
3379Sensors and Materials, Vol. 33, No. 9 (2021) 3379–3388
MYU Tokyo

S & M 2696

*Corresponding author: e-mail: treefar@stu.edu.tw
https://doi.org/10.18494/SAM.2021.3479

ISSN 0914-4935 © MYU K.K.
https://myukk.org/

Evaluation System for Game Playability 
Using Emotion Sensor Based on AI

Shuh-Yeuan Deng* and Kuo-Kuang Fan

National Yunlin University of Science and Technology, Yunlin County, 640301, Taiwan 

(Received June 7, 2021; accepted July 29, 2021)

Keywords:	 sensing devices and systems, sensing applications, intelligent sensor and sensing system

	 Game players almost always experience games through electronic devices, such as 
computers, cell phones, headphones, and microphones, which allow them to play and 
communicate. However, players’ emotional changes during games cannot be sensed accurately 
in real time. Therefore, to evaluate whether players like a particular game, questionnaires are 
generally required afterwards to collect information on players’ feelings, which do not provide a 
complete record or real-time information. Advances in AI have increased convenience in 
everyday life, and emotion sensors based on AI, which employ face recognition techniques and 
physiological sensors, have been introduced. Thus, through the interpretation of facial 
expressions, users’ emotional reactions while they are using electronic devices can be 
recognized. Moreover, voice recognition can also assist in improving the accuracy of AI-based 
emotional recognition. In this study, we examine how an emotion sensor based on AI can enable 
a more immediate and complete assessment of game playability, serving as an important 
reference for game development.

1.	 Introduction

	 Various methods for facial expression recognition have been proposed by researchers. The 
facial expression dataset has been a benchmark commonly used by traditional methods in the 
past.(1–3) Unfortunately, traditional image processing techniques for face detection and 
expression recognition have the problems of low detection performance due to angle variation 
and limited recognition accuracy caused by monotonic recognition networks. Therefore, most of 
these techniques are only applicable to frontal and short-distance facial emotion recognition. 
However, these limitations in viewing angles and lighting were overcome by a breakthrough in 
deep neural networks. Subsequently, attempts have been made to address the unsatisfactory 
performance of image recognition through extensive recording and image training. For instance, 
Yang et al. have developed face detection models that can be applied in real-world scenes.(4) 
Ekman and Friesen conducted in-depth studies on facial expressions and classified human 
expressions into seven categories: happiness, sadness, fear, disgust, surprise, anger, and 
neutral.(5,6) After face detection is completed, facial expressions can then be recognized through 
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affective computing based on the captured facial images and trained facial expression recognition 
neural networks (e.g., ResNet-50, Inception v3, MobileNet).(7–9) These developments have 
enabled diverse applications of facial emotion recognition in the retail, medical, entertainment, 
and other fields.(10,11)

	 During the game development process, game designers refer to popular topics and trends in 
the market as well as previous experience and design concepts. They must undergo many 
iterations of scenario planning and simulation testing to identify whether the designed game 
concept will be successful. However, a game’s playability must be evaluated through the real 
playing experience of different players. Therefore, in the process of designing a game, different 
testing methods must be applied to identify any issues in the game play design, mechanism, and 
game screen aesthetics. Problems that emerge closer to the completion of game development 
typically cost more to fix. Therefore, it is very important to conduct game playability evaluations 
that allow players to test the game under development and determine whether it is fun to play.(12)

1.1	 Emotion sensor based on AI

	 Kort et al. proposed the learning companion theory, stating that students generate many 
emotions in the process of learning new things and that these emotions can be plotted on an 
emotional axis to represent students’ emotional perceptions of learning and a vertical axis to 
represent students’ motivation to learn.(9,10) This framework can be used to understand students’ 
emotional reactions during learning to determine their learning challenges. We show such a plot 
in Fig. 1 and explain the relationship between learning process and transformation of emotions. 
Ashwin et al. and Ray and Chakrabarti proposed the use of physiological responses, such as 
voice, heartbeat, skin sensations, and blood pressure, to improve the accuracy of AI-based 
emotion recognition.(13,14) An emotion sensor based on AI applies electronic devices (i.e., smart 
phones, computers) to recognize player’s emotions during game play, allowing researchers to 

Fig. 1.	 (Color online) Learning process and transformation of emotions.(5)
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understand individuals’ learning states in a real-time and continuous manner. This, in turn, can 
be very helpful to learners. Players involved in testing new games undergo a similar process to 
learners learning new concepts. If the technology of an emotion sensor based on AI can be 
applied to evaluate the playability of new games, designers can then effectively acquire real-time 
data and understand players’ emotional changes and reactions throughout the process of 
experiencing games. Therefore, such data and information acquired via an emotion sensor based 
on AI can serve as an important reference for game designers. 

1.2	 Game playability

	 Fabricatore et al. have suggested that playability is influenced by parameters that operate and 
control game interactions; they also stated that improving a game’s playability can make the 
game more appealing and interesting, encouraging players to spend more time playing, as shown 
in Fig. 2.(15) User testing is the benchmark for any playability evaluation since designers cannot 
fully predict user behavior. Therefore, in game design, expert reviews must be conducted via 
heuristic evaluation for playability (HEP) to identify playability issues and seek alternative 
solutions. HEP enables thinking from the user’s perspective and is very helpful in problem 
solving.(16)

	 Clanton divided game playability into three components: game interface, game machines, 
and game play.(17,18) Each of these components can be defined as follows:
1.	 Game interface: This is the device through which players interact with a game (e.g., joystick, 

keyboard, mouse, etc.).
2. Game machines: Game machines combine the physical concepts in the game, the game 

animation, and the computer program, allowing players to adopt different roles and freely 
perform actions in the game (e.g., walking, jumping, and other actions).

3.	 Game play: This is the process of achieving goals in the game; players will encounter 
challenges in the process of playing the game, and they must face and try to overcome these 
challenges.

Fig. 2.	 (Color online) Role of playability in the system.(16)
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	 Whether players develop interest in a particular game depends on multiple factors, including 
the smoothness of the control interface, the ease of entering the game, the devices required to 
experience the game, the interactivity of the game content, and the game screen smoothness and 
accessibility. In this study, an emotion sensor based on AI is used to identify players’ emotional 
reactions while experiencing a game to evaluate the game’s playability. Players’ emotional 
reactions are acquired continuously and systematically and then transformed into a continuous 
numerical record. In this study, artificial emotional recognition is presented on emotional axes, 
as shown in Fig. 3.

2.	 Materials and Methods

	 The conceptual framework for testing in this study comprises four components: (1) the game 
player (that is, the game tester), (2) the sensing devices (cell phone and microphone), (3) the 
affective computing tool, and (4) the emotion recognition evaluation system. While testing the 
game, the game player is required to set up a cell phone and microphone as emotional input 
devices. The cell phone detects the player’s face and captures emotional expressions while the 
microphone collects audio information from the player during the test. The player’s facial 
expressions and audio information are then used to identify emotions through an affective 
computing tool, and emotional changes are transmitted to the evaluation system and recorded. 
The conceptual framework is shown in Fig. 4.

2.1	 Graduation projects (tested games)

	 Final-year students of the Department of Animation and Games are required to produce 
games for their graduation projects. Students participating in this study were divided into 10 
groups with 3–5 members per group. All games were designed to run on a computer, which 
excludes the control variables of different devices. Various types of games were developed by 
the students, including role-playing game (RPG), adventure game (AVG), and action game 
(ACT).

Fig. 3.	 (Color online) AI-based recognition of emotions during game playing presented on emotional axes.(10,19,20)
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2.2	 Game testers (players)

	 The games developed for the above-mentioned graduation projects were used as test games, 
and 30 students from the Department of Animation and Games were recruited as game testers 
(players). The players were all male and between the ages of 19 and 22.

2.3	 Test environment and equipment

	 The 10 games to be tested were installed in a Windows-based laptop computer. Moreover, a 
cell phone with an Android 4.4 operating system or above was set up in front of each tester to 
capture players’ facial expressions. Finally, a microphone was set up to record testers’ voice 
messages during the games.
	 The testers’ facial expressions were captured as continuous data. Through the artificial 
emotion tool Affdex, seven types of emotions were identified. The system recorded each tester’s 
emotional dimensions at each time point and presented the trend of emotions in a linear manner.

2.4	 Test procedure

	 Each player was required to test all 10 games, devoting 10 min to each game. Within the same 
timeframe, each player tested 10 games in 2 h. The 10 games were preset in a numbering 

Fig. 4.	 Conceptual framework.
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sequence, and the order of games to be tested was determined by each player by drawing lots. 
The capture rate for emotion recognition was set as 10 frames/s. The basis for emotion 
recognition is shown in Table 1; these emotional dimensions were transmitted to the evaluation 
system. The testing flowchart is shown in Fig. 5.

Table 1
Emotional classification table.
Emotional dimension Emotions
Positive Surprise Sadness Happiness Neutral
Negative Anger Disgust Fear —

Fig. 5.	 (Color online) Testing flowchart.
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3.	 Results

	 The facial expressions of players captured during game testing included happy and neutral 
expressions, as shown in Fig. 6. The emotions recognized by the evaluation system during 3 min 
of testing are listed in Table 2. The evaluation system then converted the table into a line graph 
to present each player’s emotional changes during game testing, which is presented as an 
emotional analysis in Fig. 7. However, the voice messages during game testing were not clear 
enough for recognition; thus, facial recognition was used as the study’s main testing method.

Fig. 6.	 (Color online) Recognized emotions.

Table 2
Emotions recognized by the evaluation system over 3 
min.

Time (s) Valence Emotion Area
0 20 Happiness 210

10 22 Happiness 235
20 25 Happiness 260
30 27 Happiness 260
40 25 Surprise 310
50 37 Surprise 410
60 45 Neutral 615
70 78 Neutral 780
80 78 Neutral 725
90 67 Neutral 625

100 58 Neutral 630
110 68 Neutral 680
120 68 Neutral 685
130 69 Neutral 690
140 69 Neutral 680
150 67 Neutral 670
160 67 Neutral 615

Fig. 7.	 (Color online) Emotional analysis graph.
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	 After each game was tested, the evaluation system took 10 s to calculate the emotional 
dimension and generate an emotional analysis graph, as shown in Fig. 7. Meanwhile, the 
proportion of each player’s positive emotions while testing each game was also calculated 
(presented in Table 2). The sum of the positive emotion areas was calculated using the area 
calculation method, and each player’s ranking of the 10 games featured in this study is displayed 
in Table 3. In total, 30 game emotional analysis tables were derived and used to sum the results. 
Then, a playability evaluation summary table obtained through the artificial emotion recognition 
tool was used to score the games. The ranking of the games is shown in Table 4.
	 After completing the testing process, each player was given a voting sheet to select the top 
three games with the highest playability. The voting results in Table 5 were then compared with 
the ranking provided by the evaluation system to determine whether the results of the top three 
games matched. Although the ranking results were not completely consistent, a recognition rate 
of 70% was achieved, indicating that artificial emotion recognition tools can effectively help to 
evaluate the playability of games.
	 Game playability analysis is the main reference for game design. Players can use an emotion 
sensor based on AI during game testing, and then complete questionnaires after the test is 
completed. A comparison of these two playability evaluation methods is given in Table 6. The 
functions of these methods are complementary and together improve game playability 
evaluation.

Table 3
Player 1 ranking of games based on positive emotions.

Team number Satisfaction
(Positive area) Rank

1 12860 7
2 13250 6
3 11260 10
4 13720 5
5 14580 4
6 14820 3
7 11530 9
8 16040 1
9 15020 2

10 12370 8

Table 4
Ranking results of evaluation system.

Rank Team number
(Positive area) Satisfaction

1 8 520290
2 9 503670
3 6 471960
4 5 437640
5 4 432660
6 2 391050
7 1 390480
8 10 388110
9 7 331290

10 3 298590

Table 5
Voting results of players.
Rank Team number Number of votes
1 9 23
2 8 21
3 6 20

4, 5 5 7
2 7

6 1 5
7 4 4
8 10 3

9, 10 7 0
3 0
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4.	 Conclusions

	 The applications of emotion sensors based on AI are becoming increasingly diversified. We 
applied an emotion sensor based on AI to identify players’ emotional perceptions throughout the 
process of testing games, thus developing a method that can be implemented in a relatively 
simple way and utilized in many fields in the future. In this study, games were not categorized 
because it would have been possible to identify players’ preferences in terms of game types from 
the results. The emotional dimensions captured via an emotion sensor based on AI can be used 
as a reference for players’ reactions during games. Identifying and harnessing these emotions 
would help game designers to develop more enjoyable and interesting games. The emotion 
sensor based on AI used in this study can also be introduced during the game testing stage to 
provide significant information and enable designers to modify games before they are completed 
and released.
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