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Abstrakt 

Diplomová práce se zabývá návrhem a realizací částečně energeticky soběstačné helmy vybavené 

fotovoltaickými prvky a obvodem pro správu baterie, včetně inerciálního senzoru pro vyhodnocení 

aktivity vybaveného vysílačem pro odeslání dat do vzdálené stanice. Experimentální porovnání 

účinnosti elektronických systémů pro Energy Harvesting umožnilo vybrat BQ25504 jako vhodnou 

metodu řešení. Vliv inerciálních senzorů (MPU9250 a BNO055) na spotřebu energie celého systému 

byl experimentálně testován. Pro následné vyhodnocení aktivity byl na základě výsledků měření vybrán 

jako vhodný inerciální senzor BNO055.Pro správu a monitorování všech dat bylo vyvinuto uživatelské 

rozhraní v prostředí programu LabView. Program Matlab byl použit pro návrh algoritmu klasifikace 

pohybu pomocí Värriho metody spojených oken a klasifikátoru založeného na pravidlech. Přesnost 

segmentačního algoritmu ověřeného na 10 probandech byla evidentně ovlivněna rozdílným provedením 

pohybů jednotlivých probandů. Testování vlivu umístění senzoru na helmě na přesnosti klasifikace 

prokázalo nejlepší výsledky při umístění senzoru na apikální části helmy. V práci jsou následně 

diskutovány zjištěné vlivy ovlivňující přesnost klasifikace. 

Klíčová slova 

Chytrá helma, BQ25504, BNO055, Adaptivní segmentace, Energy Harvesting, Inerciální měřící 

jednotka, Klasifikace pohybu, BLE, LabView 

Abstract 

The diploma thesis concerns with the design and realization of a partially self-powered helmet equipped 

with photovoltaic elements and a battery management for harvesting purposes, including an inertial 

sensor for activity evaluation and a transmitter to a remote station. The experimental efficiency 

comparison of electronic solutions for energy harvesting allowed to choose the BQ25504 as a suitable 

solution. Influence of inertial sensors (MPU9250 and BNO055) on a power consumption was 

experimentally tested based on the measurment results the BNO055 was selected as a suitable inertial 

sensor for activity evaluation. A graphical user interface in the LabView program was developed for the 

management and monitoring of all data. The Matlab software was used for development of movement 

classification algorithm using the Värri method of connected windows and the proposed rule-based 

classifier. The accuracy of segmentation algorithm verified on 10 probands was evidently influenced by 

differences in the probands movements. Testing of the influence of the sensor position on the helmet 

proofed that the classification algorithm achieved best results for the temporal position on the helmet. 

The observed shortcomings affecting the accuracy of the activity classification are discussed. 
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1 Introduction 

 Construction workers may suffer severe pain from repeated movements. The aim of smart 

helmets is to properly detect these movements and eventually alert the worker to the ongoing 

inappropriate action. Nowadays there are many studies describing various methods of recording 

different signals from the human body during specific activities. For example construction workers or 

highway builders, who are constantly exposed to the risk of sunstroke or collapse at high summer 

temperatures, which can lead to dangerous injuries, can be continuously monitored and subsequently 

warned in any case of occurred risk event. 

 Although the helmet is an essential element in the worksite and in most countries it is 

obligated to wear it, in the case of a smart helmet, as it is electronic device, it is necessary to ensure a 

sufficient source of energy to be able to supply the sensor system during entire work performance. For 

these cases, it is better to rely on renewable ambient sources whose volume is virtually inexhaustible, 

for example, solar, thermal or vibrational energy.  

Thesis assignment is divided into two parts. The first part will include current literary knowledge about 

the following issues: 

1. Research on problematics of smart helmets and their technical solutions.  

2. Development and realization of a partly self-powered smart helmet for workers, equipped 

with photovoltaic elements and a battery management for harvesting purposes, and including an 

inertial sensor for activity evaluation and a transmitter to a remote station.  

3. Comparison of selected sensors and transmitter for inertial parameters measurement.  

The second part will be focused on the solution of the assigned topics: 

4. Development and realization SW for managing and monitoring all data. 

5. There have to be performed following tests: 

   a. Comparison of at least two electronic solutions for energy harvesting optimization. 

   b. Influence of inertial sensor choice (MPU9250 and BNO055) on a power consumption of 

the developed device. 

   c. Influence of sensor placement in helmet in defined movements measurements. 

6. Evaluation of thesis results. 

 

1.1 Theoretical background 

 Diploma thesis aims to develop and design a smart helmet for workers that is able to detect 

movement and classify it appropriately. The whole system should be partially energy independent 

thanks to the battery management system and solar panels installed on top of the helmet. The detected 

motion can be send via various wireless communication channels (Wi – Fi, ZigBee, Bluetooth, etc.) 

stored and afterwards analyzed using different environments.  

Even though, the implementation with solar cells that allow energy to be supplied when the worker is 

in remote areas, the total system consumption should be taken into account. Sensors and microcontroller 
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have to be chosen with regard to low power consumption and ideally to be able to work in low 

consumption modes (Deep sleep, Hibernate, etc.). 

Low power consumption is drastically affected by the way the data is transmitted to a remote station. In 

order to ensure the lowest possible consumption, the key factor is to choose the appropriate transmission 

technology. Leading manufacturers of microcontrollers for the so-called IoT designs embark on the path 

of Bluetooth Low Energy. Its transmission current peaks to 30 mA at maximum. Though, its competitor 

may include ZigBee which operates in the WPAN range and consumes much lower current than original 

Wi – Fi [1]. 
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2 Review on smart helmets 

 The aim of 15 literary searches is to outline the most suitable placement of individual 

sensors and battery and selection of specific types of sensors and MCU according to the system 

requirements mentioned in the previous paragraph. Last but not least, the aim of the research is to explain 

the problematics of Human Activity Recognition (HAR) and to choose the most suitable algorithm based 

on the current-state-of-art. Therefore, the research part will be focused mainly on these topics.  

[2] CHANDRAN, Sreenithy, Sneha CHANDRASEKAR a Edna ELIZABETH. Konnect: An Internet of 

Things(IoT) based smart helmet for accident detection and notification [online]. 2016, (52), 453 - 487 

[cit. 2019-12-28]. DOI: 10.1109/INDICON.2016.7839052. 

 The article discusses the design of a smart helmet for bikers called Konnect that detects 

and reports accidents. The design uses GPS navigation to determine the driver's position and 

accelerometer to detect crash and accident. An accident is recorded when the accelerometer linear 

acceleration limits in all its axes are exceeded. Subsequently, the site data is sent to the emergency 

contacts via SMS. 

 The study describes the possibilities of data storage of helmet records and subsequent 

processing. However, in our case, where helmet design is greatly influenced by overall system power 

usage, we cannot consider using Wi-Fi as a suitable alternative because of its high power consumption. 

Nevertheless, the paper is suitable for the implementation of a possible method of injury detection. A 

simple but effective approach - the threshold based identifier, which was used in the publication, can 

also be used in the design of this work. 

[3] BEHR, C. J. a A. KUMAR. A Smart Helmet for Air Quality and Hazardous Event Detection 

for the Mining Industry. IEEE International Conference on Industrial Technology (ICIT) 

[online]. 2016, 2016 [cit. 2019-12-28]. DOI: 10.1109/ICIT.2016.7475079. 

 Thesis deals with design of smart helmet for mine workers. Its aim is to detect the 

occurrence of dangerous gases in the surrounding area and to record the collision of the miner's head 

with a foreign object and last but not least, the authors recorded cases where the worker removed the 

helmet from the head using an IR sensor. ZigBee technology was chosen as a suitable communication 

method because of lower power consumption than conventional Wi - Fi and the possibility of creating 

mesh networks which are more useful in places where access points cannot be created. The authors also 

chose sensors and transmitters depending on consumption as the whole system runs on battery. Working 

principle of the system is demonstrated on the following figure (Figure 1). 
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 The helmet was extensively tested in order to determine whether or not the system works 

to the requirements. The following tests were performed: Air Quality Test, Helmet Removal Test, 

Impact Test, and Wireless Transmission Test. It was found that in the Impact test, when a hammer was 

dropped on a dummy with a helmet attached, the output values didn’t correlate the expectations. This 

phenomena was caused by the wrong calibration of the accelerometer and its positioning. Authors 

mentioned that for the sake of better results it is more convenient to mount the accelerometer inside the 

helmet rather than on its top. 

 This article tells us more about the testing options and possible errors in their execution. 

When testing the accelerometer, the authors incorrectly chosen the Data Output Rate and also the 

maximum range of the acceleration, which should have been much higher than the authors thought. In 

the end, these consequences caused inaccurate measurements. It is therefore necessary to avoid such 

errors when testing the helmet in this work. 

[4] ALTAMURA, Angelo a Francesco INCHINGOLO. SAFE: Smart helmet for advanced 

factory environment [online]. 2019, 6, DOI: 10.1002/itl2.86. 

 
 Authors of this paper proposed a Wi - Fi enabled smart helmet for use in the IIoT field 

(Industrial Internet of Things). The system controls worker’s vital signs and detects different types of 

gases in order to prevent unsafe working conditions while minimizing safety equipment. Emergency 

cases are promptly communicated to both the worker and the administrator thanks to Wi-Fi transmission 

to the local access point. Data acqusition is realized with Arduino NANO and transmission with 

NodeMCU board. The prototype has been developed with a 6 V, 4000 mAh battery pack as power 

source which can cover an 8 hours shift in standard conditions. It should be noted that because of the 

high power consumption of data transmission, the authors recommend in the end an alternative Wi-Fi 

communication which may be one of the members of low-power wide area networks (LPWANs), that 

is, Sigfox, Long Range (LoRa) and Narrow Band IoT (NB-IoT).  

Figure 1: Functional Block diagram of Smart Helmet. [3] 
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 This thesis describes in detail the structure of data reception algorithm and data packet 

layout options. Therefore, the similar packet structure could be implemented in the design of this work. 

Hence similarly to [2], the possibility of applying the methods used is unlikely because the system 

described is characterized by high consumption. The aim of this work is to realize a system with ideally 

lowest consumption possible since the task relies on energy harvesting, therefore the authors’ design is 

not suitable. Since its acquisition chain composes from many power consuming units (Arduino NANO, 

NodeMCU, Level Shifter). 

[5] SHU, Lin. a Li. ZATCH. A Smart Helmet for Network Level Early Warning in Large Scale 

Petrochemical Plants [online]. 2015, DOI: 10.1145/2737095.2737136. 

 
 The work deals with the design of working helmet in combination with wristband as a 

dynamic gas leak sensor. The network of helmets that are equipped with environmental and vital sensors, 

according to the authors, should communicate through a central unit, which is mounted on the worker's 

wrist. These wristbands are able to display real measured data in real time and send them via Wi – Fi to 

the monitoring centers. The workers are divided into subgroups, where the group working in the 

immediate vicinity of the gas leak detects elevated values and then sends this message to the monitoring 

center, which sends the message to other workers. This method can ensure the smooth transmission of 

information on the release of dangerous gases. 

 This work describes the possible use of smart helmets as a comprehensive security network 

for recording sudden events. The use of movable sensors is much more accurate than conventional static 

sensing nodes and gives a more realistic picture of the risk. Nevertheless, the proposed method of 

Figure 2: (A) Functional diagram (left) with the photo of proposed helmet (right); (B) Data packet structure [4] 

Figure 3: (left) Smart helmet and wrist watch design; (right) the network level monitoring system [5]. 
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sending data can be considered suitable for this work, where a smart helmet would send information to 

the central operating center in case of an unexpected event. 

[6] PREECE, Stephen J. a John Y. GOULERMAS. Activity identification using body-mounted 

sensors-a review of classification techniques. PHYSIOLOGICAL 

MEASUREMENT [online], 2009(4), 1-33 DOI: 10.1088/0967-3334/30/4/R01. 

 This  article  has  presented  an  overview  of  the  different  techniques  which  have  been  

used  for  activity classification  from  body-worn  sensor  data.  Text was organized into two logical 

segments, first -  feature  generation  and  simple  threshold  based  classification  and  the  second  

dealing  with more advanced classification techniques. Within this framework, features were categorized 

as heuristic, time-domain, frequency-domain or time-frequency (wavelet). The list of different machine 

learning algorithms is presented in Table 1.  

Table 1: Different machine learning techniques used in activity classification [6] 

Threshold - Based 

Classification 

Culhane et al (2004),Uiterwaal et al(1998), Boyle et al (2006), Bussman et al 

(1998c), Makikawa and Iizumi (1995), Busser  et al (1997), Najafi et al 

(Najafi et al 2002; 2003), Aminian et al (1999b), Coley et al (2005), Sekine 

et al (2000a; 2000b), Nyan et al (2006a) 

Hierarchical 

Methods 

Fahrenberg  et al (1996), Fahrenberg et al (1997), Lee et al (2003), Mathie et 

al (2004a), Karantonis et al (2006), Parkka et al (2006), Ermes et al (2008) 

Decision Trees 
Bao and Intille (2004), Maurer (2006), Parkka et al (2006), Ravi et al (2005), 

Ermes et al (2008) 

K Nearest 

Neighbour 

Foerster et al (1999), Foerster and Fahrenberg (2000), Bao and Intille (2004), 

Maurer et al (2006), Bussmann et al(2001), Huynh and Schiele  (2005), 

Preece  et al (2008b), Zhang et al (2006c), Zhang et al (2006a) 

Artificial Neural 

Networks 

Zhang et al (2005), Parkka et al (2006), Pirtti kangas  et al (2006), Kiani et al 

(1998), van Laerhoven and Gellersen (2004), Mantyjarvi et al (2001), Ermes 

et al (2008), Baek et al (2004), Wang et al (2007) 

Support Vector 

Machines 

Doukas and Maglogiannis (2008), Krause et al (2005), Ravi et al (2005), 

Huynh and Schiele (2006a), Zhang et al (2006b), Zhang et al (2006a) 

Naive Bayes and 

Gaussian Mixture 

Models 

Bao and Intille (2004), Maurer et al (2006), Kern et al (2003), Ravi et al 

(2005), Huynh and Schiele (2006a), Wu et al (2007), Allen et al (2006) 

Markov Models 

Pober et al (2006), Krause et al (2003), Krause et al (2005), Lester et al 

(2005), Lester et al (2006), Lukowicz et al (2004), Ward et al (2006), Van 

Laerhoven and Cakmakci (2000) 

Combining 

Classifiers 

Lester et al (2005), Lester et al (2006), Ravi et al (2005), van Laerhoven and 

Gellersen (2004) 

Unsupervised 

Learning 

Nguyen et al (2007), Van Laerhoven and Cakmakci (2000), Krause et al 

(2003) 

 

 Very complex study comparing several classification methods for detection and 

identification of activities. The authors mention that nevertheless the area of classifier comparison is not 

very published, we can say that decision trees and artificial intelligence have the highest specificity, yet 

the differences are not so striking.  

The authors also mention that it is very important to be mindful of the position of the sensor on the 

human body when comparing the classifier, even though they are not standardized to this day. 
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For the purposes of this work, it is necessary to take into account the low computational complexity of 

the algorithm and the short calculation time. Despite the fact that our proposed system is strongly power 

restricted, it is possible to implement the computational algorithm only on the side of the operating 

center, where it is not necessary to limit with power consumption. 

[7] CRISTIANO, Alessia a Alberto SANNA. Daily Physical Activity Classification using a Head-

mounted device. IEEE International Conference on Engineering, Technology and Innovation [online]. 

2019, 25  

 The authors of this study introduced a new algorithm for daily physical activity recognition 

using a head-mounted inertial measurement unit (IMU). The algorithm has been designed to detect body 

postures (i.e. Sitting and Standing), body transitions (i.e. Sit-to-Stand and Stand-to-Sit) and Walking 

periods. Data from twelve healthy young volunteers wearing the head-mounted IMU have been 

acquired. 

The IMU was attached on the left-side of subject’s head (Figure 4) with X, Y and Z axes pointing 

downward, backward and to the left respectively and measures the accelerations, (±2 g) and angular 

velocities (±245 dps) along the three directions. 

The algorithm is based on decision tree algorithm. It firstly compares the movement data with the 

reference data obtained during static position (inactivity level) and on the magnitude of the angular 

velocity decides, if the movement is static or dynamic. (These steps are called Signals Pre-Processing 

and Static/Dynamic Activity Classification). The algorithm is then composed of another four main 

blocks and is described more in detail: 

- Level Crossing Analysis 

- Peak Analysis 

- Classification as Sit-to-Stand or Stand-to-Sit 

- Classification as Sitting or Standing 

 Performance of the proposed algorithm has been evaluated in terms of accuracy, sensitivity, 

specificity and precision with respect to a tagging system, used as reference and synchronized with the 

IMU data acquisition. The testing was performed in two environments, controlled condition and real life 

environment, the results (Table 2) showed that the proposed algorithm recognizes the examined daily 

activities with an average accuracy of 89 % in controlled condition and 72 % in real life environment.  

 

Figure 4: IMU placement on participant’s body [7]. 
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Table 2: Sensitivity, specificity and precision of CE condition test. [7] 

Daily Activities 

Statistics (%) 

Sensitivity 

(m±sd) 

Specificity 

(m±sd) 

Precision 

(m±sd) 

Standing 91±7.3 87±8.3 80±11.0 

Sitting 85±27.2 89±4.5 57±18.9 

Walking 88±3.9 89±10.7 88±9.4 

Sit-to-Stand 92±16.2 89±7.2 17±6.8 

Stand-to-Sit 77±19.1 89±6.9 17±11.5 

 Revised paper describes in detail the possibilities of testing and statistical evaluation of 

success of classifying algorithm. The algorithm used is characterized by low computational demands 

therefore it seems to be a suitable classifier for this work.  

 Common methods for motion analysis and classification use IMUs attached to the waist, 

lower or upper limbs. This work explains in detail the advantages of attaching IMU at head level as this 

position is less prone to misclassification of movement due to movement artifact (elderly, disabled 

people). 

[8] GANEA, Raluca a Kamiar AMINIAN. Detection and Classification of Postural Transitions 

in Real-World Conditions [online]. 2012 (20). 

 The authors of the paper thoroughly tested the new classifier algorithm based on dynamic 

time wrapping (DTW) for detection of postural transitions (sit – to – stand, stand – to – sit) on a large 

volume of patients. DTW is a pattern matching method that needs a big dataset of training data to 

accurately identify patterns from unseen individual. Therefore the study authors used real dataset 

obtained from previous outpatient tests as a reference. Recording was performed on 40 probands with 

an age range of 40 to 82 years and patients were split into two groups – Healthy group (controlled group) 

and chronic pain group, IMU were attached on three different places: Shin, thigh and trunk respectively. 

Each proband was measured for 3 days 8 hours a day. A total of 960 hours of recording were recorded.  

 The work deals with one of many methods for motion classification - DTW, which is very 

dependent on the number of samples. DTW achieves very good resolution values when a lot of records 

in the reference dataset. This classification is very useful for a long – term activity recognition. 

[9] KODALI, Ravi Kishore a Shishir KOPULWAR. Smart emergency response 

system. TENCON [online]. 2017, DOI: 10.1109/TENCON.2017.8227953. 

 Thesis deals with design of emergency system suitable for recording biological signals of 

elderly people. The system relies on the ESP32 microcontroller which was chosen as the most suitable 

for its versatile features (using both BLE and Wi-Fi connection while maintaining reasonably low power 

consumption). The following table (Table 3 and Table 4) describes the appropriate microcontrollers in 

the wearables and IoT categories. 

Table 3: Comparison of suitable microcontrollers for wearables and IoT field. (Part 1 [9]). 

 C.H.I.P. Photon WiFiMCU ESP8266 ESP32 
Omeg

a2 
CC3200 

Company 
Next 

Thing Co. 

Particle 

Inc. 

MXCHIP 

Tech. 

Co.Ltd 

Espressif 

Systems 

Espressif 

Systems 
Onion 

Texas 

Instruments 
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GPIOs Up to 45 18 17 Up to 17 48 15 Up to 27 

ADC 1 8 5 1 Up to 18 None 4 

Memory 512 MB 128 kB 128 Kb 32 KiB 520 KiB 64 MB 
Up to 256 

KB 

Operating 

Voltage 

5V or 

3.7V 

LiPo 

battery 

3.6V - 

5.5V 
3.0V - 3.6V 

3.0V - 

3.6V 

2.8V - 

3.6V 
3.3V  2.1V - 3.6V 

 

Table 4: Comparison of suitable microcontrollers for wearables and IoT field. (Part 2) 

 
C.H.I.P. Photon WiFiMCU ESP8266 ESP32 Omega2 CC3200 

Operating 

Current * 
>500 mA 80 mA 320 mA 

80 mA 

(Average) 
80 mA 180 mA 

229 mA 

Max. 

Wi-Fi  
802.11 

b/g/n 

802.11 

b/g/n 

802.11 

b/g/n 

802.11 

b/g/n 

802.11 

b/g/n/e/i 

802.11 

b/g/n 

802.11 

b/g/n 

Features 

Single board 

Computer, 

Bluetooth 

4.0, 

Interface 

with any 

Screen, 

Preinstalled 

Apps, etc. 

RF 

interface, 

FreeRTO

S, On 

board 

RGB 

status 

LED, 

open 

source 

design, 

etc. 

Script 

Program, 

Multi 

Interface  

Lua 

interpreter, 

low power, 

etc. 

Low power, 

Integrated 

TCP/IP 

stack, 

TR switch, 

LNA, 

Antenna 

Diversity, 

etc 

Bluetooth 

v4.2, 

Power 

Control, 

Touch, 

Temp, 

Hall 

sensors, 

IR, 

Motor 

PWM, 

etc. 

Full Linux 

Computer, 

Programming 

with many 

languages, 

Runs 

Apps, etc. 

applications 

micro-

controller, 

Power 

Manage 

Subsystem, 

TCP/IP 

stack, 

etc. 

Price $ 9 $ 9 $ 10 $ 4-6 $ 7.6 $ 5 $ 50 
*Wi-fi communication enabled. 

 The system is using various sensors and sends the gathered data via Wi – Fi to the web 

based cloud platform called Thinger.io which utilizes REST (Representational state transfer) API and 

allows to store and display received data using various graphical representations. Besides that, the 

system uses so called IFTTT (If This Then That) service that allows to connect the API to the SMS or 

E-mail and inform about any unexpected threshold via these communication channels. 

 Although the implemented design is not specified as a wearable device, For the purpose of 

this thesis we can use the outcome of the comparison of usable microcontrollers for rapid-prototyping. 

Furthermore, the thesis deals with the method of storing and displaying data using the cloud base API. 

[10] LIMPANADUSADEE, Jarinya a Panyarat KESAWATTANA. EldTec: Improvement on 

Wearable Sensor for Elderly Fall Detection. Seventh ICT International Student Project 

Conference (ICT-ISPC) [online]. 2018, DOI: 10.1109/ICT-ISPC.2018.8523991. 
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 The work deals with the implementation and design of a fall detection system called EldTec 

based on wearable sensors using IoT networks. The main computational microcontroller is 

NodeMCU - ESP32 which was also used by authors in previous work. The MCU communicates via a 

serial interface with a 3-axis accelerometer and gyroscope and then sends raw data via Wi-Fi to the 

Ubidots cloud which can be immediately analyzed by Care provider user. Subsequently, the Ubidots 

cloud is designed to perform the calculation based on support vector machine (SVM) theory. It also 

sends the fall detection result via LINE notification (chat application) to caregivers, following diagram 

shows the working principle (Figure 5). 

 The results show that proposed fall detection system is able to detect falls with an accuracy 

of 82,50 % with a sensitivity of 82,35 % and an almost 100 % specificity. The authors also compared 

the proposed algorithm with commonly used algorithms (SVM, K-Nearest Neighbors and Naive Bayes). 

The results of the comparison are highlighted in the following table (Table 5).  

Table 5: EldTec algorithm accuracy comparison with other fall detection algorithms [10]. 

Algorithm accuracy comparison with other fall detection algorithms (%) 

EldTec SVM K-NN Naïve Bayes 

82,50 79,50 78,42 79,03 

 

 Based on the results of this thesis we can choose the methodology for the recognition 

algorithm and appropriate hardware. Authors’ choice of the microcontroller is ESP32 as it is versatile, 

low-power and utilizes both Bluetooth Low Energy and Wi – Fi. 

[11] KOKERT, J., BECKEDAHL, T. and REINDL, L., 2018. Medlay: A Reconfigurable 

Micro-Power Management to Investigate Self-Powered Systems. Sensors, 18(1), p.259 

 
 The topic of the scientific work was to design and construct a modular system for testing 

and measuring power management systems. Part of the work also focuses on comparison of current 

power management circuits and available development solutions on the market.  

Frequently mentioned circuit is chip BQ25504 from Texas Instruments. It is apparent from many sources 

that this power management circuit is widely used in practice for its low starting voltage value and many 

useful features (battery protection, power – good indication, MPPT, programmable output voltage). 

Figure 5: EldTec System Architecture [10]. 
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Therefore BQ25504 can be considered as a suitable variant of the power management unit for this 

project. 

[12] JOKIC P, MAGNO M. Powering smart wearable systems with flexible solar energy 

harvesting. IEEE International Symposium on Circuits and Systems (ISCAS) 2017 May 28 

 The work summarizes the design and development of a flexible bracelet for monitoring the 

blood oxygenation of old patients. The design utilizes one flexible solar cell with a maximum output of 

48 mW under AM1.5 conditions that powers oximeter and accelerometer. Processing and data 

acqusition was utilized by the CC2650 Bluetooth module that features very low power consumption in 

the active mode (43μA/MHz). Power management Unit used in this project is BQ25570 from Texas 

instruments that ensures high efficient power extraction from the solar cell using integrated MPPT 

circuit. Besides that BQ25570 utilizes battery protection for 40 mAh lithium battery that functions as a 

power reservoir.  

 The oximeter recorded the pressure value every minute and sent this data via Bluetooth – 

the authors claim that the average consumption is for this configuration 648.6 μW. Authors tested 

maximal power available from the solar cell in different illumination conditions. The bracelet was able 

to achieve 16 mW of power at outdoor conditions (10 000 lux) and 0.21 mW at indoor conditions (> 

1000 lux). The bracelet is able to supply itself at illumination values of at least 1000 lux. In other cases, 

it is necessary to appropriately adapt the acquisition and data transmission times. 

 The study explains the use of Energy Harvesting in wearables field. It specifies the use of 

low-power microcontrollers and suitable PMUs. The authors used the BQ25570 circuit to process 

energy from the solar panel, which was able to extract the power with an efficiency of 85-90%. 

Therefore, it can also be considered a suitable PMU candidate for smart helmet design.  

[13] LEONARDIS, G. De a S. ROSATI. Human Activity Recognition by Wearable Sensors: 

Comparison of different classifiers for real-time applications. IEEE International Symposium on 

Medical Measurements and Applications (MeMeA) [online]. 2018 DOI: 

10.1109/MeMeA.2018.8438750. 

The thesis deals with the comparison of the most used classifiers for Human Activity Recognition 

(HAR) systems. The authors recorded a signal from IMU with the participation of 15 volunteers. The 

standardization of the signal was carried out by means of a 5s - window division, the signal thus adjusted 

was used as an input for individual classifiers. The authors tested the 5 most commonly used classifiers: 

Figure 6: a).Top and bottom view of the flexible bracelet. b). Flexi bracelet worn 

on a human wrist c). 3D model of the flexible bracelet [12]. 
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 K - Nearest Neighbor (KNN),  

 Feedforward Neural Network (FNN)  

 Support Vector Machines (SVM),  

 Naive Bayes (NB),  

 Decision Tree (DT). 

The results show that all classifiers were able to correctly recognize activities with a 90% success rate, 

with the KNN achieving the best results. 

The authors also analyzed the suitability of individual classifiers (Table 6) for the principles of use in 

wearables. In this analysis, the decision tree is the most appropriate classifier because of its low 

computing power and low memory usage. 

Table 6: Advantages and disadvantages of classifiers for HAR [13] 

 ADVANTAGES DISADVANTAGES 

KNN Easy implementation 
High storage requirements 

High computational time 

FNN 

Low storage requirements 

Low computational time 

 

Complex implementation of the 

transfer function 

SVM 
Low storage requirements 

Low computational time 

Complex implementation of the 

kernel function 

NB 

Easy implementation 

Low storage requirements 

Low computational time 

Hypothesis of normal 

distribution of data 

Hypothesis of independence 

among variables 

High number of training 

samples required for the 

construction 

DT 

Easy implementation 

Low storage requirements 

Low computational time 

Further reduction of required 

features 

 

 

 The work is a very useful source when deciding on the choice of a suitable classifier for 

activity recognition in this work. According to the results, the Decision Tree seems to be the most 

suitable classifier. 

[14] WONIL, Lee and Edmund SETO. An evaluation of wearable sensors and their placements 

for analyzing construction worker's trunk posture in laboratory conditions. Applied 

Ergonomics [online]. 2017, (65), 424-436 

 The study investigates the effect of sensor placement to determine trunk posture. Authors 

tested multi-parameter wearable sensor monitoring (MPMWS) and single-parameter wearable sensor 

monitoring (SPMWS). SPMWS stand for sensors based on IMU, therefore are measuring data from 

accelerometer, gyroscope or magnetometer. MPMWS are more complex systems that besides IMU and 

motion data collect physiological data (e.g. ECG or respiratory rate).  

 The authors claim that the use of MPMWS is suitable for analyzing worker bending only 

at low angular velocities. However, it was found that both SPMWS and MPMWS were not sufficiently 
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capable of analyzing single bends. It is more suitable for long-term recording or finding out the mean 

value of a worker's bends during working hours. 

From the work it can be said that in addition to the position of the sensor, the analyzed activity also 

affects the speed of its execution. 

[1] ARTEM, Dementyev, Steve HODGES a Stuart TAYLOR. Power Consumption Analysis of 

Bluetooth Low Energy, ZigBee and ANT Sensor Nodes in a Cyclic Sleep Scenario. Wireless 

Symposium (IWS), 2013 IEEE International [online]. DOI: 10.1109/IEEE-

IWS.2013.6616827. 

 The authors analyzed the power consumption of used communication protocols for the 

wearable industry. ANT, ZigBee and BLE were tested and their consumption was measured during 

packet data cycling. To set more accurate initial conditions, the sleep current was first measured with a 

multimeter. Dynamic power changes were recorded using a current measurement chip (INA226, Texas 

Instruments, 16 bit ADC resolution). The sending of test packets (8 byte arbitrary message) was set to 

wake up the system at 5 seconds, 10 seconds, 30 seconds and 60 seconds. 

The results showed that the BLE achieved the lowest power consumption, followed by ZigBee and 

ANT. Authors claim that the biggest part of a consumption period is defined by the connection and 

reconnection time after the sleep cycle.  

Based on the results of this article, BLE can be considered a suitable method for data transmission.  

[15] MAGNO, Michele, Angelo D'ALOIA a Tommaso POLONELLI. SHelmet: An Intelligent 

Self-sustaining Multi Sensors Smart Helmet for Bikers. EAI International Conference on Sensor 

Systems and Software (S-CUBE) [online]. 2016, 7th DOI: 10.1007/978-3-319-61563-9_5. 

 The authors designed a smart safety helmet for bikers, which is equipped with various 

sensors providing driver´s safety. Eye - blink detection, alcohol tester, temperature sensor, 

accelerometer, ambient light sensor, microphone, buzzer are connected either via I2C/SPI or directly to 

ADC. The system consists of two parts where one is in the helmet and the other in the body of the 

motorcycle, both systems use a computational microcontroller MSP430 from Texas Instruments and 

communicate via Bluetooth Low energy module. 

 The sensor system on the helmet is fully energy-independent and uses dual energy 

harvesting from kinetic generator and solar cells. BQ25504 and BQ25570 – power management units 

were selected for power management. 

 Authors used BQ25504 as a power management unit for solar energy harvesting in 

combination with BQ25570. Therefore, it is possible to consider these PMUs in designing of a smart 

helmet in this project. 

2.1 Conclusion 

 Within the literary study, 15 sources were analyzed. Main focal points were to identify 

suitable sensors, the main microcontroller for analyzing the movement and overall technical solution of 

recently developed smart helmets for HAR. 

 Based on the research [8; 9], ESP32 has been chosen as a suitable microcontroller, which 

has the possibility of connecting BLE and Wi-Fi. Thanks to its separated low-power core (ULP core) 
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and high computational power of the dual-core processor, it is not just suitable for HAR classifier 

implementation but as well for power management solutions. 

 The physical realization of the helmet and the distribution of the components on the helmet 

is also an important factor in its construction. According to [5; 6; 13] the placement of the IMU on the 

helmet correlates with the activity recognition success rate. Authors of [2] claim, that in case of fall and 

collision detection using accelerometers, mounting sensors inside the helmet results in better 

performance. Therefore, in the practical part of the work will be performed a test whose task will be to 

differentiate the effect of sensor placement on the helmet on the resulting success of the chosen HAR 

classifier. 

 Since the focal point of the thesis assignment is the partial energy self-sufficiency of the 

proposed system, it was necessary to focus on the technical solution of this issue in the research. The 

whole system and its components should take into account its resulting low-energy consumption. The 

choice of a suitable power management circuit for processing energy from solar cells was analyzed. 

Based on the results of the articles [11; 10] the BQ25504 circuit from Texas Instruments (USA) was 

chosen as a suitable PMU. In the practical part of this work, circuit performance will be properly tested 

and compared with other circuits commonly used in the wearables industry. 

 The aim of the proposed helmet is a system that will be able to recognize activities, 

therefore it is the key point of choosing a suitable HAR classifier that will meet the requirements of low 

computational demands and high recognition success. A total of 6 articles [5; 6; 7; 9; 12; 13] on this 

issue were analyzed which compare the most commonly used methods for movement classification 

using IMU today. Based on the results Decision Tree classifier was chosen, which is characterized by 

low computational complexity and recognition success higher than 90% [12]. 

 Last but not least, the aim was to select a suitable method of transmitting the recorded data 

to the Op-Center (supervising person). ZigBee, Wi - Fi and Bluetooth have been researched and 

compared. According to [14], the overall system consumption was compared using these methods - 

when Bluetooth reached the lowest consumption. Many of the analyzed designs were implemented using 

Wi - Fi because of the possibility of subsequent data analysis through a web - based or cloud based 

application. Thus, this work strongly depends on the resulting consumption it was necessary to reject 

Wi - Fi. ZigBee is a Wi-Fi-based communication method, but it allows data transmission with lower 

power consumption and the ability to create a network without access points. However, despite the lower 

power consumption than Wi - Fi, this modality was rejected and the Bluetooth Low Energy transmission 

was subsequently chosen. 

 The following table (Table 7) summarizes the selected modalities recorded on the basis of 

the search. In the following part of the work will be more specifically described the functions and 

specifications of selected modalities. 

Table 7: Literature study summary of chosen modalities for Smart helmet design. 

 
Power 

Management Unit 
Microcontroller Communication 

Sensor 

placement 

HAR 

classifier 

Source [10], [11], [15] [8], [9] [8], [9], [14] [5], [6], [13] 

[5], [6], 

[7], [9], 

[12], [13] 

Chosen 

modality 
BQ25504/BQ25570 ESP32 BLE 

Frontal, 

temporal, 

parietal  

Decision 

Tree, 

SVM 
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3 Hardware design and realization 

3.1 Description of the proposed smart helmet system 

The proposed system is divided into two parts. Powering part that is represented mainly by a power 

management unit BQ25504 that harvests energy from a solar cell array mounted on a helmet and 

manages storage reservoir. And sensory part, where mainly the ESP32 takes place to communicate via 

the serial interface with the inertial unit BNO055 and manages sending the data via Bluetooth Low 

Energy to the receiving system.  

 To ensure system low power consumption, it is necessary to ensure that the time required 

to process and send data from the IMU on the “helmet side” is as short as possible. Data processing from 

IMU is realized by internal MCU integrated in BNO055. Here the raw values from the accelerometer, 

gyroscope and magnetometer are converted to quaternions and these are then sent via I2C to the ESP32 

main microprocessor. Its task is to set up the BLE server and create a service with the appropriate 

characteristic and its properties that focus mainly on low time interval for data processing and data 

transmission. Therefore, BLE data transmission is realized using the Notify operation of the 

characteristic (see 3.2.1.1. for BLE operation modes description) Unlike other operation modes 

(Indicate, Confirm) notification does not need acknowledgment from the client and therefore the 

transmission is faster and less energy demanding, but the disadvantage may be the loss of data that will 

not be reported in any way due to the absence of the acknowledge message.  

 The receiving system can be any device capable of communicating via bluetooth 4.1 and 

above, thus supporting BLE modality. In the case of this work, the data is further processed in a user 

interface created using the LabVIEW program, which converts input data from Quaternions to Euler 

angles and enables their further analysis. The environment also allows to save data in .xls format and 

their visualization. 

The following diagram (Figure 7) shows the distribution and interconnection of functional elements of 

the proposed system. The following paragraphs will describe the functional blocks of the proposed 

system and the methodology of selection of the specific technical solutions. The communication 

Figure 7: Diagram of proposed system 
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protocol and the BLE connection structure will be described in detail. In connection with this issue, I 

will mention the theoretical background of Bluetooth Low Energy communication. 

3.1.1 Solar cell selection 

 IXOLAR KXOB22-04X3 SolarBITS have been selected as suitable solar cells for their 

high efficiency and material endurance and its compact size (Table 8). To ensure overall voltage balance 

when connecting solar cells to the array, the properties of the individual cells were measured and the 

ones with the highest internal resistance were discarded (see Attachment I). As it was mentioned, a 24 

–cell array was build using the solar cells in parallel connection, to achieve maximum output current. 

MPPT of 81 mW was then determined (Figure 8 – red dots represent power and voltage at the MPPT). 

Table 8: Chosen solar cell and solar array parameters. 

Part number 
Open Circuit 

Voltage (V) 

Short Circuit 

Current (mA) 

Typ. Voltage 

@ PMPP (V) 

Typ. Current 

@ PMPP (mA) 

KXOB22-04X3 1,89 15 1,5 13,8 

24 – cells 

connected in 

parallel 
1,89 76,50 1,10 81,20 

 

3.1.2 Selection of Power management circuit 

 To process an unstable input voltage from solar array, it was necessary to select a suitable 

power management unit that would stabilize the input voltage to the desired value. Today, it is possible 

to use single-chip solutions that have a wide range of features. Three PMUs (BQ25504, BQ25570 and 

LTC3105) from different vendors (Texas Instruments, Linear Technology) were considered and the 

criteria for their selection were primarily the efficiency and compactness of the chip. Chips from Texas 

Instruments were compared theoretically, and one that suits more the assigned problematics was chosen. 

Then the efficiency of two chosen chips was experimentally verified in laboratory conditions and based 
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on the resulting values, one solution was selected for final implementation. A more detailed description 

of the experiment and its conditions is described in chapter (0) 

The following sections describe the principle of operation of individual modalities and explain the 

setting of internal parameters for subsequent experimental measurements. 

3.1.2.1 BQ25504 (Texas Instruments, USA) 

 Nano – power management solution from Texas Instruments (Figure 9) that meets the 

requirements for low power application where there’s a low power source such as solar cell or 

thermoelectric generator (TEG). BQ25504 is suitable for wearable applications or wireless sensor 

networks (WSNs). It contains a Boost Converter with an ultra-low quiescent current of 330 nA that can 

start with the input voltage as low as 600 mV, and once started, can continue to harvest energy down to 

VIN = 130 mV. 

The BQ25504 utilizes maximum power point tracking system that allows maximal power transition 

from the DC source to the output by sampling VC_IN voltage. 

In the events of low illumination intensities BQ25504 supports the use of energy storage element such 

as rechargeable battery or supercapacitors. Therefore, it could be depleted and used in the high power 

demanding event. For the battery protection, both maximum and minimum storage voltages are 

monitored. Programmable resistors are used to set desirable over voltage (OV) and under voltage (UV) 

thresholds.  

During the prototyping, an evaluation module BQ25504EVM was used which enabled easier workflow. 

For the purpose of the thesis, it was necessary to change the resistor settings that resulted in a change in 

the output voltage and threshold values for disconnecting the system from the load in case of deep 

battery discharge and overcharge – the startup threshold functioning is described in Figure 10. 

According to the manufacturer, the sum of the resistors should not exceed 10 MΩ. Likewise, the value 

Figure 9: BQ25504 functional diagram [16]. 
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of RSUM should not be too low to avoid a higher voltage drop. Changes and calculations of suitable 

resistor values can be achieved by following the equations described in manufacturer’s datasheet [16]. 

The system will be powered by a Li-Po battery that has a voltage range of 3 to 4.2 V, it is necessary to 

set the BQ25504 according to these parameters. The voltage sensitivity of the connected component 

devices must also be taken into account (ESP32, BNO055). According to the datasheet of the 

manufacturer of the mentioned components, the voltage threshold for proper functionality ranges from 

2.2V to 3.6V. However, lower limits may cause poor functionality such as outages when communicating 

via I2C bus, etc. Higher voltages on the other hand expose electronics to the risk of destruction. 

Therefore, it is necessary to set the BQ25504 battery threshold limits in such a range.  

To prevent overcharging of the battery, it is necessary to set the value of VBAT_OV which sets the 

voltage level of the internal comparator, above which the battery will not reach.  

Calculation of resistor values for setting the over voltage threshold: 

 

Where: 

 𝑅𝑂𝑉1,𝑂𝑉2  – Over voltage resistors for setting the reference voltage 

𝑅𝑆𝑈𝑀𝑂𝑉  - Sum of the over voltage resistor values for setting the reference voltage 

𝑉𝐵𝐴𝑇𝑂𝑉 – Desired battery cut-off threshold 

𝑉𝐵𝐼𝐴𝑆 – Internal voltage reference 

To prevent drastic discharge of the battery, it is necessary to set the value of VBAT_UV which sets the 

voltage level of the internal comparator, below which the battery will not reach in case of discharge. 

Calculation of resistor values for setting the under voltage threshold: 

 

Where: 

𝑅𝑈𝑉1,𝑈𝑉2  – Under voltage resistors for setting the reference voltage 

𝑅𝑆𝑈𝑀𝑈𝑉 – Sum of the under voltage resistor values for setting the reference voltage 

𝑉𝐵𝐴𝑇𝑈𝑉 – Desired battery cut-off threshold 

 

𝑅𝑂𝑉1 =
3

2
∙
𝑅𝑆𝑈𝑀𝑂𝑉 ∙ 𝑉𝐵𝐼𝐴𝑆

𝑉𝐵𝐴𝑇𝑂𝑉
=

3

2
∙
10 𝑀Ω ∙ 1,25 V

4,1𝑉
= 4,57 𝑀Ω

→ closest 1% resistor value −  4,53 𝑀Ω 
 

(3.1) 

 
𝑅𝑂𝑉2 = 𝑅𝑆𝑈𝑀𝑂𝑉 − 𝑅𝑂𝑉1 = 10 𝑀Ω − 4,57 𝑀Ω =  5,43 𝑀Ω 

→ closest 1% resistor value −  5,36 𝑀Ω 
(3.2) 

 

𝑅𝑈𝑉1 =
3

2
∙
𝑅𝑆𝑈𝑀𝑈𝑉 ∙ 𝑉𝐵𝐼𝐴𝑆

𝑉𝐵𝐴𝑇𝑈𝑉
=

3

2
∙
10 𝑀Ω ∙ 1,25 V

3𝑉
= 6,25 𝑀Ω

→ closest 1% resistor value −  6,19 𝑀Ω 
(3.3) 

 
𝑅𝑈𝑉2 = 𝑅𝑆𝑈𝑀𝑈𝑉 − 𝑅𝑈𝑉1 = 10 𝑀Ω − 6,25 𝑀Ω =  3,75 𝑀Ω

→  closest 1%  resistor value −  3,74 𝑀Ω 
(3.4) 
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𝑉𝐵𝐼𝐴𝑆 – Internal voltage reference 

 

BQ25504 Functional modes 

 During experimentation the power management unit was tested in two modes (Figure 11). 

The first - commonly recommended approach from the datasheet – where the VSTOR pin works as an 

output terminal for load connection.  

Very low output current (< 10 mA) was achieved by connecting the BQ25504 in the manner 

recommended by the manufacturer datasheet. Therefore, after discussing with the consultant of the 

diploma thesis, it was decided to choose an alternative connection method that would bypass the VSTOR 

pin and connect the load directly to the battery (pin VBAT). 

BQ25504 vs BQ25570 

 It was noted from the research [15] that the two most used PMUs are circuits from Texas 

Instruments, namely BQ25504 and BQ25570. In the following paragraph we will describe their main 

Figure 10: BQ25504 Startup threshold operation. [16] 

Figure 11: BQ25504 operation mode comparison; Left – BQ25504 using VSTOR and VBAT; Right – BQ25504 with bypassed 

VSTOR pin. 
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differences and based on the requirements of this work we will choose one as suitable for following 

experimentations. 

 BQ25504 has a wider regulation tolerance and for the MPPT and VBAT_UV programming 

uses external resistors. Also requires slightly higher voltage to startup. It also has larger battery storage 

support as BQ25570 supports the use of only Li-Ion and polymer batteries. 

These pivotal points allow us to make a decision and consider the BQ25504 as a suitable PMU for this 

project. [16] 

3.1.2.2 LTC3105 (Linear Technology, USA) 

 The LTC3105 is a highly efficient DC / DC converter that can operate from a low input 

voltage of up to 225 mV. Supporting the start-up mode it needs only 250mV for converter to work and 

its integrated MPPT circuit, the chip allows operation directly from low voltage alternative sources such 

as photovoltaic cells, thermoelectric generators and fuel cells. The user-adjustable value of the MPPT 

circuit maximizes the extracted energy from the source, whether it is a thermocouple or a solar cell. 

The chip also features a low drop-out linear regulator (LDO), which is current limited to 6mA and 

designed for external microcontrollers and sensors, while the main output charges the backup medium. 

The LTC3105 can also be controlled via the Shutdown pin, which puts the drive in low-power mode 

with a consumption of 10 μA. The following figure (Figure 12) demonstrates the internal structure of 

LTC3105 [17] 

For experimental comparison and achievement of uniform conditions, the R_MPPC value was 

calculated (3.5) to achieve the voltage at the maximum power point of the solar array. This value was 

Figure 12: Functional diagram of LTC3105 [17]. 
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measured and plotted in the previous part of the work (Table 8). The closest value from the E24 resistor 

order was selected – 110 kΩ. 

 

Where:  

𝑅𝑀𝑃𝑃𝐶 – Resistor Value for setting MPPT pin voltage divider. 

𝑉𝑀𝑃𝑃𝐶 – Voltage threshold for  

Output voltage of the regulator was calculated using following datasheet’s equation (3.6) and it was set 

to 3.5 V as this voltage falls in the range of used battery of the proposed system and voltage threshold 

of used sensors. 

 

Where:  

𝑉𝑂𝑈𝑇 – Desired output voltage of LTC3105. 

𝑅1,𝑅2 – Resistors of voltage divider for setting Vout. 

Based on the parameters, PMUs LTC3105 and BQ25504 were selected and set for the following 

experiment measurements. The chips were tested to determine their efficiency. A more detailed 

description of the experimental measurements is described in chapter 0. 

3.1.3 Selection of Inertial measurement unit 

 The selection and performance comparison of inertial sensors was one of the key points of 

the assignment. Since the system is energetically volatile and its lifespan relies on sufficient ambient 

sunlight, it is necessary to choose components with regard to their consumption. Therefore, in the 

following chapter, the main differences of selected IMUs are described and their prelaminar settings for 

subsequent experimental measurements in laboratory conditions are realized. Measurements to 

determine the consumption during different program routines are described in more detail in the 

chapter 0. 

3.1.3.1 BNO055 (Bosch Sensortec, Germany)  

 BNO055 (Figure 13) is a System in Package (SiP) solution that integrates accelerometer, 

gyroscope and magnetometer. Thanks to integrated 32 – bit microcontroller this chip enables so called 

data fusion mode that allows to output Euler angles, quaternions, linear acceleration, gravity, heading 

or rotation vector. Moreover, it has the ability to set several ranges of individual sensors, internal 

 𝑅𝑀𝑃𝑃𝐶 = 10 ∙  𝜇𝐴 ∙  𝑉𝑀𝑃𝑃𝐶 =  110000 Ω   (3.5) 

 𝑉𝑂𝑈𝑇 = 1,004 ∙  (
𝑅1

𝑅2
+ 1) =  1,004 ∙  (

13𝑀

5,25𝑀
+ 1) = 3,49 𝑉 (3.6) 
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filtering, operating power modes and others. The following Table 9 summarizes the BNO055 

specifications. 

Table 9: BNO055 IMU technical parameters [18]. 

 Accelerometer Gyroscope Magnetometer 

Programmable 

ranges 
±2g/±4g/±8g/±16g ±125°/s to ±2000°/s 

±1300 μT to ±2500 μT 

Resolution: ~0,3 μT 

Filter bandwidths 1kHz - < 8 Hz 523 Hz – 12 Hz - 

Operation Modes 

- Normal 

- Suspend 

- Low Power 

- Standby 

- Deep Suspend 

- Normal 

- Fast power up 

- Deep suspend 

- Suspend 

- Advance power 

save 

- Low power 

- Regular 

- Enhanced 

regular 

- High accuracy 

Other features 

- High – g detection 

- Slow or no motion 

recognition 

- High rate 

- Any motion 

detection 

- 

Data Fusion Mode – Quaternion, Euler Angles, Rotation vector, gravity, heading 

Figure 13: Block Diagram of BNO055 [18]. 
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I2C Communication and debugging  

 BN055 enables digital communication via serial line in both SPI and I2C form. I2C 

communication has been chosen for our application, which allows four wires to communicate between 

master and slave. The functionality of the line depends on the voltage levels of SDA and SCL, so it is 

necessary to use pull-up resistors with a resistance value of several kilo ohms. Connection of I2C 

communication is demonstrated in Figure 14. 

 At the beginning of the program routine, the I2CScan function is executed, which reads the 

I2C bus and searches for devices connected to it. By default, BNO055 has the address 0x29. If the 

address pin (COM3) is connected to ground, the address is 0x28. 

Self-Test 

 After the Serial communication is established, so-called Self-Test takes place, which 

verifies the correctness of the communication between the sensors and the internal MCU via the UART. 

The resulting values of the self-test are stored in the 8-bit register ST_RESULT whose first four bits 

represent the test result for the individual sensors. In case of a successful test, the value 1 is written in 

case of failure - 0. 

Figure 14: I2C connection of BNO055 and ESP32 during debugging process. 
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Sensor initialization 

 Before each program start, it is necessary to initialize the BNO055 and set the initial sensor 

parameters for proper chip functionality and fusion mode function. During power up, BNO055 is set by 

default in Config Mode which firstly verifies the state of sensors by writing to register CHIP_ID that if 

working properly, returns the value 0xA0 for MCU, 0xFB for accelerometer, 0xF for gyroscope and 

0x32 for magnetometer. Subsequently, the configuration of the OPR_MODE register is included in the 

initialization program to the CONFIG mode in case the booting process would not set it. After that, 

registers of individual sensors is written and the values of bandwidth, scale, power mode and operation 

mode are set. Then the unit type of each sensor is selected by writing to the UNIT_SEL register. By 

selecting 0x01 accelerometer values are given in m/s2, gyroscope in mg and magnetometer in μT. 

Initialization process is finished by setting the BNO055 back to operation mode and standard power 

mode by writing to registers OPR_MODE and PWR_MODE. Figure 15 describes the initialization 

process. 

Sensor calibration 

 Prior to installation on the helmet, it was necessary to calibrate the IMU sensors: This is 

done for each sensor separately.  

Figure 15: BNO055 Initialization flow chart 
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Calibration of the accelerometer is performed by moving the device in different positions that are 

perpendicular to the individual axes. 

Calibration of the gyroscope is performed statically by placing the device on a flat surface. 

The calibration of the magnetometer is in order to eliminate offsets caused by the surrounding magnetic 

field, which can be caused by the presence of metallic materials near the sensor. Therefore, when 

installing the sensor in the helmet, it is important to pay attention to the position of the sensor and the 

choice of non-metallic housing of the system. Calibration is done by performing the figure eight pattern 

so that the device copies all its axes. 

After performing this sequence of calibration processes, the offset values are uploaded to the appropriate 

offset registers of the individual sensors and then the status of the sensor calibration can be determined 

by reading the value from the CALIB_STAT register (Table 10). 

The sensors must always be calibrated before installing the IMU in the system used. Therefore, it was 

performed during installation on the helmet and subsequently the determined offset values were hard-

implemented in the program. This significantly shortens the initialization process and allows the system 

to be used almost immediately after power is applied. 

Table 10:BNO055 CALIB_STAT register [18]. 

CALIB_STAT 0x35 register 

DATA bits Description 

SYS Calib status 

< 0:1> 

<7:6> Current system calibration status; depends on status of all sensors 

3 indicates fully calibrated; 0 indicates not calibrated 

GYR Calib status 

< 0:1> 

<5:4> Gyro calibration status; 

3 indicates fully calibrated; 0 indicates not calibrated 

ACC Calib status 

< 0:1> 

<3:2> Accelerometer calibration status; 

3 indicates fully calibrated; 0 indicates not calibrated 

MAG Calib status 

< 0:1> 

<1:0> Magnetometer calibration status; 

3 indicates fully calibrated; 0 indicates not calibrated 

 

The output of the registers and the corectness of the data were verified by printing the data via a Serial 

Monitor in the Arduino IDE environment (Figure 16). 
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3.1.3.2 MPU9250 (InvenSense, USA) 

 MPU9250 is an IMU which consists of a 16-bit 3-axis accelerometer, a 16-bit 3-axis gyroscope and a 

14-bit 3-axis magnetometer creating a 9 DoF (Degrees of Freedom) solution for motion 

applications (Figure 17). The MPU9250 includes a Digital Motion Processor that allows gesture 

recognition, programmable low pass filter and multiple power mode settings. The output data format of 

the MPU9250 are raw data, such as linear acceleration, angular velocity and relative change of the 

magnetic field. Following table sums the main technical specifications of MPU9250 (Table 11). 

Table 11: MPU9250 IMU technical parameters [19]. 

 Accelerometer Gyroscope Magnetometer 

Programmable 

ranges 
±2g/±4g/±8g/±16g ±250°/s to ±2000°/s 

±4800 μT 

Resolution: 

~0,6 μT / LSB 

LP Filter bandwidth 5 –260 Hz 5 – 250 Hz - 

ADC Word Length 16 16 14 

Output Data Rate 0,24 – 500 Hz 4 – 8000 Hz - 

 

Figure 16: Serial output of BNO055 Initialization and Calibration. 
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Although the sensor has an internal coprocessor, it does not have the ability to generate fused data, so it 

is necessary to use software data fusion through an external processor. Today, there are many methods 

(filters) used for data fusion, which differ in their computational complexity or calculation accuracy. 

Based on [20], the filtering of raw data and their conversion to quaternions using the Mahony filter was 

chosen for this project. The method is a compromise between computational time and conversion 

accuracy as it achieves least time to calculate and achieves an acceptable error rate from the tested 

methods. 

The sensor was connected to an external processor (ESP32) in the same way as the previous IMU via 

the I2C bus. Its address is 0x69 in the case of the status of the address pin (ADC0 = HIGH) and 0x68 in 

the case of the zero value of the address pin.  

Mahony Filter 

 The Mahony filter is a type of complementary filter that respects the complex 

transformations in quaternion space. The general idea of the Mahony filter is to estimate the 

attitude/angle/orientation by combining attitude estimates by integrating gyroscope measurements and 

direction obtained by the accelerometer measurements. An orientation error from previous step is firstly 

calculated to which a correction step based on a Proportional-Integral (PI) compensator is applied to 

correct the measured angular velocity. This angular velocity is propagated on the quaternion 

transformation and integrated to obtain the estimate of the attitude. [21] 

These steps describe the Mahony Algorithm: 

1. Obtain Raw sensor data 

Let 𝜔𝐼 𝑡  and 𝑎𝐼 𝑡 be the gyroscope and accelerometer measurements respectively. Also 

�̂�𝐼 𝑡  corresponds to the normalized accelerometer measurment. Pre-superscript I denotes to the final 

coordinate frame of the transformation and pre-subscript W denotes to the initial coordinate of the 

transformation. 

Figure 17: Block diagram of MPU9250 [19]. 
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2. Orientation error using accelerometer measurment 

Compute orientation error from previous estimate using accelerometer data. 

Where �̂�𝑒𝑠𝑡,𝑡𝑊
𝐼  denotes to the orientation estimated in quaternions; e stands for computed 

orientation error and ∆𝑡 is time interval between two obtained samples. 

3. Update gyroscope data using PI compensation 

Where Kp and Ki stand for compensation gain coefficients of the feedback.  

Authors claim that: 

“The bigger the feedback coefficient, the faster the solution converges, usually at the expense of 

accuracy.” 

Based on this premise, the following were chosen as appropriate coefficients Kp = 10, Ki  = 0. 

These values do not dizzyingly affect the accuracy of the estimation and do not significantly increase 

the calculation time. 

4. Compute orientation increment from gyroscope measurements 

Where ⊗ stands for quaternion multiplication. 

5. Compute orientation increment from gyroscope measurements 

Compute orientation by integrating orientation increment. 

 𝑣( �̂�𝑒𝑠𝑡,𝑡)𝑊
𝐼 = [

2(𝑞2𝑞4 − 𝑞1𝑞3)
2(𝑞1𝑞2 − 𝑞3𝑞4)

(𝑞1
2−𝑞2

2 − 𝑞3
2 + 𝑞4

2)
] (3.7) 

 𝑒𝑡+1 = �̂�𝑡+1
𝐼 × 𝑣( �̂�𝑒𝑠𝑡,𝑡)𝑊

𝐼  (3.8) 

 𝑒𝑡+1 = 𝑒𝑖,𝑡 + 𝑒𝑡+1∆𝑡 (3.9) 

 𝜔𝑡+1
𝐼 = 𝜔𝑡+1

𝐼 + 𝐾𝑝𝑒𝑡+1 + 𝐾𝑖𝑒𝑖,𝑡+1 (3.10) 

 �̇�𝜔,𝑡+1𝑊
𝐼 =

1

2
�̂�𝑒𝑠𝑡,𝑡 ⊗ [0, 𝜔𝑡+1

𝐼 ]
𝑇

𝑊
𝐼   (3.11) 
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3.1.4 Selection of MCU 

Based on the research [8; 9], ESP32 has been chosen as a suitable microcontroller, which has the 

possibility of connecting BLE and Wi-Fi. 

3.1.4.1 ESP32 (Espressif, China) 

 ESP32 is low – power microcontroller series with integrated Wi – Fi and Bluetooth. It 

utilizes microprocessor Tensilica Xtensa LX6 with dual core setup. Engineered for mobile devices, 

wearable electronics and IoT applications, ESP32 achieves ultra-low power consumption. ESP32 also 

includes state-of-the-art features, such as fine-grained clock gating, various power modes and dynamic 

power scaling. 

ESP32 technical specifications 

- Processors: 

o CPU: Xtensa dual-core (or single-core) 32-bit LX6 microprocessor, operating at 160 or 

240 MHz and performing at up to 600 DMIPS 

o Ultra-low power (ULP) co-processor 

- Memory:  

o 520 KiB SRAM 

- Wireless connectivity: 

o Wi-Fi: 802.11 b/g/n 

o Bluetooth: v4.2 BR/EDR and BLE 

- Peripheral interfaces: 

o 12-bit SAR ADC up to 18 channels 

o 2 × 8-bit DACs 

o 10 × touch sensors (capacitive sensing GPIOs) 

o 4 × SPI 

o 2 × I²S interfaces 

o 2 × I²C interfaces 

o 3 × UART 

- Power management: 

o Internal low-dropout regulator 

o Individual power domain for RTC 

o 5μA deep sleep current 

o Wake up from GPIO interrupt, timer, ADC measurements, capacitive touch sensor interrupt 

Programming of ESP32 

 Programming the ESP32 could be done with a variety of development environments. One 

of most favorite environment for its compactness and easy to use features is Arduino IDE that enables 

rapid prototyping based on the ESP32 Arduino Core. The official development environment from 

 𝑞𝑒𝑠𝑡,𝑡+1𝑊
𝐼 = �̂�𝑒𝑠𝑡,𝑡 +𝑊

𝐼 �̇�𝜔,𝑡+1∆𝑡𝑊
𝐼   (3.12) 
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Espressif - the IoT Development Framework (IDF) is not as intuitive but allows access to all features. 

[22] 

 The Arduino IDE environment was used for the implementation of the work, in which the 

part communicating with the inertial sensor and the setting of all requisites for wireless communication 

via BLE is implemented. The structure of the code is based on two examples [23], [24] that allow easier 

sensor communication and BLE communication setup as it already integrates ready-to-use functions and 

methods. 

3.2 Selection of wireless communication 

Bluetooth Low Energy (BLE) was selected as a suitable method for wireless communication based on 

literary findings [14] 

3.2.1 BLE 

 All data transmission from the helmet to the receiving station is ensured by Bluetooth Low 

Energy, a technology that is an offshoot of the classic bluetooth designed especially for energy-efficient 

applications such as wearables, IoT, etc. The structure of Bluetooth Low Energy is different from 

conventional Bluetooth for continuous transmission and its structural knowledge is necessary for correct 

communication setup. Therefore, in the following paragraph I will describe the basic principle and 

structure of Bluetooth Low Energy modality. 

BLE is designed for low power consumption applications. It spreads data transmission process over 

40 data channels that allow reliable operation in the 2.4 GHz frequency band. Its variability and the 

possibility of changing variety of its parameters allow setting data rates in the range from 125 Kb/s to 2 

Mb/s or changing power levels from 1 mW to 100 mW. 

 BLE supports multiple network topologies, including broadcast topology, point – to – point 

connection used for direct data transmission or mesh network that allows large scale device networks. 

Big advantage of BLE is its power consumption and therefore, they are preferably used in applications 

where small data bursts are needed (IoT).  

3.2.1.1 Theoretical background 

Architecture 

The BLE architecture (Figure 18) can be divided into main three layers: Application, Host and 

Controller. 

Application Layer - The application layer includes the user interface, the application logic, and the 

overall application structure. 

Host Layer – It contains multiple sublayers that translate and set the standardized communication 

protocols to establish communication. 

Host Layer Sublayers: 

 Generic Access Profile 

 Generic Attribute Profile  

 Atribude protocol / Security Manager Protocol 



42 

 

 Logical link controller And Adaptation Protocol 

The Generic Access Profile (GAP) 

GAP provides a framework that defines how BLE devices communicate with each other. It is responsible 

for setting BLE communication roles, Advertising, connection establishment and connection security. 

Different BLE device roles differentiate between  

Broadcaster – Device that advertises packets or sensor data, broadcasters are usually system peripherals 

that are not receiving any data, only accepting connections from central devices. 

Observer – Device that listens to advertisements of broadcasters and decides about creating the 

connection by sending connection request packet.  

Advertising 

 Every Broadcaster shares the important information about itself in advertisement packets. 

These packets are sent in fixed interval called advertisement interval using 3 reserved advertising 

channels.  

Figure 18: Bluetooth Low Energy Architecture 
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 BLE communication band is spread on 40 channels ranging on frequencies from 2402 MHz 

to 2480 MHz. Band consists of 37 primary data channels and 3 advertising channels (Figure 19). 

Observer (Central) scans this advertisement channels and if the advertiser allows, connection can be 

established. 

Connections 

To successfully establish BLE connection following sequence must be followed: 

1. Peripheral device needs to start advertising connectable packets. 

2. Central device needs to be scanning on Advertising channels. 

3. If Central finds the Peripheral that it wants to connect with, it sends the Connection Request 

Packet  

4. Before every advertisement packet of peripheral, it listens for a short period of time if there is 

any Connection Request Packet 

5. If the Connection Request Packet is received and accepted by Peripheral Device the connection 

is now “created”. 

6. After acquirement of first packet by Central device, the connections is considered “established”. 

Connection parameters 

Parameters that define the connection are: 

Connection Interval – Interval at when both of the connected devices wake up and either start receiving 

or sending data. 

Slave Latency – This feature allows the Peripheral to skip reading data during the connection event is 

established. For example slave latency set to 2 will skip 2 connection intervals. 

Supervision Timeout – Maximal time interval between two received data packets before the connection 

is considered lost. 

The Generic Attribute Profile (GATT) 

 GATT defines how data or attributes are formatted. It is focused on representing data or 

information about the Peripheral device in terms of attributes - that are part of GATT. BLE devices 

exchange data using services and characteristics. It uses the Attribute Protocol to describe the structure 

of stored services and characteristics. 

Figure 19: Diagram of BLE channels 
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 BLE technology has a list of predefined services that are described in Bluetooth SIG. The 

profile is divided by services into logical partitions (Figure 20Figure 15). Each service is described in 

advance using a case diagram and roles. GATT also allows you to create your own services. Bluetooth 

uses the so-called UUID (see below) to identify services and characteristics. Services include 

characteristics that represent the lowest level of GATT transactions. Each characteristic contains two 

parts, the first part stores data and the second, optional part, serves for description (Descriptor). [25] 

Characteristic – It is attribute inside of GATT protocol that carries data and the information about 

characteristic permission and data description. GATT profile can handle more services that might 

contain its characteristics. Each service and characteristic is represented by UUID that is unique 128 bit 

identifier. Predefined services and their characteristics could be find on Bluetooth development site but 

not all of them can fit desired use case, therefore it is possible to generate custom UUID using various 

generators available on-line. 

Characteristic could work in 6 different operation modes: 

Commands – Allow to send commands from client to server without needing any response 

Requests – Commands that require a response (Read request, Write request) 

Responses – Send by the server in a response to request 

Notifications - Send by the server to let the client know that a value of specific characteristic has 

changed. In return there is no acknowledgement of packet receive from the Client side. 

Indications – Works the same as Notification but require an acknowledgment from the client to let the 

server know that the packet was successfully received. 

Confirmations – Sent from Client to Server, represent acknowledgment packets to let the server know 

that data were successfully transferred. 

 Notification and Indication operations are controlled via Client Characteristic 

Configuration descriptor - CCCD (0x2902). This attribute works in read/write mode and it 

enables/disables Notifications or Indications. Following table describes its functionality. [26], [27] 

Figure 20: GATT Structure [27]. 
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Table 12: 0X2902 CCC Descriptor setting. 

Characteristic Value Description 

Client Characteristic Configuration 

(UUID = 0x2902) 

0x0000 Disables Indication/Notification 

0x0001 Enables Notification 

0x0002 Enables Indication 

 

3.2.1.2 BLE settings of the proposed system 

 11 

  The smart helmet sends the measured values of the position in space in the form of 

quaternions. Communication is realized from the point of view of the helmet as a Server and ESP32 as 

a Client (Figure 21). In the GATT structure, one profile is created containing one service named 

SMARTHELMET and UUID obtained from the list of defined services on the Bluetooth SIG website.  

 Within this service, one characteristic called Quaternions with the Notification attribute is 

created, therefore the service also contains a CCC descriptor which serves for the correct function of the 

Notification attribute. This characteristic holds the 16 byte number containing four quaternion values in 

float format. The structure of the configured GATT protocol is described in the following figure (Figure 

22). 

Figure 22: GATT structure of the proposed communication. 

Figure 21: BLE communication diagram. 
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 Data reception is realized by use of USB BLE dongle (BLED112) which communicates 

with a PC via a serial bus. Software is implemented in the LabView environment for receiving, 

visualizing and storing data. A more specific description of the proposed application is in the chapter 4. 

Multiple service settings have been tested to determine the most efficient data transfer in terms of speed 

and least data loss. During the implementation of the service with four characteristics, i.e. one 

characteristic for each quaternion, the message was divided into several packets across the connection 

intervals. This resulted in the loss of the transmitted current position information. Therefore, the option 

of sending all four quaternions in one packet and following message decomposition on Client side was 

chosen. 
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4 Software design and realization 

 The main core of the program comes from the example client from [28]. The program 

works on the basis of a state machine implemented through two parallel loops Producer and Consumer. 

Individual events are selected by the producer loop based on a change in the event in the consumer loop. 

Data queues are used for data communication between loops, which offer the advantage of balancing 

the data flow between loops. The environment is divided into 4 interactive tabs within which the user 

can interact. See the diagram below (Figure 23) 

 Before starting, it is necessary to connect the BLED112 dongle to the USB port. 

Immediately after start-up, all previous values are deleted from the graphs and the environment settings 

are set to the initial conditions. The user then selects from the drop-down menu the serial port to which 

the BLE dongle is connected. After selection and successful connection, the control LED lights up and 

basic information about the USB dongle is displayed (Figure 24). 

Figure 23.LabView GUI flow chart. 
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The next step is to find and connect to the desired BLE device. The software now has hard – coded 

UUID of the service being used, but it can be removed to keep the environment versatile with the ability 

to search for available devices. In case of a failure either due to a mismatched UUID or other problem, 

an error message pops up. 

When a connection to a BLE device occurs with the same UUID, a connection table handle is obtained 

that summarizes all the services and their attributes within the established connection and the green LED 

lights up (Figure 25). 

If the connection is established, the program waits for action from the user, which can be a data stream 

that starts reading characteristic value. This event is handled in Data exchange tab and contains all data 

Figure 24:BLED112 Dongle connection affirmation and connection information. 

Figure 25: Handle table of established connection. 

Figure 26: BLE_Characteristic_to_data.vi block connection diagram. 
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processing and their visualization. Action is taken by pressing Stream Data button. Reading begins with 

trimming the characteristic value to get the actual message payload and converting the value to decimal 

number – this happens in BLE_Characteristic_to_data.vi block (see Figure 26). Subsequently, 

calculation of the quaternion norm is done to ensure the correctness of the data (Quaternion Norm should 

always equal to 1). 

Finally, quaternions are recalculated to Euler angles due to easier representation of the object in space 

using following formula: 

Where: 𝜙………Roll 

 𝜃………Pitch 

 𝜓………Yaw 

 q0 - q3……. quaternions 

Real-Time visualization 

 The "stream data" event takes place in the Data exchange tab, which is the main event 

processing the received data. After converting the quaternions to Euler angles, the data are displayed via 

 [

𝜙
θ
𝜓

] = 

[
 
 
 
 𝑎𝑟𝑐𝑡𝑎𝑛

2(𝑞0𝑞1+𝑞2𝑞3)

1−2(𝑞1
2+𝑞2

2)

arcsin(2(𝑞0𝑞2 − 𝑞3𝑞1))

𝑎𝑟𝑐𝑡𝑎𝑛
2(𝑞0𝑞3+𝑞1𝑞2)

1−2(𝑞2
2+𝑞3

2) ]
 
 
 
 

 (4.1) 

Figure 27: Received Data visualization in the LabView GUI. 
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a graph. Since the analyzed movements are mainly the head movements we can neglect the movement 

in the Z axis (Yaw), which is directed perpendicularly to the human axis and therefore does not provide 

any interesting information for the movement analysis. Therefore following data processing will be done 

only on X and Y axis as it represents head flexion, extension and side tilting. Data reception can be 

started / paused with the Stream Data button and graphs can be reset with the Clear Data button (Figure 

27). This data acquisition loop could be interrupted either by disconnection or toggling the Stream Data 

button. 

Data storage 

 Received data can be saved in .csv format during the acquisition using the Export to csv 

button for further processing. Saving can be done during the data stream by its interrupting and 

subsequent displaying of a dialog box to determine the location of the file. 
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5 Design of an algorithm for data evaluation 

 After obtaining and saving the data, the subsequent processing was performed in the 

MATLAB using reference approach from [29]. Since the aim of the work is to distinguish movements 

using the IMU installed on the helmet (Head tilting, Forward Bend, Back Bend) it is necessary to divide 

the recording into time periods where the distinguishable type of movement was performed. An adaptive 

segmentation using the Värri method of connected windows was used (which is described in 5.1.3). 

Before the segmentation itself, the signal was filtered by a Savitzky - Golay filter to reduce short-term 

variations and close maxima and minima of the signal. Furthermore, it was necessary to describe the 

segments by obtaining a set of features, on the basis of which it is possible to decide which movement 

was performed in these segments. For the classification Rule – based classifier was used. Signal 

segmentation and classification flow- chart algorithm is described in Figure 28. 

5.1 Theoretical background of the proposed method 

5.1.1 Moving average (MAF) 

The moving average filter is easy to use filter method for detecting signal trends in time series by 

attenuating short – time variations. It calculates unweighted averages of different subsets in time series. 

Following formula describes its functionality mathematically. 

 
1

𝑛
∑ 𝑥(𝑛) − 𝑖

𝑛−1

𝑖=0

 (5.1) 

Figure 28: Segmentation and Classification diagram. 
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Where x(n) is input signal and n is window span. 

The strength of the filtering is influenced by the span of the filtered signal, the more samples are filtered 

the more attenuation and possible loss of signal characteristics might appear. To ensure good 

differentiation of individual segments, the choice of the appropriate signal subset length is crucial. 

5.1.2 Savitzky – Golay Filter (SGF) 

Filter that adapts MAF with weighted coefficients. The coefficients of a Savitzky-Golay filter perform 

a polynomial P of the degree k, is fitted to 𝑁 = 𝑁𝑅 + 𝑁𝐿 + 1 points of the signal, where N describes 

window size. NR and NL are signal points in the right and signal points in the left of a current signal 

point, respectively. Positive features of SGF is that it filters the signal by keeping its trend and important 

features like minima and maxima. With appropriate degree and span setting SGF can effectively filter 

out short-term variations changes without filtering out the features. [30] 

5.1.3 Modified Värri Segmentation Algorithm 

In 1964 Värri designed adaptive segmentation based on two connected windows, where the degree of 

difference is estimated from the mean amplitude and frequency. This algorithm uses very simple (and 

hence fast) estimates of the amplitude and frequency measure of differences based on the mean 

amplitude AW (5.2) and mean frequency FW (5.3) estimation in the associated windows W1, W2 (window 

length is WL): 

 

  The method is based on the finding that the average difference of signal samples is directly proportional 

to the mean frequency and amplitude of the signal in a given window. The degree of window difference 

is then created by combining both parts (5.4). 

 𝐴𝑊 = ∑|𝑋𝑖|

𝑊𝐿

𝑖=1

 (5.2) 

 𝐹𝑊 = ∑|𝑋𝑖 − 𝑥𝑖−1|

𝑊𝐿

𝑖=1

 (5.3) 

 𝐺𝑚 = 𝐴1|𝐴𝑑𝑖𝑓𝑚+1
− 𝐴𝑑𝑖𝑓𝑚| + 𝐹1|𝐹𝑑𝑖𝑓 ,+1

− 𝐹𝑑𝑖𝑓𝑚| (5.4) 
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This procedure allows in principle the on-line processing of multichannel signals, with segmentation 

proceeding in each channel independently of the other channels. [31] 

5.2  Signal segmentation 

For a suitable segmentation reference, the conversion to Pitch - Roll was used, which was defined by 

the following formula (5.1) as it contains movements in both the X and Y axis.  

 

 Since the analyzed IMU signal is represented mainly by amplitude and the change in 

frequency is not significant here, the calculation of the window difference was modified and only the 

change of amplitude in the individual windows was calculated: 

 

 Difference function is performed twice to find the beginnings and ends of segments more 

accurately. The resulting segments are then determined from the second difference function. As suitable 

window width setting for the first difference function is 12 samples, i.e. 0.6 seconds. The second 

difference function uses 4 samples window length. 

 Subsequently, a threshold value is set above which the local maxima of the window 

difference are found. This value is set as the mean value of the differential function. However, the setting 

of this value is closely related to the sensitivity of segmentation, so it is necessary to determine a lower 

threshold if the performed movements are not very unambiguous, so their energy does not acquire high 

values or the change in amplitude is not so drastic. Figure 30 represents signal difference before and 

after its filtering by Savitzky – Golay filter, c) represents output of first sliding window sequence; d) 

represents output of second sliding window sequence; e) represents final segmented signal with marked 

starts and ends of segments. 

 𝑃𝑖𝑡𝑐ℎ − 𝑅𝑜𝑙𝑙 =  √𝑃𝑖𝑡𝑐ℎ2 + 𝑅𝑜𝑙𝑙2 (5.5) 

 𝐺𝑚 = 𝐴1|𝐴𝑑𝑖𝑓𝑚+1
− 𝐴𝑑𝑖𝑓𝑚| (5.6) 

Figure 29: Principle of Värri segmentation Algorithm. 



54 

 

The disadvantage of the proposed segmentation algorithm is the inability of the connected windows to 

segment the last change in the amplitude of the analyzed signal, therefore the last segment is always 

omitted. 

5.3 Feature extraction 

 Features from the signal time domain for classification were selected for each segment. 

Signal energy, local maximum / minimum and segment duration features were calculated from both the 

X (Roll), Y (Pitch) axis movements and the Pitch-Roll reference signal.  

For individual movements, the limit values of the features were estimated and these were used as 

conditions for the rule-based classifier (Table 13). 

Table 13. Feature limit conditions for proposed Rule – Based Classifier. 

Energy Min Max Duration 

Low  

(LTH) 

Mid 

(MTH) 

Upper 

(UTH) 

Low 

(LTH) 

Upper 

(UTH) 

Low 

(LTH) 

Upper 

(UTH) 

Short 

(LTH) 

Long 

(UTH) 

10000 20000 60000 -10 -40 40 60 25 30 

 

Figure 31:Final classified Pitch - Roll Signal with corresponding movements (Yellow - Left tilt; Magenta - Front tilt; Black - Right Tilt; 

Red  - 90° Forward Bend; Green - Back Bend.) 

a) 

b) 

c) 

d) 

e) 

Figure 30: a) Original Signal; b) Smoothed signal using Savitzky – Golay filter (span = 4, degree = 0.02); c) First difference function 

with marked threshold  (red dashed line); d) Second threshold function with marked threshold (red dashed line); e) Final 

segmentation on smoothed Pitch – Roll signal 
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5.4 Rule – Based Classifier 

 Rule – based classification is realized using feature conditions for individual movements 

which are defined in the following Table 14. At least two rules are used to classify the movement. P, R 

and PR stand for movements from specific axes. For example to classify motion as a Back Bend, it is 

necessary that the Y-axis (Pitch) motion energy would be greater than the value of the mean energy limit 

(Energy - MTH) and at the same time the minimum y-axis motion value would be less than the lower 

limit of the minimum (Min - LTH). 

Table 14: Rules for classification of specific movements (colors correlate with the classified signal segments in Figure 31) 

 
Max Min Energy Duration 

Classes 

LTH UTH LTH UTH LTH MTH UTH LTH UTH 

P   
        

Left Tilt  R 
  

 <  > 
   

PR 
  

   > 
   

P > 
    

> < 
  

Front Tilt R 
    

< 
    

PR 
         

P 
         

Right Tilt R > 
        

PR 
     

> 
   

P 
      

> 
  

Forward Bend 90° R 
         

PR 
      

> 
 

> 

P 
  

< 
  

> 
   

Back Bend R 
         

PR 
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6 Experimental verification 

 The task of experimental measurements was to select suitable sensors and EH methods 

based on their consumption and efficiency. Based on their results, the tested methods were selected for 

the implementation of the final design. Another interest of testing was the accuracy of the segmentation 

algorithm to recognize parts of the signal with a large change. The last experiment was focused on 

determining the influence of the sensor position on the helmet on the ability of movement classification. 

6.1 Energy Harvesting Circuit Efficiency Measurment 

 The measurement took place under laboratory conditions which were achieved with a 

1000W halogen light at a distance of 40 cm from the surface of the solar array on the helmet. A 

potentiometer with a variable resistance in the range of 0-10kΩ was used as the load. Input and output 

current of two circuits, BQ25504 and LTC3105, were measured depending on the changing output load. 

The output current and regulation efficiency were analyzed. The circuits were tested without a backup 

battery connected. 

The same setting of the circuits was ensured by setting the MPPT pin of the individual chips to a value 

corresponding to the used solar array, i.e. approximately 1.1V (Table 8). Output voltage of the regulators 

was set to 3.5V. 

Table 15: Measured values of efficiency and output current of compared EH methods. 

EH circuit BQ25504 LTC3105 

Achieved 

efficiency (%) 
79,1 75,4 

Achieved output 

current (mA) 
21 16,5 

 

Based on the results of efficiency measurements, BQ25504 was selected as a suitable circuit for 

processing energy from solar cells. 
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6.2 Inertial sensor power consumption measurment 

6.2.1 Objective of the power consumption measurment 

 The main aim of the power consumption measurement was to find out the difference 

between BNO055 and MPU9250. The BNO055 uses so-called data-fusion, which means that conversion 

to quaternions or Euler angles is performed directly in its own processor. While the MPU9250, which 

does not support such feature, is forced to use an external MCU for these conversions, therefore it is the 

predicted result of this measurement that the BNO055 will have less power consumption in the IMU 

initialization phase and should therefore be a better choice for the low-power design requirements of 

this work. 

To obtain power consumption of the system the measured key parameters were current and voltage over 

time. Therefore, the oscilloscope MSO-X 2024A (Agilent Technologies, United States) was used as a 

suitable method for time-varying current recording. Current measurement was performed indirectly 

using a 1Ω/20W shunt resistor connected to the positive lead (). Using the oscilloscope math feature that 

allows the product of signals from different channels, the resulting system power consumption was 

calculated. 

6.2.2 System program routine 

 To ensure the same initial conditions for measurement with both IMUs, testing was 

performed according to the following routine (Figure 33Figure 32). It ensures the same times of 

individual phases of data acquisition and sending from IMU. When the MCU starts, the I2C scanner 

function scans the bus for any devices connected to it. Subsequently, communication with the IMU 

begins, and static calibration (Gyroscope / Accelerometer) is performed. In order to reduce program 

complexity, the dynamic calibration of the Magnetometer has been omitted in both IMU routines. 

Calibrations that follow the same principle for both IMUs are followed by a different initialization 

phases. The internal MCU of the BNO055 chip selects the method and format of sending data, so-called 

Hardware Data Fusion - i.e. the internal MCU converts raw accelerometer, gyroscope and magnetometer 

data to the required format - quaternions.  

Figure 32: Measurement chain diagram. 
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In the case of MPU9250, part of the data fusion software is replaced by software data fusion using 

Mahony filter (described in 3.1.3.2) for quaternion calculation that is executed directly in the main loop 

of the program. As this method is computationally demanding, output consumption is expected to be 

higher. 

6.2.3 . BNO055 power consumption 

 

Figure 33: Power consumption measurment program routine flow diagram. 

Vcc (5V) 

BNO055 Initialization routine  

Deep sleep – (5 sec) 

serial data transmission (10 sec) 

Figure 34: BNO055 data transmission power consumption (green – voltage; yellow – current; pink – power) 
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6.2.4 MPU9250 power consumption 

6.2.5 Summary of the experimental measurment 

The following table (Table 16) describes the consumption difference of the two analyzed IMUs at 

different stages of the program. It is evident that the MPU9250 reaches more power consumption 

because it uses more demanding arithmetic calculations using an external MCU, in our case Sparkfun 

ESP32 Thing. The biggest difference in consumption was recorded in the data transfer phase where the 

MPU9250 implements Mahony filter for Data fusion. 

Table 16: Summary of power consumptions of tested IMUs in different program states. 

IMU type BNO055 MPU9250 

Program state Initialization Transmission 
Deep 

Sleep 
Initialization Transmission 

Deep 

Sleep 

Power consumption 

[mW] 

21,84 26,52 6,24 22,50 30,65 6,25 

54,6 59,4 

 

This testing has proven that the BNO055 is a more suitable inertial sensor for a smart helmet design that 

emphasizes low power consumption. The BNO055 has its own integrated MCU, which noticeably 

reduces computational demands. 

6.3 Influence of sensor placement on classification 

 One of the key experimental measurements was the determination of the sensor position 

influence on the resulting accuracy of movement classification. Before each measurment IMU was 

calibrated following already mentioned sequence described in chapter 3.1.3.1. Analyzed signal was 

smoothed using Savitzky – Golay filter (degree = 0.02; span = 4). Segmentation was performed using 

Modified Värri algorithm with window length of 12 samples (0.6 s) for first difference function and 

Figure 35: MPU9250 data transmission power consumption (green – voltage; yellow – current; pink – power) note 

the ripple amplitude during the transmission sequence caused by Software Data Fusion.  

Vcc (5V) 

MPU9250 deep sleep 

seriál data transmisision (10 sec) 

initialization routine (10 sec) 



60 

 

window length of 4 samples (0,2 s) for second difference function. As a segmentation threshold was 

used mean value of each difference function. Following movements were performed in such order: 

 Head movements (Left Tilt- LT, Forward Tilt - FT, Right Tilt - RT);  

 Front Bend - 90° (FB);  

 Back bend (BB) 

Each movement was performed 3 times and in total 10 measurements for each position were performed. 

The experiment was conducted with a proband (age: 23, male) wearing helmet with IMU on 3 different 

head positions (temporal, occipital, parietal) according to following scheme: 

In order to change IMUs position on the helmet, it was necessary to remap the BNO055 axes by writing 

to the AXIS_REMAP_CONFIG register according to datasheet. 

 

1 

1 
1 

2 

3 
3 

1 3 2 

Figure 36: Demonstration of tested IMU positions on the proband helmet. 
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6.3.1 IMU Position 1 

Table 17: Confusion matrix of classification evaluation with IMU placed on 1st position. 

 

 The success rate of the motion classification with IMU placed on 1st position was almost 

perfect. The wrong classification occurred only in the case of the determination of  90 ° Front Bend, 

which was caused by low energy of movement and thus did not meet the condition of energy feature. 

 Classified positions 

IMU 

position 
Pos 1 

True labels 

 LT FT RT FB BB 

LT 30 0 0 0 0 

FT 0 30 0 0 0 

RT 0 0 30 0 0 

FB 0 1 0 29 0 

BB 0 0 0 0 20 

a) 

b) 

c) 

d) 

e) 

Figure 37: Example of signal segmentation and classification (Pos 1) 

a) Smoothed original signal with all detected local maxima in difference function; b) Roll with defined segments; c) Pitch with defined 

segments; d) Pitch - Roll with defined segments; e) Pitch - Roll with classified segments (Yellow – Left Tilt, Pink – Forward Tilt, Black – 

Right Tilt, Red – Front Bend 90°, Green – Back Bend; Dashed – transition/unclassified parts) 
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6.3.2 IMU Position 2 

 It can be noticed that the segmentation at position 2 of the IMU is worse than that of 

position 1. This is due to the inappropriate curvature of the surface to which the IMU is attached, causing 

the initialization motion conditions to be eroded by offset. Another possible recordable error can be the 

Roll angle rising when the Pitch angle approaches 90° (see Figure 38 at around 40 secs). This case is 

called Gimbal lock and occurs when you cannot distinguish a spatial position caused by two parallel 

axes. This phenomenon occurred mainly in the classification of forward bend where Pitch gets closer to 

90°.This results in an increase of the mean value of the difference function and thus also of the 

segmentation threshold. Therefore, it is also possible to see imperfect signal segmentation. 

Table 18: Confusion matrix of classification evaluation with IMU placed on 2nd position. 

 Classified positions 

IMU 

position 
Pos 2 

True 

labels 

 LT FT RT FB BB 

LT 25 1 0 0 3 

FT 2 14 3 7 0 

RT 0 1 26 3 0 

FB 0 2 0 25 1 

BB 0 0 0 0 12 

 

Figure 38: Example of signal segmentation and classification (Pos 2) 

a) Smoothed original signal with all detected local maxima in difference function; b) Roll with defined segments; c) Pitch with 

defined segments; d) Pitch - Roll with defined segments; e) Pitch - Roll with classified segments (Yellow – Left Tilt, Pink – Forward 

Tilt, Black – Right Tilt, Red – Front Bend 90°, Green – Back Bend; Dashed – transition/unclassified parts) 

a) 

b) 

c) 

d) 

e) 
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6.3.3 IMU Position 3 

 When performing movements with the sensor placed in the third position, oscillations can 

be observed due to overcoming the position from which the movement was initiated during movement 

transitions (for example, the transition between the last 90° forward bend and the first back bend can be 

seen as a negative value of the Pitch angle). These overshoots subsequently had an effect on the change 

of the Pitch-Roll signal which subsequently imperfectly segmented the signal. 

 

Table 19: Confusion matrix of classification evaluation with IMU placed on 3rd position. 

 Classified positions 

IMU 

position 
Pos 3 

True 

labels 

 LT FT RT FB BB 

LT 24 1 0 2 0 

FT 0 22 1 6 0 

RT 0 0 28 2 0 

FB 0 3 0 27 0 

BB 0 1 0 4 13 

Figure 39: Example of signal segmentation and classification (Pos 3) 

a) Smoothed original signal with all detected local maxima in difference function; b) Roll with defined segments; c) Pitch with defined 

segments; d) Pitch - Roll with defined segments; e) Pitch - Roll with classified segments (Yellow – Left Tilt, Pink – Forward Tilt, Black 

– Right Tilt, Red – Front Bend 90°, Green – Back Bend; Dashed – transition/unclassified parts) 

a) 

b) 

c) 

d) 

e) 
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6.3.4 Summary of the experimental measurement 

 The influence of the sensor position on the helmet on the accuracy of the activity 

classification was performed and evaluated. The results show that the perpendicularity of the IMU 

installation has a significant influence on the resulting classification. In the event of insuficient 

installation, offsets begin to occur even if the device is properly calibrated. Furthermore, it is clear that 

even small differences in the performed movements can significantly reduce the accuracy of 

segmentation and subsequent classification. 

The three performance specifiers are used to evaluate classification performance: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6.1) 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =   
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6.2) 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =   
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (6.3) 

 

Table 20: Average statistical parameters with different IMU positions. 

 Pos 1 Pos 2 Pos 3 

Average Accuracy 0,99 0,82 0,85 

Average Sensitivity 0,99 0,83 0,79 

Average Specificity 0,99 0,81 0,89 

 

 Wearing the IMU at Position 1 showed that it can classify with an average accuracy of 

0.99. In the experiment, this position proved to be the most accurate. Average sensitivity with a value 

of 0.83 proved to be the most demonstrable statistical indicator in position 2. The average sensitivity 

value reached the IMU fixed in place 2.With position 3, the most conclusive indicator was an average 

specificity of 0.89. 

6.4 Segmentation accuracy experiment 

 The measurement was performed in order to determine the success of the segmentation of 

the proposed algorithm. During the algorithm design, tests were performed on the thesis solver, when 

the accuracy of segmentation reached almost error-free values. Therefore, it was important to perform 

measurements on independent probands and thus determine the accuracy in near-real conditions. 

The experiment was performed with the participation of 10 probands (3F, 7M) in the age range from 23 

to 51 years. Sensor was placed on the 1st position as it achieved best results in the previous test (6.3.4).  

Following sequence of movements was performed three times for each movement in such order: 

 Head movements (Left Tilt- LT, Forward Tilt - FT, Right Tilt - RT);  

 Front Bend - 90° (FB);  

 Back bend (BB). 

The general inaccuracy of the segmentation algorithm is the inability to identify the last segment. 

Therefore, out of a total of 150 movements, 116 movements were successfully segmented, which 

corresponds to segmentation success rate of 77.3%. If the segmentation error is neglected, out of a total 
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of 150 movements, 126 movements were successfully segmented, which corresponds to a success rate 

of 84%. It is evident from the measurements that the accuracy of segmentation is influenced by the 

execution of movements, which differed from individual probands. 
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7 Discussion 

Part of the hardware realization was a construction of solar array. Based on the technical parameters, a 

solar cell KXOB22-04X3 was selected and a 24 –cell array was build using the solar cells in parallel 

connection, which was installed on the helmet and subjected to laboratory tests to determine the 

maximum power point that reached 81 mW.  

The experimental part of the work included various tests verifying the theoretical knowledge of the 

selected methods.  

The efficiency measurement of the Energy Harvesting circuits BQ25504 and LTC3105 was tested with 

the designed solar array and performed in laboratory conditions using a 1000 W halogen lamp 40 cm 

from the helmet surface. The BQ25504 reached a maximum efficiency of 79.1% and an output current 

of 21 mA. The LTC3105 achieved a maximum efficiency of 75.4% and an output current of 16.5 mA 

Based on these findings, the BQ25504 was selected as a suitable EH circuit. 

The selection of a suitable inertial sensor was based on measuring the power consumption of selected 

sensors which were BNO055 and MPU9250. The measurement was performed in a program loop which 

tested the sensors in multiple power modes. The initial assumption was that the MPU9250 would achieve 

higher power consumption due to the need of calculating the quaternions in the external microprocessor 

using Mahony Filter. BNO055 achieved a power consumption of 54.6 mW and MPU9250 reached a 

consumption of 62.4 mW. Based on these findings BNO055 was selected for the following helmet 

realization and experimentation. 

The influence of the sensor position on the helmet on the accuracy of the activity classification was 

performed and evaluated. The experiment was conducted with a proband (age: 23, male) wearing helmet 

with IMU on 3 different head positions (temporal, occipital, parietal). The highest value of an average 

classification accuracy of 0.99 was achieved by wearing the IMU at temporal position. An average 

sensitivity with a value of 0.83 proved to be the most demonstrable statistical indicator while wearing 

the IMU at occipital position. While wearing the IMU at parietal position of the helmet, the most 

conclusive indicator was an average specificity of 0.89. Based on these results, it can be concluded that 

the position of the sensor on the helmet affects the accuracy of the classification of performed 

movements. Therefore, for the subsequent measurement of segmentation success, the temporal part of 

the helmet was chosen as a suitable position for the experiment. 

The segmentation accuracy measurement was performed with the participation of 10 probands (3F, 7M) 

in the age range from 23 to 51 years. The general inaccuracy of the segmentation algorithm is the 

inability to identify the last segment. Therefore, out of a total of 150 movements, 116 movements were 

successfully segmented, which corresponds to segmentation success rate of 77.3 %. If the segmentation 

error is neglected, out of a total of 150 movements, 126 movements were successfully segmented, which 

corresponds to a success rate of 84 %. It is evident from the measurements that the accuracy of 

segmentation is influenced by the execution of movements, which differed from individual probands. 

 



67 

 

8 Conclusion 

The design and realization of a partially self-powered helmet equipped with photovoltaic elements and 

a battery management for harvesting purposes and including an inertial sensor for activity evaluation 

and a transmitter to a remote station was successfully completed.  

The theoretical research about technical solutions of smart helmets was performed based on knowledge 

from 15 literary sources and the following suitable solutions were selected with regard to the low energy 

consumption of the system:  

 The energy harvesting circuits were described and compared both theoretically on the basis of 

technical parameters provided by the manufacturer and experimentally by performing 

measurements. Based on the experimental testing BQ25504 was selected as a suitable EH 

circuit. 

 

 The two selected suitable inertial measurment units were tested experimentally for their power 

consumption. The BNO055 was found as a suitable inertial sensor for the proposed system. 

 

  The ESP32 has been chosen as a suitable microcontroller. 

 

 Bluetooth Low Energy (BLE) was selected and used for wireless communication. 

 

Development and realization of SW for managing and monitoring all data was realized in the LabView 

software. Activity classification was studied on the proposed segmentation algorithm using the Värri 

method of connected windows and the proposed rule – based classifier (Matlab).  

The proposed segmentation algorithm was verified on 10 probands. The accuracy of segmentation was 

evidently influenced by differences in the probands movements. 

Testing of the influence of the sensor position on the helmet proofed that the classification algorithm 

achieved best results for the temporal position on the helmet. However, the knowledge about 

shortcomings influencing the accuracy of the activity classification due to connection between 

inapropriate sensor placement and the way the movement is performed. Therefore, for the contionuing 

study of this work, the segmentation algorithm in terms of sensitivity to changes of the performed 

movements should be improved. 
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Attachment I EH circuits efficiency measurements 

Attachment II IMU Power Consumption Code 

Attachment III Main program C code (Arduino IDE) 

Attachment IV LabView GUI project 

Attachment V Data from experimental measurment 

Attachment VI Adaptive Segmentation code (Matlab) 


