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Abstract: We investigate how characteristics of a group in group learning situation can be 
analyzed using accelerometer sensor data. Distributions of the time length of active body 
movements showed little variation between example cases. The distributions of the period of a 
cycle of body movement showed the difference between the case by whether the case includes 
out-of-classroom activities or not, at certain range of period. This can be regarded that we can 
distinguish normal classroom learning activities and extra activities with intentional body 
movements. On the other hand, index values (power exponents) of distribution of duration of 
body movements (of the respective students) in a case showed a negative and weak correlation 
with the score of Emotional Intelligence (EI) of students. These findings suggest that these 
analysis can be applied to understand the status of students and/or groups. For these analyses, 
the accelerometer sensor with high sampling rate was necessary and essential for collecting data 
of duration of active time and period of body movements with sufficient precision. 
 
 

Introduction 
   
 Recently learning styles called group learning or active learning are becoming common. In such learning 
styles, the group of students in the classroom or some workplace work together, and learn through interaction and 
collaboration to solve some problems. This group of learners is often referred to as a learning community. In these 
learning styles, the interactions between students are various, complex, and large in number, and facilitators must 
observe students carefully and quickly judge the situation to make effective interventions. Of course such tasks are 
difficult. 
 On the other hand, various sensor devices are built into recent commodities like smart phones, and such 
devices can sense, store, and transmit the data in real time, and those data can be used to know the physical state of 
the objects and the users. The use of such sensors can be a possible solution to the difficulties of the facilitators in 
group learning situations. For example, an accelerometer sensor can give the information about the body movement 
of a person in a classroom (or other specific environment), and through this information we can observe whether 
he/she is actively working or not. Especially accelerometer sensor is relatively cheap and easy to use, thus it can be 
applied for research purpose without difficulty, or introduced into a classroom for practical application. 
 However, it is still unclear what information we can acquire from the analysis based on accelerometer sensor 
with respect to understanding of learning activities or a status of learning, of a student or a learning community. The 
most popular measure of human activities that can be acquired from an accelerometer sensor is a frequency of body 
movements. Some researches deal with the ranges of values of frequency of body movement that is correspondent to 
the type of activities, for example, typing, talking, walking etc. (Ara 2012). Other research is about finding/guessing 
collaboration relation from the synchronization of body movements of two persons, using two accelerometer sensor 
data (Tagawa et al 2016). But we still do not know how we can know about the status of learning environment or 
learning community, or a status of a learner by comparing with other learners or some standard and typical learner, 
from accelerometer sensor data. One possible solution for this is the statistical analysis of the characteristics of body 
movements of a person, and a comparison between persons, or between groups. Some researches deal with the 
distribution of duration time of active movement or waiting time for the next movement, to represent the status of a 
person, or a group and use it for comparison with others (Barabasi 2005, Nakamura 2007), but these researches are 
not about the educational environments or learning communities. In the analysis of this research we adopt the 
analysis of distribution of duration time of movements or period (length of a cycle) of body movement following 
those approaches, and investigate how this method can be utilized for the analysis of learning community. 



 In previous research we used accelerometer sensors with a relatively low sampling rate (approximately 10-
16Hz). But with such sampling rate we cannot observe and analyze the duration time of movements with sufficient 
precision especially if the value (the length of duration) is quite small. We adopted an accelerometer sensor with 
higher-sampling rate (100Hz) in this research. 
 
Device and Data Collection 
 
 In this research, we used multiple sensor device (open-source hardware named “ninjascan light”, see 
https://github.com/fenrir-naru/ninja-scan-light). This device includes 3-axis gyroscope, 3-axis accelerometer, GPS 
receiver, pressure sensor, temperature sensor, magnetic sensor, and microSD output interface, and the data from these 
sensors are recorded into the microSD memory card. The sampling rate of this accelerometer sensor is 100Hz, We 
used the accelerometer sensor data from this device for the analysis of body movement in this research. In each of the 
practice (experiment), we put this sensor devices into the name badge, and all student wore this name badge around 
the neck, so the sensor is placed almost on a upper part of body, and recorded the movement of the students body. 
 We have collected the accelerometer data from following four cases. Cases A, B, C are the parts of same special 
course held by an alliance of universities and colleges from October to November 2017 in Fukui Prefecture, Japan. In 
this special course, all students visit local depopulated area, discuss problems of the area and propose a solution for 
the area. Through the course, participants (students) are almost same except for one student. On the other hand, case 
D is one lesson of ordinary class of a university that includes group activity (discussion) and light physical exercise 
(indoor walking as a practice of walking meditation).  
  
Case A:  Group discussion and preparation for discussion, and outdoor action for research of local area, about 6 

hours in total (Number of students=18) 
Case B: Indoor working at learning camp, group discussion and presentation, about 7 hours in total. (Number of 

students=17) 
Case C:  Indoor working at conference room, lecture, group discussion and presentation, about 6 hours in total 

(Number of students=17) 
Case D:  A lesson in regular class that include lecture, group discussion and light exercise (indoor walking), about 

80 minutes in total (Number of students=30) 
 
Analysis of Students’ Learning Activities Using Accelerometer Sensor Data with High-
Sampling Rate  
 
 We analyzed students’ learning activities as their body movements, in following ways. 
 
(1) Distribution of duration time of active body movement 
 Figure 1 shows the distributions (i.e. average number of occurrences) of duration time of active body 
movements of participants of each of the 4 cases. This “duration” is the length of time from the beginning of body 
movement to the end of body movement. In previous researches “activity count” is used for the analysis of body 
movements from accelerometer sensor data (Barabasi 2005, Nakamura 2007). This activity count is defined by number 
of zero-crossing of acceleration for a certain length of time (time unit), and the average value of non-zero “activity 
count” was used as the threshold value to judge whether the status of a person is “active (moving)” or “resting (stop)”. 
In our analysis here, we calculated the average length between zero-crossings (this is a half of cycle of body 
movements) in time windows of non-zero activity count, and placed this time length as threshold value to judge the 
body movement “active” (if time length between zero crossings is shorter than this value, then the status is judged as 
“active”). The X-axis indicates the duration (time length of movements), and the Y-axis indicates the probability of 
occurrence of the duration time length of the active movements. If some case shows the characteristic part (for example, 
the number of occurrences is relatively larger in a certain range of duration time), then we can regard that there are 
some reasons in the persons’ or groups' activities to be so. However, distributions of duration time in all of these cases 
are quite similar (these distributions appear as linear fashion in log-log scale plot especially in the area larger than 100 
msec, so these can be considered as to be similar to power-law distributions), while their activities and members are 
not necessarily same. This suggests that these distributions generally do not vary in the scope of our sample cases or 
our targets (learning activities), and the activities of students may be restricted to follow this distribution naturally.    



 
(2) Distribution of a period of a cycle of body movement 
 Figure 2 shows the distributions (average number of occurrence) of the period of body movement cycle, instead 
of duration time length of body movement in (1). We can see that the distributions of the period of case B and C are 
similar showing smooth slope, while both of A and C shows the existence of a bump or convex between 450 msec 
and 550 msec, The member of B, C and A were almost same, and the difference between B, C and A, D, is the 
existence of the out-of-classroom activities and intentional body movements/designated tasks with physical 
movements. So we can regard this difference between the distributions of the period reflected the substance of 
activities. This suggests that this distribution of body movement (period) can reflect the features and can be used to 
find students' characteristic behavior, and can be applied for effective interventions. 

 
(3) Relationship between characteristics of body movements and non-cognitive ability  
 While the data collection of the case D, we did a questionnaire about Emotional Intelligence (EI) (Goleman 
1996). In some research the distribution of the duration time of body movement was pointed out to be related to the 
group's “happiness” (Yano 2015), and the “happiness” in these researches is measured by using “CES-D” (Center for 
Epidemiologic Studies Depression Scale) questionnaire to see the depression tendency of a person (Radloff 1977). 
The EI above is considered to be closely related to the happiness, prevention of depression, resilience of a person or 
community, and also is considered to be an important factor for students’ success of learning as cognitive intelligence 
(Mayer 2008). We expected that we may be able to guess the state of EI from the accelerometer sensor data acquired 
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Figure 1. Distributions of Duration Time Length of Active Movements (log-log plot) 
of Case A, B, C, and D 
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Figure 2. Distributions of Length of a Cycle of Body Movement 



from students’ own devices (smartphones for example) to some extent and utilize such information for effective 
intervention on learning community, instead of doing time consuming enquiry. In this research we divided the time 
window of case D into two parts, one is the part (period) of ordinary classroom activities and the other is the period 
of walking exercise. The power exponent of distribution of duration time of body movement (of students) of ordinary 
classroom activities showed negative and weak correlation with the index values of EI of each students (r= -0.23). 
This result can be said to be consistent with the preceding research on the relationship between distributions of duration 
of active body movements and happiness, however the correlation here is not strong enough and we cannot expect 
enough accuracy for practical application on guessing EI (at the same time the p-value of this result is about 0.12, so 
this result is not necessarily significant enough). On the other hand, the same analysis for the time period of walking 
exercise showed very weak or almost no correlation (r= -0.15). This suggests that the intentional body movements can 
be obstacles in guessing EI, i.e., we cannot guess the status of EI of students from the accelerometer sensor data if the 
time period includes some intentional body movements/designated tasks with active physical movements.  
 
(4)  Detection of collaboration or interaction using simultaneous and synchronized body movements 
 We can calculate the “similarity” of activities of two persons based on the number of simultaneous and similar 
movement (judged by the difference of frequencies of body movement) for a certain period of a time, and this value 
of similarity between two of working together can be significantly larger than the value of independent two in group 
learning situation, in which students act freely to solve their designated tasks. In other words, we can find the 
collaboration relation from accelerometer sensor, without knowing their consciousness about the relation (Tagawa 
2016). However, in our cases from A to D, almost all of their activities were constrained by time schedule, i.e., they 
were expected to work on the same task at the same time period. So almost all of students acted similarly, and similarity 
values of any pairs of students are not significantly different, and this method of detection of collaborative activities 
was not applicable for these cases. 
 
Conclusion 
 
 We have investigated how and whether the characteristics of a group (and a learner) in a group learning 
situation can by analyzed using accelerometer sensor data. The distributions of the duration time of active body 
movements showed almost no variations between cases. On the other hand, the distributions of the period of a cycle 
of body movement showed the difference between the case by whether the case includes out-of-classroom activities 
or not, in a certain range of period. This can be regarded that we can distinguish normal classroom learning activities 
and extra activities with intentional body movements. Also we observed the existence of weak and negative correlation 
between the (power exponents of) distributions of duration time of body movements and the score of emotional 
intelligence. We can expect that analysis investigated here can be applied to compare the activities between students 
and groups for effective intervention in group learning. 
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