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Abstract 
 

What is the difference between intention and action? To start answering this complex 

question, we have created a serious game that allows us to capture a large quantity of 

experimental data and study human behavior. In the game, users catch flies, presented 

to the left or to the right of the screen, by dragging the tongue of a frog across a 

touchscreen monitor. The movement of interest has a predefined starting point (the 

frog) and necessarily transits through a via-point (a narrow corridor) before it 

proceeds to the chosen left/right direction. Meanwhile, the game collects data about 

the movement performed by the player.  

This work is focused on the analysis of such movements. We try to find criteria that 

will allow us to predict (as early as possible) the direction (left/right) chosen by the 

player. This is done by analyzing kinematic information (e.g. trajectory, velocity 

profile, etc.). Also, processing such data according to the dynamical movement 

primitives approach, allows us to find further criteria that support a classification of 

human movement. Our preliminary results show that individually considered, 

participants tend to create and use stereotypical behaviors that can be used to 

formulate predictions about the subjects’ intention to reach in one direction or the 

other, early after the onset of the movement.  

Keywords: human intention recognition, movement prediction, dynamic movement 

primitives, serious game 

 



 Table of Contents 

1 Introduction 1 

2 Background 2 

2.1  Action and Intention Recognition 2 

2.2  Serious Games 3 

3 Problem 4 

3.1 Method 5 

      3.1.1     Data Gathering 5 

      3.1.2     Data Exploration and Visualization 8 

      3.1.3     Anomaly Detection 10 

      3.1.4     Normalization 13 

      3.1.5     Dynamical Movement Primitives 14 

4 Results 17 

4.1  Data Gathering and Anomaly Detection 17 

4.2  Trajectory Results 18 

4.3  DMP Results 22 

5 Conclusions 25 

5.1 Summary 25 

5.2 Ethical Considerations 25 

5.3  Discussion 26 

5.4 Limitations 26 

5.5 Future Work 27 

References 28 

Appendix A 31 

 

 

 



1 

 

1. Introduction 
 

Since the beginning of human being, we share our living space with people and other 

entities. Through our motor behaviors, in interaction with other individuals and/or the 

environment, humans try to meet their goals and desires (Berti and Pia, 2006). Many 

researchers have studied the relationship between human brain and motor behaviors. Sperry 

proved that the left hemisphere controls the right side of the body and the right hemisphere 

controls the left the side of the body (Kupfer, 1962). Science has then turned to examine 

human behavior in finer detail, often trying to interpret it in terms of primitives. And this 

hard endeavor still continues. Well formulated theories of human behavior could be 

beneficial for many disciplines such as education, health, defense, etc.  Growing 

understanding and better supporting technical tools have led scientists to analyze deeply the 

interaction of human decision system and human behaviors. 

Motor behaviors are 3-Dimensional movements. 3-D movements are complex to formally 

represent, due to the many variables and parameters that can affect human behavior. To 

formalize such a complex phenomenon, nonlinear systems theory (Virgin, 2006) can be a 

promising approach. In this project and we selected low-dimensional nonlinear systems in 

many approaches of nonlinear system theory. Low-dimensional nonlinear systems have been 

extensively used to model phenomena of motor coordination or cognitive science (Kelso, 

1999), and this approach has been successfully used in bipedal locomotion, and in reach and 

grasp arm movements. It also efficiently describes the coupling dynamics of coupling 

systems (Nakanishi, 2004; Swinnen et al., 2004). However, when we try to imitate a human 

action, this approach requires the estimation of critical parameters, due to of nonlinear 

differential equations. For example, Dynamical Movement Primitives (Ijspeert, 2013) deploy 

a powerful and computationally cheap approach to in order to determine such parameters. 

In DMPs, a forcing term is added to the equation of low-dimensional nonlinear approach. 

This forcing term has some “weights” value and these values can be easily calculated by 

several different machine learning algorithms. 

The main purpose of this preliminary study is to identify a set of quantities that could 

support effective and efficient recognition of action intentions before human’s action is 

completed, in a simple experimental task that requires left and right reaching of a selected 

object. To properly interpret the phenomenon a large amount of data is crucial. For this 

reason, we decided to design and implement a “serious game”, “Frogsnap”, that allows us to 

harvest a significant mass of experimental data. Unaware of the purpose of the game, its 

players will contribute to our data set while engaging in a fun activity (His.se, 2018). This 

serious game strategy offers many advantages to our project, such as collecting data from 

participants easily, accurately and naturally. We have recorded every movement from every 

user and analyzed these movements in different ways (such as position, velocity, acceleration 

etc. as a function of time and space). Our data analysis has the final purpose to identify 

critical quantities that allow a reliable estimation of the participant’s intention (e.g. reach 

left/right), right at the onset of the movement. Every movement in the serious game has 

been represented by the same number of attributes to recognize similarity/dissimilarity 

between the two different intentional clusters. As we will see in the rest of this thesis, some 

of these attributes could be directly identified by visual inspection or could be calculated 

through the dynamical movement primitives approach. 
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2. Background 

2.1 Action and Intention Recognition 

Human action recognition is one of the most popular topics in computer vision in the last 

decade, and it is rapidly gaining momentum thanks to complicated more efficient 

algorithms, and growing CPU, GPU power. There are many successful studies in this area. 

For example, some primary human actions such as walking, running, hand clapping were 

recognized (Schuldt, 2004). This study almost reached eighty percent success ratio over six 

different movements. They used images and implemented support vector machines and k-

means clustering algorithms to achieve their goals. After that, more complex movements 

became the new goal. To achieve this mission, images and videos can be collected from a 

variety of different sources (movies, games, internet etc ). But most of this material, typically 

presents a main obstacle to the identification of the movements. In fact, the background of 

the videos can represent a serious obstacle to the recognition of the observed action. The 

local space-time feature approach (Chen et al., 2013) successfully handles this problem. This 

approach helped to recognize human actions and, at the same time, to recognize other 

subjects in the frames. Other approaches, based on optical flow, allow to remove background 

information (Farnebäck, 2003). Remarkably, the algorithm recognized action with objects 

and humans which remained after optical flow process. However, it is obvious that, when 

humans recognize an actions, we do not remove the background. So, if science's inspiration 

is nature, we should also not delete background from our data. With this approach, human 

action recognition (Ji et al., 2013) was completed by the conventional neural network(CNN) 

which is a method in deep learning. 

There is another basic but on the other hand really robust and almost costless way to 

understand primary human actions, such as walking, going upstairs/downstairs, standing 

etc, from non-visual information. Almost all of us have at least smart mobile phone and 

many of them have applications (life sum, Samsung health) to recognize human behavior 

and they can demonstrate your daily activities. CNN was also used to determine human 

behaviors with smartphone data. (Zeng, 2014) 

However, related to action recognition, we can mention another crucial problem, namely 

"Prediction of human behavior or action".  We can often predict the next movement of a 

human, relying on her previous action(s). For example, a vigorous hug of a friend will follow 

the broad opening of our arms. However, we have learned that from our observations. And 

these observations have started since our childhood. In general, if we want to predict the 

next action of a human, subtle details inherent in human movements can give us important 

clues about the next action. A study “A hierarchical representation for future action 

prediction”(Lan, 2014) approached the issue with this perspective. In their study, they 

trained their algorithm with 300 video clips, which collected from 20 different TV shows, to 

expose their algorithm to a large class of human actions. However, there was another big 

challenge in this situation. These authors had to complete the predictions faster than real-

time, otherwise, it would not be useful for society.  They have created a fast-running 

algorithm, based on support vector machines and the histogram of oriented gradients 

(HOG). This study has been shown to predict five humans action before they happen. 
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Prediction of human actions can help disabled people tremendously. If a robot can 

understand or predict what the user requires, the lives of disabled people could be more 

comfortable. The anticipation of future human activities, detailing how a human is going to 

move in short-term (e.g. 1-10second) can be a step to success this objective (Koppula and 

Saxena, 2016). Some of the human actions were predicted successfully by their algorithm. 

For example, if a girl goes directly to the fridge, and meanwhile she looks directly at the 

fridge, the robot can open the door of the fridge for her. Or if a disabled person opens her 

arm to grasp her mug to drink coffee, the robot can predict that she wants to drink coffee. On 

this example, after the robot makes prediction accurately, it has to serve coffee to the 

disabled person, like a (kind) human would.  

Society can largely benefit from accurate prediction of human actions. In other words, 

prediction of human actions can help to create a better society. For example, violence, sexual 

assault, terrorism are some of the most problematic cases in today's society. Prediction of 

human intention might help to limit such problems. People are often under high emotional 

pressure, not only when they are committing an offense, but also before the fact. People in a 

high emotional situation will act abnormally. Their walking style, eye or arm movements, 

breathe frequency may change. A recent study shows that some kinds of crimes can be 

predicted by real-time crime Forecasting(Wang and Brantingham 2017). 

 

2.2 Serious Games 

Serious games are games which are designed for a primary purpose other than pure 

entertainment (Djaouti, 2011). Possible areas of application for the method may be 

education, health, exercise, psychology, etc. In this study, a serious game, which was 

designed and implemented by us, is used for scientific exploration. This exploration could be 

a small part of AI. There is a strong mutual relationship between AI and serious games. 

Checkers is one of the oldest examples of this relationship, the computer program Chinook 

(Webdocs.cs.ualberta.ca, 2018) developed by J. Schaeffer and his team from 1989 won the 

Man-Machine World Championship in 1994. Another example is chess, for a long time, chess 

was really difficult to solve and study on because of the complexity of the game. However, 

IBM’s Deep Blue (Www-03.ibm.com, 2018) won against chess world champion G. Kasparov, 

in a famous match in 1997. Actually, these examples show two things. Firstly, serious games 

were used to create more intelligent algorithms and it is the beneficial side for AI. On the 

other hand, serious games used these algorithms to improve the games and create more 

realistic games. Nowadays, a lot of serious games are using artificial intelligence as a part of 

the game algorithm. One of the most popular and the best example is “Crusader Kings” 

(Ck2.paradoxwikis.com, 2018) from Paradox Development Studio. 
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3. Problem 

Consciousness is a fundamental phenomenon in human mind, and it is also an important 

factor in the human decision system.  Mainly, the association of the three subgroups 

constitutes consciousness (Armstrong, 1979). According to this study, minimal 

consciousness is a basic component of every action, even when human beings are not aware 

of that action. For example, breathing in/out is usually performed without awareness. 

Perceptual consciousness refers to subconsciousness, and it can be seen as a hard-disk part 

of the human brain. Also in the case of this form of consciousness, humans are often not fully 

aware of the action. Human being learns these kinds of activities at one point in their life and 

they acquire the skill to execute it in automatic, e.g. as in walking and cycling. The last type 

of consciousness is introspective consciousness. In this type of consciousness, humans think 

about the situation first, then they make their decision, then finally they act. It shows that 

there is a time period between decision time and action time. 

Back to our experimental context, once the subject has formulated a decision (i.e. catching 

the fly presented to the right/left) and is ready for action, our goal is to discriminate between 

two similar yet different actions (reaching right/left) as early as possible after the onset of 

the movement. Importantly, with reference to Fig. 1, the users starts each action from a 

starting area (the head of the frog, sitting in steady position throughout the game, on the 

touchscreen) and reaches for the goal (fly presented to the right/left) passing through a fixed 

via-point (the narrow passage, or corridor, that separates the large space occupied by the 

frog from the space occupied by the fly. In other words, we are looking for observable 

parameters which can discriminate two different intentions one from the other. Such 

parameters are based on kinematic data measured during the natural interaction of the 

player with the game. 

 

 Left Move 

 

 

 

 

 Right Move 

 

        Decision Period The area bt decision and action Real Action (Left of Right) 

Figure 1 Screen-shots of the game 
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According to Figure 1, the player makes a decision (go to the left in this scenario) consistent 

with the fly position. However, to catch the fly, the user has to pass through the corridor and 

then go left. We are testing the hypothesis that the data, once the player has formulated a 

decision about the goal (catching the fly to the right/left) can inform us about the 

participant’s intention even if our observations are limited to what happens in the space 

immediately surrounding the starting area. 

 

 

3.1 Method 

The material in this section describes the infrastructure that we have implemented in order 

to achieve the purpose of this thesis. The first subsection describes data gathering, and it will 

show how the data was created, how we gathered the data from the serious game and what 

the meaning of data is. The following data exploration and visualization subsection will 

inform about how we explored new information in the data and how the visualization of the 

data can help to achieve a better understanding of the data. The next subsection, on anomaly 

detection, describes methods that improve the overall quality of the data, by classifying (and 

filtering out) natural and unnatural human behaviors during playing. The fourth subsection 

is normalization, a necessary preprocessing stage for the application of Dynamical 

Movement Primitives (DMP), that are described in the final subsection. The DMP algorithm 

is important because it represents every movement by the same number of attributes. The 

general name of these attributes is weight. The weights values of both actions (Figure 1) will 

be visualized to find out that these weights values are appropriate attributes to find out 

participant’s intention. 

3.1.1 Data Gathering 

To experimentally understand human actions, data gathering is necessary and at the same 

time challenging and time-consuming phase. All the projects mentioned in the background 

section, rely on a huge amount of data to train or educate their algorithms. In this project, we 

are analyzing human actions in case of selection of right or left direction. In the real world, it 

can be assumed that a human is on the corner of a street and he has to decide whether to go 

to the left side or right side and act accordingly. In that case, we should capture data from 

that person to estimate his intention based on small behavioral differences between going 

left side or right side emerging soon after the onset of action. However, this kind of scenarios 

typically present some problems, for example: 

 Observing people in real time is costly (e.g. cameras, sensors, etc. are required); 

 To collect data, the participants often have to wear sensors; 

 People do not act naturally in an observation system; 

 Creating an appropriate experimental setup and gathering data is time consuming; 

 Repeatability of the experiment is also costly. 



6 

 

Because of these difficulties, the probability of failure cannot be ignored. To overcome at 

least part of these problems and accumulate a sufficient quantity of observations, we decided 

to use a game. In this game, named Frogsnap, the users act on a touchscreen (that returns 

the position of the finger), makes a simple decision and act quickly to catch a fly presented to 

the right/left of the screen. Figure 2 shows screenshots of Frogsnap. The game was installed 

on a PC provided with a touchscreen, lying horizontally in front of the player. 

People are generally eager to play a game and this is another beneficial aspect of using a 

serious game approach. Players contribute to reaching the scientific goal of this study 

without even being aware of it. 

 

 

Figure 2 Screen-shots of the game 

 

Figure 2 shows the outline of the data gathering section of the game. In the picture to the 
left, the participant should drag the frog’s tongue to catch the fly whose location is left. In the 
picture to the right, the participant should drag the frog’s tongue to catch the fly whose 
location is right. In these two scenarios, the participant formulates his goal (i.e. reaching left 
or right), according to the fly position, before acting. As soon as the participant touches the 
screen, the data gathering starts. The game’s design, perfectly symmetric, forces the 
participant to cover a fixed path, from start to the narrow corridor behind which is the fly, 
that can be considered “neutral” with respect to the goal. In other words, the path from a 
fixed start to a fixed via-point must be covered independently on the goal. Finally, after the 
participant passes the via-point between two green barriers, he goes to the left or right side, 
according to the fly position. In the analysis of the experiment, we are looking for any 
measurable difference in the player’s behavior within the interval between start and via-
point, particularly focusing our attention on the space that is closer to the starting point. 
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Table 1 Row data 

X_Pos Y_Pos Via_Point User_ID Move_ID Selection 

0 -17 0 3 5 True 

16 -16 0 3 5 True 

36 -13 0 3 5 True 

84 -6 0 3 5 True 

 

Table 1 indicates the format of the raw data, which are supplied by the game. The first 
column of the table refers to x-axis position on the game. The second column refers to y-axis 
position in the game. The game has HD resolution and it means that there are 1080 pixels on 
the x-axis and 720 pixels on the y-axis. The position of the frog was set zero for both x and y-
axis. So our limits for x-axis is between 0 and 1080 and our limits for y-axis is between -360 
and 360. The third column is via point, and if its value is zero, it means that the user has not 
yet passed the narrow corridor between two green barriers(Figure 2). If it is one, it means 
that the user has passed the corridor. According to the via point column, we figure out which 
data are recorded in the space between start and via-point and which in the space between 
via-point and fly. As already mentioned, the former space, particularly near the starting 
point, is the crucial area for our study. User ID column identifies the user who has played 
that game. In other words, it shows which data belongs to which user, and unique for every 
user. The next column is Movement ID, and it is unique for each reaching action of the same 
participant. If user ID changes, Movement ID sets to zero again. We can separate every 
movement of every user thanks to User_ID and Movement_ID. It is an important issue in 
section 3.1.3 (Anomaly Detection). The last column gives us information about the label of 
the action. If the action goes to the left side, the value of the cell turns false and if the action 
goes to the right side, the value of the cell turns true. This column shows the user decision for 
that action. Lastly, time stamps are reported, where the sampling time interval was set to 
10ms.  A high-frequency value was selected to collect more data and increase information. 
Time stamps also enable us to calculate people's completion time of actions. For example, if 
one user’s movement has 500 time stamps, it means that he has reached the fly in five 
seconds. 

 

 

 

 

 

Figure 3 Game axes 
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3.1.2 Data Exploration and Visualization  

Data exploration is about efficiently extracting knowledge from data even if we do not know 
exactly what we are looking for (Idreos, Papaemmanouil, and Chaudhuri, 2015). This 
definition fits with the project in this study. We are looking for a difference, but we do not 
know which attribute can give us this difference. So in that case, increasing attributes 
number may be a useful approach. We have positions on x and y-axes, and we also have the 
sampling frequency information (with a sampling rate if 10 ms). It means that we can 
calculate velocity and acceleration. 

  𝑉𝑎𝑣𝑔 =
∆𝑥

∆𝑡
=
𝑥𝑓−𝑥0

𝑡𝑓−𝑡0
               (3.1) 

Velocity on x-axis and y-axis can be easily found, according to equation 3.1.  𝑥𝑓  and 𝑥0 are 

the final and beginning positions at times 𝑡𝑓 and 𝑡0, respectively. But the frequency of the 

project is stable and 10ms. So 𝑡𝑓 -  𝑡0 always equals to 10ms.  

   𝐴𝑎𝑣𝑔 =
∆𝑣

∆𝑡
=
𝑉𝑓−𝑉0

𝑡𝑓−𝑡0
      (3.2) 

Actually, acceleration is the second derivative of the position and first derivative of the 
velocity. Similarly, equation 3.2 shows the acceleration formula, this time the parameter is 
velocity.  

New attributes were extracted from the raw data and all attributes were saved in the comma 
separated values (CSV) file. CSV file was selected because it is a commonly used file format 
in the big data area. 

Figure 4 Data format of csv file  

Figure 4 gives more information than row data. The time column was also included in the 
file. The direction column is another difference between the raw data and csv file. Here “1” 
refers to the right side and “0” refers to the left side. It has been changed because of some of 
the software languages such as Matlab, Octave cannot read string values and integer values 
together. And numbers needs smaller memory than string values. 
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Numbers in a table can look fancy. However, It is hard to see information in tables. So, we 
visualized almost everything in this study. Figure 5 gives an example of the visual 
representation. 

Figure 5 Visualization of acceleration and velocity 

 

Figure 5 (velocity panel) is also an example of why we have developed anomaly detection 
strategies. When we look at the velocity graphic on the x-axis, we expect positive values. In 
fact, we know that, in normal conditions, motion in x-axis must proceed forward, according 
to the design of the game. Therefore, negative velocity on the x-direction means that 
something unusual is going on.  Figure 6 displays the same movement in the start to via 
point area, showing that in this case the user’s reaching movement is abnormal. 

 

 

 

 

 

 

 

 

Figure 6 Visualization of the user movement 

In section 3.1.1, we already mentioned that the data should be a collection of natural human 
actions during the execution of the task. However, Figure 6 shows that, according to a 
reasonable execution of the task, this action is not natural. So, we should separate natural 
and unnatural movements from each other. It is certain that there is a relation between data 
error rate and accuracy of the project (Wang and Strong, 1996). 
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3.1.3 Anomaly Detection 

Anomaly detection (AD) is the identification of instance which are not similar to expected 
pattern or majority instances (Chandola, Banerjee and Kumar, 2009). Anomaly detection 
has a variety of study area for example fraud detection(Chandola, Banerjee and Kumar, 
2009),  cyber-attacks (Lazarevic, A., Ertoz, L., Kumar, V., Ozgur, A., and Srivastava, J. 
2003), ECG anomaly detection (Andrysiak, 2016) and so on. In our approach, we will use 
Anomaly detection to identify natural and unnatural human behaviors. Anomaly detection 
can use supervised learning approaches or unsupervised learning approaches or semi-
supervised learning approaches, according to the aim. In this study, unsupervised learning 
was used to create labeled data (normal or abnormal). In that case, the algorithm does not 
need any labeled data to take them as references. 

Generally, anomaly detection approach takes whole attributes of data to find abnormal data. 
However, in our approach, a new attribute was extracted to both increase accuracy and 
decrease run-time period at this level. In the intention recognition area, it is expected that 
the difference between beginning and end points on x-axis must be comparatively higher 
than on y-axis, in a certain time period. It must be like that because it is one of the main 
dynamics of the game. This observation is the foundation for the anomaly detection 
algorithm. If we select this time adequately small, it becomes the definition of the derivative. 

 

     𝐷𝑦 = ∑ 𝛼|𝑦|´𝑡                𝑖𝑓∆𝑥 ≥ 0     (3.3) 

 

 

Where 𝛼 is a constant. Equation 3.3 shows that if the participant moves so much on the y-

axis, the value of 𝐷𝑦 will be high otherwise, 𝐷𝑦 will be always small.  Small 𝐷𝑦 values refer to 

natural actions and high Dy values refer to unnatural actions. However, Figure 7 shows 

another problematic issue. There is a zigzag action in this figure. In the game dynamics, 

these kinds of actions are also unnatural. So 𝐷𝑦 value of these kinds of actions should be 

high. 
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Figure 7 A zigzag problem 

 

However, according to equation 3.3, Dy value of this action will be low. So, it will classify as 
natural, but it is not.  To solve this exceptional case, a new equation was created, in case of 
∆x < 0. (the beginning point of the x-axis is bigger than the end point, in a specific time). 

 

     𝐷𝑦 = ∑ 𝛽(𝛾 + |𝑦́|)            𝑖𝑓∆𝑥 < 0𝑡     (3.4) 

 

𝛽 and 𝛾 are positive constant values so  𝛾 + |𝑦|´  is always positive and 𝛽 is bigger than one. 

𝛽(𝛾 + |𝑦|´ ) gives us always positive number even if 𝑦́ is zero when ∆𝑥 < 0. Ultimately, 

this equation makes 𝐷𝑦value high in case of ∆x < 0 so, it solves the zigzag problem. Table 2 

shows 𝐷𝑦 values of some movements and their clusters. 
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Table 2 Examples of 𝐷𝑦 values 

𝑫𝒚 Clusters 

1.94 Natural 

59.64 Unnatural 

3.33 Natural 

8.55 Natural 

46.58 Unnatural 

8.19 Natural 

 

𝐷𝑦 value is obtained for every movement. There are many unsupervised learning 

approaches to create clusters (natural, unnatural). In this study, Density-based spatial 
clustering of applications with noise (DBSCAN) (Ester, Kriegel, Sander and Xu, 1996) was 
used for data clustering. DBSCAN creates clusters according to the density of data. Figure 8 
demonstrates how works  DBSCAN algorithm. It creates clusters according to distances 

between points. In our case, the subgroup which has the minimum average of 𝐷𝑦 value is the 

natural movements. 

 

 

 

 

 

Figure 8 DBSCAN algorithm 

 

Figure 9 shows an example of the result of the DBSCAN algorithm. The name of one png file 

is “19_2_faulty.png”. “19” refers to User_ID, “2” refers to movement_ID and “faulty” means 

that this movement is unnatural and it is better to not use this data for next stage of the 

study.  
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Figure 9 Classifications of movements 

Figure 9 also shows that the approaches after this stage will use the data is between the start 
point and via point anymore. 

 

3.1.4 Normalization 

After anomaly detection, the data has only natural actions and normalization is the last step 
of data manipulation step in this paper. Normalization is mandatory because Dynamical 
Movement Primitives, a method introduced in the following section, requires normalized 
data. 

According to Dynamical Movement Primitives, the start point of the action should be set to 
zero and the end point of the action should be set to one. Equation 3.5 shows normalized 
values of the points between the start point and end point. The start points of both axes are 
already zero according to the game so, there is no need to do anything for that side. 

        𝑥𝑖̅ = 
𝑥𝑖

𝑥𝑒𝑛𝑑
       (3.5) 

When the positions values transformed, the values of velocity and acceleration should also be 
modified accordingly. 
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3.1.5 Dynamical Movement Primitives 

Dynamical Movement Primitives (DMP) (Ijspeert et al., 2013) is an approach which can be 
used to encode movement in a multidimensional space. Each dimension is represented in 
isolation, and all dimensions are coordinated through a canonical function (see eq. 3.8 
below). In our experiments, actions are 2D movements across the touchscreen monitor of 
the computer, from the start point (frog) to the final goal (fly). So it means DMP can model 
the movements in the game. Equation 3.6 indicates the general formula of DMP approach. 

     𝜏𝑦̈ = 𝛼𝑧(𝛽𝑧(𝑔 − 𝑦) − 𝑦̇) + 𝑓      (3.6) 

𝜏 is a time constant and similarly, alpha and beta are positive constant. The variables y,𝑦́ and 
𝑦́ represent the desired position, velocity, and acceleration of the movement. The variable 𝑔 
is the goal position. A movement starts with y=0 position and ends with y = 1 position. The 
forcing term “𝑓 ” allows more versatile point attractor dynamics. If 𝑓 = 0, this equation will 
be a globally stable second. The forcing term makes the equation suitable for a variety of 
movement. 

      𝑓(𝑡) =
∑ 𝜑𝑖(𝑡)𝑤𝑖
𝑁
𝑖=1

∑ 𝜑𝑖(𝑡)
𝑁
𝑖=1

       (3.7) 

The nonlinear equation 3.6 has time dependency, however, this explicit time dependency 
creates more precisely a linear time-variant dynamical system. For example, 5 seconds lasted 
action can be represented by 5 attributes with one second intervals. However, 10 seconds 
lasted movement will need 10 attributes. We want to represent every movement with the 
same number of attributes.  To exceed this problem, DMP uses a replacement of time. 

       𝜏𝑦́ = −𝛼𝑥𝑥        (3.8) 

In this first-order linear system alpha is a constant and x represent time variable. The initial 
state of the equation is x = 1 and final state of the equation is x = 0.  

With equation 3.7, we can reformulate the forcing term to become, 

     𝑓(𝑡) =
∑ 𝜑𝑖(𝑥)𝑤𝑖
𝑁
𝑖=1

∑ 𝜑𝑖(𝑥)
𝑁
𝑖=1

𝑥(𝑔 − 𝑦0)     (3.9) 

 

With N exponential basis functions  𝜑𝑖(𝑥) , 

      𝜑𝑖(𝑥) = 𝑒𝑥𝑝 (
−1

2𝜎𝑖
2 (𝑥 − 𝑐𝑖)

2)     (3.10) 

Where 𝜎𝑖 and ci are constant and 𝜎𝑖 refers to the width and ci refers to the center of the 
function. Figure 10 shows the graphic of this function. N values in equation 3.8 refer how 
many kernel function will use to imitate the movement. 
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Figure 10 Exponential function 

 

This study only interests with 𝑤𝑖 values because these values capture the dynamic of the 
movement and they are also a fundamental part of the movement representation. The data 
has positions, velocities, and accelerations (Figure 3). If constant values set with appropriate 
values, the forcing term can be found according to equation 3.5. The next equation shows the 
target forcing term. 

     𝑓𝑡𝑎𝑟𝑔𝑒𝑡 =  𝜏𝑦̈ − 𝛼𝑧(𝛽𝑧(𝑔 − 𝑦) − 𝑦̇)    (3.11) 

With appropriate 𝑤𝑖 values, it is possible to reach these target forcing terms. DMP algorithm 
is using, locally weighted regression (LWR) (Schaal and Atkeson, 1998) to find these 
𝑤𝑖 values. The error function of the approach, 

     𝐽𝑖 = ∑ 𝜑𝑖(𝑡)(𝑓𝑡𝑎𝑟𝑔𝑒𝑡(𝑡)  − 𝑤𝑖𝜕(𝑡))
𝑃
𝑡=1     (3.12) 

Where 𝜕(𝑡) =  𝑥(𝑡)(𝑔 − 𝑦0) in the equation. The solution of the equation 

        𝑤𝑖 =
𝑠𝑇𝛿𝑖𝑓𝑡𝑎𝑟𝑔𝑒𝑡

𝑠𝑇𝛿𝑖𝑠
      (3.13) 

Where 

 𝑠 = (

𝜕(1)

𝜕(2) .  .  .   
𝜕(𝑃)

)      𝛿𝑖 = 

(

 
 𝜑𝑖(1)                            0  

𝜑𝑖(2)                          .  .  .  
0                                       𝜑𝑖(𝑃))

 
 

     𝑓𝑡𝑎𝑟𝑔𝑒𝑡 = (

𝑓𝑡𝑎𝑟𝑔𝑒𝑡(1)

𝑓𝑡𝑎𝑟𝑔𝑒𝑡(2) .  .  .   
𝑓𝑡𝑎𝑟𝑔𝑒𝑡(𝑃)

)  (3.14) 

 

These equations refer only one kernel function and P value is instance number. In this study, 
time interval set to 0.01 (10 ms). So if movement lasts 4 seconds, the P value is 400. Kernel 
function in Figure 9 is starting with zero then its value is increasing exponentially until one 
and finally its value is decreasing until zero again within definite time. But every kernel can 
only help to represent a part of the action. Because of that, there are N different kernel 
functions for different time periods. The lower right corner graph of Figure 11 shows these 
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kernel functions. After these steps weight value of every kernel functions of every movement 
can be found according to equation 3.13 

DMP approach is being used for multidimensional movements too. In that case, this 
approach must be implemented for each dimension individually. DMP approach was used 
with our data and Figure 10 shows the result of this approach on the x-axis of one movement 
of the data. 

Figure 11 Results of DMP algorithm on x-axis of one movement 

The first line of Figure 10 compares the actual movement to its DMP representation for the 
position, velocity, and acceleration (panels left to right, respectively, where the red line is the 
actual movement and blue line is its DMP encoding). The real and the imitation are close to 
each other. The second line of Figure 9 show x variable which represents time according to 
equation 3.7 and kernel functions like Figure 8. N value set to 20 in this example and weights 
of these kernel functions are shown by Table 3.  DMP algorithm can represent perfectly just 
half of action because there is no kernel function after that. 

Table 3 Weight values of the x-axis of the movement 

1. 53.09 2. 42.07  3.  34.09 4.  26.31 5. 22.91 

6.  25.25 7.  27.87 8.  30.17 9.  30.98 10. 31.05 

11. 30.78  12.  31.02 13.  32.61 14.  35.91 15. 27.66 

16. 14.78  17.  1.78 18. -74.19  19. -112.36 20. -150.75 

 

Finally, the weights values are available for one axis. For y-axis, the same steps must be 
done.  After that, just 2x20 numbers will represent a movement. This study's aim was to 
understand human intention as soon as possible after the onset of the movement. These 
weight values can be a way to explore human intention in case of right or left selection. 
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4. Results 

4.1 Data Gathering and Anomaly Detection 

A first necessary step is to verify the actual meaning of the geometric information extracted 

from the touchscreen surface, comparing the known real-world geometry with the positional 

information that is captured by the touchscreen. For this reason, we masked part of the 

screen with an A4 paper sheet and followed the edges of the sheet with a finger. Figure12 

shows the result of this test. 

 

Figure 12 Visualization of the user movement around the A4 paper 

The corner points of this rectangle are given in the next figure.  The first value is position on 

the x-axis and the second is position on the y-axis, and these values are pixel values. The 

touchscreen monitor used in the experiment has 33 cm on the y-axis and A4 paper length of 

the y-axis is 21cm. The game has HD resolution, and it means it has 720 pixels on the y-axis. 

A simple mathematic calculation can verify data gathering level. 

 

 

33cm    720 

 

21cm    X 

 

X = 458,2 

The difference between edges according to y-axis is (235 - (-225)) = 461 pixel. The real value 

is 458, and the measured value is 461. The measurement error between these values is lower 

than %1, and therefore acceptable, given the scope of our study. 
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During our preliminary experiments, Frogsnap was played by 25 different subjects. These 

people were selected randomly, and they were given no information about the game to avoid 

biases. In the experiment, the participants were asked to play at least 5 levels, and after that 

they were free to quit playing whenever they wanted. The participants played the game in an 

empty room and lonely. There was A camera in the room and it was used to monitor and 

verify problems or errors these users faced when they are playing. Also, the video recordings 

were used to verify the existence of unforeseen problems related to the experiment. Finally, 

the video recordings were also used to validate the figures which were deduced from the 

data. For example, when the camera recordings were analyzed, we realized that one 

participant had accidentally restarted the game after playing some levels. So we realized how 

this same participant was actually represented by two different user id in the data. 

The participants totally made 629 movements and they played 541 levels of the game. This 

means that the participants had to repeat some levels. The game has two main phases, one of 

them is data gathering and the other one is a more entertaining part. 365 levels of these 541 

levels belong to data gathering side and 176 levels belong to the fun side.  In this 365 data 

gathering levels, some of the participants acted unnaturally, so we classified them as 

anomalous thanks to anomaly detection (Section 3.1.3). The first data gathering level was not 

included in the target data because during the first execution the participants try to 

understand the game mechanism, targets and how to play the game. Similarly, levels 14th, 

37th, and 60th introduce new dynamics of the game (bonus flies, red flies, and time 

restriction) to the participants, and deliver related information. Therefore, such levels were 

also not included in the valid data because the delivery of new information distracts the 

players and makes them behave unnaturally. After this stages finally, we have 298 

movements which are valid for analysis. 

 

4.2 Trajectory Results 

One of the paths we followed in this project is to use the power of visualization in order to 
gain insight. So, almost everything was visualized and assessed. In this section, 3 
visualization formats were generally used to extract information.  

 X position vs Y position (x-y graphic) 

 X position vs Time Period (x-t Graphic) 

 Y position vs Time Period (y-t Graphic) 

 

Figure 13 shows whole movements (298 movements) together in the x-y graphic. This figure 
is too complex to understand to extract any information. In fact, the different behaviors of 
different users overlap with no common traits. Because of that, our analysis focused on the 
individual level, based on user id. Another reason to assess trajectories individually is that 
when we started to analyze the data, we soon realized that every user tends to develop and 
follow personal patterns when reaching for the fly. Therefore, the only way to understand 
their individual patterns is to analyze them subject by subject. In doing this, we analyzed 
participants who played data gathering levels at least 20 times. Subject 3rd, 7th, 15th, 24th 
and 26th played the data gathering levels more than 20 times and only these users’ trajectory 
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results were assessed. For other participants, no evaluation was made because any kind of 
observed regularity would have no statistical significance, and would not support any 
generalization.  

 

Figure 13 Visualization of all movements on the x-y graphic 

Figure 14 shows the x-y graphic of the 7th participant. In the figure, the red lines refer to 
movements whose direction is left and blue lines represent movement whose goal is to the 
right. In this figure, there are 11 right movements and 10 left movements. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14 Movements of 5th participant on the x-y graphic 
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Figure 14 shows that there is almost no difference in the initial stages of two movements. 
There might still be some hidden pattern, but it is not easy to see with this figure. However, 
Figure 15 shows more clearly the difference between them. 

Figure 15 Movements of 5th participant on y-t graphic 

Figure 15 shows how movements to the right densely bundle in the area marked by an arrow, 
while movements to the left have a disorganized distribution. 

A different pattern can be extracted from 15th participant's movements. Figure 16 shows the 
x-y graphic of this participant's 46 movements. 28 of these movements are directed to the 
right side, and rest of them to the left side. When we look at the interval ranging from about 
half the way to the via point, the two classes of movements can be easily separated one from 
the other. In the figure, movements to the right are directed upside and movements to the 
left downside. Via point position is the 925th pixel of the x-axis. 

Figure 16 The movements of 15th participant on x-y graphic 

Via Point 
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Interestingly, we found another information from the trajectory. The participants (3, 15, 24, 
and 26) who played the data gathering levels more than 30 times have reached faster the 
flies whose position is left than the flies whose position is right. 

 

Table 4 Number of right and left movements according to user id 

User id 3 7 15 24 26 

Right 28 10 28 19 16 

Left 18 11 18 21 14 

 

 

All of these participants' dominant hand is right. According to this observation, we revealed 
that human arm anatomy favors movements aimed at the opposite direction of their 
dominant hand. For example, figure 17 shows two different movements. Right-handed 
people tend to complete movements to the right (red) quicker and more naturally than 
movements to the left (blue).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17 Right and left movements from a participant’s perspective 
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The next figure shows 3rd, 15th, 24th and 26th participants mean times of completion of 
movements aiming to the left and right. There is a clear distinction between two classes of 
movements.  

Figure 18 Mean values of completion time of right and left movements of 
participants who played the data gathering levels more than 30 times  

4.3 DMP Results 

DMP algorithm can represent movement by weight values of kernels. The lower right picture 
of Figure 10 shows that the approach has kernels until half of the movement. These weights 
values are being used for an accurate representation of half of the movement, keeping in 
mind that we are interested in analyzing the early part of the movement. In the second half, 
there is no weight value, and the reproduction continues according to equation 3.6 without 
the forcing term.  According to DMP approach, the right and left movements of 3rd, 15th, 
24th and 26th participants were represented for both x-axis and y-axis. In doing this, 40 
kernel functions were used. In other words, half of the movement was represented by 
weights of 40 kernel functions. The first kernel functions represent the beginning of 
movement and others represent orderly the movement until about half of it. The mean and 
standard deviation values of these weights of the users are also visualized for each axis. 
Figure 19 shows mean and standard deviation values of weights of the 24th participant for x-
axis of the movements and Figure 20 shows for the y-axis. The horizontal axes of these 
figures show kernel numbers, the bars’ height represents the mean values, and the pipes 
indicate standard deviation for weights of this kernel. There are 4 figures for every axis and 
each figure showing sequences of 10 kernel weights (from 1 to 40) to increase readability. 
The data used in DMP algorithm represent trajectories just between the start point and via 
point. 
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Figure 19 Weight values of Kernels of DMP algorithm on the x-axis 

At first sight it seems hard to classify movements to the right or left based on DMO weight 
values for the x-dimension. 
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Figure 20 Weight values of Kernels of DMP algorithm on the y-axis 

Figure 20 shows similar results of DMP algorithm for the y-axis. Similarly, at the beginning 
of the movements, there is almost no difference between weight values of right and left 
movements. But after an initial phase, the mean values of every weight representing the two 
classes of movements get significantly different from each other. Kernels between 20 and 40 
clearly show that mean weight values of these kernels certainly different from each other. On 
the other hand, the standard deviations of these weights values are high. The difference 
between these two kinds of movements can be seen, according to mean values. However, we 
cannot have high confidence in the classification derived from that information, because of 
high standard deviation. A new approach should be implemented before DMP algorithm to 
decrease standard deviation. The situation for other users is also similar for both axes.  

The software of this study is accessible to the public, and developments will continue on this 
GitHub repository. (https://github.com/ugurhaliskurt/HumanIntention)  

 

 

 

https://github.com/ugurhaliskurt/HumanIntention
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5. Conclusions 

5.1 Summary 

In this study, a game, called Frogsnap, was used to analyze real life behavior, looking for 

clues that could allow us to predict the final direction of a reaching movement, early after the 

onset of the movement itself. Our experimental data were generated by the players’ 

interactions with this game. This study showed that serious game is an effective approach to 

investigate our research question. The game gave an opportunity to harvest data with low 

effort and cost. Serious games could be a perfect alternative to collect data for scientific 

purposes. 

The first result extracted from our data is that people have their own path when they are 

moving to reach a goal on the left or right side. In other words, two different people tend to 

follow different way even though they have the same intention. Therefore, we realized that if 

our purpose is to estimate human behaviors, we should look at every human subject as an 

individual problem.  After we considered subjects’ movements individually, we could finally 

observe some patterns. According to these patterns, it is possible to anticipate to some extent 

the intention of the subject, based on a brief observation right after the onset of his 

movement. 

Secondly, we have highlighted an obvious difference between the completion time of right 

and left movement is a general result of this study. According to this experiment, the 

completion time of movements to the left is smaller than movements to the right for right-

handed people. Considering the speed of the different movements could be a valuable clue 

for prediction in this scenario.  

DMP modeling was used in this study to find appropriate parameter, which can separate 

these two kinds of movements, after observing the early stage of them. Actually, after the 

beginning phase, the means values of weights of right and left movements are quite different 

from each other on the y-axis. At the first sight, that could be seen as a promising solution. 

However, these weights are distributed with high variance. If DMP kernel weights will be 

used to estimate intentions in this kind of situation, wrong predictions might be derived 

because of high variance. This is the weak side of this approach in this situation. 

In summary, while looking for parameters that could support effective the classification of 

human intentions, we have visualized and assessed a significant amount of behavioral data 

from human subjects, and we have extracted some parameters they may support the 

recognition of human intention in our serious game scenario.  

5.2 Ethical Considerations 

A camera recorded all participants when they were playing the game. These recorded videos 

were used to understand difficulties the participants faced. To protect data privacy, the 

camera view was arranged to only record the touch screen of the tablet.  When the 

participants played the game, the camera also recorded their arms. The participants were 

also informed verbally about the camera in the room before the start of the experiment. 
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In parallel, Frogsnap also recorded the position over time of the subject’s finger on the 

touchscreen. This data does not have any private information such as the person's name, 

personal number, birthdate, nationality, education, family or employment conditions. 

According to “Handling personal information” section at Codex (Codex.vr.se, 2018), this 

data cannot classify as direct private data but it is still this personal data. 

Before the beginning of our experiment, we prepared a document which mentions about 

these two data type, and we asked the participants to read this document and sign it. This 

document is about data privacy and it can be found in Appendix A. In this document, we 

stated that the data will be used according to the Forskningsetiska Principer inom 

Humanisk-Samhällsvetenskaplig Forskning [Principals for Research Ethics in the 

Humanities and Social Science] (Codex.vr.se, 2018) guidelines. We also specified that the 

data will be used only for non-commercial research purposes. 

5.3 Limitations 

We had faced some problems with the current stage of development of our serious game 

“Frogsnap”, and these situations reduced data quality. In case these problems will be fixed, 

the result of these study can be improved. 

 The most important problem we have in the current implementation of the game is 

about the fly. In the game, the fly appears after the user starts to move his finger on the 

touchscreen. That means that at the very onset of the movement, the user is moving 

without a clear goal (because the player does not know the position of the fly yet) before 

he even sees the fly. This contrasts the specifications for the game (Figure 1). In this 

study, our aim was to predict human intention, and the player’s movement should be 

goal directed from the very beginning. Because of this problem, the early stage of each 

movement has no significance for our purpose. 

 Y-axis positions of the frog and via point should be perfectly aligned. A lot of attention 

had been dedicated to designing a completely symmetric level for data collection. 

However, the present version of the game has lost this basic requirement. 

 The database for the experiment needs to be extended. This issue has two sides. Firstly, 

the number of participants should increase. Secondly, every participant should play the 

data gathering level at least thirty times. 

5.4 Discussion 

Machine Learning or Deep Learning algorithms may also be used to classify right and left 

movements in this project, and these algorithms may provide tremendous accuracy. 

However, these approaches often look like a black box, hiding the detail of how these 

algorithms divide movements into two classes. On this project, however, we have been 

searching for a deeper level of understanding, looking for parameters which can enable to 

separate these movements. 

 



27 

 

The other important side of this project is the serious game. According to the report 

published by Allied Market Research, titled, “Serious games market by User Type, 

Application, and Industry Vertical: Global Opportunity Analysis and Industry Forecast, 

2017-2023” (Sonawane, 2017), global serious games market will grow %19,2 from 2017 t0 

2023, and serious games market is expected to reach 9167 million dollars. This growth may 

open new areas for serious games. Serious games have a beneficial potential for education, 

health, marketing or psychology. However, we also believe that serious games can extend its 

influence over manufacturing or data science. “A serious game for understanding artificial 

intelligence in production optimization”(Syberfeldt, 2010) is a study between serious games 

and manufacturing. Our study was also co-production of serious games and data science. 

The most crucial part of data science is of course “data”, and games, as shown in our study, 

also have tremendous potential for collecting data. Large game companies are using their 

actual game data to train artificial intelligence mechanism in the game. The same situation is 

also possible for serious games. Serious games’ data could help improving both game 

mechanisms, and the deepest aspects of its “serious” element, and extract extra information 

about participants who play those games. 

5.5 Future Work 

Frogsnap, the serious game we have developed for this project has HD resolution (1280 x 

720). Nowadays, it is possible to create a serious game with UltraHD resolution (3840 x 

2160). This improvement of the resolution will give nine times more detailed data, and 

besides of that, the detailed data will provide smoother figures. Also, sampling rate was 10ms 

in this study, due to limited hardware support. However, time resolution could probably also 

be improved. 

High standard deviation value is a weak side of this study. Another approach could be 

implemented before DMP algorithm to decrease standard deviation. Lower standard 

deviation will provide the more accurate estimation of intention. However, once data are 

pre-processed to reduce standard deviation, the weight values of kernels will not have 

normal distribution (Figure 19 - 20).  Therefore, it will not be possible to proceed to 

statistical hypotheses testing by using basic statistical approaches, such as T-test, and some 

more advanced tool will be required.  
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Appendix A -   

 

 

  
Consent Form of Participation in Research Study 

University of Skövde 

You are invited to participate in a research study that is part of the being carried out by 

master student Jakob Löwenberg in the Master program in informatics, in the area of 

Serious Games. All information about the research and he study is presented below. 

 

Principal investigator: Supervisors: 

Jakob Löwenberg Björn Berg Marklund (bjorn.berg.marklund@his.se) 

a14jaklo@his.se Jenny Brusk (jenny.brusk@his.se) 

 

Voluntary participation 
Your participation in this research study is voluntary. You may choose to not to participate 

and you may withdraw your consent to participate at any time. You will not be asked for any 

explanations if you decide not to participate to withdraw from this study. 

 

Description of the research 
The overall research plan is to perform a series of studies (such s the present one) to 

investigate aspects of player motivation and retention in serious games. The aim of the 

research is to better understand how to create effective serious games, and how intention 

applies to individuals and the general population. 

 

Method to be used 
Your participation will involve playing a digital game in front of an active camera. After the 

activity a interview will take place, and following that a debriefing session, where the 

investigator will answer questions and explain to you any specific detail about the study and 

how your data will be analyzed. The game in the study have a casual theme, there are no 

intense violence, blood and gore, sexual content and/or strong language element in it.  

 

Data to be collected 
During the whole activity a camera will record a video of you playing. The video will be 

captured and stored for further research. Additionally the following data will be  captured 

and stored for further research: input data for movement, numbers of levels completed, and 

answers from the interview regarding enjoyment of game. 

 

 

mailto:jenny.brusk@his.se
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Usage of collected data 
The collected data will be used and handled according to the Forskningsetiska Principer inom  

Humanisk-Samhällsvetenskaplig Forskning [Principals for Research Ethics in the Humanities 

and Social Science] guidelines. The collected data will only be used for non-commercial 

research purposes. Your data will be stored in a hard-drive that is only accessible by the 

principal investigator, he will handle and keep it physically under his possession to ensure 

unauthorized persons will not have access to the data. 

 

Consequences and risks 
There are no known consequences or risks associated with this research, however you might 

feel a discomfort regarding being watched by a camera. In order to minimize that discomfort 

we emphasize that all data are anonymously collected and will never be public disclosed 

without your consent. 

Potential benefits 
There are no known benefits to you that would directly result from your participation in this 

research. This research, however, may help increase understanding regarding best design 

practices within the field of serious games, and regarding intention and robotics. 

Protection of confidentiality 
All data is anonymously collected. Your identity will not be revealed in any publication 

resulting from this study. We will never publicly disclose your data, i.e videos, movement 

data collected from the game, pictures and answers to questions, without your consent. In 

the eventuality that you do not want your data to be publicly disclosed and we need a picture 

of you in a scientific manuscript, we will contact you in advance and ask for authorization to 

use your picture. We will not use the picture if you do not explicitly agree with it. We will do 

everything we can to protect your privacy. 

Contact information 

If you have any questions or concerns about this study or if any problems arise, please 
contact Jakob Löwenberg (a14jaklo@his.se) at the University of Skövde. 
 

 

 

Consent 

I have read the consent form and have been given the opportunity to ask questions. 

 
   

 I give my consent to participate in the study. 

                                                                                                                                                         

Participant's name    Participant's signature Jakob Löwenberg  

         (print form)      Investigator 

Date:                                     A copy of this consent form should be given to you 

 


