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Abstract 
Since the advent of the Internet, we have been observing a fast-paced development within 

the computing world. One of the major innovations in recent years is the “Internet of 

Things”, which brings interconnectedness between devices and humans to unprecedented 

heights. This technological breakthrough enabled the emergence of a new sub-field within 

Learning Analytics, Multimodal Learning Analytics, which makes use of several types of 

data sources to study learning-related processes. As computers and sensors become 

increasingly cheaper and more accessible,  research within this new sub-field grows, yet 

some gaps remain unexplored. Additionally, there is a research bias toward computer-

assisted learning environments, rather than physical ones. At the same time, the current 

labor market is highly competitive, and possessing profession-related skills is not sufficient 

to land a job. Besides these skills, there is an increasing demand for social skills, such as 

communication, teamwork, and collaboration. However, there is a gap between the skills 

that are trained in an academic setting and the ones that are required by the labor market.  

Having this background in mind, this work aims at designing and evaluating an IoT 

sensor system capable of tracking patterns observed under social interactions within a 

group, and more specifically, in terms of the distance between group members while 

solving a task. Another important aspect of this study is the system's cost-effectiveness so 

that it can be employed in a scalable and sustainable manner. To achieve this goal, a 

multimethodological approach for Design Science Research was adopted, which implied 

the combination of several methods such as sketching, prototyping, and testing. As a result, 

this study contributes both to the research area of Multimodal Learning Analytics, and to 

educational practices.  

 

Keywords: Internet of Things, computer vision, collaborative behavior, group dynamics, 

proof of concept, person detection, Design Science Research, Multimodal Learning 

Analytics, education. 
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Popular science summary 
During the past few decades, we have been observing how the Internet affected our lives 

and way of interacting. It makes the world feel smaller since people from different parts 

can communicate with one another, and even work "together" but remotely. The same 

phenomenon also holds true for objects – machines, computers, telephones, TV are all 

interconnected, among themselves and with us people. For instance, smartwatches can 

track your speed, monitor your heart rate, share your position with other devices. 
However, even though this technology made it possible for us to connect with other 

people, it did not necessarily imply an increase in social competence. We live in a paradox 

– we are social animals, and we have the opportunity to interact with people around the 

world, but strangely enough, we lack social skills when working side to side. 

Having this in mind, this study proposes an inexpensive way to monitor how people in 

educational settings work together in solving tasks as a group by connecting a camera to a 

small and cheap yet powerful computer. The information obtained can be used as a basis 

for real-time feedback to students, so that they can improve their social skills such as 

collaboration and communication. 

Even though this study was focused on educational settings, this solution could easily 

be applied to other public sectors and companies to improve the group dynamics and 

cohesion within and across teams. Additionally, due to its low cost, this solution is not only 

suitable for developed countries and the private sector but also for areas where economic 

resources are scarce. Moreover, the proposed solution, besides being inexpensive, is quite 

mobile and can effortlessly be transported from a room to another. Also, it does not require 

a high level of tech-savviness to employ this technology, i.e. it has a low level of 

complexity so that it can be sustainable and applicable to several contexts. 

Nevertheless, the use of this technology does not only imply benefits, but also some 

important concerns, such as potential violation of privacy rights. Since these devices are 

usually connected to the Internet, there is a risk of leaking sensitive data that could put 

people in difficult or uncomfortable positions in case data are handled in an inappropriate 

or even wrongful way.   
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CNN  Convolutional neural network, a Deep 

Learning algorithm that takes an input 

image, assigns importance to various 

objects in an image and differentiates 

one from the other.  

CPU  Central Processing Unit 

CUDA  Compute Unified Device Architecture,  a 

parallel computing platform and 

application programming interface 

(API) model created by Nvidia. 

DL  

DNN 

FPS  

GPU  

ImageZMQ  

 

 

IoT  

LA  

ML  

MMLA 

MQTT  

NCS  

OpenCL 

 

 

 

 

 

OpenCV  

PELARS 

 

Deep Learning 

Deep Neural Network 

Frames per second 

Graphics Processing Unit  

Set of Python classes that transport 

OpenCV images from one computer to 

another using PyZMQ messaging. 

Internet of Things  

Learning Analytics  

Machine Learning  

Multimodal Learning Analytics 

Message Queuing Telemetry Transport 

Neural Compute Stick 

Open Computing Language, a 

framework for writing programs that 

execute across heterogeneous platforms 

by providing standard interface for 

parallel computing using task- and data 

based parallelism. 

Open Source Computer Vision Library  

Practice-based Experiential Learning 

Analytics Research and Support 
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PyZMQ 

 

RAM 

SD 

 

SSD 

 

 

STEM 

 

TFT LCD display 

 

 

YOLO  

 

 

 

ZeroMQ 

A lightweight and fast messaging library 

built on top of the ZeroMQ library  

Random Acess Memory  

Secure Digital, as in SD card, for 

storage. 

Single-shot detector. An object detection 

algorithm that only requires one shot to 

detect multiple objects in an image 

Science, Technology, Engineering and 

Mathematics. 

Thin-film-transistor, liquid-crystal 

display. This type of transistor is  used 

for improved image quality. 

You Only Look Once. A real-time object 

recognition algorithm that only requires 

one shot to detect multiple objects in an 

image. Similar to SSD. 

An open-source universal messaging 

library. 
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1 Introduction 
Since the advent of the Internet, we have been witnessing an accelerated technological 

development within the computing world. One of the most disruptive innovations in recent 

years is the “Internet of Things”, which brings interconnectedness to a whole new level – 

from machine-to-machine wired communications, and limited human-computer 

interaction, we experience now a wide array of objects connected to computers and also 

interacting with us humans – either by Bluetooth or wireless internet connection 

technologies. This interconnectedness has become an important part of our society – these 

new connected objects can improve our daily lives, and contribute to many areas such as 

health, transport, communications, and security [1]. 

Even though the Internet of Things has increasingly been employed in relevant societal 

sectors, as stated above, there is still a lack of research within education, especially when 

it comes to studying group dynamics in educational settings. Ochoa states that there is a 

bias towards computer-based learning contexts, which focus on log files, whereas 

important aspects related to the learner’s actions in a physical learning environment (as 

opposed to virtual learning environments), e.g. facial expression, speech and gestures, 

remain under-researched [2]. 

Nevertheless, Dafoulas et al. maintain that, for the past years, there has been a shift from 

investigating learner behavior in virtual learning environments to studying collaborative 

learning in physical learning environments with the help of sensor-generated data [3]. 

According to them, sensor-based collaborative learning can increase the effectiveness of 

dealing with social interactions in educational settings besides enhancing student learning 

experience [3]. 

Moreover, interest in investigating the impact of students’ emotions and moods – e.g. 

stress and frustration – on learning has gradually been increasing within education research, 

and more specifically (multimodal) learning analytics. One explanation is the availability 

of low-cost, less invasive mobile sensors that enabled further development of education 

research that used to rely on expensive stationary lab devices that were not suited for 

classrooms [4].  Also, some of the widely used equipment for collecting data, namely video 

and audio recording, encounter more unwillingness from students to participate in research 

experiments, due to the perceived loss of anonymity if compared to less pervasive devices 
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such as biosensors that can be used anywhere, such as home or classroom and mitigates 

issues related to privacy [4].  

Having these factors in mind, this project presents a low-cost and considerably mobile 

IoT sensor system that can recognize social interactions within groups. Low cost and 

mobility are important within the educational context since these factors facilitate the 

adoption of this system by schools and allow it to be adjustable to other realities and 

contexts, which is corroborated by [5]. However, it is worth to mention that low cost is 

important so long as the system performance is adequate for the project [6].  

1.1 Motivation 
Firstly, a reason for carrying out this study is to fill gaps in the literature concerning the 

use of different data types and data collection methods for capturing behavioral patterns in 

the learning process, more specifically how students interact with one another in a group 

work that requires a collaborative approach, since there is a bias towards computer-aided 

platform rather than in a collocational context when it comes to collaborative work [2, Ch. 

11].  

Secondly, a driving force behind this research endeavor is the current state of affairs 

concerning the labor market. It can be described as highly competitive, and possessing job-

related skills is not enough to land a job.  As Kelly et al. point out, there is a high demand 

for social skills in terms of collaboration, communication, and teamwork [7]. An example 

is the widely adopted Agile software development methods such as Scrum and Extreme 

Programming, which mark an important paradigm shift from relying heavily on 

instructions on how to perform a task to focus on communication and collaboration 

between team members and other participants of the software development process [8]. 

According to Cornide-Reyes and colleagues, there is a gap between what is taught in 

university programs such as Software Engineering and Computer Science, and what is 

expected and required from them in the labor market. Specifically, whereas the software 

and embedded systems industry demands social skills, such as communication, teamwork, 

and collaboration, the students are mostly trained in hard skills, e.g. how to code, design 

and build a system,  and to execute tests [8].  

A way to improve their skills in collaborating with their peers and teachers is using 

technology to detect their interactions, and after the data are analyzed, feedback on what 
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and how to improve can be shared with students and teachers. This technology should be 

affordable and reliable, so it can be used regardless of the development level, in terms of 

economy and technology 

1.2 Research aim  
This research aims at creating a proof of concept for an IoT sensor system that is 1) able 

to track patterns associated with physical interactions, in this case in terms of the distance 

between group members while solving a task and; 2) cost-effective and can, thus, be 

employed in a scalable and sustainable manner within education, with a focus on group 

work dynamics, and more specifically during collaborative learning activities. Ultimately, 

the IoT sensor system hereby created would be able to capture interactions between group 

members while solving a task.  

Having in mind these objectives, the central question is how to design and evaluate a 

low-cost system capable of capturing collaborative group dynamics, which can be 

formulated as follows: 

RQ: What are the minimum viable configurations for such an IoT sensor system for 

capturing collaborative group dynamics? 

Besides this main research question, another important factor was taken into consideration, 

namely the cost-effectiveness of the designed and evaluated IoT sensor system. To be 

scalable and applicable within an educational context, where resources can vary 

dramatically from a region to another and even from a department to another, a system 

should not exceed US$100.  

To address these questions, a design science research will be carried out, inspired by 

Nunamaker et al.'s seminal approach, described in [9], involving benchmarking tests of 

contending IoT sensor systems, experiments, and performance comparison between these 

devices. The result will be a proof of concept for a low-cost IoT sensor system and its 

evaluation.  

1.3 Research Scope 
This study is focused on the IoT sensor system’s performance and cost-effectiveness when 

it comes to capturing social interactions. Additionally, after a thorough system evaluation, 

the study will show whether or not this system has the potential to be used for enabling a 
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better understanding of the learning process, and more specifically of how students interact 

as a group.    

This study is about designing, creating and evaluating an IoT sensor system that can 

recognize social interactions and that could be used within educational settings. Thus, the 

analysis of data collected through this system’s components is out of scope. That implies 

that experiments using diverse devices will be carried out solely to measure their 

performance when tracking interactions, using predefined parameters.  

1.4 Limitations 
Due to the current state of affairs, the project met constraints both in terms of resources 

and test subject availability. The access to technologies was quite limited, and 

consequently, very few devices could be tested and used for comparison. Additionally, 

instead of recruiting students as experiment subjects, the study had to focus on 

benchmarking tests and the experiments were limited to detecting interaction patterns 

among family members during playful learning activities, such as puzzles and LEGO brick 

building.   
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2 Literature Review – Exploring the field 
A literature review was employed in this study to identify eventual gaps in the body of 

research concerned with the Internet of Things and its potential contribution to education, 

and more specifically learning analysis. Furthermore, the objective of this literature review 

was to contextualize the research and clarify in which way it contributes to the field of 

Learning Analytics.  

2.1 Multimodal Learning Analysis (MMLA) 
Learning analytics is defined in [10] as the measurement, gathering, analysis, and 

sharing of data about learners and their educational settings. Its purpose is to obtain a better 

grasp of the learning process and to improve the learners' learning trajectories. More 

precisely, Learning Analytics helps students and teachers to make decisions concerning the 

learning process by using real-time or near-real-time data.   

This study has as a starting point the field of Learning Analytics and more specifically 

the subfield Multimodal Learning Analytics (MMLA), which is described by Worsley et 

al. as  

(...) the intersection of three ideas: multimodal teaching and learning, multimodal 

data, and computer-supported analysis. At its essence, MMLA utilizes and 

triangulates among non-traditional as well as traditional forms of data to 

characterize or model student learning in complex learning environments. [11, p. 

1346] 

While Learning Analytics traditionally relies on a single data source, log files gathered 

through digital means [2, Ch. 11], MMLA incorporates different sources of learning 

patterns. Log files, video and audio recording, physiological sensors, digital pens, position 

trackers, among others, are employed to understand and optimize learning without the use 

of a computer-driven mediation when it comes to interactions between e.g. learners and 

teachers [11][2, Ch. 11]. 

Blikstein and Worsley [12] propose that an important goal of learning analytics is to fill 

in the gaps of educational research by developing new methods to explore different forms 

of learning, which can be achieved through the use of several types of data signals that 

allow researchers to obtain a wider array of observable and objective metrics [13]. 
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The most central sources of data for learning purposes identified by [12] are: 

• Speech Analysis: e.g. microphones or video cameras capture students’ speech 

patterns, and researchers are enabled to identify these students’ knowledge and 

expertise level. Besides the fact that it can be hard to capture audio data without 

any obstructing noises, there is a lack of awareness on how to examine the 

gathered audio data and use it correctly. 

• Action and Gesture Analysis: capturing classroom environments, how teachers 

and students interact, can be tricky due to its dynamic nature. To gather data, 

moving cameras can be used alongside sensors such as accelerometers attached 

to the research subjects. 

• Eye Gaze Analysis: this aspect has initially gained popularity in the field of 

consumer electronics and software usage, but nowadays, researchers are 

applying this technique to observe students' attention to better grasp how 

students work and interact in groups and their learning process. 

Additionally, as Ochoa mentions, the learning process is per se multimodal, i.e. reading 

a book, listening to the teacher, discussing with classmates, and so on. Thus, if someone 

wants to understand social interactions during the learning process and their complexity, 

it is important to use several types of data collection. However, within the field of 

education, there has been a tendency of focusing on computer-aided interactions, rather 

than on collocational interactions [2, Ch. 11]. One of the few examples of a study 

focusing on collocational interactions in an education setting is discussed in [14]. 

Firstly, they criticize the current state of affairs when it comes to learning analytics 

research since there is mainly focus on the individual rather than the group when 

investigating the learning process, which is a social interaction-intensive activity [14]. 

According to [14], as the labor market only gets more competitive, given that the 

technical and job-specific skills are not enough, there is an increasingly high demand 

for social skills in terms of collaboration, communication, and teamwork. Therefore, to 

be employable, students should be trained in these social skills while in school. A way 

to improve their skills in collaborating with their peers and teachers is using technology 

to detect their interactions, and after the data are analyzed, feedback on what and how 

to improve can be shared with students and teachers. 
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Even though the literature of learning analytics mentions several means of gathering 

data, there are two that gain more attention, namely video camera for analyzing body 

language, how heads move, facial expressions, and distance between group members [14] 

[2, Ch. 11], and microphone for gathering data related to voice intonation, turn-taking 

patterns and amount of talk per capita [2, Ch. 11] [14].  

2.2 Internet of Things  
Defining the Internet of things 

The internet of Things, often mentioned as a technological revolution, can be defined as 

the collection of devices connected with each other and with services using communication 

protocols to share data and make operations more effective [15] [16]. According to several 

researchers, such as [16][17, Ch. 1] [18] [15], we are witnessing a fast-paced, exponential 

increase in the number of interconnected devices, and by 2020 (i.e. this year), it is expected 

that there will be 21 billion devices connected to the internet [17, Ch. 1] [18] [16]. 

The Internet of Things (IoT) relies on a collection of sensors that, combined with 

machine learning algorithms, are capable of gathering and analyzing an immense volume 

of data. In this manner, IoT represents a new era of ubiquitous services within several 

sectors, such as healthcare, transportation, energy and the environment [16].   

Low-cost Internet of Things meets MMLA 

An important factor contributing to the development of the relatively new sub-field 

Multimodal Learning Analytics is the increasing availability of diverse sensors [2, Ch. 11], 

which can offer new insights into student learning trajectories and support to teachers in 

their work [2, Ch. 11] and provides the research community with tools to study learning 

processes in ways that were not possible before the advent of the Internet of Things (IoT). 

Additionally, the price of these devices is steadily decreasing, which means that it is not 

challenging to minimize the cost of a single component [6].  

In the field of Learning Analytics, IoT sensors, such as video camera module, audio 

recorder and biometric sensors, can gather and send data to connected devices, such as 

Raspberry Pi and Arduino. These data are then sent to the cloud or optimally to a nearby 

edge computing device, and then in a matter of milliseconds, data analysis is sent to the 

sensors [19]which enables instant feedback on the learning patterns [10] [20].  
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Even though these devices are becoming increasingly affordable, finding a compromise 

among the available alternatives that makes the project scalable and sustainable is more 

complicated. The question is, thus, how to combine the devices into an inexpensive yet 

capable IoT system [6].  

2.3 Defining collaborative learning 
Collaboration is a broad concept, with several definitions. The theoretical discussion on its 

possible meanings is, however, out of scope in this research. Instead, the focus will be on 

defining collaborative learning and its relevance through the lenses of MMLA. 

As mentioned previously, social skills including collaboration are highly demanded 

assets within the software development industry, since the advent of the paradigm shift 

from a traditional, requirements-oriented model to an Agile model based on teamwork, 

cross-team cooperation, and flexibility [8]. Having in mind this new reality, collaboration 

became one of the key topics within MMLA, labeled as “collaborative learning”. The 

central idea behind this concept is that knowledge can be built through group interaction 

and learning can be fostered when people work together toward a common goal. This 

approach allows students to freely express themselves and communicate with their peers, 

whereas teachers function as mediators [8]. Consequently, these interactions and 

cooperative activities allow the students to develop psychological traits and skills that are 

required for a successful career within software engineering, such as interpersonal skills, 

effective communication, and leadership [8]. 

However, even though collaboration is a key topic within MMLA, there are several 

challenges when it comes to building a robust empirical body on the impact of this 

approach since there are many possible learning contexts and scenarios where collaborative 

learning can take place. For instance, the duration of these interactions can vary from 

minutes to months, they can be virtual or/and face-to-face, and the number of people 

involved also can vary – small groups, pairs, whole class [8]. Besides, many aspects can 

be used to assess collaborative group dynamics.  Some examples of these are physical 

postures, such as eye contact, sitting and standing location in relation to each other. There 

are also language aspects that are associated with collaborative group dynamics, e.g. 

responding to one another’s ideas, restating what others in the group say for clarification 

purposes [21].  



Master Thesis project: Building a low-cost IoT sensor system that recognizes behavioral patterns for 
collaborative learning - A Proof of Concept 
 

19  

 

In this research, the focus was specifically on designing and evaluating a system that 

can capture physical aspects of group dynamics in a playful and collaborative learning 

activity, such as solving puzzles and building with LEGO bricks.  

Related work 

PELARS was a project presented in [22] embodying twelve European partners from ten 

countries, used as a starting point for our research. PELARS aimed at helping teachers and 

learners understand the learning process within STEM disciplines, and for that, they 

focused on gathering data related to the students' heads and hands movements while 

studying Maths with some other scientific subjects. Another goal was to make teaching 

practices more comprehensible. Even though hands-on experiments have been used in 

scientific disciplines, there is still a lack of understanding of these teaching practices. In 

brief, the ambition was to find ways to help teachers and students by providing feedback 

from experiment activities and; help with modeling and analyzing teaching practices, i.e. 

the generation of learning analytics.  

Another example is discussed in [23], where the researchers modeled collaborative 

problem-solving competence by analyzing data obtained from a total of approximately 500 

minutes of video camera recordings. An experiment with 15 groups of three students was 

carried out. In this experiment, one of the tasks was for a group of three students to build a 

prototype for an interactive toy, while being recorded to capture the interactions, and the 

quality of their performance as a team. Using Python with a deep learning-based library, 

OpenPose, body poses from the videos could be detected in real-time. For each frame, 

OpenPose outputs the location of 18 key points of the bodies found in the scene. This 

library enabled the researchers to generate frequency metrics, such as the number of times 

a face appeared on the screen, and distance metrics such as distance between bodies. 

Having these metrics as a starting point, the researchers in [23] built decision trees to 

predict students' learning behaviors such as listening, watching and speaking. 

Riquelme and co-authors studied how students interact with one another and how 

socially skilled they were in terms of collaborative group work. With this purpose, they 

proposed a system consisting of multidirectional microphones connected to Raspberry Pi 

to capture speech data, a computer application for capturing, storing, analyzing, and 

visualizing data coming from collaborative group work. Some of the metrics used for 
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analyzing the group dynamics were total speaking time, the number of interventions and 

their respective durations, average voice intensity, amount of talking per capita. To test the 

developed system in terms of functionality, Riquelme et al. carried out an experiment with 

44 bachelor Engineering students divided into groups of 4, in which they were asked to 

solve an engineering problem with everyday materials and three types of restriction – 

material, time and height. By comparing the groups, it could be concluded that having 

asymmetrical communication dynamics does not mean that a group will fail in completing 

a task and having more balanced dynamics is not a guarantee for success [14]. 

Yet another interesting study was carried out by Zhang et al. who investigated team 

cohesion and effectiveness with the use of wearable social sensors. Their research question 

was whether individual behavior and social interactions are useful indicators for the 

assessment of affective states and group cohesion. More specifically, a team of six crew 

members were sent to a four-month space exploration simulation mission, considered an 

extreme setting in which group cohesion is vital for success in solving the task since being 

confined implies that no help can be obtained outside the group. Their work is innovative 

in the meaning that prior work focused on tracking individuals, whereas here the focus is 

not only on the individuals but on how they interact in groups and behave as a group in 

extreme conditions of confinement and isolation. At the individual level, the features used 

as parameters were namely amount of face-to-face iterations, which is related to the 

strength of social bonds with other team members; intrinsic individual features about their 

physical and vocal activities; and dyadic aspects, i.e. how a person is affected by and 

responds to their interaction partners [24]. 

To gather data, wearable social sensors in form of badges were worn by the participants, 

who also answered questionnaires twice a day. These badges consist of an accelerometer 

that registers information on body movement; a microphone to record vocal features; an 

infrared sensor facing outwards with a unique identifier to track face-to-face interactions 

and finally; a Bluetooth device to estimate proximity and location information of people 

wearing this badge. Furthermore, this study was void of external observation from 

researchers, which limits their dataset.  Their research discovered that individuals’ affectual 

states, i.e. energetic arousal, tense arousal and valence, are not only correlated to their own 

tasks but also connected to interactions within the team. Their findings also suggest that 
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behavior features collected from the individuals’ badge data can be aggregated to group 

level and are useful in assessing group cohesion. Since their results provided indicators of 

the relation between personal affect and group cohesion to diminish the risk of team 

collapse and failure in their tasks [24].  

2.4 Research Gaps 
As stated previously, there is an increasing demand in the labor market for soft skills, i.e. 

social competence when it comes to collaboration, teamwork and communication skills. 

At the same time, we witness an inadequacy within Computer Science, Software 

engineering, and similar university programs in equipping students with these required 

social skills. Having in mind this scenario, one should expect a plentiful amount of studies 

aiming at understanding more deeply the social interactions among people engaged in 

collaborative tasks, in what way they can improve their skills, and how it could be reached 

with help of technology.  

Nevertheless, there are several research gaps when it comes to 1) collaboration among 

students and how it can be improved, 2) how the Internet of Things can be used in 

classrooms and other facilities to track behavioral and learning patterns in groups, and; 3) 

collocational collaboration, i.e. rather than focusing on physical learning environments, a 

large part of Learning Analytics research body is concerned with virtual learning 

environments, relying only on one data source – log files.  

Whereas many studies within MMLA examined learning patterns among students, such 

as engagement in the classroom [25], presentation skills in terms of speech and body 

language [26], and level of focus and interest during classes [27], there is a lack of research 

when it comes to understanding how students interact among themselves and with teachers 

in a collaborative learning activity, which could easily be measured through body position 

analysis, speech analysis, amount of talk, eye gazing direction, among others. Under the 

past five years, however, there has been an increasing trend within MMLA to study how 

STEM students collaborate, and how their social interactions could be improved towards 

more effective teamwork [14] [22] [8] which is partially explained by the increasing 

accessibility and decreasing cost of IoT devices and sensors, as mentioned previously.  

Another research gap identified was that, while IoT and its benefits are widely studied 

in contexts such as environment, security and healthcare, how this type of technology could 
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be applied within education. Many studies address the use of devices and sensors in 

classrooms as a part of programming courses, making it more tangible and interactive, but 

not with the purpose of gathering data from students to analyze their performance, 

behavioral and learning patterns. The concept of “smart classroom” is often associated with 

either the monitoring of environmental variables, such as light, noise and temperature, or 

the use of digital artifacts instead of physical manipulatives in the classroom as a way to 

make learning more interesting and interactive in terms of content. There are few works, 

e.g. [14] [22] [8], that apply the concept “smart classroom” in the meaning of obtaining 

learning data through the use of devices and sensors that can detect behaviors and body 

language in an educational context.   

Moreover, within the realm of Learning Analytics, the prevailing manner of obtaining 

learning-related data is through digital log files, usually through a computer-assisted 

learning environment. During recent years, however, there has been increased attention to 

other sources of data, and the application of multiple data collection methods to capture 

different aspects of learning and social interactions it entails.  Nevertheless, as mentioned 

previously, the field of MMLA is still in its infancy, with a lot of research yet to be carried 

out [2, Ch. 11].  

This study addresses these gaps by presenting a proof of concept of a low-cost IoT 

sensor system for capturing behavioral patterns related to collaborative learning activities, 

and it focuses on how well the system performs in terms of data processing power and 

ability in detecting behavioral patterns. The chosen pattern in this study was how far or 

close people work from each other through a period of time, i.e. how the distance between 

people varies under a given group assignment.  

However, interpreting the captured social interaction-related data is beyond scope of 

this study, which means that further research would be necessary.  
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3 Research methodology 
This chapter gives an overview of the chosen research methodology that is employed to 

answer the research question. 

Firstly, a brief summary of the employed methodology is presented, followed by a thorough  

explanation of the methods and steps used the design, development and evaluation of the 

artifact produced in this research. Moreover, alternate methodologies and motivation for 

their dismissal are briefly discussed. 

3.1 Science Research – An overview 
This research is situated within the design science paradigm, which can be defined as the 

endeavor in creating innovative solutions that can be translated in terms of ideas, practices, 

technical skills through which the analysis, design, and development can be accomplished 

[28]. Precisely, what is proposed is an iterative development and evaluation of a specific 

designed IT artifact to improve its performance. IT artifacts can take many forms, varying 

from software, algorithms, rigorous mathematics to more informal natural language 

descriptions, which also affects the methodology – whereas the evaluation of certain types 

of artifacts requires a more quantitative approach, such as optimizations, simulations, and 

comparisons with alternative designs require a more holistic approach, combining 

quantitative approach with empirical and qualitative methods [28].  

Design means in this problem-solving paradigm both a process, i.e. a series of activities, 

and a design artifact – this process consisting of technically skilled activities generates an 

innovative product, i.e. an artifact. Once this artifact is created, it undergoes evaluation that 

leads to increased knowledge of the problem and provides the researcher with indications 

on how to improve the design process and the product itself [28]. This process of artifact 

building and evaluation is iterated several times until the final design artifact is generated 

[29] [30].  

In [30] four types of artifacts are identified, namely constructs, models, methods, and 

instantiations and their purpose is to address unsolved problems and they are evaluated in 

relation to how well they solve those problems. Constructs are defined as the language in 

which problems and solutions are defined, models use constructs to represent a real-world 

situation and represent the relationship between problem and solution aspects. Methods 
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fulfill the purpose to aid researchers in solving problems. These methods can vary from 

formal such as mathematical algorithms that clearly define the search process, to informal, 

e.g. descriptions of best practice. And finally, instantiations demonstrate that constructs, 

models or methods can be applied to a system, i.e. they enable evaluation of these artifacts 

in terms of suitability to problem-solving [30].  

3.2 A Multimethodological Approach to Information Systems 
Research 

The thesis project adopted a multimethodological approach to design science research that 

had as a starting point the seminal work of Nunamaker et al., which implies the use of 

several research methods to develop an IT artifact and contribute to increased scientific 

knowledge [9]. 

Nunamaker et al. propose a research process consisting of concept, development and 

impact, which means that you design and develop a system that will be used as proof of 

concept for the present research and provides an artifact that can be used to guide extended 

and further research within the field. Therefore, by developing and evaluating an artifact, 

this research will be contributing to increased scientific knowledge [9].   

Regarding the systems development aspect, it consists of five stages, namely 1) concept 

design; 2) construction of the system architecture; 3) prototyping, 4) product/system 

development, and 5) technology/knowledge transfer. Concept design implies combining 

technological with theoretical advances leading to practical applications. Prototypes are 

created ad a proof of concept to test the system’s viability [9].  

As Nunameyer et al point out, a considerable part of research does not go further to 

other phases when the prototype does not live up to the requirements, i.e. there is neither 

evaluation nor transference of technology and knowledge if the proof of concept does not 

correspond to initial expectations, and the research ends there. This is unfortunate since a 

lot can be learned from failures – the difficulties encountered during the research and the 

system development can be used to modify theories and concepts from which the system 

is derived. The mere development of a system – be it an application or IoT sensor system, 

is not in itself enough to be considered a serious project from an academic point of view, 

and for this reason, it is important to apply other research methodologies to support efforts 

in developing systems and to obtain a better grasp of a complex research area [9]. 
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Figure 1: A Multimethodological approach to IS research  

Source: Adapted from J. F. Nunamaker, M. Chen, and T. D. M. Purdin. “Systems development in 
information systems research”. J. Manage. Inf. Syst. 7, 3 (Winter1990/91), p.94. 

 

3.3 Data Sources and Collection Procedures 
This section has a purpose to present and explain the used methods while researching 

within the aforementioned approach suggested by [9]. 

Sketching 

In the design science paradigm, the first step is to identify the problem and how it can be 

tackled, through a process called ideation. Under this creative process, ideas on how to 

solve this problem will be explored [31], i.e. how an artifact will be created, what features 

and functions it will behold, etc. Sketching, a central method in the early ideation process, 

can be described as an intrinsically creative process through which new artifacts are 

brought to life and that leads to a dialogue between the researcher and the design yet to be 

produced [32]. 

In Goldschmidt's words,  
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(…) sketching introduces a special kind of dialectics into design reasoning that is 

indeed rather unique. It hinges on interactive imagery, by a continuous production 

of displays pregnant with the clues, for the purpose of visually reasoning not about 

something previously perceived, but about something to be composed, the yet non-

existent entity which is being designed [32, p. 140]. 

Sketches are sometimes referred to as “thinking drawings” and are called “design 

drawings” [33]. They are usually made by designers and for designers, and central to the 

process of ideation [31, p. 122], since it helps designers to focus on what is being designed 

and the details of the interaction [34]. By sketching, the designer is making choices and 

exploring the requisites more closely and refining ideas [34].  

According to Buxton, sketches must fulfill some criteria, e.g. they should be quick, 

timely, cheap, disposable, and finally, sketches should be used to suggest and explore rather 

than confirm [35]. 

Experimental Prototyping 

Without a prototype, it’s only a concept. It can be difficult to get a potential client 

to commit to the purchase of a concept. [36] 

The present research can be described as proof of concept in the meaning that an IoT sensor 

system building process is still in the early stages but shows the potential of implementation 

in a scalable manner [37]. Or as defined by the National Science Foundation, proof-of-

concept is the execution of a certain concept or method to determine whether it is feasible 

or not and it also enables the identification of possible application areas and prototype 

building [38].   

Prototyping is one of the central activities and can be defined as a manifestation of a 

design that allows stakeholders to interact with it and to examine its relevance [34], that is, 

prototyping allows the researcher to show how an idea or method can be implemented, in 

this case, an IoT sensor system will be prototyped in a manner that enables the 

determination of what aspects of the prototyped system are worth keeping and what aspects 

should be discarded [39]. According to Preece et al., prototyping serves many purposes, 

such as to test out the technical viability of an idea, to clarify some unclear requirements, 

to do usability testing and evaluate or to check whether a certain design direction is 

compatible with the rest of the product development [34]. 
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In this study, the focus was on evaluating the viability of the designed IoT sensor system. 

This approach, as [40] points out, is used when there is uncertainty about the proposed 

technical solution and implies that those devices not living up to the pre-established 

requirements mentioned in 4.1 can be discarded, and incremental changes are made in the 

prototype. Once the prototype fulfills its purposes and prerequisites, it could eventually be 

developed into a final product rather than just being thrown away.  

 
System Evaluation 

The evaluation of the designed system was a pivotal method in this research due to its 

iterative and incremental nature – evaluating the design artifact in terms of quality, 

suitability, and effectiveness of the proposed IoT sensor system provides important 

feedback to the building phase. This feedback is used to make improvements in the 

designed artifact until it fulfills the requirements of the problem it was supposed to solve 

[28]. 

The evaluation also includes the integration of the artifact within the technical 

infrastructure within a specific context, in this case, educational institutions.  A central 

requirement for a well-executed evaluation process is the definition of suitable metrics and; 

collection and analysis of relevant data. The authors in [28] identify a few attributes used 

for evaluation, e.g. functionality, accuracy, reliability, and performance.  

Besides these qualitative attributes, the designed system can be evaluated 

mathematically, i.e. through suitable metrics [28]. An example is the response time for a 

head to be tracked by a camera module connected to the Raspberry running object detection 

algorithm. 

In this study, the evaluation presented both qualitative and quantitative aspects – 

objectively, mathematically measured metrics, e.g. framerate, CPU usage, CPU 

temperature variation, resolution, head distance, combined with more subjective, 

qualitative parameters such as reliability and functionality. 

To evaluate the system as a whole, a series of tests were carried out – both with the 

suggested system and with alternative IoT systems – Nvidia Jetson Nano and Raspberry Pi 

4B combined with MacBook Pro, to facilitate the development of an optimal system, and 

provide reinforcement for the choices made. 
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These tests relied on two Python scripts. One script was executed in the background to 

capture the variations in CPU usage and temperature from a latent state, i.e. inactivity, to 

data processing state, that is, during the execution of computer vision algorithms on a real-

time video stream. Additionally, the framerate of the video stream during data processing 

was measured, in the same script as for measuring distance between three people. Data 

were collected during three consecutive days, i.e. one day for each IoT system, for a short 

period of approximately 30 minutes in a real-life setting, with varying levels of control 

over the observed phenomenon, in this case, playful learning in a group. The participants 

– one parent and two children, were asked to play with physical manipulatives, such as 

LEGO blocks, puzzles and picture matching games around a rectangular table. The camera 

was directed towards them to detect their positions and distance between one another 

throughout a period of time. Having in mind the young age of the experiment subjects and 

their intrinsic restlessness, it was difficult to have control and manipulate the independent 

variable.  

To compensate for the small sample and the unpredictable nature of the experiment 

subjects, tests were also carried out using the camera directed to talkshow footages running 

on a second screen – a 7.5” tablet. In this case, the experiment was carried out under 

controlled conditions, making accurate measurements and replicability possible, as it is 

explained in [41]. In a similar way to the other experiments, data were collected during 

three consecutive days, with three video footages, tested with the aforementioned IoT 

systems.  

3.4 Methodological considerations 
When it comes to choosing a methodology that fits the best a specific inquiry in the realm 

of Information Systems, several works have pointed out its unorganized nature consisting 

of an abundant quantity of methodologies.  Or as [42] expressed it, Information Systems 

from a methodological point of view is like a “jungle”. However, choosing a methodology 

approach for this study was uncomplicated.  

As stated previously, this study relies on a multimethodological approach to design and 

creation. The reason behind this choice is that the outcome is an IT artifact working as a 

source of knowledge within the field of MMLA, and at the same time, contributing to 

education practitioners’ work in training students with core skills demanded in the 21st 



Master Thesis project: Building a low-cost IoT sensor system that recognizes behavioral patterns for 
collaborative learning - A Proof of Concept 
 

29  

 

century’s labor market, in which a teamwork-oriented Agile approach for software and 

system development prevails. In other words, creating and building an IT artifact [see 3.1] 

can contribute to the epistemic community by providing researchers insight into the 

benefits and shortcomings of the concepts, frameworks and design choices, as [9] [28] 

point out, and to the education industry by offering a tangible solution to a problem domain 

[28].   

An alternative methodology within Design Science Research that could be used in this 

study is the so-called “Double Diamond”, popular among Interaction Designers and within 

Human-Computer Interaction.  

According to the double-diamond model, the design process involves both divergent 

thinking and convergent thinking, i.e. several possible ideas are created before they are 

refined and narrowed down to the best idea. This divergence-convergence thinking process 

is represented by a diamond shape and happens twice – firstly during problem analysis and 

secondly during the solution creation process [43]. The double diamond approach also 

suggests that the creative process is iterative, i.e. ideas are developed, tested, and refined 

several times [43]. Furthermore, this approach consists of four phases, namely identifying 

Figure 2 Double-diamond Model 
Source: UK Design Council. "The Double Diamond: 15 years on". Available at 

https://www.designcouncil.org.uk/news-opinion/double-diamond-15-years 
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the problem; delimiting the area to be tackled; develop possible solutions for the problem, 

and choosing the best solution that could work [43].  

A reason for not choosing this approach is that it focuses more on the design process 

and the user experience rather than creating and building an artifact that can be employed. 

The outcome is usually a prototype that cannot be implemented as it is, and would require 

further development. However, once a prototype is fine-tuned and iterated, the design 

process reaches its end, without the involvement of the designer/researcher in the building 

and technical implementation phase. In plain English, this approach is more about thinking 

and designing and less about building.  

3.5 Validity issues 
Firstly, the sample size was very small, which means that the findings cannot be 

generalized. However, this work proved that the suggested IoT sensor system has the 

potential for implementation in an educational setting and even other contexts. Since this 

research is a proof-of-concept study, that means it does not need to be statistically relevant, 

but instead, it should provide evidence of feasibility, i.e. that it is easily accessible and 

sustainable. 

And finally, there are bias-related issues that might threaten the validity if not addressed. 

There is a bias in prior research within Learning Analytics towards investigating 

collaboration in virtual learning environments, and there is still a lack of studies focused 

on collocational learning activities. Therefore, the research had a relatively narrow 

theoretical and empirical frame of reference to rely upon. With this in mind, the research 

addressed this gap in the literature and presented some contributions to the research field. 

 Furthermore, there is a researcher-related bias manifested in terms of technology, 

and in this case a greater familiarity with and predilection for Arduino microcontrollers. 

This issue was counteracted by working with other devices outside the Arduino family and 

becoming increasingly acquainted with them.        
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4 IoT sensor systems in the service of MMLA 
As previously mentioned, Learning Analytics traditionally relies on a single data source, 

namely log files, usually in computer-assisted, virtual learning environments. However, 

the advent of the Internet of Things, and the increasing availability of low-cost, mobile 

sensors contributed to the blossoming of a new subfield in Learning Analytics – 

Multimodal Learning Analytics. The focus shifts from computer-assisted interactions to 

collocational, i.e. face-to-face, interactions in educational settings. With this purpose, 

education research goes beyond log files and implements other technologies to gather data, 

such as video and audio, biometric sensors, position trackers, stylus pens, etc. These 

devices enable the investigation of social interactions and their impact on learning.  

In this chapter, some of these devices will be presented so that the reader familiarizes 

themselves with the landscape of IoT sensor systems that could be employed within 

MMLA.   

4.1 Existing low-cost IoT sensor systems 
There is a wide array of available hardware and sensors that combined are capable to 

achieve this research’s goal. Whereas state-of-the-art devices for video capture and facial 

recognition, such as network cameras (e.g. Nest and Axis network cameras), can be quite 

expensive and thus, not viable for implementation in a scalable and sustainable manner 

[44], there is a wide range of affordable, out-of-the-box hardware and sensors that still can 

accomplish the aforementioned research goals.  

 
Sipeed Maixduino Kit for RISC-V AI + IoT 

Sipeed Maixduino Kit is a complete IoT sensor system in the meaning that it combines 

hardware with software and AI algorithms. This solution consists of a RISC-V 64 

development board, designed in an Arduino Uno form factor, and an ESP32 module on 

board together, giving it connectivity through BlueTooth and WiFi; and an AI module 

consisting of convolutional neural network algorithms for machine vision and microphone 

array processor for machine hearing. This platform also includes a camera module, a 

touchscreen, and an onboard I2S digital omnidirectional microphone [45]. 
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This kit is an example of a low-cost, small-footprint and low-power system, and also 

offers greater privacy since it moves the data processing from the cloud to the edge of the 

network, since the development kit comes with AI algorithms.  

There are, however, some limitations when it comes to machine learning capacity – it 

is only capable of executing less complex algorithms, which means it does not support the 

full version of YOLO computer-vision library and TensorFlow for deep learning, but 

instead a lighter version of these libraries, namely Tiny-YOLO and TensorFlow Lite [45]. 

Despite these limitations, it would be a good contender, in theory, for capturing group 

dynamics in learning activities.  

However, after running some initial tests with the development kit, it became clear that 

what can be achieved with this system within computer vision does not fulfill some of the 

requirements Firstly, the device is not self-reliable. Sipeed Maixduino depends on another 

computer to upload a script prior to its execution. Once the script is uploaded, it is capable, 

however, of detecting faces and objects at considerably high framerate, approximately 17-

19 fps/s, and compute their positions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Running face detection with Sipeed 
Maixduino 
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Another reason behind the device’s limitation is that it runs with a firmware called 

Maixpy, based on a simplified Python, which means that many methods and operations are 

not supported. The device also supports Arduino, since the design of the development 

board is based on Arduino Uno.  

When it comes to price, it can be bought for approximately $23.90 and sent from their 

warehouse in China. It can also be obtained via Amazon, for roughly twice the price.  

 

 

 
Figure 4: Sipeed Maixduino Kit for RISC-V AI + IoT 

Source: Seed Studio. “Sipeed Maixduino Kit for RISC-V AI + IoT”. Available at 
https://www.seeedstudio.com/Sipeed-Maixduino-Kit-for-RISC-V-AI-IoT-p-4047.html 

 

NVIDIA Jetson Nano  

NVIDIA Jetson Nano is a small but powerful computer that enables the execution of 

multiple neural networks simultaneously. It can be used for image classification, object 

detection, and speech processing [46].  This kit does not, however, include peripherals, i.e. 

they need to be bought separately. The peripherals, e.g. camera module and microphone 

array (for this research only the former) can be obtained for roughly $30. This solution also 

enables edge computing, i.e. the data is processed locally, which means the data are not 

sent to a cloud server, and the time to process it at the edge of the network is considerably 

lower. Additionally, edge computing implies low risk in terms of privacy [47]. 

Among the presented IoT sensor systems, this one would be the most cost-effective, 

since it is not prohibitively expensive, costing around $160, for a highly powerful 
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processing capacity and speed, able to run several parallel machine learning algorithms, 

whereas Raspberry is barely capable of running YOLO computer vision library.  

In terms of memory, it has a 4GB 64-bit LPDDR4, 1600MHz, with a 25.6GB/S data 

transfer rate. Besides, it has storage (embedded multimedia card memory, or eMMC 5.1) 

of 16 GB. The kit also features high-speed video encoding and decoding, and a Gigabit 

Ethernet port for fast connectivity, enhanced for video transfers [46].  

This device is not only about hardware, it also offers a software-based solution – JetPack 

is a software developer kit (SDK) that includes an operating system – Linux Ubuntu –

libraries and APIs for deep learning applications, CUDA platform for GPU-accelerated 

applications across different areas, and several developer tools [46]. 

This solution is, nonetheless, twice as expensive as a Raspberry Pi 4B. Besides, in a 

similar way to Raspberry Pi, the peripherals are bought separately, and it would require an 

extra peripheral to become more mobile, namely a Wi-Fi module or a Wi-Fi USB stick. 

On the other hand, Jetson Nano is considerably more powerful than Raspberry Pi in terms 

of GPU performance. Whereas Raspberry Pi does not possess a GPU capable of more 

complex algorithms, Jetson Nano has as its strength a highly powerful graphic processor 

capable of enhancing data processing performance in terms of frames per second and 

accuracy.      

In conclusion, Jetson Nano sounds like a promising system for detecting group 

dynamics with strong data processing capacity and speed. Besides, it can be said that this 

system’s benefits outweigh the drawbacks. 
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Figure 5: NVIDIA Jetson Nano 

 
Choice of devices - a motivation 

 
As mentioned previously, in the past decade, we have witnessed the intensified use of IoT 

devices in Learning Analytics due to their declining prices and rising accessibility. 

Therefore, it can be challenging to choose which devices should be taken into consideration 

in this study. To facilitate this endeavor, a few criteria were used to identify the potential 

devices, namely 1) price; 2) availability; 3) mobility; 4) features; 5) level of complexity in 

terms of programming/deployment and; 6) level of self-reliance. 

The chosen devices, when it comes to price, should not cost more than US$ 100, since 

the main objective is to design and build an IoT sensor system in a scalable and sustainable 

manner, i.e. that could be widely applied within education and even other contexts, not 

only in developed but also in developing countries. Regarding availability, device units 

should be easily obtained, either online or/and in physical stores, and there should be a 

great number of units in stock for this technology to be widely employed. Furthermore, 

mobility is an important aspect, since it enables the employment of the IoT system in 

several locations, i.e. it could easily be transported from a lab to a classroom or a group 

room. Another factor taken into consideration was the set of features the devices hold, such 
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as connectivity-related units (i.e. Bluetooth, Wi-Fi and Ethernet port),  USB ports, and SD 

Card slot. Moreover, the level of complexity involved in programming the scripts and 

deploying the system was important in the selection process of devices. Since the system 

has teachers and other educational practitioners as the target user, it should be relatively 

easy to connect the system components and run the scripts. When it comes to programming 

the scripts, the devices were chosen according to what language they support, preferably 

one with simpler syntax and fewer rules, since the focus of this study is less on 

programming and more on system architecture and hardware performance. And finally, the 

level of self-reliance was also included as a criterion. That means, whether the device is a 

single-chip computer, i.e. it works as a standalone computer, with its own operating system 

or a microcontroller that relies on a host computer to download an object/person detection 

script. Once the script is loaded into the microcontroller, then it can work on its own.  

Having in mind the abovementioned criteria, table 1 shows an overview of the devices 

that were chosen for a closer examination. 
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Table 1 Device selection Criteria 
 

As table 1 shows, the systems chosen for further examination were, Raspberry Pi 4B as 

standalone, Jetson Nano as standalone, and Sipeed Maixduino connected to a laptop. 

However, since Sipeed Maixduino presented several limitations, such as not supporting the 

full-version Python programming environment, its lack of self-reliance as a 

microcontroller, and the inability of processing more complex algorithms, this device was 

excluded from the main analysis after a few initial tests. Nevertheless, it is a very promising 

device that deserves further scrutiny in future studies.  

 

Criterion  
Device Price 

(US$) 
Availability Mobility Features Complexity Self-

reliance 
Raspberry 
Pi 4B  
(2GB) 

~55 High High Wi-Fi: Yes Low 
 

High 
 Bluetooth: Yes 

Ethernet: Yes 
SD card slot: Yes 
DNN processing enhancement: No 

Raspberry 
Pi 4B  
(4GB) 

~70 High High Wi-Fi: Yes Low 
 

High 
 Bluetooth: Yes 

Ethernet: Yes 
SD card slot: Yes 
DNN processing enhancement: No 

NVIDIA 
Jetson Nano 
(4GB) 

~160 High Medium Wi-Fi: No Low 
 

High  
 Bluetooth: Yes 

Ethernet: Yes 
SD card slot: Yes 
DNN processing enhancement: 
GPU 

Sipeed 
Maixduino  
 

~30 Medium High Wi-Fi: No Medium 
 

Low  
Bluetooth: No 

Ethernet: No 

SD card slot: Yes 

DNN processing enhancement: 
CPU 
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5 The Anatomy of a low-cost IoT sensor system – 
A proof of Concept 

This chapter presents a low-cost IoT sensor system, and to validate it, a proof-of-concept 

prototype IoT sensor system is developed with low-cost, and yet powerful, hardware and 

peripherals. With the purpose to test the proof-of-concept and assess its feasibility, several 

small-scale experiments will be carried out. These experiments are two-folded – in some 

of the tests, the focus will be on how the hardware, connected with the camera module, 

performs in terms of processing speed, and power draw, and how the camera module 

performs in terms of resolution, frequency, and the capacity of tracking the head distance 

between people in a group.  

Besides these experiments, the proof-of-concept system will be evaluated in terms of 

cost-effectivity, i.e. whether this system is economically viable; and lives up to the 

expectations/requirements.   

This research creates an IoT sensor system that is capable of detecting physical 

interactions within groups in which the members try to solve a task, in form of e.g. puzzle 

and LEGO building. The purpose of this achievement is to provide a better understanding 

of how group members interact to reach collective and individual goals, which could be 

used to improve the learning process and provide tools for teachers and students in training 

social skills.  

5.1 Hardware 
The hardware of choice for this project was initially Raspberry Pi 4B, and more 

specifically, the version with 2GB RAM. The motivation behind it is that this device, 

despite its affordability and small size, has powerful computing capacity.  

Raspberry Pi is a single-board computer developed by Raspberry Pi Foundation, 

primarily for educational purposes, more specifically to stimulate teaching computer 

science in elementary schools [48] [49]. However, it gained popularity in other areas, such 

as health, robotics and security [50] [20] [48].  

Raspberry Pi, differently from Arduino, functions as a standalone computer with its own 

operating system, Raspbian, based on Linux Debian. But in a similar way to Arduino, 

different types of sensors and actuators can be attached to Raspberry Pi.  
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At the moment of writing, the latest available version of this single board computer is 

Raspberry Pi 4B, with 3 options concerning RAM: 1GB, 2GB, and 4GB RAM. 

Additionally, this device is powered by a 1.5GHz quad-core 64 ARM Cortex-A72 

processor and, in terms of connectivity, equipped with Gigabit Ethernet, dual-band 802.11 

ac wireless networking, and Bluetooth 5.0 [51]. According to several digital newspapers, 

such as Tendersinfo [52] and The Verge [53], The Raspberry Pi 4 B represents a great leap 

from its predecessors in terms of speed, computing power, and variety of features. 

 

 

Another reason for choosing this Raspberry Pi model over previous ones is that it does not 

require a compute stick, e.g. Intel Movidius Neural Compute Stick, to run object and facial 

recognition libraries, such as OpenCV, whereas Raspberry 3B+ only works with a 

simplified version of YOLO without the compute stick, and in a poor frequency, 

approximately 1-3 fps. 

5.2 Peripherals 
A camera module connected to Raspberry Pi will be used to capture group dynamics, more 

specifically physical interactions, and how it changes through time. The metric to be used 

for such is the head distance between people within a group.  

 The chosen camera module to capture this kind of data was a wide-angle 5MP 

camera module with Fisheye lens. Whereas regular lenses have a maximum diagonal angle 

of 72°, the chosen module boasts a diagonal field of view of 160°.  

This camera module was chosen since it is capable of capturing physical interactions 

that occur in a larger space, for instance, a classroom or, in this case, a playroom. Another 

reason is its affordability since it costs only 28 euros at the moment of writing. 

Figure 6: Raspberry Pi 4 B 
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Figure 7 Wide-angle camera module for Raspberry Pi 4 

 

In terms of resolution and performance, this camera has a resolution of up to 2592x1944px 

for still picture, and for video, it supports 1920×1080px at a frequency of 30 fps, 

1280×720px at approximately 60 fps and, 640x480px while running the camera from 60 

to 90 fps [54].  

5.3  Software 
As previously mentioned, Raspberry Pi runs with its own operating system (OS), Raspbian, 

based on Linux Debian. In a similar manner to other OS, there are several versions 

available, and the latest one is “Raspbian Buster”, which is very similar to its predecessor, 

Stretch, with some improvements. One of the most important enhancements is a shift to a 

hardware-accelerated desktop environment, even though this is by default only enabled on 

Raspberry Pi 4. The other alterations in the OS are mainly security-related improvements, 

and more specifically, fixes for hardware vulnerabilities existent in the processor cores of 

the Raspberry Pi 4 [55].  

 Another important software is Thonny, a Python editor and compiler. Thonny is a 

beginner-friendly Python editor and compiler, and it comes already with a built-in Python 

interpreter, which means it is not necessary to install Python on the command line. 

Additionally, this Python IDE features a powerful yet easy-to-use debug mode in which 

Thonny goes through the code line by line, instead of running the coded program. 

Moreover, it also has a range of panels that enable the inspection of variables, objects, the 
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memory space where items are stored, etc. [56]. In conclusion, Thonny makes coding more 

effective and less time-demanding, which is important when time is a critical factor.  

 Equally important is to explain why Python as programming language was chosen. 

The reason for choosing Python is that it has a very clear and simple syntax if compared to 

C language and Java, for instance. Besides, Python is popular in the scientific community 

as well, and many libraries used in Machine Learning and Deep Learning are available for 

Python, such as OpenCV and YOLO.  

5.4 Main Libraries and modules 
When it comes to Python libraries that deal with image and facial recognition, there are 

two major ones – Open CV and YOLO. However, initial tests with the devices and libraries 

have shown that the YOLO does not run smoothly on Raspberry Pi 4B and does not meet 

the pre-established requirements mentioned in 4.1, since the frequency reached for image 

recognition and distance measurement would not be higher than approximately 1.5 fps. 

Therefore, OpenCV was chosen since it delivered better results and meeting the 

requirements. 

OpenCV 

OpenCV is, as [57] point out, the most used computer vision library and it includes 

hundreds of imaging and vision functions.  

It is a free open source library used to process images, videos and live streams, allowing 

everybody to use it – either in an academic setting or on real-life projects. Moreover, 

OpenCV contains the most all-embracing and innovative collection of computer vision 

functions [57]. 

There are two ways to install OpenCV – by compiling binary files, directly from the 

source code, or installing a precompiled version, available with Python package install 

utility. In this research, the former option was applied, since it includes functionalities, and 

modules not included in the precompiled version.  

NumPy and SciPy 

Python has become mainstream in scientific computing applications and the main 

reason is its libraries NumPy and SciPy that deal with advanced array and matrix 

operations. 
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Whereas NumPy implements multidimensional homogeneous arrays and matrix that 

hold both numbers and user-defined records, providing efficient elementwise operations, 

SciPy is a library written on top of NumPy and offers many scientific computing algorithms 

from linear algebra, numerical calculus, and statistics. Furthermore, it is fast and reliable, 

giving scientists an interactive prompt and high-level Python APIs, and several industrially 

powerful number-crunching functions [58]. 

CV2(OpenCV-Python) 

This is an OpenCV module, originally built in OpenCV 2, but still used and compatible 

with later versions of OpenCV, in this case, OpenCV 4, and handles basic image operations 

and image processing with methods such as cv2.imshow and cv2.imread. To process an 

image, it relies on NumPy and SciPy, since it entails e.g. image resizing given in matrix, 

of each frame in an array [59].  

5.5  Algorithms and models  
In this research, one of the main goals was to design a low-cost IoT sensor system 

capable of detecting group dynamics. Accordingly, a relatively simple setup was adopted. 

An inexpensive wide-angle camera was employed, which allows only a 2D vision system, 

i.e. the position of group members was measured with 2D coordinates, x and y. As [60] 

point out, a 2D video, i.e. absent of depth mapping, is frequently used and usually sufficient 

for detecting people, and even motion data, which is normally obtained using a 3D 

computer vision system, can be extracted by using a bi-dimensional approach. 

The advantages of using a 2D computer vision system are that 2D video cameras are 

inexpensive and easier to adjust and set up, but on the downside, their accuracy in detecting 

people and their positions is considerably lower than what is achieved with a 3D optical 

system [60].  

For this study, the application of a 2D approach displayed satisfactory results, and to 

compensate for the lack of depth mapping, the room’s furniture and experiment subjects 

were positioned in a manner that does not require more than x and y coordinates. 

First of all, given a video stream, which is simply put in a series of consecutive image 

frames, the shapes in the frames should be identified by using the MobileNet SSD model. 

Once this shape, or blob as it is called, is identified as belonging to a human, bounding 
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boxes are rendered around the shape. For this step, the shape position should be calculated 

in terms of x- and y-coordinates. In each frame, this position changes as the person 

identified moves from one point (x0, y0) to another (x1, y1).  The detected human blobs 

receive an ID, and in this manner, the position vectors will be determined for each ID. And 

finally, the distance between these blobs can be calculated, by using Euclidean distance 

geometry [60]. All these steps will be explained thoroughly in the subsections below.  

  Blob detection 

When it comes to detecting and identifying targets and images, face detection, among 

other computer vision applications, blob detection is a method that is widely used by 

researchers and in real-life applications, such as security cameras [61] [62].   

A blob, in the context of computer vision, usually refers to points or regions in an image 

that are either brighter or darker than the surrounding area. More precisely, blobs are 

clusters of connected pixels that share some features in common, such as color and size. 

To detect the blob, there are two methods; one based on the feature point detection 

algorithms; and the other on the feature region detection algorithms [61], which is the one 

used in the present research.  

 OpenCV has a function that detects these blobs, cv2.dnn.blobFromImage, and the 

parameters used are image, scalefactor, size, mean, and swapRB. Translating to English, a 

blob, or a group of connected pixels, is obtained by submitting images from video stream 

frames to OpenCV’s Deep Learning Neural Network library by calling the aforementioned 

function. And this function will perform mean subtraction, scaling, and optionally channel 

swapping.  Mean subtraction is a technique used to reduce illumination shifts in the input 

images. The RGB (red, green, blue channels) mean is calculated from a dataset of images 

and subtracted from the original input image, resulting in an output image.  In this study, a 

pre-trained dataset from MobileNet Caffe was used, and the mean values are 

(127.5,127.5,127.5). After performing mean subtraction, our input image can be scaled, i.e. 

reduced by a given factor, represented by the parameter scalefactor. Additionally, the 

spatial size that the Convolutional Neural Network expects should be specified, and the 

most used ones are 224×224, 227×227, or 299×299. And finally, there is the parameter 

swapRB. OpenCV assumes that the input images are in BGR channel order whereas the 

mean value expects RGB order. To solve this issue, the R and B channels can be swapped, 
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if the parameter value is set to ‘True’. However, this parameter is optional, since OpenCV 

performs channel swapping by default [63].  

Centroid Tracking Algorithm 

In the present research, a centroid-tracking algorithm was used to detect people in a group 

and the distance between them. This algorithm relies on the Euclidean distance between 

object centroids and it consists of several steps.  

Firstly, the object detector, in this case, MobileNet SSD, will produce a set of bounding 

box coordinates for each detected object in each frame, and then the centroids can be 

computed [63]. The centroids can be defined as the center of mass of the blob – i.e. 

connected neighboring pixels within a region – that serves as the centroid of the object 

delimited by the bounding boxes [62].  

Once the coordinates for the centroids are computed, the distance between the object 

centroids, in this case, human centroids, can be calculated by using Euclidean distance:  
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Figure 8. Euclidean Distance between two points 
Source: Adapted from H Anton and C Rorres (2010). 

Elementary Linear Algebra: Applications Version. New 
York:Wiley, 10th edition, chapter 3. 
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In this study, the interaction among a group of three people was tracked and as the 

Euclidean geometry is primarily used to calculate the distance between two points, the 

formula was implemented three times, i.e. distance between point A and B; A and C and; 

B and C. 

MobileNet SSD implementation 

There are three chief deep learning-based methods to detect and recognize people and 

objects in real-time, namely Single Shot Detector (SSD), Faster Region CNN (F-RCNN) 

and You Only Look Once (YOLO) [64]. 

In this research, the method of choice was SSD, which together with Caffe deep learning 

library and OpenCV’s deep neural network (DNN) library, is capable of detecting people 

and tracking their dynamic positions. Also, a pre-trained model, Mobilenet-SSD, was 

tested with a video stream from Raspberry Pi 4B. 

The reason behind this choice is that the SSD algorithm is fast and viable even with less 

powerful machines, such as Raspberry Pi. This algorithm matches objects with default 

boxes of varying aspect ratios by using multi-scale feature maps, and consists of two steps, 

namely extraction of feature maps and applying small convolutional filters for object 

detection that predict class scores and boxes for a set of default boxes [65].  

For extracting feature maps, SSD uses MobileNet architecture, which is designed for 

resource-limited devices since it leads to smaller datasets and lower computation cost [65]. 

Whereas there is a trend towards deep and complex networks to attain higher accuracy, 

these advances do not automatically imply more efficient networks when it comes to size 

and speed. In many real-world projects, such as self-driving cars, the object recognition 

tasks have to be executed in a scalable and accessible manner, allowing the use of 

computationally limited platforms, such as Raspberry Pi [65]. In this context, MobileNet 

has been increasingly widely applied due to its efficient network architecture and a set of 

two hyper-parameters leading to small, low latency models that can be applied in mobile 

and embedded object recognition applications [65].  

Whereas a standard convolution both filters and combines inputs into a new set of 

outputs in one step, requiring high computational power, MobileNet is based on depthwise 

separable convolutions that factorizes a standard convolution into a depthwise convolution 

and a pointwise, i.e. 1x1 convolution. The depthwise convolution applies a single filter for 
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each input channel, and the pointwise convolution applies a 1x1 convolution that combines 

the outputs from the depthwise convolution. Whereas more resource-demanding models 

use a standard convolution that both filters the inputs and combines them into outputs, 

MobileNet with its depthwise separable convolutions split this process into two steps, or 

layers – one responsible for filtering input and the other for combining these inputs leading 

to a new set of outputs. As a result, MobileNet uses approximately 9 times less computation 

than standard convolutions without losing much in terms of accuracy [65].  

 

 

 
Diagram 1 Standard convolution replaced by a two-layered process 

Source: Adapted from G. Howard, Andrew & Zhu, Menglong & Chen, Bo & Kalenichenko, Dmitry & 
Wang, Weijun & Weyand, Tobias & Andreetto, Marco & Adam, Hartwig. (2017). MobileNets: Efficient 

Convolutional Neural Networks for Mobile Vision Applications. 
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5.6 Overall Architecture of the System 
The proposed IoT sensor system consists of the microprocessor Raspberry Pi 4B, 

connected to peripherals, in this case, a wide-angle RPi Camera, and a 7” TFT touch screen, 

and everything is driven by a 5V power supply. The Raspberry Pi board also needs a micro 

SDHC card with at least 16GB, preferably 32GB, for running e.g. the operative system, 

Raspbian Buster; machine learning algorithms; and computer vision libraries.  

To make real-time analysis, the Raspberry Pi should run a specific script using either 

YOLO a real-time object detection system or OpenCV library; and a pre-trained dataset 

plus Haar Cascade classifier or MobileNet for image recognition explained in subchapter 

5.6.   

Post hoc video data analysis is also possible, i.e. YOLO and OpenCV can be used on a 

pre-recorded video file in .avi format. Firstly, a basic recording script is executed, and after 

that, a Python script is executed as a shell command on the desired file, creating an output 

video file with the analysis results.  

The proposed system was designed and built in compliance with a few benchmarking 

test criteria that make the system scalable and versatile, namely: 

1. The IoT system should be able to recognize and measure the distance between 

people, preferably between their heads, and how it shifts under a time of social 

interactions; 

2. The chosen devices should be powerful enough for video data analysis at a minimum 

video streaming framerate of 3fps; 

3. The system setup should allow data collection for at least twenty minutes before an 

eventual meltdown.  

4. The IoT sensor system should be economically viable, and each device should cost 

at most $100. That is not a hard requirement, however, it is used as a selection 

criterion. 

Prior to any testing, the initial setup would be a Raspberry Pi 4B, with a wide-angle 

camera, running YOLO, or You Only Look Once”, which is a convolutional neural 

network for real-time detection, with is as accurate as the one used in this study, i.e. SSD, 

but three times faster, due to a less complex processing pipeline that uses the whole image 
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as the network input, and then the neural network, Darknet, divides the image into a grid 

and predicts bounding boxes and probabilities for each grid section [66] [67].  

 

 

 
Diagram 2 The initial architecture of IoT sensor system 

 
 
Nevertheless, initial tests have shown that YOLO does not work well with Raspberry Pi 

4B, i.e. the video stream processing would happen at a very slow rate, and a TinyYOLO 

would be necessary to reach a higher framerate.  

For the abovementioned reasons, the initial setup had some changes, but only at 

software and algorithm levels, i.e. there were no changes concerning the hardware and 

peripherals. OpenCV, a widely used Computer vision library was applied combined with 

the Mobilenet Caffe model and the centroid-tracking algorithm.  
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5.7 Alternative system setup 
This study was focused on the proposed IoT sensor system consisting of Raspberry Pi 

4B, connected to a wide-angle camera, and employing OpenCV for video stream data 

processing. The main algorithms and models used were the centroid-tracking algorithm 

and the Caffe implementation of the MobileNet model, respectively. These are the 

minimum viable settings for a system to be successfully employed within MMLA and 

fulfill the preconditions. 

Despite its limitations, Raspberry Pi 4B presents satisfactory results, and with some 

adjustments, it can deliver higher performance and reliability in its data processing. One 

example is by connecting the Raspberry Pi 4B to a more powerful computer – in this study, 

the computer of choice was a MacBook Pro ‘15. As experiments and tests in chapter 6 have 

shown, this setup boosted significantly the video stream data processing. 

This alternative requires a higher level of IT savviness since it would require the use of 

SSH, more shell command lines, and execution of two scripts – one for the client and the 

other for the server-side. The client script is executed on the Raspberry Pi, sending a video 

stream to the server, which runs on the MacBook. The computer vision algorithms, data 

processing, and storage take place on the server-side.  To transfer video stream from one 

device to the other, ImageZMQ, which is a set of Python classes that make this transfer 

possible by using PyZMQ messaging, was employed [68].  

 

Figure 9 A more polished prototype with a metallic 
basket and a resting platform for the device 

Figure 10 Sketching the System prototype 
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Diagram 3 Client-server relationship for ImageZMQ video streaming 

Source: PyImageSearch (2019), “Live video streaming over network with OpenCV and ImageZMQ”.  
https://www.pyimagesearch.com/2019/04/15/live-video-streaming-over-network-with-opencv-and-

imagezmq/ 
 
  

Nevertheless, this setup does not fulfill all the requirements, more specifically the fourth 

one – MacBook Pro or similar is far from being a low-cost device. Besides, as mentioned 

previously, it requires higher computer skills, which means it might find obstacles within 

schools in terms of implementation. 

There is, however, a reasonable solution that also enhances Raspberry Pi’s performance 

in executing computer vision algorithms, acting as an extra, more powerful CPU, namely 

a neural compute stick. At the moment of writing, Intel Movidius Neural Compute stick II 

can be acquired by approximately $90 in Sweden. An IoT sensor system consisting, then, 

of Raspberry Pi 4B, a neural compute stick and a wide-angle camera would be able to 

deliver enhanced results, both in terms of CPU-related performance, i.e. CPU usage and 

temperature, and computing performance, i.e. processing speed and distance measurement 

accuracy, since more complex algorithms can be executed, and a similar AI platform to 
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CUDA that enhances GPU performance, namely OpenCL, can be employed.  Additionally, 

it fulfills all the previously given requirements, and it does not require a higher level of IT 

literacy. The script is run basically in the same way as it is with Raspberry Pi. However, 

there are some additional libraries, such as OpenVINO, and command-lines that should be 

executed to make the Raspberry Pi use the CPU power from Intel neural compute stick. To 

simplify this part, the teachers can obtain a computer vision bundle, i.e. all the necessary 

computer vision libraries and scripts, installed on an SD Micro card.  
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6 Findings  
This chapter aims at divulging the findings from the evaluation of the proposed IoT sensor 

system. A series of tests were carried out to assess hardware and peripherals, i.e. Raspberry 

Pi 4B and Wide-angle camera module respectively, both in terms of performance and cost-

effectiveness. The major focus was on the performance that can be broken down to 

measurable parameters, such as processing speed, and power draw (for the Raspberry Pi) 

and frequency, resolution, and capacity of tracking physical interactions between the test 

subjects, quantified by calculating the distance between the heads.  Furthermore, this 

chapter presents findings concerning algorithms, libraries, and other software-related 

issues. Moreover, this chapter presents a comparison with other similar systems, namely 

NVIDIA Jetson Nano, and Raspberry Pi running with MacBook Pro. And finally, a 

previously overlooked contender, Raspberry Pi 4B with 4GB RAM was tested, resulting 

in an alteration of the initial system setup. 

6.1  Result analysis – Raspberry Pi 4B 2GB RAM 
Initial considerations regarding the data 

The Raspberry Pi 4B, combined with RPI wide-angle camera module, was able to capture 

social dynamics, and distance between people with a framerate of approximately 4 fps, 

which is higher than the required 3fps, at a resolution of 320x240 pixels. Nevertheless, a 

setback is observed when data is collected for analysis. Three methods to transfer data from 

the camera and the Raspberry Pi were tested – the first one was by creating a local .csv, 

and in the Python script, a few lines of code were added to append data to the file. The 

second method was to apply MQTT protocol – Raspberry Pi, connected to the internet, 

sending data to an MQTT server broker, Adafruit IO. However, the latter imposes 

limitations concerning data rate – the threshold is 30 data points per minute, which makes 

real-time feedback unfeasible.  The third method is more relevant when it comes to IoT, 

namely the use of PostgreSQL, an open source object-relational database 

system  commonly employed with Python, and considered robust, reliable and consistent, 

especially in terms of data integrity [69] . In this case, there is not a data rate limit, which 

makes real-time feedback possible. Concerning the impact on the video framerate, there is 
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a drop of less than 9%, which implies that the use of this database system suits this research 

purpose. 

 Instead of sending the data to an MQTT server broker, such as Adafruit IO,  or even 

to PostgreSQL cloud-situated database, the data were primarly sent locally to a .CSV file, 

i.e. a file with comma-separated values. Data were separated into two categories – 1) 

hardware performance – in a latent state, i.e. without any running processes, and under 

stress while performing video streaming and data processing and; 2) hardware ability in 

processing data in real-time. Once these measurements were registered, additional tests 

were executed and, this time, the data were sent using the PostgreSQL database system 

with the purpose to assess the system's adequacy in the realm of IoT. 

CPU Performance  
In this category, two variables were used – CPU usage and CPU temperature, measured in 

a latent state, i.e. without any running processes, and under stress while performing video 

streaming and data processing. 
 

 
Figure 11 Raspberry Pi 4B performance through time 

 

As the graph above shows, the hardware reaches a critical state after a few minutes of data 

processing, which means that the Raspberry Pi, in order to be a viable option for tracking 
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of CPU usage. Thus, Raspberry alone is unfit to execute more advanced algorithms such 

as the Haar Cascade classifier. However, the device is capable of measuring the distance 

between people through simpler algorithms, such as centroid tracking.  

Data processing frequency and distance measurement capability 
As the table below shows, Raspberry Pi 4B alone can detect people and the distance 

between them with an average frequency of 4.02 fps, which is fast enough to capture social 

interactions and provide feedback with short delay – between 250 and 500 milliseconds 

between each reading.  The distance between three people was calculated in centimeters, 

and for such, the Euclidean distance algorithm was used to calculate the distance between 

two points, with 3 repetitions, i.e. distance between points A and B; point A and C and; 

point B and C.  
 

 
Figure 12 Raspberry Pi 4B 2GB data processing frequency 
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NVIDIA Jetson Nano 

Jetson Nano, described in chapter 2, functions as a complete solution for Machine Learning 

– a combination of hardware with powerful GPU, and a toolkit, CUDA, that enhances the 

data processing performance. However, since Raspberry Pi does not possess a CUDA-

compatible GPU, the tests and experiments did not take CUDA into consideration, i.e. this 

study only examined CPU-only computing power, to provide an equitable comparison 

between systems.  

 
Figure 13 Jetson Nano CPU performance 
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Figure 14 Jetson Nano’s video stream processing frequency 
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be CUDA-enabled. An alternative would be to rely on OpenCL for accelerating video 

rendering and processing. OpenCL, or Open Computing Language, is an open-source, 

royalty-free standard consisting of an API that coordinates parallel across heterogeneous 

processors, supporting a wide range of applications within e.g. embedded systems and 

High-performance Computing. Consequently, OpenCL is said to enhance expressively the 

IoT sensor system’s performance and ability in data processing when compared to CPU-

only alternatives [71]. Even though YOLO relies on a C/CUDA-based neural network 

framework, Darknet, it can also be used now with OpenCL, since Darknet was recently 

ported to the later [72]. 

However, research has shown, that CUDA is more effective than its alternative, i.e. 

Deep Learning algorithms relying on CUDA library can process data faster than what is 

achieved with OpenCL standard [73] [72]. 

Another issue is that, despite OpenCL’s agnostic nature concerning hardware, CUDA 

became more popular within the ML community, since its library is relatively simple to 

implement if compared to OpenCL, and as a result, there is more support available for 

CUDA toolkit users [73]. 

 
Figure 15 Raspberry Pi 4B CPU performance (alongside MacBook Pro) 
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Figure 16 MacBook Pro CPU performance 

 
 

 
 

 
Figure 17 MacBook Pro's video stream processing frequency (FPS) 
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for more complex algorithms. In this case, as mentioned previously, OpenCL as a GPU-

enhancement platform could be implemented. Nevertheless, this aspect is out of this study's 

scope, since the focus was only on the CPU-based capacity.  

 

 
Figure 18 Raspberry Pi CPU performance with Intel NCS II 

 

 
Figure 19 Raspberry Pi's video stream processing frequency (FPS) using Intel NCS II 
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Raspberry Pi Revisited - Raspberry Pi 4B 4GB 

In order to make the comparison between Raspberry Pi 4B and NVIDIA Jetson Nano 

more adequate, supplementary tests were executed with a slightly more powerful 

Raspberry Pi 4B, i.e. the 4GB RAM variant.   

Figure 20 demonstrates better results both in terms of CPU usage and temperature when 

compared to the 2GB RAM version. These variables were considerably stable during the 

whole benchmarking test. The maximum observed temperature was 81.8°C without any 

heat sink or cooling fan, considerably lower than the temperature reached by Raspberry Pi 

4B 2GB , 94.56 °C (and 84.72 °C with a cooling fan), which means a decrease of 15.6%. 

The increase of RAM memory from 2GB to 4GB also affected the CPU usage in the 

meaning that the Raspberry Pi 4GB version does not become as overloaded as the 2GB 

version while processing data, reaching an apex at 93.4 % and 95.1% respectively, i.e. a 

difference of 1.82%.  

 

 
Figure 20 Raspberry Pi  4B 4GB CPU performance 

 
 

The figure below shows the CPU efficiency in terms of processing video streaming data, 

measured by the variable FPS . The average video stream processing frequency observed 
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As conclusion, a system based on Raspberry Pi 4B 4GB is a strong candidate, and even 

more cost-effective than a NVIDIA Jetson Nano. This device can be obtained for 

approximately $160, whereas Raspberry Pi 4B 4GB costs roughly $76. Even though this 

comparison might seem unfair, since Jetson Nano possesses a highly powerful GPU that 

boosts data processing speed through the employment of CUDA, this feature could be more 

difficult for implementation by education practitioners, as it would require a higher level 

of IT skills. Additionally, this study is focused solely on the CPU performance.  

 
 

 
Figure 21 Raspberry Pi 4B 4GB's video stream processing frequency (FPS)  
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6.3 Comparison of devices 
 

Table 2 Data processing frequency and CPU performance 

 
As table 2 shows, the IoT system that presents the best results is Raspberry Pi 4B combined 

with Intel Neural Compute Stick II, without any GPU enhancements. Raspberry Pi 4 B 

combined with a lowly priced NCS presented better results than with a high-end machine, 

MacBook Pro in this case. However, if GPU-based data processing enters the equation, 

Nvidia Jetson Nano would be the best alternative in terms of cost-effectiveness, i.e. the 

relationship between performance and cost. 

Another advantage of this alternative is its uncomplicated setup. To make Intel NCS 

work with Raspberry Pi, a software called OpenVino must be installed, and a virtual 

environment in which the script is executed must be created. Additionally, some minor 

changes in the main script were made, so that the data processing is directed to Intel NCS. 

This system does not require high IT savviness from teachers and other education 

practitioners, since all they need to do is to change to a virtual environment using 

command-line $workon <environment-name> and then execute the script from the right 

directory in the terminal.  

System 

Data processing 
frequency 

CPU Performance 

Average 
fps Min fps 

Max 
fps 

Average 
CPU 
usage 
(%) 

Min 
CPU 
usage 
(%) 

Max 
CPU 
usage 
(%) 

Average 
temp 
(°C) 

Min 
temp 
(°C) 

Max 
temp 
(°C) 

Raspberry 
Pi 4B 
2GB 4.02 3.96 4.11 87.77 0 92.2 73.08 47.23 84.72 
Raspberry 
Pi 4B 
4GB 4.52 4.44 4.53 86.03 0 93.4 77 41.87 81.80 
Jetson 
Nano 4.14 4.09 4.16 85 0 93.2 67.01 37.75 73.50 
MacBook 
Pro + 
Raspberry 
Pi 4B 15.09 14.70 15.47 43.59 0.5 54.8 79.48 37.00 89.00 
Raspberry 
Pi + Intel 
Neural 
Compute 
Stick II 19.02 18.82 19.11 14.88  0 31.1 61.75 55.99 66.22 
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However, a newly added contender, Raspberry Pi 4B 4GB, has shown even greater cost-

effectiviness than previously mentioned systems. Taking into consideration only CPU 

performance, and the systems' respective prices, this new contender would be the best fit 

for the aimed purpose within the educational context.     

Below is a diagram with the final architecture of the IoT sensor system, reflecting on 

the changes mentioned, i.e. concerning the hardware and data storage. 

 

 
Diagram 4 The final architecture of IoT sensor system 
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7 DISCUSSION 
7.1 Addressing the research questions 
As stated previously, this study aimed at designing, building, and testing a proof of concept 

for an IoT sensor system capable of detecting group dynamics. Was this aim achieved? 

Yes. In chapter five, the architecture of the IoT system was described in terms of e.g. 

hardware, peripherals, software, and algorithms, and; in chapter six, this system was put to 

the test with alternative systems. After analyzing all the benchmark test and experiment 

results it is possible to answer the research question, i.e. what are the minimum viable 

configurations for such an IoT sensor system for capturing collaborative group dynamics? 

Firstly, when it comes to hardware, the Raspberry Pi 4B 2GB alone was able to capture 

group dynamics, but just barely. The CPU usage percentage reached a level of 90% after 

30 seconds, which means the system could potentially crash if used during long group 

activity sessions. The CPU temperature also reaches a very high temperature, i.e. higher 

than 80°C, after approximately  3 minutes. Whereas the CPU temperature can be easily 

curbed with a cooling fan, which takes the microprocessor to normal temperature, the same 

cannot be stated about the CPU usage – to prevent a system crash, the Raspberry Pi would 

need an external CPU, e.g. Intel Movidius Neural Compute Stick or a more powerful 

computer or making some configuration adjustments, such as a lower memory split with 

the GPU, and forcing the HDMI port to operate as DVI without audio. The system was 

able, however, to function for at least one hour, and the CPU temperature stabilized at 

approximately 81°C, and the CPU usage at roughly 90%. 

Moreover, in terms of data processing frequency, measured in frames per second (fps), 

Raspberry Pi 4B presented a satisfactory average of 4.02 fps, above the required 3 fps for 

a real-time group dynamics detection, and the experiments have shown that it was able to 

detect the distance between three people engaged in playful learning under approximately 

one hour.  

In conclusion, it can be stated that Raspberry Pi 4B with 2GB RAM presents the 

minimum viable configurations for group dynamics detection. The device, connected to a 

wide-angle camera, succeeded in achieving the goal of detecting how people interact under 
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a certain period of time, but only barely. There is, as mentioned previously, a considerable 

risk for a system crash, which can be curbed with some alterations in the Raspberry Pi's 

system settings. Another aspect that should be brought to attention is that there are four 

versions of Raspberry Pi 4B when it comes to RAM memory - 1GB, 2GB, 4GB and 8GB. 

The one used initially in this study is the 2GB version, which costs roughly US$50, and 

the ones with larger RAM memory are still cheaper than Jetson Nano, and could potentially 

lead to considerably better benchmarking test results.  

In order to add robustness into this study, complementary tests were carried out with a 

superior Raspberry Pi 4B device, with a RAM memory of 4GB, as also observed in Jetson 

Nano. And indeed, the results have shown a significant improvement regarding all the 

analysed variables, i.e. CPU usage, CPU temperature and FPS. Finally, concerning the 

cost-effectiveness aspect, Raspberry Pi 4B 4GB also has achieved the desirable goal of 

costing less $100 alongside the RPi wide-angle camera. Thus, the initial IoT sensor system 

suffered alterations –the 2GB RAM version of Raspberry Pi 4B was substituted with a 4GB 

RAM version.  

7.2 Limitations of the IoT system 
Even though the built system showed positive results and was able to fulfill the 

requirements, some limitations should be addressed. 

Firstly, when it comes to algorithms, there was an issue concerning the centroid-tracking 

algorithm. Since the centroid tracking algorithm is based on Euclidean distance, i.e. a two-

dimensional measurement, it does not take depth into consideration. People might seem 

close to each other in a two-dimensional space, i.e. x and y, whereas they are, in reality, far 

from each other if we bring the depth dimension to the equation, i.e. z-axis. This issue can, 

however, be fixed by modifying the algorithm to include angle measurement between the 

detected human centroid points. 

Secondly, another limitation was related to detection accuracy. As mentioned 

previously, the object detection model applied to the video stream frames was MobileNet, 

with a smaller pre-trained dataset.  With the original algorithm, dolls were being mistaken 

for people in the detection process. The solution was, however, easy to apply – change the 

confidence level given in the code. However, a better solution for further studies would be 

to train a more extensive dataset or to use a larger pre-trained dataset.  
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Thirdly, regarding the device's CPU performance, Raspberry Pi 4B 2GB reached critical 

temperature, up to approximately 90°C while performing video stream data processing and 

high level of CPU usage, i.e. the device allocated a great part of its processing power to 

execute object detection and distance measurement. Both variables while high could lead 

to system failure. In the case of temperature, once it reaches a critical temperature, the 

microprocessor slows down to cool off or it can even shut down. When it comes to CPU 

usage, if it is too elevated, applications might idle until they freeze, including the execution 

of video stream data processing. This problem can be tackled by connecting Raspberry Pi 

to a device with stronger CPU power as described in 5.7.  

Fourthly, comparison was initially made between Raspberry Pi 4B with 2GB RAM and 

Jetson Nano with 4GB, which overlooked the impact of RAM memory on the system 

performance. For this reason, a Raspberry Pi 4B with 4GB RAM was added to the study, 

which led to alterations in the proposed IoT sensor system, as previously discussed. 

And finally, in this study, the focus was merely on the CPU performance when 

processing video data, i.e. without taking into consideration the impact GPU accelerating 

platforms such as OpenCL and CUDA exert on data processing, which made the 

comparison between Raspberry and Jetson Nano somewhat unfair, since the latter relies 

heavily on GPU enhancement to reach an exceptionally high level of performance that goes 

beyond the performance of other devices. 

7.3 Ethical implications 
Whenever research involving humans as test subjects is carried out, there are ethical 

concerns to be considered. Firstly, there are more general ethical issues concerning the test 

subject’s integrity, which means that experiment participants' rights should be safeguarded, 

such as the right not to participate in the experiment, to drop out at any point in the 

experiment, and the right to anonymity. Additionally, gathered material in form of video 

and images, after expressed consent, should solely be used for research purposes, in 

compliance with the ethical standards in research as expressed [74].  

The advent of the Internet of Things implied further ethical concerns, especially when 

it comes to data collection and management, i.e. how data are collected, stored, analyzed, 

and possibly shared [75]. Under the past few years, we have witnessed the intensification 

of pervasiveness brought by this technology, and consequently,  the rise of additional 
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ethical implications, such as protection of personal information and ownership of data, as 

identified in [76] [77]. Since sensors are usually connected to the internet, especially when 

data is stored and analyzed with the help of cloud-based services, there is a risk for data 

vulnerability, i.e. sensitive data could get exposed. Additionally, people feel uneasy about 

sharing some types of information that could potentially jeopardize their personal integrity 

if used in the wrong way [78]. A solution is to give them authorial rights, i.e. the 

participants decide what kind of information may be obtained and what aspects of the 

interactions can be recorded/registered, as discussed in [79]. 

As this study was affected by the current pandemic, and the only experiment subjects 

were family members, there were not so many actual concerns, besides informing the 

children and their father about the experiment and what kind of data was going to be 

collected and how it would be stored, in this case locally. 

7.4  Further studies  
In the present research, the focus was on the physical aspects of group dynamics, captured 

by video. It would be even more relevant and groundbreaking for the subfield of MMLA 

to add auditory data, which can be captured with a 4-microphone array, ReSpeaker, with 

built-in algorithms for artificial intelligence-related projects, such as voice detection, turn-

taking tracking, amount of talking per capita, etc. Combining video with audio, researchers 

could gain a deeper understanding of group dynamics and collaborative work, and; students 

and teachers would be equipped with more comprehensive feedback that can be used as a 

tool to improve group dynamics and social skills. As stated previously, whereas there are 

many studies on how IoT can be used in fields such as security, health, and offices, the 

subfield of multimodal learning analytics is still under-researched.  

Additionally, it would be relevant to combine the system with a dynamic dashboard to 

facilitate the visualization of relevant parameters that can be used for real-time feedback. 

In this case, it is necessary to compare the available methods for data storage and analysis, 

i.e. should data be stored and analyzed using cloud services such as AWS or should edge 

computing be applied instead since it leads to faster data processing and higher security, 

which is crucial when it comes to protecting people’s integrity and privacy. 

Moreover, as GPU enhancement in data processing was not taken into consideration, it 

would be relevant to add this dimension to further studies, since some of the devices rely 
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heavily on GPU enhancement such as CUDA and OpenCL platforms to boost their data 

processing performance. 

Furthermore, it would be even relevant to test not only single-chip computers, but also 

microcontrollers, such as Sipeed Maixduino, which offers a promising solution for group 

dynamics tracking at a very affordable price, and should be examined more in-depth.  

Finally, the data analysis associated with the group dynamics, here measured in terms 

of distance between people, was out of scope in this research, since the object was to design 

and build a system and, assess its viability within education and to pave the way for future 

research.  

7.5 Conclusion and Final Remarks 
This work aimed at designing and evaluating a proof of concept for an IoT sensor system 

capable of detecting group dynamics, and as a result it bridges gaps in the field of Learning 

Analytics and educational practices by presenting a low-cost solution able of detecting 

shifts in the distance among group members during collaborative group work, or in this 

case, playful learning activities.  

The proof of concept hereby built should be further developed, tested on a larger scale, 

and potentially employed in schools to train students into becoming socially competent, 

improving their skills in collaboration and communication, in a way that they can improve 

their chances of landing a job. This issue is critical for University programs in Computer 

Science, Engineering, and other STEM disciplines, since there is much focus on job-related 

skill set, e.g. coding, designing, building software, and not enough attention is given to soft 

skills that are highly demanded in the tech industry, in which an Agile approach became 

the norm. Companies are facing difficulties in finding a competent workforce, not only 

when it comes to e.g. programming skills, but even working in teams, communicating with 

other departments, and in an agile manner to keep up with the fast-paced changes in a 

global industry. Moreover, the solution presented in this work, if complemented with a 

dashboard with information visualization, could enable teachers to give real-time feedback 

to students on their progress regarding social skills and a possibility to improve their 

behavior.  

Furthermore, applying this technology does not need to be either expensive or complex. 

This study proved that it is possible to develop a low-cost IoT sensor system that can be 
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used even in more resource-deficient areas - geographically and discipline-wise. Also, this 

solution is not only relevant for the field of education, but also for business settings, and 

public sectors that rely heavily on social competence, such as healthcare, law enforcement 

and social care.  

Nevertheless, despite all the potential benefits, using this type of technology is not 

unproblematic, since it encounters ethical concerns. Would students, teachers and other 

potential users be willing to be surveyed, and thus,  having their personal integrity 

threatened? How should this solution be applied in a way that does not jeopardize their 

privacy rights? In this study, only the distance between group members was registered, but 

other variables and types of data might be more sensitive, and how can we assure that the 

data will be used in the right way, from an ethical point-of-view?  
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Appendix  
1. Algorithms and Scripts 

The code used in this research can be retrieved at Github repository, 

https://github.com/GrazySE/master_thesis. The data log can be obtained upon request. 
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