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ABSTRACT 
 

An inertial measurement system is developed for motion and posture monitoring. The 

sensing module consists of a triaxial accelerometer, a triaxial gyroscope, a 

microcontroller, and an on-board serial flash memory, for continuously acquiring and 

storing the acceleration and angular velocity information for later transfer to a PC. The 

functioning of the sensors and signal acquisition and storage has been tested using a lab 

setup.  

 A software is developed for orientation estimation by fusion of the sensor outputs 

using offline signal processing. It is implemented using MATLAB and involves an 

extended Kalman filter for fusing the quaternions computed from the accelerometer 

outputs and the complementary information provided by the angular velocity 

measurements. The relative RMS error of the filter output was found to be 6.5%.  
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Chapter 1 

INTRODUCTION 

 

1.1 Background 

Tracking of motion and posture for diagnosis and treatment monitoring purpose is 

widely done in rehabilitation medicine and assisted living. A number of motion 

tracking techniques using optical, acoustic and inertial/magnetic tracking systems are 

used for this purpose. Optical tracking systems sense light patterns and use this 

information to detect motion [1], [2]. Image based systems use multiple cameras to 

track pre-designated points on a moving object within a working volume [3], [4]. 

Acoustic tracking systems use time-of-flight and triangulation or phase-coherence to 

determine position [5]. Motion tracking using inertial and magnetic sensors is gaining 

popularity because it does not suffer from range limitations and interference problems 

faced by the techniques using excitation sources [6]–[9]. This kind of inertial 

measurement unit (IMU) usually comprises of accelerometers for sensing 

translational accelerations, gyroscopes for detecting angular velocities and sometimes 

a magnetometer for directional data. These sensors are low cost and they are available 

in compact sizes [6]–[17].  

Small sized body wearable IMUs are used for tracking posture and motion in 

medical applications by using single or multiple sensor units attached to various parts 

of the body, usually the trunk, wrists, and ankles. The orientation and position of these 

sensors could be found with respect to each other, or with respect to an earth fixed 

reference frame [6]–[18].  

 Home-based intelligent monitoring systems for rehabilitation and assisted 

living for providing both therapeutic instruction and support information are well 

recognized [18]–[22]. These systems measure various parameters using inertial 

sensors that correspond to the limb movements made by the participant and the 

information would be fed back to the person in audio or visual format and also, when 

necessary, to their health care professionals. For stroke rehabilitation, the motion 

trajectory and the velocity of the forearms are used as parameters to understand the 
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effects of arm training on muscle properties [18]. For fall analysis in elderly persons, 

displacement of the toe from the ground during walking and the velocity of walking 

were measured by Lai et al. [23] and the trunk position was monitored by Huang et al. 

[24]. In amputee rehabilitation, Churko et al. [25] used an IMU for tracing the 3-D 

trajectory of the prosthetic arm worn by the patient and it was given as an input to the 

intelligent rehabilitation system. Lorussi et al. [26] and El-Gohary et al. [27] 

measured joint angles as parameters to estimate mobility in patients with neurological 

disorders and for injury rehabilitation. Leg and hand movements, measured using 

inertial sensors were used to quantify sleep quality and duration in patients suffering 

from insomnia [28]–[30].   

 

1.2 Project objective 

The parameters for posture tracking are the three angles: roll (the angle about the x-

axis), pitch (the angle about the y-axis), and yaw (the angle about the z-axis). The 

parameters for motion tracking are the angular velocity, linear acceleration, linear 

velocity, and the displacement which is also called the motion trajectory. The project 

objective is to develop an IMU for motion and posture tracking for people in assisted 

living facilities and rehabilitation centers. The acceleration in the X, Y and Z 

directions are measured using a triaxial accelerometer and the angular velocities about 

the three directions are measured using a triaxial gyroscope, and the data are acquired 

and stored using a microcontroller in an onboard serial flash. The data stored in the 

serial flash can be transferred to a PC for processing using a quaternion based 

extended Kalman filter and displaying posture and motion related information. 

 

1.3 Report outline 

The second chapter provides an overview of the motion and posture tracking 

techniques. The IMU hardware is described in the third chapter. Chapter 4 describes 

the IMU software. The testing of the unit is presented in the fifth chapter. Chapter six 

presents the quaternion based extended Kalman filter algorithm for orientation 

estimation. The last chapter provides a summary of the work completed and 

suggestions for future development. 
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Chapter 2 

MOTION AND POSTURE TRACKING TECHNIQUES 

 

2.1 Introduction 

This chapter provides a review of the applications of motion and posture tracking for 

assisted living, rehabilitation assist devices for stroke and other neurological disorders 

like Parkinson's disease, amputee and prosthetic rehabilitation aids, and sleep disorder 

monitors. This is followed by a description of various inertial sensors available and 

the algorithms used for motion and posture tracking.  

    

2.2 Application of motion and posture tracking 

Fall is a major source of morbidity and mortality among the elderly [23], [24], [31]. 

Fall detectors worn on the waist record the trunk position throughout the day [24], 

[31]. A fall is classified based on the initial and final positions of the trunk during fall 

and the occurrence of the fall is identified by the rate of change of position of the 

trunk. Two types of inertial sensors can be used for this: triaxial accelerometer [31] 

and biaxial gyroscope [24]. When using the triaxial accelerometer for front or side-

ways fall detection, two end points when the accelerometer value goes above a 

particular threshold and returns back are identified and time stamped. The positions at 

these points are identified from the orientation of the sensor and a fall is classified. 

When using a biaxial gyroscope, the angular velocity used to identify a fall and 

position is derived by integrating angular velocity. Another method described in [23] 

analyzes tripping and slipping falls by measuring the displacement of the foot from 

the ground and velocity of walking using a triaxial accelerometer and biaxial 

gyroscope. Here the biaxial gyroscope is used only for identifying the swing cycle. 

The activities of daily living [32] like walking and climbing are used as a measure of 

mobility and also for monitoring exercise cycles. A triaxial accelerometer, gyroscope 

and magnetometer would provide the required displacement, velocity and orientation 

information. 
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 Stroke is a condition when the blood supply to a part of the brain is absent due 

a blockage in the artery or due to hemorrhage (leakage of blood) [33]. This adversely 

affects the brain function and can result in an inability to move one or more limbs on 

one side of the body. Rehabilitation for patients who have suffered a stroke is 

important to recover movements in the limbs paralyzed by stroke.  It involves 

exercises monitored by a trained professional and periodic assessment of the 

effectiveness of the exercises [34]. A home based rehabilitation system [18], [37] has 

an audio and visual interface that has many exercise modules; it also has a sensor 

interface that monitors the actual limb movement. These movements are analyzed by 

the system and a feedback is provided. This information can also be sent to the 

professionals. The common motion capturing methods used for this application are 

the visual [3], [4] and optical based tracking systems [1], [2]. Zhou et al. [18] and 

Ahmed et al. [34] reported inertial sensor based tracking systems using triaxial 

accelerometer, gyroscope and magnetometer. This application requires tracking the 

joint angle movements, extent of flexion and extension of joints and various other 

gestures movements. 

 Parkinson’s is a neurodegenerative disease which results in loss of limb 

mobility and tremors [33]. Other neurodegenerative diseases are Alzheimer’s, and 

Huntington’s.  Movement symmetry is one important index for the identification and 

evaluation of Parkinson’s; another is tremor analysis during rest. Lorussi et al. [26] 

and Anna et al. [36] used multiple sensors on the body. Normally only gyroscopes or 

gyroscopes and accelerometers are used.     

 Actigraphy is a technique for quantifying sleep using an accelerometer and 

light sensors [37]. The assumption here is that there is very small body movement 

during sleep and the movement significantly increases when awake. Methods used for 

sleep quantification are generally based on thresholding [38]–[40]. The downside of 

this method is that restless movement of the limb (e.g., periodic leg movement) during 

sleep could be classified as activity and minimal activity during extended periods of 

nocturnal wakefulness tends to get classified as rest [37]. It was however observed 

that these factors tend to be consistent from night to night in insomnia patients, so 

actigraphy may be useful in the assessment of sleep variability or in the measurement 

of treatment effects. Gorny et al. [41] provided evidence that the wrist activity pattern 

in delayed sleep phase syndrome recorded for a few days proved to be a very good 

http://en.wikipedia.org/wiki/Hemiplegia
http://en.wikipedia.org/wiki/Hemiplegia
http://en.wikipedia.org/wiki/Alzheimer%E2%80%99s
http://en.wikipedia.org/wiki/Huntington%E2%80%99s
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measure in analyzing the effect of certain drug. Actigraphy has also been used to 

assess sleep patterns in young [42]. Children and babies move significantly when 

awake and are quite still when asleep. Actigraphy was used in a study to compare 

sleep patterns of HIV-infected children and normal children and significant 

correlation has been reported between actigraph data and subjective reports for night 

waking. Actigraphy has also been used for studying sleep patterns of newborns with 

respect to gestational age, and for monitoring the effect of melatonin administration 

on sleep continuity in children with germ cell tumor involving the pineal region [42]. 

The use of triaxial accelerometer and gyroscope for actigraphy is still unexplored. 

Using more than one module of these sensors attached to various parts of the body is 

bound to give more accurate results. Also specific conditions like restless leg 

syndrome can be more accurately identified. 

 A sensor module, more widely called an inertial measurement unit (IMU) 

having a triaxial accelerometer and a triaxial gyroscope would give sufficient results 

for most of the above applications. It would be helpful in tracking position in a two-

dimensional plane and measurement acceleration and angular velocity in all the three 

directions. 

  

2.3 Sensors 

2.3.1 Accelerometer 

An accelerometer is a sensor that gives a voltage output proportional to the 

acceleration of the body to which the sensor is attached. In its basic form, it has an 

inertial frame to which a fixed mass is connected by a spring [43]–[46]. This setup 

can measure the acceleration along the axis of the spring. Let the frame is subjected to 

a constant acceleration a. At steady state, the mass m which is at rest relative to the 

frame will also have an absolute acceleration of a, and hence will experience a force 

equal to ma. As the mass is not in motion relative to the frame, a force is developed 

across the spring causing a displacement x between its two ends, and it is given as, 

 
x ma k

 (2.1) 

where k is the spring constant. This displacement is converted into voltage by a strain 

or displacement sensor. The acceleration sensed by the accelerometer is thus a 

measurement of the force acting on the mass m along the axis of the spring. This also 

includes the gravitational force, and hence an accelerometer cannot distinguish 
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between a force produced because of the acceleration of the sensor frame and the 

component of the gravitational field along the spring. The MEMS accelerometer has 

beams attached to a central mass, these beams move between fixed beams causing a 

voltage to be produced proportional to the acceleration [45], [47]. Some available 

MEMS sensors include BMA180 from Bosh [48], MMA series from Freescale 

Semiconductors [49], and LIS3LV02DQ from STMicroelectronics [50].  

 

2.3.2 Gyroscope 

A gyroscope is a sensor that gives a voltage output proportional to the angular 

velocity of the body the sensor is attached to. It works on the principle of Coriolis 

effect [1]. When a body with mass m moves with a constant velocity v, in a reference 

frame which is rotating at an angular velocity w, the body experiences a Coriolis force 

in the direction perpendicular to its velocity, the magnitude of the force is given by 

 sin2F mwv    (2.2) 

where   is the angle between the direction of movement of the body and the axis of 

rotation. The MEMS gyroscope has a vibrating crystal or vibrating silicon ring that 

acts as the body moving with constant velocity. During the rotation of the sensor, the 

Coriolis force acting on the crystal or silicon ring changes its direction of vibration 

which is sensed by a capacitive sensor and a voltage output proportional to the 

angular velocity is generated. Some of the MEMS gyroscopes available in the market 

are L3G4200D from STMicroelectronics [51], IMU3000A from Invensense [52], and 

ADXRS450 from Analog Devices [53]. 

 

2.3.3 Magnetometer 

A magnetometer is a device that measures the magnetic field in the vicinity of the 

sensor [54]–[55]. In the absence of stronger magnetic fields, it senses the earth’s 

magnetic field. The earth’s magnetic field varies spatially due to inhomogeneity of 

rocks and the interaction between charged particles from the sun and the 

magnetosphere. Its value is lowest near the equator and increases when moved 

towards the poles. Simple MEMS based magnetometer works on the Lorentz force 

principle. A silicon structure on which an excitation coil is deposited is suspended 

over a glass substrate by torsional beams. The glass substrate has silver deposits that 

form capacitors with the structure. When a sinusoidal current (I0  sin2πft) flows in the 

http://en.wikipedia.org/wiki/Sun
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excitation coil, in the presence of a constant magnetic field B parallel to the surface of 

the structure, the structure experiences a Lorentz force FL acting on it. Due to the 

shape of the coil, the force acting on the two sides of the structure separated by the 

torsional beam is perpendicular to the surface of the structure and opposite in 

direction. This causes the structure to vibrate. If its frequency of vibration is equal to 

the frequency of the current, resonance occurs. The magnitude of vibration depends 

on the strength of the magnetic field, this is sensed by the capacitive structures and a 

proportional voltage output is given.  

  0 sin 2L CF I L B ft  (2.3) 

where LC is the length of the coil. One of the magnetometers available in the market is 

HMC6343 three-axis compass from Honeywell [56], mostly magnetometers are 

available as part of an IMU comprising of all the three sensors, e.g. MAG3 IMU 

series form Omni Instruments [57], and ADIS16405 from Analog Devices [58].  

 

2.3.4 Sensor fusion 

An accelerometer senses the sum of the inertial and gravitational force along its axis. 

A triaxial MEMS accelerometer can be used for sensing the three components of the 

acceleration along the x, y, and z directions of the sensor module. The three outputs 

can be used for sensing the magnitude of the net force on the sensor but the direction 

of these forces can be determined only if orientation of the sensors can be determined. 

This poses a problem in case of a body worn IMU, because orientation of the sensors 

changes with the movement of the body part to which the sensor is attached. To 

eliminate the gravitational force, we need to know the sensor orientation using 

another sensor. A triaxial gyroscope which gives angular velocity which can in turn 

be integrated to find the orientation angles can be used for this purpose. 

 Both accelerometer and gyroscope have measurement errors due to sensor bias 

and a wideband noise [6]. Bias may be due to the error in sensor alignment on the 

board or internal misalignment. The wideband noise may be caused by the thermal 

noises, or vibration of the body the sensor is attached to. Even if the bias error is 

compensated, bias instability can change it slowly over time. The bias and the bias 

instability cause drift in the angle and linear velocity measurement obtained by 

integrating the angular velocity data from the gyroscope and the acceleration data 
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from the accelerometer. This problem can be solved by fusing the output of the two 

sensors using a fusion algorithm. 

 

2.4 Orientation estimation methods 

Several sensor fusion algorithms have been reported to estimate relative orientation of 

two or more sensors with respect to each other or their orientation relative to an earth-

fixed reference frame. Two or three degrees of orientation in a plane are estimated 

based on the type, number, and configuration of sensors used. 

 Lee and Ha [10] designed a motion tracking system, based on linear 

accelerometers to sense the angular movements at a joint with two degrees of 

freedom. For slow movements, a triaxial accelerometer was used to determine the 

joint angles. For fast movements, data from two sets of triaxial accelerometer units 

were combined using geometric sensor fusion technique to separate gravitational 

acceleration from motion-related linear acceleration.  

 Gebre-Egziabher et al. [11] described an algorithm for estimation of the 

orientation of a rigid body for aircraft applications. Magnetometer and accelerometer 

measurements were used to calculate the quaternion using a Kalman filter, without the 

use of angular rate sensors. The algorithm was applicable for stationary or slow 

moving applications, and not for highly dynamic tracking applications.  

 Chin-Woo et al. [12] proposed a gyroscope-free inertial navigation system that 

used six accelerometers to determine both linear and angular motions of a rigid body. 

They have described an algorithm that tested for a sufficient condition to determine 

acceptable configuration of the accelerometers. The linear and angular motion for this 

configuration was computed separately using two decoupled equations of an input-

output dynamical system. Use of accelerometers to calculate angular rate resulted in a 

faster orientation error growth rate than that associated with gyroscopes. This is due to 

inclusion of the angular acceleration terms which introduce drift due to integration.  

 Rehbinder and Hu [59] have described an attitude estimation algorithm using 

data from a triaxial gyroscope and a triaxial accelerometer. They estimated the Euler 

angles roll and pitch using a Kalman filter for walking robot application with a 

switching architecture for slow and fast accelerations. The algorithm was tested only 

for simulated signal. 
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  Sabatini et al. [13] used a sensor module containing a biaxial accelerometer 

and a gyroscope to perform gait analysis and measurement. The cyclic nature of the 

human gait was exploited to measure inclination, distance, and speed. Transition from 

one gait phase to the next was determined from the pitch angle derived from the 

gyroscope data. Acceleration data was double integrated during the swing phase when 

the foot leaves the ground and placed forward to determine its position with respect to 

the vertical when the foot is flat on the ground. The drift in position estimation is 

reduced by integrating only during the gait phase which is determined from the 

gyroscope. All motion is assumed to take place in a non-rotating sagittal plane. 

 Gallagher et al. [7] designed a system with three sensor modules, placed on 

the wrist, upper arm and chest, for real-time body posture tracking for long term 

monitoring of patients and elderly subjects or for use in biomechanic research. Each 

sensor module had nine sensors: three orthogonal gyroscopes, accelerometers and 

magnetometers. The posture tracking algorithm described estimates the roll, pitch and 

yaw angle from a single sensor data with respect to the earth fixed coordinates, using 

complementary filters. The technique was validated by comparing the posture output 

from a robotic manipulator. For brushing and running activities, the coefficient of 

determination R
2
 was reported as 0.873 and 0.706, respectively. 

 Bachmann et al. [6], [14]–[16] proposed a quaternion-based extended Kalman 

filter (EKF) algorithm for human body tracking. A first-order linear system for 

modeling human body limb motions was proposed in [14]. A Gauss-Newton iteration 

method was used to preprocess accelerometer and magnetometer data to produce 

quaternion input to the EKF. Formulation and simulation testing of a reduced-order 

implementation of the Gauss-Newton iteration method for this Kalman filter was 

presented in [15]. In [16] and [6] factored quaternion algorithm and QUEST 

(quaternion estimate) algorithm were used to calculate the quaternion using the 

accelerometer and magnetometer data. The maximum error was 9   as observed for 

signals obtained from the sensor when placed on a Haas precision tilt table. All the 

processing was done in the PC. 

  Roetenberg et al. [17] used a sensor module with triaxial accelerometer, 

gyroscope and magnetometer. An extended Kalman filter algorithm which included a 

magnetometer model designed to prevent heading drift and compensate for magnetic 

disturbances was used. This compensation allowed a significant improvement in the 
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estimation accuracy, as compared to the estimation with no compensation or using 

angular rate sensors only.   

 Zhu and Zhou [9] used a linear Kalman filtering to smooth accelerometer and 

magnetometer readings from a sensor module with a triaxial accelerometer, gyroscope 

and magnetometer. Rather than estimating individual limb segment orientations 

relative to a fixed reference frame, the system determined the joint angles in 

axis/angle form using the data from the four sensors. Three sensors were mounted on 

the body and a fourth sensor was mounted on the wall the body faces, to act as 

reference. The axis/angle pairs were determined analytically.  

 Kraft [60] used a quaternion-based unscented Kalman filter for real-time 

estimation of rigid-body orientation from measurements of triaxial accelerometer, 

gyroscope, and magnetometer sensors. The linearization of the state equation was 

done using a set of sample points from the Gaussian probability distribution.  

 

2.5 Summary 

A review of the methods shows that they mainly differ in terms of accuracy and 

computational complexity. A larger number of sensors generally results in a better 

estimation accuracy. With only accelerometers, roll and pitch angle can be calculated 

when the sensor is stationary. The calculated values do not suffer from drifts and the 

baseline is maintained even when the accelerometer is in motion. With both 

accelerometers and gyroscopes, the drifts from the integration of gyroscope data for 

roll and pitch angles is reduced by comparing the baseline with estimates from 

accelerometer data using fusion algorithms like complementary filtering or Kalman 

filtering but the yaw angle estimation is not accurate and suffers from drift errors. 

With additional magnetometers to obtain the baseline for yaw angle, best estimates 

for all three angles could be obtained. Hence the application becomes a crucial factor 

in the selection of the hardware and algorithm.  

 Complementary filters have estimation bias [61]. A few degrees error causes 

significant deviation in the linear motion estimation. For a generalized sensor module 

that could be used for a variety of applications, accelerometer based quaternion 

estimation for roll and pitch angle with extended Kalman filter would be the logical 

choice. In the absence of magnetometer, the extended Kalman filter presented in [6] 

could be modified and used. 
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 For reducing drifts in the integration, smaller integration duration with 

periodic resetting can be used. To avoid uncertainty of the contribution of the input 

variable near the edges of the integration interval, we can use overlapping integration 

intervals. The interval size is determined based on the application a value of 1 s with 

0.5 s overlap would provide sufficient approximation for low velocity applications 

like monitoring of the posture and movement of parts of human body. Another 

method is the drift subtraction method for applications with cyclic movements. In 

cyclic movements like walking, arm swinging, continuous flexion-extension of arm, 

the initial and final velocity in a cycle can be taken as zero, using these two points, the 

drift can be estimated and subtracted. 
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Chapter 3 

INERTIAL MEASUREMENT UNIT HARDWARE 

 

3.1 Introduction 

This chapter provides a description of the hardware of the inertial measurement unit 

(IMU). It consists of inertial sensors, namely, accelerometer for measuring linear 

acceleration and gyroscope for measuring angular velocity. Inertial sensors do not 

require any external reference as opposed to infrared, radar, or video motion-sensing 

technologies; also they are not affected by limitation in working conditions such as 

friction, wind, directions, or dimensions [62]. However, these sensors are prone to 

intrinsic drift, circuit thermal noise, time discretization and quantization error, 

vibration and friction noise, etc., apart from offset and sensitivity errors. Error 

compensation is generally carried out by software, but some sensors have provision 

for internal correction of offset. 

 The board has been designed for motion tracking application. A block diagram 

of the board is shown in Figure 3.1. It consists of a triaxial digital gyroscope, 

IMU3000A (Invensense) and a triaxial digital accelerometer, MMA8451Q (Freescale 

Semiconductors), interfaced with 44-pin PIC24F64GB004 (Microchip Technology) as 

the host microcontroller. Both the sensors are interfaced to the microcontroller using 

I
2
C. A 64-Mb serial dual I/O flash SST25VF064C (Microchip Technology) is 

interfaced to the microcontroller for storing the data. The memory can be used for 

recording the sensor signals acquired at 100 Hz for two hours. The board has a serial 

port and an USB for transfer of the stored data to an external device or PC. The board 

design may later be modified to have magnetometers, and temperature and pressure 

sensors to further extend the range of its applications. 

 

3.2 Sensors 

The sensors MMA8451Q and IMU3000A have been chosen for their compact size,  
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Fig 3.1 Block diagram of the Inertial Measurement Unit 

 

their inbuilt signal processing functions and their low power consumption. The 

relevant features of each of the sensors are briefly described below. 

MMA8451Q [49] is a low-power, triaxial, capacitive micromachined 

accelerometer with 14-bit resolution. It has dynamically selectable full-scales of ±2 g, 

±4 g, and ±8 g and has a selectable signal sampling frequency of 1.56 Hz–800 Hz. 

The digital output interface is by I
2
C and can operate up to 2.25 MHz with a 4.7 kΩ 

pull-up. It has two programmable interrupt pins for seven interrupt sources and on-

chip 14-bit ADCs. It has an on-chip 32 sample FIFO which allows burst read and 

internal high-pass filtering with settable cut-off frequency. It operates at 1.95–3.6 V 

supply with a maximum current of 1 mA. It is compatible with 1.6–3.6 V interface 

levels. 

IMU3000A [52] is a triaxial digital gyroscope with programmable full-scale 

ranges of ±250/±500/±1000/±2000 °/s and it can withstand up to 10,000 g shock in 

operation. Its on-chip FIFO and dedicated I
2
C-master accelerometer sensor bus 

simplify system timing and lower system power consumption. The sensor bus allows 

the device to directly acquire data from an off-chip accelerometer without 

intervention from an external processor. The FIFO allows a system microcontroller to 

burst read the sensor data. Other features include on-chip 16-bit ADCs, programmable 

digital filters, a precision clock, an embedded temperature sensor, and programmable 

interrupts. It can be used for a true 6-axis motion sensing by connecting it directly as a 

master device to a third-party triaxial digital accelerometer as a slave and clocked 

from the internal phase locked loop of the master, providing highly accurate timing. It 

has a supply range of 2.1–3.6 V and consumes a maximum current of 6.1 mA. It is 

compatible with 1.71–3.6 V interface levels. 

Interfacing of the gyroscope U4 and the accelerometer U5 with the 

microcontroller  U1  is  shown  in  Figure 3.2.  The  I
2
C  protocol  requires  two  lines:  
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Fig 3.2 Interfacing of the sensors with the microcontroller 

 

bidirectional data transmission and clock. Both lines require pull-up resistors, 

preferably 4.7 kΩ. For interfacing to the two sensors, the I
2
C module-2 of the host 

controller has been used. As mentioned previously, the gyroscope has two I
2
C 

modules, the primary module to connect to the host controller and the secondary 

module to connect to an auxiliary accelerometer. The board is designed to connect the 

accelerometer to the secondary I
2
C module of the gyroscope or to the primary 

module. In the second case, the host controller can access the accelerometer directly. 

The type of connection can be selected using jumpers J2 and J3. The accelerometer 

can be connected directly to the microcontroller by shorting pins 1 and 2 of J2 and 

also of J3. Alternatively, it can be connected to the secondary I
2
C pins 6 and 7 of the 

gyroscope by shorting pins 2 and 3 of J2 and also of J3. Pull-up resistors have been 

provided for both the connections. The interrupts of both the sensors have also been 

connected to the external interrupt pins of the host controller. 

 

3.3 Microcontroller, memory and data transfer 

At the core of the board is the microcontroller U1 for handling the control and signal 

acquisition operations. The 44-pin microcontroller PIC24F64GB004 [63] is a 16-bit 

controller with two SPI, two I
2
C, and two URAT modules and one USB channel  

 



15 
 

0.1 µ

C4

R1 10k

0.1 µ

0.1 µ

C1

C2

DVSS

DVDD3V3

AVDD

AVSS

VDD

VSS

VDD

VSS

17

16

28

29

40

39
1

R2 100

2

3

4

5
22

21

18

PGEC1

PGED1

MCLR

DVSSDVSS

DVDD3V3

2 1

C3

C18

10 µ

0.1 µ

DISVREG

VCAP
7

6DEBUG

J4

U1

CON2

24F64GB004

CON5

14

AN10

BAT_S

DVSS

 

Fig 3.3 Power supply and debug connections of the microcontroller 
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Fig 3.4 Memory interface 

 

which is “on-the-go (OTG)” compliant. It has an 8 MB RAM and 35 I/O pins. In our 

application, it is used with a clock source of 96 MHz PLL for a fCY of 4 MHz. It acts 

as the master in the sensor interfacing using I
2
C and the serial flash interfacing using 

SPI. For data transfer to a PC or other external devices, RS 232 and USB ports can be 

used. It operates at 2–3.6 V and consumes a maximum current of 25 mA. 

 The microcontroller has three VDD/VSS and AVDD/AVSS pairs. A 0.1 µF 

ceramic capacitor has been used as decoupling capacitors between each pair for 

bypassing noises in the range of 200 MHz, as recommended. The              pin provides 

two device functions: device reset, and device programming and debugging. For 

attaining the specific voltage levels VIH and VIL and to allow for fast signal 

transactions, two resistors (R1 and R2) and a capacitor (C18) are connected to the pin 

as shown in Figure 3.3. The capacitor is to be isolated during programming and 
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Fig 3.5 Serial transmission 
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Fig 3.6 The power supply circuit 

 

debugging operations by disconnecting the jumper J4. The internal regulator enables 

the device to run its core logic from VDD at an optimal 2.5 V, and it is enabled by 

connecting the DISVREG pin to DVSS and by connecting a 10 µF to VCAP to maintain 

regulator stability. 

For storing the acquired signals, a 64-Mb serial dual I/O flash memory chip 

U3 has been used as shown in Figure 3.4. SST25VF064C [64] has a maximum clock 

frequency of 80 MHz and a page size of 256. It has flexible erase options of 32 Kbyte 

or 64 Kbyte overlay blocks. Other features include end-of-write detection, write 

protection, software write protection and security ID. We have six sensor outputs, 

each with 16-bit resolution. With a sampling frequency of 100 Hz, data can be stored 

continuously on this chip for nearly 1 hr 57 minutes. It operates at 2.7–3.6 V and has a 

maximum current consumption of 10 mA. The SPI connection, as shown in the figure, 

for interfacing the serial flash to the microcontroller requires a minimum of four lines: 
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one data input, one data output, clock and chip select. In addition, connections have 

been given for hold and write protect pins. 

The data stored in the serial flash can be transferred to an external device or a 

PC. This transfer can be carried out using either USB or RS232. The microcontroller 

pin voltage levels are made compatible to RS232 levels (±5 V) by using the driver 

U2: SP3232 (Sipex) [65]. The transmitter (pin RP20) and receiver (pin RP19) of the 

microcontroller are used for RS 232 (Figure 3.5). It has two drivers and two receivers 

and can operate at a maximum data rate of 235 kbps. It operates at 3–5.5 V and 

consumes a maximum current of 2 mA.  

 

3.4 Power supply 

It has been decided to operate the microcontroller, the two sensors, RS232 driver, and 

the serial flash at 3.3 V. As there are no analog components on the board, a single 

supply can be used to power all the components. The maximum estimated current 

consumption by the components on the board is 45 mA. We have used a fixed voltage 

linear low dropout regulator LM1117 (National Semiconductor) [66] for powering the 

board. It can operate at a minimum dropout voltage of 1.2 V and a maximum output 

current of 800 mA. Its input voltage range is 4.5–20 V. The maximum power 

dissipation capacity PD(max) of the regulator is 600 mW.  

 L MAXI I  (3.1) 

  ( )In MAX Out L DV V I P   (3.2) 

Let 100 mALI   

 
3

 3

600 10
3.3 9.3 V

100 10

D
In MAX Out

L

P
V V

I






    


 (3.3) 

Thus taking the load current as 100 mA, the regulator can be operated with 4.5–9.3 V 

input, without using a heat sink. Hence the input voltage to the regulator can be 

powered by 6 V PCB mount nickel metal hydride battery with a current capacity of 

300 mAh. The resistors R9 and R10 form a voltage divider that gives 0.3 times the 

regulator input voltage as an input to the ADC for monitoring the input voltage to the 

regulator as shown in Figure 3.6. 
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3.5 PCB Design 

The placement of the sensors on the PCB is very important as they are highly 

sensitive to noises. The 44-pin microcontroller allows the placement of each of the 

modules on one side. Both the sensors have been placed on the same side of the 

controller with the respective axes parallel to each other. All the components are 

surface mount devices have been placed on the same side of the PCB. The SPI and the 

UART modules can be configured on any of the 25 remappable peripheral (RPx) pins, 

allowing a convenient placement of the modules on the PCB. 
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Chapter 4 

INERTIAL MEASUREMENT UNIT SOFTWARE 

 

4.1 Introduction 

This chapter gives a description of the microcontroller program for data acquisition, 

storage, and transfer. The code is written in C and is divided into two parts: the main 

program and the interrupt service routine. The main program starts by setting the 

system clock, initializing the I/O ports pins, initializing the communication modules 

required to interact with the sensors, serial flash, and PC, configuring the sensors, 

serial flash, timer and UART interrupts and finally turning on the sensors and 

enabling the interrupts. Once the initialization is done the controller has no function 

till either of the interrupt occurs and so it is put in sleep mode during the idle period to 

save power. In the timer interrupt service routine (ISR) the data is read from the 

sensors and stored in flash. UART is used for controlling the IMU via the PC and 

transferring the data from the flash to the PC. The serial flash memory is erased 

during initialization and gyroscope and accelerometer segment flash address is set to 

0x000000 and 0x400001 respectively. Figure 4.1 shows the flow of the main 

program.  

 

4.2 Initialization 

The system clock is set at 4 MHz which is the lowest frequency and sufficient for the 

operation without increasing the power consumption. All I/O pins are set as digital 

pins. Before the ports pins are configured for the I/O functions, remappable pins 

(RPx) RP24, RP22 and RP9 are configured as data input, data output and clock pin 

for SPI for serial flash connection and RP19 and RP20 are configured as receiver and 

transmitter pin for UART. The other pins of the serial flash, namely, the chip select, 

write protect and hold are controller by the I/O pins. The SPI module is configured to 

operate at 4 MHz and it transfers 6 bytes of data at a time from the sensors to the 

flash. The UART  operates  at 9600  bps and  it also transfers 6 bytes of data at a time.  
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Fig 4.1 Flowchart for the main program 

 

The I
2
C module has specialized port pins, SDA (pin 23) and SCL (pin 24) and it is 

configured to operate at 400 kHz. 

 

4.3 Configuration of sensors, serial flash, and timer 

The two sensors, U4 (gyroscope) and U5 (accelerometer) are configured to operate at 

a full scale of ±250  /s and ±2 g respectively and at a sampling rate of 100 Hz. Both 

sensors share the I
2
C port with the controller acting as the master and they have 

inbuilt FIFO which operates in a circular buffer mode with the older samples being 

replaced by newer ones when the buffer is full. The FIFO enables the host 

microcontroller to go to sleep when the sensors independently store the data. The 

FIFO of the accelerometer can store up to 32 samples per axis at a time while the 

FIFO of the gyroscope can store up to 85 samples per axis. The timer is set based on 

this at 0.1 ms so that 10 samples from each sensor could be comfortably read and 
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stored at a time. The internal filters are not enabled in either sensor so data filtering 

and calibration is done during signal processing.  

 

4.4 Timer ISR 

The timer interrupt service routine reads the FIFO count buffer of the accelerometer 

(FF_CNT_A) and gyroscope (FF_CNT_G), and reads the samples from each of the 

FIFO (represented as FIFO_A for accelerometer and FIFO_G for gyroscope). The 

data is transferred to serial flash after reading every sample (i.e., 6 bytes, 2 bytes per 

axis in the order x, y, and z ). The data is read from the accelerometer first followed 

by the gyroscope. After every 0.1 ms when the samples are transferred to the flash, a 

marker is also stored. Both the accelerometer and gyroscope data are stored in 

separate memory locations. The first 4 MB is reserved for gyroscope data and the next 

4 MB for accelerometer data. The timer ISR is represented in Figure 4.2.    

 

4.5 UART ISR 

The IMU is controlled by the PC. Some of the commands that are executed by 

pressing specific keys are timer and sensor reset, flash memory erase, data acquisition 

termination and transfer. The keys and the respective commands are given in Table 

4.1. Figure 4.3 shows the interrupt service routine. 

 

 

Table 4.1 UART commands 

Key  Command 

‘r’   Timer and sensor reset 

‘e’  Serial flash erase 

‘s’   Data acquisition termination  

‘t’  Data transfer 
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Fig 4.2 Flowchart for timer ISR 
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Fig 4.3 Flowchart for UART ISR  
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4.6 Algorithm for data conversion and save 

The output from the UART is in the form of a stream of ASCII characters where 6 

characters represent one sample data. The gyroscope data is transferred first, then a  

sensor identification marker is sent next, followed by the accelerometer data. These 

are stored as a text file and read in MATLAB. In MATLAB data is separated by 

sensor and stored as two separate files and further the sensor data are separated by 

axis and stored in separate columns. The algorithm for converting the 6-character 

string to g or  /s data is given below. When MATLAB reads the text file containing the 

ASCII values from UART it is stored as decimal values. 

Algorithm: 

1. Start 

2. Read data file and store in variable 

3. Check for sensor identification marker 

4. Split the data and store in separate variables 

5. Check for 0.1 s marker  

6. Remove marker and store marker location in variable  

7. For each sensor data convert decimal value to binary 

8. Concatenate consecutive binary values to get 16-bit 2's complement data 

9. Convert 16-bit 2's complement data to binary 

10. For accelerometer data multiply decimal value by 2/2^14 

11. For gyroscope data multiply decimal value by 250/2^14   

12. Separate data by axis 

13. Using 0.1 s marker count number of samples 

14. If < 10 interpolate or add required number of the last sample value at the end 

15. If > 10 ignore extra samples 

16. Save resultant sensor data in separate files 

17. Stop 

  



25 
 

 

 

 

Chapter 5 

SENSOR TEST RESULTS 

 

5.1 Introduction 

The output of the sensors should be ideally zero when it is not excited, however, due 

to internal misalignment, temperature changes or improper board mounting there may 

be an offset. The scale factor is a measure of the sensitivity error of the sensor and its 

value should be ideally 1 in this case as the input (sensor reading after conversion) 

and output have the same units. For the linear input-output relationship, the offset and 

scaling factor can be used to get the output values as [23], 

 output = scale factor (sensor reading - offset)  (5.1) 

 This chapter contains the testing procedure for the IMU sensors and the 

corresponding results. Testing involves comparing the output of the sensors 

transferred from the serial flash memory with the expected value for a known input. 

Testing is done to check the working of the IMU hardware and software for the given 

configuration.  

 

5.2 Testing of the accelerometer 

The accelerometer can be tested by placing it such that each of its three axes is 

successively aligned with 0, +g and ‒g acceleration. This can be achieved by placing 

it in six orientations, with each of the axes parallel and anti-parallel to the 

gravitational field. The outputs from all axes are recorded in each of the orientation. 

The recorded values and test results are shown in Table 5.1 and 5.2.  

 The testing was carried out by placing the sensor in different orientations on a 

table and not by referencing it along the plumbline, this was bound to cause errors in 

the reading. The mean and the standard deviation (SD) were taken by averaging over 

2000 samples. The maximum offset observed is 0.0327 g and the scale factor is 

almost 1.  
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Table 5.1 Accelerometer output for the six orientations  

  X  Y  Z  

Sensor orientation  Mean(g) SD(g)  Mean(g) SD(g)  Mean(g) SD(g)  

X+g  1.0193 0.0015  0.0014 0.0013  -0.0036 0.0013  

X-g  -1.0028 0.0043  -0.0292 0.0030  -0.0316 0.0041  

Y-g  0.0070 0.0016  0.9567 0.0014  -0.0220 0.0034  

Y-g  0.0292 0.0018  -0.9979 0.0016  -0.0898 0.0028  

Z+g  -0.0310 0.0020  -0.0632 0.0015  0.9670 0.0019  

Z-g  0.0147 0.0016  -0.0043 0.0020  -1.0299 0.0022  

 

Table 5.2 Test results for accelerometer's static orientation 

Parameter  Value  

Xoff  0.0327 g   

Yoff  -0.0206 g   

Zoff  -0.0315 g   

Xscale  0.9890  

Yscale  1.0232  

Zscale  1.0015  

 

5.3 Testing of the gyroscope 

To determine the gyroscope offset, the gyroscope is kept static and the output is 

averaged over a number of samples. The scale factor of an axis is determined by 

rotating the gyroscope by a known angle about the axis of interest and integrating the  

output during the period of rotation. 

  For gyroscope testing, a control moment gyroscope (CMG) Model 750 from 

Educational Control Products (ECP) available in the Control and Instrumentation 

Lab., Aerospace Engineering Deptartment IIT Bombay, shown in Figure 5.1 was 

used. The CMG houses four high resolution (16000 or 24400 counts/axis) optical 

encoders for gimbal rotation measurements. Using ECP’s executive software for 

Windows platform it is possible to implement algorithms for controlling the rotation 

of the gimbals. Step, impulse, sinusoidal, etc. inputs of varying amplitudes can be 

given to the setup to rotate the gimbals by different angles and the encoder 

measurements can be recorded. The output from the encoder is in counts. When used 

with 16000 counts resolution, the output in degree is calculated by multiplying the 

output by a factor of 0.0225. The specifications of CMG Model 750 are given in [52].  
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Fig 5.1 Control Moment Gyroscope Model 750 from Educational Control Products 

 

The prototype board was mounted on the innermost disc of the CMG and the 

setup was given a sinusoidal input of 0.5 Hz frequency about each individual axis 

separately. The outputs were integrated over one interval (2 s) and the estimated peak 

value was used for the scale factor estimation. The offset was found by averaging 20 s 

data when the gyroscope was static. The Table 5.3 shows the test results. 

The maximum offset observed is 2.9907  /s and the scale factor is almost 1.  

 

Table 5.3 Test results for stationary gyroscope 

Parameter  Value  

Xoff  -1.4801  /s 

Yoff  2.9907  /s 

Zoff  -0.8698  /s 

Xscale  1.0279  

Yscale  1.0129  

Zscale  1.0135 

 

 

Fig 5.2 Gyroscope for all three axes when rotated about the respective axis using CMG 
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Fig 5.3 y-axis output from accelerometer when rotated about z-axis using CMG 

 

 Figure 5.2 shows the output at the three axes when gyroscope was rotated 

about each of the axis. Measuring the centripetal acceleration for all axes from the 

angular velocity data is not feasible because the centripetal acceleration is 

contaminated with gravitational components during rotations. Only y-axis value 

during rotation about z-axis is uncontaminated and is shown in Figure 5.3. Both the 

figures show that the sensors respond well at 0.5 Hz which is the typical frequency of 

human limb movement [6].  

 Figure 5.4 shows a small 0.3 s section of the Figure 5.2. The crosses represent 

the points when the number of samples in 0.1 s at 100 Hz sampling frequency is less 

than 10 and to compensate the last value was added the required number of times at 

the end. It was observed that the gyroscope only gave 9 samples on an average for 0.1 

s and the accelerometer gave 11 samples on an average and the extra samples were 

discarded. 

 Figures 5.5 to 5.7 shows the zero mean gyroscope and accelerometer out and 

the corresponding frequency spectrum. 
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Fig 5.4 Gyroscope output showing 0.3 s data 

Fig 5.5 Zero mean accelerometer outputs 

 

Fig 5.6 Frequency spectrums of the zero mean accelerometer outputs 

 

 

Fig 5.7 Zero mean gyroscope outputs  

 

 

Fig 5.8 Frequency spectrums of the zero mean gyroscope output 
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Chapter 6 

FUSION OF SENSOR OUTPUTS 

 

6.1 Introduction 

In this chapter the algorithm for sensor fusion to determine the orientation of the IMU 

has been described. If the limb segment to which the IMU is attached is stationary, the 

accelerometer measures the local gravity vector in its body frame. This 3-D data can 

be used to calculate the roll and the pitch angle relative to a fixed reference frame, 

thus determining the orientation with respect to x and y axes. When the limb is in 

motion, the computed roll and pitch angles do not represent the actual orientation 

because of the additional movement related acceleration. This necessitates angular 

rate measurements for orientation estimation. While the angular rate measurements 

can be integrated to obtain an orientation estimate, they are prone to drift over an 

extended period of time. Orientation estimates from acceleration measurements do not 

drift over time. An extended Kalman filter is used to fuse the angular rate 

measurements with the orientation estimate obtained from the accelerometer data.  

 Orientation representation using quaternions is preferred over Euler angles 

because quaternion rotations do not suffer from singularities that are inherent in Euler 

angles. Hence, the roll and pitch angles calculated from the accelerometer is 

converted to a quaternion which along with the angular rate measurements is given as 

input to the filter as shown in Figure 6.1.  
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Fig 6.1 Block diagram of sensor fusion using extended Kalman filter 
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6.2 Coordinate system 

The reference coordinate system generally used for motion tracking is the earth-fixed 

coordinate system or the north-east-down (NED) coordinate system [6]‒[20]. In this 

system, the earth is considered flat and non-rotating. The x and y axes, given as xe and 

ye lie in the earth's plane and point north and east respectively. The z-axis, ze is 

orthogonal to xe and ye and points downwards towards the center of the earth. In the 

absence of a magnetometer, we cannot measure the changes in the orientation of x 

and y axis when the sensor rotates about the z-axis so the reference system in this case 

for orientation estimation and motion tracking is only two-dimensional. 

 

6.3 Representation of rotation using quaternions 

The rotation in three-dimensional space for orientation tracking can be represented in 

different ways, Euler angles and quaternions are two of them. 

 The Euler angles are a set of three angles which represent the rotation of the 

reference frame in a fixed sequence to align it with the rotated frame [68]. The angles 

are known as roll ( ) along X-axis, pitch ( ) along Y-axis, and yaw ( ) along Z-

axis. Following the generally used rotation sequence 'ZYX', first the reference plane is 

rotated by an angle   about the z-axis followed by a rotation of angle   about the 

new y-axis and then a rotation of angle   about the new x-axis. The integration 

angular velocity about each axis results in these angles. One constraint of this 

representation is that it has singularities at the pitch angles of ±90  . This singularity is 

avoided in quaternions by the addition of a fourth element. 

 Euler's theorem on finite rotations states that, a rotation in a three-dimensional 

space could be represented as a rotation about a unit vector in that space by a 

specified angle [69]. Let, 
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u

u u

u

 
 


 
  

 (6.1) 

be the unit vector in the three-dimensional space that represents the rotation axis and 

let α be the rotation angle. The Euler parameters are defined by  

 0 cos( / 2)q   (6.2) 
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 (6.3) 

Because an arbitrary rotation can be described by three independent parameters, the 

four Euler parameters are constrained to satisfy the condition [70]  

 
2 2 2 2

0 1 2 3 1.q q q q     (6.4) 

These four parameters are also called as a unit quaternion, which is commonly written 

as  

 0 1 2 3(    )q q q q q  (6.5) 

where q0 is the scalar part, and [q1 q2 q3 ]
T
 is the vector part. Another way of 

representing a quaternion is 

 0 1 2 4q q q q q   i j k
 

(6.6)
 

where i, j, and k denote the standard orthonormal basis for 3-D space and are defined as, 

 1      i i j j k k  (6.7) 

 

    

    

    

i j k j i

j k i k j

k i j i k

 (6.8) 

Quaternion inverse and multiplication are the two operations needed for the 

application. Inverse quaternion q
‒1

 of q is given as [70],  

 
1

2| |

q
q

q


   (6.9) 

 
1 1 1q q qq    (6.10) 

If s, q and r are three quaternions, the quaternion multiplication is given as, 

 s qr  (6.11) 

where, 

 

0 1 1 2 2 3 3

1 0 1 3 2 2 3

2 3 1 0 2 1 3

3 2 1 1 2 0 3

s q r q r q r

s q r q r q r

s q r q r q r

s q r q r q r

  

  

   

  

 (6.12) 

Unit quaternions can be used to perform rotation operations in three-dimensional 

space [70]. For any vector v = [v1 v2 v3]
T
 in the three-dimensional space, the following 

operation produces a vector v' by rotating the vector v about the axis defined by u 

through an angle α, 
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1'v qvq  (6.13) 

In this expression, all multiplications are quaternion multiplications, u' and v' are 

treated as pure vector quaternions whose real part is zero, and q
‒1

 is the inverse 

quaternion of q [70]. Expanding the above equation, the transformation of the body 

coordinate rB to the reference coordinate rN can be given as, 

 
 N

N B B
r C r

 (6.14) 

where 
N

BC is the rotation matrix. 
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B
C

 (6.15) 

 

6.4 Quaternion based extended Kalman filter 

The extended Kalman filter algorithm given by Bachmann et al. [6] has been used. 

They have used, QUEST (quaternion estimate) algorithm has been used to compute 

the quaternion from accelerometer and magnetometer outputs. In the absence of 

magnetometer, in our application the quaternions have been estimated directly from 

the accelerometer data. 

 

6.4.1 Filter basics 

The Kalman filter was originally designed to solve the minimum mean-square 

estimation problem using state space methods, where the measurements are included 

as functions of the state [68]. The Kalman filter is a recursive filter that has a 

prediction stage and a correction stage. In the prediction stage the current state vector 

of the system is predicted from the previous state vector along with its uncertainties. 

When the next measurement arrives, the estimated state vector is updated using 

weighted average, with more weight being given to estimates with higher certainties.   

 For a linear, discrete-time dynamical system the system state equation and 

measurement equation are given as [68], 

 1k k k kFx = x + w
 

(6.16) 

 k k k kC z x v
 

(6.17) 
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where, xk (n 1)  is the process state vector at time tk, F (n n)  is the state transition 

matrix relating xk to xk+1, zk (n 1)  is the measurement vector at time tk or the k
th

 

sample, and C (n n)  is the measurement matrix. It is assumed that wk, the process 

noise and vk , the measurement noise are statistically independent discrete white noise 

with zero mean and known covariance matrices Qk and Rk, respectively.  

 The extended Kalman filter is a modified Kalman filter algorithm for systems 

with non-linear dynamical system state equation and measurement equation, given as 

[68], 

 1 ( , )k k k kf tx = x + w
 

(6.18) 

 
( , )k k k kc t z x v

 
(6.19) 

The equations are linearized by taking their first order Taylor’s series approximates 

and used in the Kalman filter recussion. 

The Kalman filter recursion solves five equations to estimate the state vector 

using the previous estimate and a weighted version of the difference between the 
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Fig 6.2 The extended Kalman filter recursion 
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measurement and the estimate. Kk (n n)  is the gain matrix which is updated at every 

step, it is a function of the relative certainty of the measurements and current state 

estimate. For a high gain, more weight is placed on the measurements, and thus the 

filter follows them more closely. For a low gain, the filter follows the estimates more 

closely, smoothing out noise but decreasing the responsiveness. and Pk (n n)  is the 

error covariance matrix which is a measure of the estimated accuracy of the state 

estimate, the superscript 
–
 represents apriori state. Figure 6.2 shows the recursion of 

the extended Kalman filter.  

 

6.4.2 Quaternion calculation from accelerometer output 

The roll angle ( ) and the pitch angle ( ) can be calculated from the accelerometer 

output as [71], 
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 (6.20)  
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from the roll and the pitch angles, the quaternion can be obtained using, 
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(6.22) 

At every time step k, the quaternion is obtained from the equations 6.16 − 6.18 and 

given as input to the extended Kalman filter. 

 

6.4.3 Filter process model 

A process model representing the dynamics of the human limb motion is give by 

Bachmann et al. [6] (Figure 6.1). The angular velocity  is thus modeled as a colored  

 

http://en.wikipedia.org/wiki/Accuracy_and_precision
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Fig 6.1 Filter process model [6] 

 

noise generated by a linear system with white noise w  input. The time constant 

determines how fast a limb segment can move in a typical human motion condition. 

The angular velocity and the quaternion derivative q  are related by the identity [70], 

 
1

2
q q    (6.23) 

where   represents the quaternion multiplication. 

 

6.4.4 Filter design 

The state equation for the filter is derived from the process model and is thus the state 

vector is a 7-D vector. It has two parts, the first part being the 3-D angular rate vector 

T

x y z       or represented as  
T

1 2 3    and the next is the 4-D 

quaternion  
T

0 1 2 3q q q q q . The process model equations are given as, 
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q q    (6.25)  

where w is the white Gaussian noise. Thus for the 7-D state vector 
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The state equation is given as, 
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Equation 6.22 for the time step k can be written as,  

 ( , ) ( )k k k kf x t w t x   (6.27) 

The state transition matrix is then derived by linearizing the function ( , )k kf x t  along 

the currently estimated trajectory ˆ
kx as, 
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after linearization, the continuous-time model is discretized and given as, 
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where   is the sampling interval and is equal to 0.01 s also, 0.5 si   from the 

process model. The process noise covariance matrix T

k k kQ E w w    is calculated as  

0.016 0 0 0 0 0 0

0 0.016 0 0 0 0 0
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kQ
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 
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  
 
 
 
 
 

 

where the variance of the white Gaussian noise wk is obtained from the process model. 

 
The measurement equation is linear as the estimated output can be compared with the 

output from the angular rate measurements and the quaternions calculated from the 

accelerometer data. Thus, using equation 6.17  

 k k kC v z x
 

 

where C is a 7 7 identity matrix and the measurement noise covariance matrix 

T

k k kR E v v    is experimentally determined as 
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   

The  matrices  Fk  ,  C,  Rk,  and  Qk  are  given  as  input  to  the  extended  Kalman  

filter recursion along with the initial state vector 0x̂ and initial error covariance matrix 0P
.  

  

6.5 Results 

The output of the gyroscope when placed on the control moment gyroscope was used 

for the testing the accuracy of the algorithm. The pre-calculated quaternion values 

were obtained from the corresponding accelerometer output. The Kalman gain is 

determined such that the sum of squared errors is minimized which is observed as the 

convergence of the trace of the error covariance matrix. Figure 6.3 shows the trace 

and it can be seen that the sum of squared errors reaches a steady state after 
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approximately 0.03 s. Figures 6.4 and 6.5 show the comparison between the estimated 

roll and pitch output from the extended Kalman filter, calculated output by integration 

of the corresponding angular velocity, and the actual output from the optical encoder 

output of the CMG. Finally Table 6.1 shows the correlation coefficient and the 

 

 

Fig 6.3 Trace of error covariance matrix 

 

 

Fig 6.4 Roll output 

 

 

Fig 6.5 Pitch output 
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Table 6.1 Correlation coefficient and RMS error between estimated and actual output 

Angle Corr. Coeff. Rel. RMS error (%) 

Roll 0.998 5.5 

Pitch 0.996 6.5 

 

relative RMS error between the estimated value and actual output. It can be thus seen 

that the output from the filter has a high correlation with the actual output and the 

relative RMS error is about 6%.  
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Chapter 7 

SUMMARY AND SUGGESTIONS 

 

7.1 Summary 

The objective of this project was to develop an inertial measurement unit for motion 

and posture tracking application for assisted living. These small size units are stand 

alone devices that do not require external reference for its operation. IMU has a 

triaxial accelerometer and a triaxial gyroscope for three-degree linear motion capture 

and two-degree orientation capture. These sensors suffer from extrinsic and intrinsic 

noises that cause offset and drift during integration. Calibration and fusion algorithms 

are used to reduce these errors.  

 The triaxial accelerometer (MMA8451Q) and gyroscope (IMU3000A) are 

interfaced with a microcontroller (PIC24FJ64GB004) which acts as the master device 

and controls the data acquisition, storage, and transfer. A 64 Mb serial flash is used as 

the onboard memory. When the sampling rate is 100 Hz, data could be stored for 2 

hours. The accelerometer and gyroscope operate at ±2 g and ±250  /s. The data of both 

the sensors are stored in the respective FIFO and it is read by the controller at every 

0.1 s. This is controlled by a timer and the controller is put to sleep in between to save 

power. Data is transferred using RS232 to PC where the signal processing is carried 

out in MATLAB.  

 For sensor calibration, the null point and scale factor for both the sensors are 

determined and their response was tested for 0.5 Hz sinusoidal input which is the 

typical frequency of human limb motion.  

 The quaternion based extended Kalman filter algorithm was implemented for 

orientation estimation by fusing the gyroscope output with a pre-calculated quaternion 

obtained from the accelerometer data. The data recorded using the control moment 

gyroscope was used for testing and the results showed 99% correlation with the actual 

signal  
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7.2 Suggestions for future work 

Modifications could be made in the IMU design for wireless or USB data 

transmission. Power consumption of the circuit could be reduced by using an optimal 

regulator. As the processing is done in PC the controller could be optimized. A 

smaller and more power efficient controller could be used. The variable sampling rate 

problem could be solved by using a single chip multi-sensor module. And further, a 

triaxial magnetometer could be used to further increase the scope of the device.  
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Appendix A 

COMPONENT LIST 

 

Component designator Component description Part number / 

value 

Quantity 

C1, C2, C3, C4, C5, C6, C7, C8, C9, 

C10, C12, C16, C15, C17, C18, C20, 

C22 

Capacitor, ceramic, 

surface mounted 

0.1 μF 17 

C3 Capacitor, ceramic, 

surface mounted 

10 μF 1 

C11 Capacitor, ceramic, 

surface mounted 

10 nF 1 

C13 Capacitor, ceramic, 

surface mounted 

2.2 nF 1 

C14 Capacitor, ceramic, 

surface mounted 

4.7 μF 1 

C19 Capacitor, ceramic, 

surface mounted 

1 μF 1 

C21, C23 Capacitor, electrolytic, 

surface mounted 

100 μF 2 

R1, R4 Resistor, surface mounted 10 kΩ 2 

R2 Resistor, surface mounted 100 Ω 1 

R5, R6, R7, R8 Resistor, surface mounted 4.7 kΩ 4 

R9 Resistor, surface mounted 2.2 kΩ 1 

R10 Resistor, surface mounted 5.1 kΩ 1 

J1 Connector, 1-pin CON1 1 

J2, J3 Connector, 3-pin CON3 2 

J4 Connector, 2-pin CON2 1 

J5 Connector, 6-pin CON6 1 

SW1 SPDT SW1 1 

DEBUG Connector, 5-pin CON5 1 

USB Connector, 5-pin CON5 1 

U1 IC, microcontroller, 44-

pin, TQFP 

24FJ64GB004 1 

U2 IC, RS232 driver, 16-pin, 

SSOP 

SP3232E 1 

U3 IC, serial flash, 8-pin, 

SOIC 

SST25VF064C 1 

U4 IC, triaxial gyroscope, 24-

pin, QFN 

IMU3000A 1 

U5 IC, triaxial accelerometer, 

16-pin, QFN 

MMA8451Q 1 

U6 IC, regulator, 3-pin, SOT LM1117 1 
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Appendix B 

SCHEMATIC DIAGRAM OF THE IMU 

 

 

 

 

 

 

 

 

 

 

 

Fig B.1 Schematic diagram of the IMU 
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Appendix C 

PCB LAYOUT OF THE IMU 

 

 

 

 

 

 

Fig C.1 Top overlay layer of the IMU (56 mm x 55 mm) 
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Fig C.2 Top layer of the IMU (56 mm x 55 mm) 
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Fig C.3 Bottom layer of the IMU (56 mm x 55 mm) 
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