustrated).
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The emotion recognition system was validated by taking every 30th frame
from the video taken of each participant and manually tagging the frame with
the emotion which the validator believes is fitting. The whole test have 132,387
frames with faces, every 30th of that is 4,412 frames which have been analysed, to
see if the recognition algorithm predicted correctly. The investigation revealed
that the emotion recognition system predicted correctly 91.28% of the time,
making the algorithm well generalised from the training. It was also noticed
that, as mentioned in the 1st iteration result section, that the background, light
and shadows was producing significant noise in the predicting, indicating that
the algorithm is sensitive to the environment in which it is operating.

Moreover as sad is also identified almost as much as happy, it was noticed that
the facial expressions when sad was predicted, looked more like it was supposed
to be neutral or frustration over the current stage in the game.

On Fig. 6, the graph shows the play-through analysis of the 15 stages of
“This Is The Only Level” for one participant. In this particular session, the
continuation desire predictor have mostly low continuation desire through out
the session, but the participant had high continuation desire the first seven stages
(until around frame 1000) and thereon after low continuation desire. It also
shows two strong periods of happiness, in between the two spikes, sadness rises.
In this sadness spike, the participant had problems with completing a level. The
participant looked frustrated which at times can look like a sad or angry facial
expression, this frustration is something that the emotion recognition algorithm
does not account for, and therefore subjects can be classified wrongly in certain
situations.

Fig. 6. Graph showing a play through analysis for all 15 stages from the validation
test on the game “This is the only level”, the y-axis show the aggregated probability
of the emotions. The x-axis depicts frames after start (1 frame = 1/30 s).

To analyse how well the continuation desire predictor performed on the test,
the reported values were compared to the predicted values. A comparison of
the percentages of low/high continuation desire level from the algorithm and
the participants’ own reported level was conducted. The percentages from the
algorithm’s levels are depicted in Fig. 7 and for the reported levels from the
participants in Fig. 8. The figures were based on the game “This is the only
level” and made by calculating the percentages on high/low continuation desire
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of both the reported and predicted levels. The reported levels from participants
were converted from seven levels to high/low by binning them. Continuation
desire level 1, 2, 3, 4 is low, while 5, 6, 7 is high. In the comparison analysis the
algorithm predicted correctly 78.48% of the time, which is lower than observed
during training on the test set. One reason why the accuracy is lower is that the
domain in which the algorithm was used is not where it was meant to be used,
as this is not a co-operational game or multiplayer game as in the pilot test. This
means that there is no interaction between players which does increase a subject’s
will to express emotional responses. Taken that into account the algorithm does
perform quite well for a real scenario even if the applied environment is out of
context.

Fig. 7. Barplot showing the algo-
rithm’s predicted continuation desire
percentages from the test.

Fig. 8. Barplot showing the reported
high/low continuation desire percent-
ages by participants from the test.

It can be seen that the algorithm does predict less ‘high’ level of continuation
desire relative to the true reported level from the subjects (38% high predicted
versus 58% high reported), this can be explained with that the subjects had
more periods with neutral or sad, which the continuation desire predictor takes
as low continuation desire. This supports the hypothesis about that the subjects
does not express as many reactions when playing single player games. This is
also discussed in the literature review, where it is mentioned that when a person
is alone, emotional expression is far more uncommon than when interacting with
other persons. Moreover the game is also a puzzle game, which can introduce
high cognitive load, which does suppress facial expressions as well.

6 Discussion

In the following section a discussion of the study as a whole, what results and
new knowledge have been created, and what could have been done to enhance
the method, development and test. The goal of the study is to investigate to
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which extend it is possible to infer a players continuation desire and emotions
during an interactive experience. This had to be done by only using a video feed,
and do this analysis in real time as well.

The developed emotion recognition system achieved a high accuracy of 98%
on validation test set which is, compared to other algorithms in the research
[6,21,34,40,53,55], a significant increase to a point where it is (at least theoreti-
cally) significantly better than humans. Humans can recognise micro-expressions
47% of the time [1,32], and macro-expression to a degree of 84% [1,32] in real
life scenarios. The algorithm was validated in the 2nd iteration, and ended at a
91.28% accuracy in a real world test, which is excellent performance compared
to 80.17% [34], 86.9% for [53], 78% for [55], 66% for [6], 71.16% for [21], 88.8% [4]
and 74.15% for [40]. For the mentioned papers, they all have data quality and
sufficient data set in common, as mentioned in the analysis many papers use
data set which consist of less than 1000 samples, and with even fewer different
persons, this means that the algorithms learns the data, and only the persons
in the data set. This is a significant bias, which is common for papers that are
not published recently. This introduced a bias to the accuracies, meaning that
the proposed earlier solutions only worked on internal data sets, and not in real
scenarios. The current study has used 2,000,000 images on 500,000+ different
persons, which makes the final results more valid than tests on smaller data sets.
However, the results between studies are not directly comparable as no bench-
mark data set has been made for emotion recognition as of yet, and this is a
problem for comparing different approaches and algorithms. This is a common
practise in other fields within machine learning, such as natural language and
image processing.

During development of the emotion recognition system, it was observed that
image quality and lighting could interfere with the algorithms predictions. To
account for this, more work needs to be done with the pre-processing of the
input features, so light and shadows do not bias the image to such a degree that
facial expressions are being mis-classified. A thorough investigation should have
been conducted on data from the data gathering test to see the actually cause
of the errors.

The data used for the emotion recognition system, is of high quality, but
observed from the data, many of the expression are of high intensity, meaning
that some expression are over exaggerated to a degree that would not occur in a
real environment, this was mostly from the FER data set, which had 35,000 sam-
ples [21]. A data set formed from playing subjects emotional responses would be
of greater value and possibly create a more specialised algorithm for interactive
experience emotion recognition.

The continuation desire algorithm achieved high accuracy as well, 95.2% was
the final accuracy on the two player pilot test set from training, which is higher
than previous work done in this area. In the out of context testing of the single
player game “This is the Only Level”, an accuracy of 78.48% was achieved.
Because the algorithm was trained on data from the data gathering test from
the 1st (two player) iteration, where bias in the test environment have made
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the data biased in terms of predicted emotions, the algorithm may have learned
wrong underlying relations between emotions and continuation desire. This error
in the data could implicate the continuation desire algorithm to an extend were
the output is inaccurate. But the real world test on “This is the Only Level”
shows that it still perform relatively well in an out of sample environment to an
extend where it is acceptable, but it is not as close to the original pilot test set
accuracy as seen with the emotion recognition algorithm. Further testing needs
to be done to verify the in-sample environment accuracy of the continuation
desire algorithm, as it is predicted that it will perform better on a multiplayer
or interactive game.

The continuation desire algorithm is trained on only 12 subjects’ data, which
is to a degree sufficient, but with more data, the algorithm would be able to
accommodate more player types and expression styles. More data would also
make the algorithm more robust to different emotional changes which happens
in games, as games have different flows and tempo which affects the emotional
response. Capturing this data is time consuming but it is needed to create an
even better performing algorithm. Using one type of game also comes with risk,
as each game produces different emotional curves, testing on different games
should also be done to minimise the classification bias which is introduced by
only using one game.

The eight emotions that have been used as output from the emotion recog-
nition model, was chosen because of the basic emotions, happiness, fear, sad,
surprise, anger and disgust, these emotions are the most occurring ones, but
humans are not expressing emotions at all times, therefore neutral and calm
was added to accommodate this behaviour. However, from investigating hours
of video data from game playing, it becomes more apparent that those expres-
sions might not be enough, as frustration and focus are facial expressions, that
are very frequent during game play, especially in single player games, and this
typically means that the player is engaged. But these emotions are very close
to other emotions as well, such as frustration to sadness and anger, and focus
to calm and neutral, distinguishing between these expressions are difficult. This
could possibly be done by another approach such as outputting arousal/valence
values instead, so that each emotion have a numerical value, which could create
more detailed incremental steps between emotions. An intensity index on each
emotions could also enhance the interpretability of the predicted emotion, to see
if the person is very angry or less angry.

Gathering these two algorithms and using them to infer emotions and con-
tinuation desire from video data was done in a case study with the indie game
company Invisible Walls based in Copenhagen. The overall points from the inter-
view were that although the company was still in early stages of their develop-
ment of their next game, they could see that a data driven approach like the
one suggested in this study could give great value in their tests, even in their
short usability tests. Due to the only requirement for the system being a video
camera, no additional equipment for an expensive and complex setup is needed,
it becomes attractive to smaller studios as well. This use case is only based



346 D. Rae Selvig and H. Schoenau-Fog

on one interview with one game studio, but the information gathered leads to
larger game studios benefiting from a system like this as well. This approach
is also largely seen in the marketing sector where emotion recognition is used
extensively to see responses from test groups regarding a commercial or product.

In summation, the developed algorithms and evaluation framework proves
that it is indeed possible to predict emotions and continuation desire in real
time using only video. The system is usable in its core, and with different tweaks
and additional features it could work as a method for testing and evaluation of
a variety of interactive experiences.

7 Conclusion

The purpose of this study was to investigate the possibility to measure and
classify emotions and continuation desire during game play from a video stream
in real time by using state of the art and novel machine learning approaches.
The proposed solution is an emotion recognition system which perform better
than state of the art algorithms and (theoretically) humans which achieves 48%
on facial expression recognition tasks [33]. Furthermore the system is trained on
the currently (as of June 2019) largest publicly known emotion recognition data
set.

The results of this study is an emotion recognition algorithm which performs
in static test sets 98% accuracy and in a real two-player scenario 91.28%, which
is quite high, even with the problems in the emotion recognition data. A continu-
ation desire algorithm which performed 95.2% of accuracy and 78.48% in an out
of environment test with a single player game, suggesting an algorithm which
is well generalised and use-able on different game genres and styles. The case
study furthermore shows that such a system is also usable in a game company.

It can therefore be concluded that we successfully created an emotion recog-
nition and continuation desire predictor algorithm which is usable in real time
and usable for game testing which creates value for game testing teams dur-
ing development. With minor changes the algorithms could perform better and
achieve higher accuracies, while making them more robust to changes in the
environments surrounding the participants.
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