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Abstract: Research into the dynamics of sailing vessels, most notably yachts, has led to 
the development of sophisticated models including the unsteady aero and hydrodynamics 
and even sailor's tactics. However, the time-varying loadings caused by a sailor’s motions 
have typically been neglected in velocity prediction programs (VPPs). When applied to the 
assessment of sailing dinghy performance, the position and motions of the crew are 
significant but impractical to measure mechanically. A sailing-specific pose capture 
method to determine the sailor loadings using orientation sensors and a model of the 
sailor’s mass distribution is presented. The accuracy of the hiking moment estimate was 
evaluated using laboratory-based measurements. The estimated hiking moment exhibits 
excellent dynamic tracking of the measured moment. The method is used to measure on-
water hiking moment for the first time and the results are discussed. The proposed method 
provides a platform to analyze and model how sailor-generated forces interact with the 
sailboat to affect boat speed. This can be used alongside realistic modelling of the wind 
and wave loadings to extend existing time-domain dynamic velocity prediction programs 
(DVPPs). This opens a new area of sailing research as the human can now be modelled to 
respond to force perturbations. 
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NOMENCLATURE 

𝑎"#  Acceleration in sensor axis for segment 𝑖 (ms') 
B) Frame of reference for body-segment 𝑖 
𝑪 Matrix of segmental center of gravity positions (m) 
𝑒 Full scale error (Nm) 
𝑭 Force matrix (N) 
G Global frame 

𝐻𝑀0 Estimated Hiking Moment (Nm) 
𝐻𝑀1 Measured Hiking Moment (Nm) 
𝐻𝑀123  Maximum static Hiking Moment (Nm) 

𝑱 Matrix of joint position (m) 
𝒎 Matrix of segment masses (kg) 
𝑴 Matrix of sailor moments (Nm) 

MARG Magnetic Angular-Rate Gravity sensor 
P Pose frame 
𝑸𝑮𝑺  Quaternion rotation between Sensor and Global axis 
𝑸𝝍𝑮
𝒀  Heading component of rotation between boat and global  
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𝑣> Segment reference direction (-) 
𝑣? Uncorrected segment direction for stand pose (-) 
𝑣' Rotation axis between 𝑣> and 𝑣? (-) 
𝑣@ Expected axis between 𝑣> and 𝑣? (-) 
𝑣A Expected segment direction for stand pose (-) 
𝑣B Correction axis (-) 
𝑣C Corrected segment direction (-) 
Y Boat frame 
𝑌F Pose Offset (m) 
𝛾 Correction angle between 𝑣> and 𝑣? (-) 
∆ Total mass displacement (kg)  
𝜃 Roll angle (deg) 
𝜆 Center of gravity of body-segment 𝑖 from the segment origin (-) 
𝜓 Yaw angle/heading (deg) 

  
RMSE Root Mean Squared Error 
SLERP Spherical Linear intERPolation – (quaternion interpolation) 
VPP Velocity Prediction Program 

 

INTRODUCTION 

The growing popularity of America’s Cup and International Moth sailing has triggered a 
renewed interest in the development of modern and often foiling sailboats. This calls for an 
ever-deeper understanding of the physics of yacht performance. The behavior of the sailor 
is a key aspect of a sailboat’s performance. Sailors’ essentially have three controls to react 
to their environment: (1) Changing course; (2) Trimming the sails; (3) Altering the loading 
they exert on the boat. The dynamic loadings exerted by the sailor are most significant for 
sailing dinghies as around 75 % of the required righting moment for the roll-axis comes 
from the sailor hiking. A 1.8 m tall, 75 kg sailor could provide up to 740 Nm righting 
moment whereas the hydrostatic restoring moment of a Laser sailing dinghy will only 
provide 200 Nm at 7.5 deg of heel.  

Single-handed dinghies with one sail provide convenient platforms to study the 
significance of sailor motions as the complexity of the system is reduced. Although it is 
standard practice for the sailor to constantly adapt their hiking moment, most Velocity 
Prediction Programs (VPP), including dynamic methods, assume the hiking moment to be 
either constant or assume equal to the wind heeling moment (Findlay and Turnock, 2008). 
The sailor needs to control the hiking moment they exert to balance the capsizing moment 
and increase boat speed. To do this they may lean out further in response to a wind 
increases or use rapid body motions in response to waves or gusts. These large and often 
abrupt changes in loading can spill the wind from the leech or be used to ease the hull 
through a wave by controlling trim. To sail fast, the sailor’s change in loadings must be 
optimal to the time-varying wind and wave conditions and such fine control is a mark of an 
elite sailor. 

It is challenging to directly measure a sailor’s loadings whilst on the water as the loadings 
act in all six degrees-of-freedom and are transferred to the hull through multiple, changing 
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points of contact. Mechanical methods of force measurement are deemed impractical so 
the sailor's load is inferred from quantities which can be easily measured. 

A novel technique is presented to capture sailor-induced loadings exerted on the boat 
using a sailing-specific pose capture method via an array of inertial orientation sensors. 
The loads exerted by the sailor’s body are directly related to the acceleration of its center 
of gravity. The distribution of mass within a human body is well known so by applying a set 
of inertial orientation sensors on a sufficient number of body-segments, a dynamic model 
of the sailor’s mass distribution can be constructed. Tracking the relative location and 
orientation of the sensors allows the position of the sailor’s center of gravity and hiking 
moment to be found.  The ability to understand how a sailor interacts with their boat will 
provide a sounder basis for dinghy design, sailor training and race preparation. 

The current paper describes the background literature pertinent to the development of 
velocity performance prediction for dinghies, the development of the body mass model, the 
applied inertial sensor system and its laboratory-based validation for a series of sailing 
poses. A final section demonstrates the actual application of the system to an on-water 
trial. 

BACKGROUND 

The performance of sailing boats is commonly assessed by the time required to complete 
a mile-long racecourse. At the design stage, this duration is calculated using a Velocity 
Prediction Program (VPP). VPPs work by balancing the resistive and propulsive forces 
acting on the vessel at different points of sail to determine the Velocity Made Good (VMG) 
around the course. VMG is the component of speed towards the next mark. This metric is 
used for sailing dinghies as it not possible to sail directly upwind and is often quicker to 
use a faster point of sail and an indirect route.  

Classic static VPPs assumed that forces acting on a sailing vessel act in quasi-steady 
equilibrium. The sailor was either assumed to generate a constant hiking moment or the 
required moment to balance the roll equation. Dynamic VPPs have been developed to 
increase prediction accuracy by including equations of motion based on Newton’s laws. 
This evolved from a mathematical model of a tacking yacht derived from simplified ship 
maneuvering derivatives presented by Masuyama and Nakamura (1993) and further 
developed (Masayuma et al.,1995; Masuyama and Fukasawa, 2011). Keuning and Ridder 
(2005) revised Masayuma’s method to replace the neural network with a parameter based 
hydrodynamic model created from the extensive Delft Systematic Yacht Hull Series 
(DSYHS). This framework was used to perform full-time domain simulations of yacht fleet 
races to investigate how human decision-making impacts on race times (Scarponi et al., 
2006; Spenkuch et al., 2008b). These were later updated to include models to account for 
wind blanketing when yachts pass (Spenkuch et al., 2008a) and a human decision 
algorithm based on Bayesian Belief Networks (BBNs) to simulate the effect of human 
tactics in response to a naturally shifting wind vector (Spenkuch, 2014).  These simulations 
included not only the tactics of the sailor and predominant sail and hydrodynamic forces 
but also the effect of natural perturbations in wind direction. Unfortunately, little was done 
to validate the new contributions. 

Until recently, dynamic sailor motions have been neglected in academic research despite 
taking a key place in sailing literature. Sailors have to react to short-term changes in wind 
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speed by adjusting their hiking position. Bouncing is used to depower the rig by bending 
the mast and temporarily opening the sail’s leech. Fore and aft body motions are used in 
combination with the rudder to ease the boat through waves (Goodison, 2008). Fore and 
aft body motions are also used to promote foiling for flying sailboat classes such as the 
Moth (Findlay and Turnock, 2008).  Unsteady sail aerodynamics of dinghies caused by 
sailors’ body motions has been modelled using on-water, towing tank and CFD 
investigations (Schutt and Williamson, 2015; Riley et al., 2016).  

A logical step to take in sailing dinghy performance analysis is to include the sailor 
loadings exerted on the boat. To measure the human loadings indirectly requires 
measurement of the sailor’s pose and the accelerations of each body-segment. Motion 
capture techniques are well placed to do this. The bulk of motion capture literature is 
focused on the need to calculate joint loadings and muscle forces for physiology interests 
in sports (Supej, 2010; Zheng et al., 2014), medicine (El-Gohary and McNames, 2015; 
Favre et al., 2008) or to assist with the animation of computer generated characters in the 
film industry (Roetenberg et al., 2009).  

Pose capture methods can be split into three categories: 

1. Point-based methods which typically use optical markers tracked by cameras (Vicon, 
2016);  

2. Orientation-based methods which use inertia based sensors (Roetenberg et al., 2009); 

3. Mechanical methods which use exoskeletons to measure the pose (Meta Motion, 
2015), which will not be practical for sailing. 

Optical point-based methods work by triangulating the position of either passive or active 
markers in a calibrated volume (Fallis, 2013; Vicon, 2015). This gives the position of points 
attached to body-segments directly, an advantage over orientation methods which cannot 
provide absolute position data. The drawback to optical methods is they require a line of 
sight so suffer from occlusion. The multiple fixed cameras must be rigidly mounted and a 
large area i is required to achieve a suitable field of view for testing (Zheng et al., 2014). 
Due to these requirements, line of sight optical methods are unsuitable for use aboard 
small sailing dinghies.  

Orientation based methods typically use a combination of inertial and magnetic field 
sensors in conjunction with an algorithm to estimate the sensor’s orientation referenced to 
the local magnetic and gravity fields (El-Gohary and McNames, 2015; Roetenberg et al., 
2009; Vlasic et al., 2007). Such sensor systems are subject to orientation drift, which 
causes the orientation accuracy to reduce over time. This is caused by the inaccuracies in 
each of the three sensors. The quality of the sensors and modelling determines the 
stability of the orientation estimate.  Gyroscopes can be used to measure segment angular 
velocity, which can be integrated to give a joint angle. Gyroscopes, however, suffer from a 
drifting sensor bias which makes it hard to gain an orientation estimate which is accurate 
for long durations (Seel and Schauer, 2012). This makes it impossible to calculate an 
absolute orientation from a gyroscope alone. Instead, three complimentary sensors 
measuring Magnetic field, Angular Rate and Gravity (known together as a MARG sensor) 
are used with a form of sensor fusion to correct the drifting gyroscope data. Sensor fusion 
methods are used to calculate an absolute orientation from the MARG data. This type of 
sensor is commonly referred to as an Inertial Measurement Unit (IMU) sensor (Bellusci et 
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al., 2013). The output of the orientation sensor is either a quaternion or directional cosine 
matrix. When many orientation sensors are used together it is important that they remain 
synchronised for this pose-capture application. The authors’ initial work (Taylor et al., 
2016) used short duration tests to assess if inertial based orientation sensors can be used 
to provide a useful estimate of the hiking moment generated by different athlete poses. An 
updated methodology will be presented here and its accuracy assessed in both static and 
dynamic positions for longer durations of time.  

FULL-SCALE ANALYSIS OF MOTIONS INCLUDING DYNAMIC POSE CAPTURE  

A simple geometric model of the sailor’s pose was used to calculate the positions of joints 
and the resultant pose’s center of gravity from measured body-section orientations. Each 
segment’s center of gravity was obtained using data from an anthropometric model (De 
Leva, 1996). By increasing the number of segments the subject’s detailed mass 
distribution improves. The geometry of the model used is shown in Figure 1. The eight 
body-segments that were chosen are shown as colored lines. The left and right limbs are 
assumed to mirror each other. MARG orientation sensors were used to measure the 
orientation and acceleration of body-segments in the sailor’s pose. The sensors are shown 
as solid rectangles in Figure 1. 

 

 

 
Figure 1 Pose and segment reference frames in global axis, G. Body-segments are 

emphasized using different colors 

 

An hierarchal system of reference frames was established which is shown in Figure 2. 
Each segment and sensor has their own reference frame in the sailor’s pose system. 
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Figure 2 Hierarchy of coordinate systems 

 

There are several ways of measuring orientations in three-dimensions, the most common 
method used is Euler angles. Euler angles use three successive rotations, roll, pitch and 
yaw to define the orientation of a rigid body. However, this method suffers from a 
mathematical singularity known as ‘gimbal lock’ when the middle angle (usually pitch in 
marine and aeronautic applications) approaches 90 deg. This presents a problem in pose 
capture as these orientations are very likely. Alternative approaches which don’t suffer 
from this are Directional Cosine Matrix (DCM) and quaternions. Quaternions were chosen 
for this application as they are efficient and are less prone to accumulating numerical 
errors than DCM. A brief introduction to quaternion operations is included as an appendix. 

The orientation of each segment in the sailor’s pose was expressed as a quaternion 
rotation referenced from a ‘reference-pose’. Each orientation sensor, 𝑖, provides a rotation 
from local sensor to global axis’ 𝑸"#

L 𝑡 . As each sensor mounting is assumed to have 
arbitrary orientation, calibration poses are required to establish the mounting orientation. 
Figure 1 presents the sensor (S)), body-segment (B)), sailor pose (P) and the boat (B) and 
global axis systems used. 

Two calibration poses were used, a supine pose (Z0) was used as the reference pose and 
a standing pose (Z1) was used to determine the initial sensor orientation. The supine pose 
is a face up laying pose, perpendicular to the starboard side of the dinghy with the toes 
pointing vertically up with the palms resting on the ground. The standing pose was a pure 
rotation about the body-segment x-axis’ as shown in Figure 3. 

 

Pose	(P)

Boat	(Y)

Global	(G)

Joint	Position	(J)

Zero	Orientation	(Q0)

Ankle	Offset	(D)	

Boat	Orientation	(QY)

Sensors	(Si)

Body	Segment		(Bi)

Boat	Sensor	(S7)

Boat	Orientation	(QY)

	



 

 

7 

 

 

a). Reference-pose (Z0) b). Moving from the reference (Z0) the 
standing pose (Z1) 

Figure 3 Pose Orientation Calibration Procedure 

 

Each orientation sensor gives an orientation expressed as a rotation from sensor to global 
frames, 𝑸𝑺𝑮 𝒓𝒂𝒘. In order to account for arbitrary sensor mounting orientations the raw 
sensor orientations were offset to reference the body-segment frame (B). For 
convenience, the body-segment frame was referenced to a reference-pose (Z0). The 
reference-pose was chosen as a supine (laying) pose as shown in Figure 3a as it is highly 
repeatable and also the point at which static hiking moment is at its maximum. This was 
achieved by subtracting the rotation between the sensor and body-segment frames so an 
identity quaternion, 𝑸𝑰 	= 	 [1, 0, 0, 0], representing no rotation, was obtained for each 
segment when the subject was in the reference-pose (Z0). 

 

Table 1 Frames of references for coordinate systems  

Frame Positive x-axis Positive y-axis Positive z-axis 

Global	frame,	G	 Towards	magnetic	north	 Towards	east		 Up	from	the	center	of	
the	earth	

Boat	frame,	Y	 Towards	the	bow	from	
amidships	

To	starboard	from	
centerline	

To	mast	from	deck	level	

Segment	frame,	B)	 Towards	the	head	from	
segment	origin	

To	the	right	from	the	
centroid	of	segment	
cross	section	

From	back	to	front	from	
centroid	of	segment	
cross	section	

Pose	frame,	P	 Towards	the	bow	from	
the	ankle	

To	starboard	from	
the	ankle	

From	the	ankle	joint	
vertically	towards	the	
mast	

Sensor	frame,	S	 Looking	down	at	LED		 Away	from	LED	and	
perpendicular	to	clip		

From	sensor	reverse	to	
the	LED	
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z
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Equation (1) shows this is mathematically achieved using quaternion multiplication 
between the raw sensor orientations, 𝑸#L Z2[  and the inverted orientations measured for 
the reference-pose, 𝑸𝒁𝟎𝑺

𝑩  for each body-segment. 

 

𝑸𝑮𝑩 = 𝑸#L Z2[ 𝑸𝒁𝟎𝑺
𝑩 _𝟏 𝟏  

 

Orientations from the standing pose 𝑸𝟏𝑺
𝑩  were used as the second part of the calibration to 

find a rotation 𝑸a2b to move the segment orientations to correctly reference the reference-
pose in pose frame (F). This removed the effect of the sensors’ initial orientations which 
were assumed to be arbitrary. This was achieved by identifying the axis and angle 
required to correct the measured stand pose to obtain the correct pose shown in Figure 4a 
where the dashed line shows the correct axis to move from pose Z0 to pose Z1. Figure 4b 
shows the uncorrected pose obtained from the thigh body-segment where the sensor is 
initially rotated by 90 deg and the dashed line shows the observed axis. The dashed red 
line in Figure 4c shows the axis of rotation which was used to correct the observed pose 
shown in Figure (4b). 𝒗𝟎 represents the reference-pose (Z0), which vector is constant as 
the sensor orientation was nulled to give the identity quaternion in equation (1). 

𝒗𝟏 represents the uncorrected stand line as in Figure 4b which was calculated from the 
observed standing pose orientation 𝑸𝒁𝟏𝑮

𝑩  and the reference-pose line 𝑣>. 

 

 

   
a)	expected	 b)	observed	 c)	corrected	

Figure 4. Orientation calibration calculation 

 

[0	𝒗𝟏] = 𝑸𝒁𝟏𝑮
𝑩 0, 𝒗𝟎 𝑸𝒁𝟏_𝟏𝑮

𝑩 𝟐  

 

The rotation axis, 𝒗𝟐, to get from 𝒗𝟎 to 𝒗𝟏 is normal to both poses and given by the cross 
product of the observed poses as in equation (3). 
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𝒗𝟐 = 𝑎𝑏𝑠
𝒗𝟎×𝒗𝟏
𝒗𝟎×𝒗𝟏

𝟑  

 

The correction angle for each segment, 𝛾" given by equation (5), is the angle between the 
observed axis of rotation in the sensor frame, 𝒗𝟐 and the expected axis of rotation in global 
axis, 𝒗𝟑 to get from 𝒗𝟎	to 𝒗𝟏.  

 

𝒗𝟑 = 0, 1, 0 𝟒  

 

𝛾 = cos_?
𝒗𝟐. 𝒗𝟑
𝒗𝟐 𝒗𝟑

𝟓  

 

The correction axis, 𝒗𝟓, required to give the corrected standing pose is normal to both the 
expected standing pose 𝒗𝟒 and the observed pose, 𝒗𝟏 given by equation (7). 

 

𝒗𝟒 = 0, 0, 1 𝟔  

 

𝒗𝟓 =
𝒗𝟏×𝒗𝟒
𝒗𝟏×𝒗𝟒

𝟕  

 

The resulting correction angle 𝛾" and axis are converted to quaternion rotation 
representation using (8) to give the rotation to correct the Z1 pose 𝑸𝒊𝒄𝒂𝒍𝒁𝟎

𝒁𝟏 . 

 

𝑸𝒊𝒄𝒂𝒍𝒁𝟎
𝒁𝟏 =

cos
𝛾
2

𝑣B3	sin
𝛾
2

𝑣Bv	sin
𝛾
2

𝑣Bw	sin
𝛾
2

x

𝟖  

 

𝑸𝒊𝒄𝒂𝒍𝒁𝟎
𝒁𝟏  was applied to each segment using the quaternion. Minimal error in calibration was 
obtained as standing from the reference-pose is a rotation of approximately 90 deg but 
should be strictly about the global frame’s y-axis.  

 

𝑸𝑷𝑮 𝑡 = 𝑸𝑮𝑩 	 𝑸𝒊𝒄𝒂𝒍𝒁𝟎
𝒁𝟏 	 𝟗  
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To ensure error is not introduced by an inaccurate calibration, a condition was applied to 
ensure the validity of the calibration. The calibration was deemed valid if the corrected 
pose segment vector, 𝒗𝟔, was closer to being vertical than the uncorrected segment 
vector, 𝒗𝟏. As both are unit vectors this is achieved by comparing the z-component of each 
using equation (10). 

 

𝑣C| > 𝑣?| 𝟏𝟎  

 

The pose was then rotated to the orientation of the boat using only the heading z-
component of the boat orientation 𝑸𝑩𝑮 . As only unit quaternions can be used to rotate 
vectors it is also normalized. 

 

𝑸𝑮𝒀 𝝍 =
𝑄�L [, 0, 0, 𝑄�L 𝒛

𝑄�L [
' +	 𝑄�L w

'
𝟏𝟏  

 

Equation (12) gives the corrected segment orientation, 𝑸𝒊(𝑡), which is referenced to the 
reference-pose and tracks the heading of the boat. 

 

𝑸𝒊 𝑡 = 𝑸𝑮𝒀 𝒊 𝑡 = 𝑸#L Z2[� 𝑡 	 𝑸𝟎𝒊
_𝟏

𝑺
𝑩 	 𝑸𝒊𝒄𝒂𝒍𝟎

𝟏 	 𝑸𝑮𝒀 𝝍 𝑡 𝟏𝟐  

 

The back curvature is approximated using a straight line obtained using the average 
orientation of the upper and lower back. This was implemented by taking the mid-distance 
spherical linear interpolation (SLERP) of the two quaternions given in equation (13). 𝑸𝑺𝑮 A? 
and 𝑸𝑺𝑮 𝟒𝟐 are the lower and upper back orientations respectively, given in body-segment 
frame, the interpolation factor ℎ = 0.5 as the sensors are equally spaced from the midpoint 
of the back. 

 

𝑸𝑺𝑮 𝟒 = 𝑸𝑺𝑮 A? 𝑸𝑺𝑮 𝟒𝟏
∗ 𝑸𝑺𝑮 𝟒𝟐

�
𝟏𝟑  

 

A human mass distribution model was used in combination with a simplified geometry of 
the sailor to calculate loadings from pose motions. The left and right limbs were treated as 
one, which created a model resembling a stickman shown in Figure 1. The reduced 
number of segments gives the advantage of reducing the data rate required for wireless 
communication as it requires fewer orientation sensors.  

The joint position array, J, was calculated using the body-segment lengths, L, and the 
current segment orientation	𝑸𝒊(𝑡). The relative segmental center of mass,	𝝀, are measured 
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from the segments origin as shown in Figure 1. The indexes for the arrays in (14) are 
given in table 2. 

 

𝑱 =
𝐽?3 𝐽?v 𝐽?w
⋮ ⋮ ⋮
𝐽?>3 𝐽?>v 𝐽?w

, 𝑳 =
𝐿?
⋮
𝐿�

𝟏𝟒  

 

The pose was constructed by creating a chain of segment vectors each of length 𝐿" . 
These were rotated to their corrected pose orientation by applying the quaternion rotation 
referenced from the reference-pose (Z0). This gave the joint position matrix, 𝑱𝒊 using 
equations (15) - (17) to rotate and link each previous segment 𝐽"_? to the current joint 𝐽". 
This creates a pose where each segment is constrained in translation by the preceding 
joint location but is free to rotate in all degrees of freedom. 

 

𝑱𝒊 = 𝑸𝒊 0, 𝐿", 0, 0 𝑸𝒊 ∗ + 𝑱𝐢_𝟏		𝑓𝑜𝑟	2 ≤ 𝑖 ≤ 6 𝟏𝟓  

 

Segments 8-10 lead away from the torso so they have a negative direction given by 

 

𝑱𝒊 = 𝑸𝒊 0, −𝐿", 0, 0 𝑸𝒊𝒃
∗ + 𝑱𝐢_𝟏		𝑓𝑜𝑟	8 ≤ 𝑖 ≤ 10 𝟏𝟔  

 

Referencing, Figure 1, the shoulder joint (𝐽�) is attached before the end-point of body-
segment 4 (B4). To account for this, 𝐽� was defined along the torso segment using 
equation (17). Where 𝐿A�  is the length of the torso and 𝐿�� is the distance between the 
centers of the shoulder and hip joints. 

 

𝑱𝟕 = 𝑸𝟒𝒃 0, 𝐿", 0, 0 𝑸𝟒𝒃
∗ +

𝐿��

𝐿A�
	 𝑱𝟓 − 𝑱𝟒 𝟏𝟕  

 

For practical convenience, the origin of the pose was shifted from the tip of the toe 𝐽? to the 
ankle joint, 𝐽'. The pose offset, 𝑌� is shown in Figure 1. 

 

𝑱 = 𝑱 − 𝐽' + 𝑌� 𝟏𝟖  

 

The matrix containing the coordinates of each segment’s center of gravity, C was 
calculated using mass distribution data adapted from a proportional human segment mass 



 

 

12 

model. The values for the segment masses were expressed as a proportion of the sailor’s 
mass, 𝒎𝒓𝒆𝒍 and the center of masses, 𝝀, relative to the origin of each segment. These are 
given in table 2 which was adapted from the anthropometric model created from a sample 
of Russian physical education students as presented by (de Leva, 1996).  

 

𝑪 =
𝐶?3 𝐶?v 𝐶?w
⋮ ⋮ ⋮
𝐶�3 𝐶�v 𝐶�w

, 𝝀	 =
𝜆?
⋮
𝜆�

	 𝟏𝟗  

 

The center of gravity was placed as a proportion, 𝝀, along a line vector calculated using 
equation (20). 

 

𝑪𝒊 = 𝑱 + 𝝀 𝐽" + 𝐽"�?	 𝟐𝟎  

 

Table 2 Body-segment mass parameters for male subjects adapted from (De Leva, 1996) 

Index Segment Relative mass, 𝒎𝒓𝒆𝒍 Center of mass,  𝝀𝒊 

1 Foot 0.028 0.558 

2 Shank 0.086 0.554 

3 Thigh 0.283 0.591 

4 Torso 0.435 0.486 

5 Head 0.069 0.500 

6 Shoulders 0 0 

7 Upper arm 0.054 0.423 

8 Fore arm 0.032 0.543 

9 Hand 0.012 0.210 

 

The segmental mass’s, m, was calculated using data from table 2 and equation (21). 

 

𝒎 =
𝑚?
⋮
𝑚�

	= 𝑚�bZ𝒎𝒓𝒆𝒍 𝟐𝟏  

The segment acceleration in global frame 𝒂𝒊𝑮  is calculated using the sensor to global 
rotation 𝑸#L Z2[�, which is the raw orientation output from the sensors. This rotation in given 
in equation (22). 
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𝒂𝒊𝑮 = 𝑸#L Z2[� 0, 𝒂𝒊𝑺 𝑸∗#
L

Z2[�
𝟐𝟐  

 

The sum of all body-segment moments was calculated to give the total moments the sailor 
applies to the boat in each axis. Each segment moment was calculated using the 3D 
segment accelerations expressed in global frame 𝒂𝒊𝑮 , segmental mass,  𝑚" and the lever 
was gained from the center of gravity matrix, C which gives distances to each segments 
center of mass from the boats datum. 

 

𝑴 = ∑ 𝑪"(𝑰𝑚" 𝒂"L ) 𝟐𝟑  

 

The hiking moment (HM) is the component of M using the z-axis acceleration with y-axis 
center of mass lever 𝑪"v. The total sailor forces exerted on the boat were calculated using 
the accelerations in boat frame, 𝒂𝒊𝑩 given by 

 

𝑭 = ∑ 𝐼𝒎"𝒂𝒊𝑩 𝟐𝟒  

 

LABORATORY VALIDATION 

A set of laboratory tests were performed to assess the accuracy of the sailor loading 
estimate using the stick-sailor algorithm presented in the previous section. Tests were 
designed to measure the influence of the sensors’ orientation drift and allow for future 
calibration of the human mass model. Predetermined hiking poses were designed to 
isolate error caused by discrepancies in mass and center of gravity positions in the body-
segments of the human model. A repeated pose was added to track sensor orientation 
drift. 

A set of six orientation sensors were used to estimate the hiking. Xsens MTw wireless 
sensors were used to capture the orientation and acceleration of body-segments in the 
subject’s pose. The orientation estimate used an embedded Kalmen filter derived 
orientation algorithm with a resolution of ±0.05 deg with an accuracy of ±2 deg RMS. The 
inbuilt accelerometers had full scales of ± 160 m/s2 with 0.2% linearity (Xsens, 2014). The 
advantage of using MARG sensors over video based pose capture for this application is 
they do not require occlusion free high-quality images of a calibrated volume. The main 
disadvantages are associated with sensor drift which causes orientation error. Modern 
orientation system sensors are increasing in reliability and accuracy and provide 
synchronized data for an array of orientation sensors. The wireless sensors were 
waterproofed by mounting them within sealed bags. To reduce the required number of 
orientation sensors, the foot, hand and lower arm sections were not instrumented and 
instead used assumed static orientation. This had little effect on the hiking moment 
estimations as the segments have small relative mass and lever arms. An instrumented 
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Laser deck, shown in Figure 6 with approximate sensor locations, was used to measure 
the hiking moment. 

The assessment of the previous method presented in (Taylor et al., 2016) used static 
poses held for short 10 sec durations to prove its validity. The short capture times were 
found to not account for sensor drift as the orientation sensors were reinitialized for each 
pose. The current work used an instrumented Laser deck to obtain a time-series 
measurement of hiking moment and compared this with the pose-based estimate. 

The test rig was constructed from non-ferrous materials to prevent excessive magnetic 
distortion, which corrupts the magnetometer data in the ARHS sensors. The hiking 
moment was measured using a 5 KN U3-5KN force sensor (HBM, 2013) and oversampled 
at 1200 Hz to avoid aliasing using a PC running LabVIEW. A 1st order hardware anti-
aliasing filter with a cut-off at 20 Hz and a 14th order zero-phase digital filter with a cutoff at 
12 Hz were used for signal processing prior to down sampling to 60 Hz. Zero-phase was 
achieved by running the filter in the forwards and backwards directions through the 
timeseries which causes a net phase difference of zero. The test rig is shown in figure 611 

 

 
Figure 5 Diagram of test rig used for laboratory experiments 

 

The measured hiking moment, 𝐻𝑀1is calculated from the force sensor output, x and lever 
arm of 0.7 m shown in Figure 5 using equation (25). 

 

𝐻𝑀¢ = 0.7 𝑚𝑥 + 𝑐 𝟐𝟓  

 

The calibration was applied as a least squares line of best fit where 𝑚 is the slope and 𝑐 is 
the offset. 

	
	

FORCE	SENSOR	

0.7m	
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Prior to the test, the subject was weighed and their center of mass was recorded using a 
balance board placed on a set of scales at one side. The approximate positions of the 
subject’s joints, as illustrated in Figure 7, were measured while the subject laid on their 
back. The orientation sensors were initialized on a static surface. This was necessary as 
they use the gravity as a reference point, which is set during the initialization period. The 
subject was instrumented while data were being captured. The sensors were held in place 
on the subject’s body using a spandex bodysuit and were positioned close to bone to 
reduce data artefacts caused by skin and muscle movements. The approximate mounting 
locations are shown in Figure 6 and Table 3.  

 

 

Figure 6 Laboratory tests using an instrumented Laser deck 

 

Table 3 Sensor positions and indexes 

Sensor Index Mounting Position 
1 Left shank, on top of the shin bone 
2 Left thigh, just above the knee on the outer side  
3 Lower back, small of back 
4 Upper back, between shoulder joints 
5 Head, forehead secured by a cap 
6 Upper left arm, above the elbow and perpendicular to joint axis 

 

Table 4 Joint distance abbreviations used in Figure 7  

Abbreviation Reference Point 
EJC, HJC, KJC, SJC, WJC Joint centers of elbow, hip, knee, shoulder, and wrist  
CERV  The furthest protruding point of seventh cervical vertebra 
HEEL  The furthest extending point of the heel 
TTIP   The tip of the longest toe, either first or second 
LMAL  Most lateral point of the heel bone (lateral malleolus) 
MET3  
 

3rd metacarpal - a point between the tip of the third 
metacarpal (knuckle) and base of the third finger. 

MIDH, MIDS  The points midway between the hip and shoulder joint 
centers respectively. 

VERT  Vertex, the highest point of the head 
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Figure 7 Measurement of joint distances 

 

The calibration routine shown in Figure 3 was performed to identify the body-segment axis 
in sensor frame. The subject was asked to lay perpendicular to the starboard side of the 
deck molding for 60 sec then stand facing in the same direction. It was critical that the 
subject’s stand-pose was a pure rotation about the x-axis in the global frame to give a valid 
calibration. On completion of the calibration routine, the subject was asked to mount the 
deck. A sequence of poses, shown in Figure 8, were captured using a single, long, 
acquisition period. Poses 1 to 9 and 11 were performed with the subject static.  Poses 10 
and 11 were dynamic where the subject moved. Motion is shown in the figure using a 
purple overlay to show the extent of the motion. Each of the poses was designed to isolate 
a body-segment’s contribution to hiking moment with an added repeated pose to monitor 
sensor orientation drift throughout the session. The static poses allowed the validation of 
the mass model and the dynamic poses enabled the validation of the acceleration data.  

 

LMAC
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Figure 8 Calibration poses for laboratory validation of hiking moment estimates 

 

RESULTS 

The purpose of this series of tests was to establish the accuracy of a new method to 
predict the hiking moment using a set of inertial sensors. Results for a range of poses are 
presented as Root Mean Square Errors (RMSE) for the samples which were down-
sampled to 60 Hz having being pass through anti-aliasing filters. 

These are non-dimensionalized using equation (26) by expressing as the error as a ratio of 
the maximum static hiking moment 𝐻𝑀123 which was recorded using a balance board and 
set of scales for the reference-pose (Z0). 

 

full	scale	error, 𝑒	 % = 100 	
𝐻𝑀0 − 𝐻𝑀1

𝐻𝑀123
	 𝟐𝟔  

 

RMSE was used as the error metric as a mean value does not correctly represent the 
impact of both negative and positive errors. The RMSE is calculated using equation (27) 
where N is the number of samples in the time-series. 

	
Pose	1	

Legs	extended	

	
Pose	2,	4,	6,	8,	12	
Sitting	upright	

	
Pose	3	

Head	tilted	back	

	
Pose	5	

Arms	extended	

	
Pose	7	

Leaning	in	

	
Pose	9	

Static	hiking	

	
Pose	#10	
Bouncing	

	
Pose	#11	
Ooching	
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𝑅𝑜𝑜𝑡	𝑀𝑒𝑎𝑛	𝑆𝑞𝑢𝑎𝑟𝑒	𝐸𝑟𝑟𝑜𝑟	 𝑅𝑀𝑆𝐸 =
1
𝑁 𝑒´ '

µ

µ¶?

	 𝟐𝟕  

 

 
Figure 9 Root Mean Square Error (RMSE) of Hiking Moment from laboratory (test 1) 

 

Figure 9 shows the RMSE calculated using equation (27). The plot shows the starboard 
static poses have an increasing error rising from 2.5% RMS for pose 1 to 12.5 % RMS for 
pose 12. The dynamic poses do not follow this trend. Magnetic distortion was present in 
the laboratory during this test, which reduced the accuracy of the hiking moment estimate 
from pose capture. The source of this disturbance was from changing electrical loads, 
which is common for indoor laboratories. The sensor fusion algorithm used by the Xsens 
MTw to calculate the sensor’s orientation uses both gravity and magnetic field vectors as 
reference points to correct the gyroscope data in order to obtain an orientation (Bellusci et 
al., 2013). This leads to the sensors being susceptible to fluctuations in the magnetic field. 
In-house tests with xSens MTw sensors show that short duration deviations in the 
magnetic field cause long duration orientation errors in all degrees of freedom. The sensor 
manufacturer claims the sensors are fully compensated for static ferrous objects however, 
no in-house tests have yet been performed to confirm this. On-water tests are conducted 
outside where the magnetic field will be less disturbed, this should result in more accurate 
orientation estimate measurements with less drift. 
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Figure 10 Root Mean Square Error (RMSE) of Hiking moment from laboratory tests (test 2) 

 

Figure 10 shows hiking moment data for test 2, a repeat of the same set of static poses as 
test 1. The error of test 2 increases from near 0% at the beginning of the test to 11 % 
RMSE at the end of the test. The repeated poses (circled) again show near linear increase 
in error throughout the static poses highlighting the predominant source of error is due to 
sensor orientation drift. The static poses in test 2 have a smaller error than test 1. It is 
believed that this was due to fewer magnetic disturbances in the test location. The pose 
offset was assumed static and measured with a ruler for each pose. The larger RMSE 
found in the dynamic poses in test 2 (pose numbers 10 and 11) was due to the feet 
moving in the toe strap during the test. 

Figure 11 presents the time-series data for estimated and measured hiking moments, 𝐻𝑀0 
and 𝐻𝑀1 respectively. The full-scale error was calculated using equation (25) and the 
absolute error was calculated using equation (28). 

 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒	𝐸𝑟𝑟𝑜𝑟 = 𝐻𝑀0 − 𝐻𝑀1 𝟐𝟖  

 

In both cases, the estimated hiking moment accurately tracks the measured dynamic 
trends, with an RMSE RMS error of under 10 %. However, noticeable differences are 
observed between the maximum and minimum hiking moment values for pose 10, caused 
by the large dynamic athlete motions. This could be due to either errors in accelerometer 
measurements or the mass distribution model. For pose 11 only the small but constant 
under-estimation is observed, which could be caused by sensor drift, inaccuracies in ankle 
position or errors in the mass distribution model. 
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a) bouncing (pose 10) 

 

 

b) ooching (pose 11) 

 

Figure 11 Time-series of measured 𝑯𝑴𝒎 and estimated 𝑯𝑴𝒆 hiking moments for test 1 
dynamic poses 
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To assess the effect of orientation drift for longer dynamic tests a series of dynamic poses 
were conducted directly after test 2 without reinitializing the orientation sensors giving a 
total acquisition period of 40 minutes. Figure 12 shows the results of the dynamic tests, 
which stay consistently within 13 % of the measured hiking moment. The recurring static 
pose (nos. 2, 4, 6, 8 and 12 shown in Figure 8) was tested before and after the series of 
dynamic poses and did not show a significant increase in error due to sensor drift. From 
these tests, it appears that sensor drift is less significant when dynamic motions are being 
considered. The sensor manufacturer (Xsens) confirmed that the orientation accuracy of 
MTw sensors is generally better under dynamic conditions. As the ultimate objective of the 
system is to evaluate on-water hiking, where boat motions will inherently make the 
problem dynamic, sensor drift should cause less of a problem.  

 

 

Figure 12 Dynamic poses accuracy of varying durations 

 

Test results show that hiking moment measured via inertial pose capture gives an 
accuracy within RMSE 13 %. A sitting pose was chosen as the recurring pose as it was 
easy for the subject to return to. The measured moment for the six recurring poses for test 
1 was 277 Nm ± 4.96 Nm (𝐻𝑀1 ± 𝑠𝑑) which confirms the repeatability of the adopted 
pose. However, the mean estimated hiking moment for the same poses was 194 Nm ± 
28.13 Nm (𝐻𝑀0 ± 𝑠𝑑) showing the variability due to sensor drift. The error due to sensor 
drift was found to increase with time for static poses from an initial error of 1 % to a 
maximum of 13 % RMSE in test 1. Orientation drift predominantly manifests as an error in 
the yaw component of each body-segment but also affect other degrees of freedom. This 
is shown in Figure 13 where the stick figure is shown rotated away from being 
perpendicular to the vessel’s centerline. This has the effect of reducing the estimated 
hiking moment compared to the measured value. 
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Figure 13 Effect of orientation drift in pose-capture 

 

Figure 14 shows a comparison plot of the measured and estimated hiking moments, 𝐻𝑀1 
and 𝐻𝑀0 respectively of test 2. Test 2 is chosen for comparison as it contains only 
dynamic poses which is comparable to on-water tests. The goodness of fit is assessed 
using the coefficient of correlation, 𝑅'. When 𝑅' = 0 there is no correlation and an 𝑅' = 1 
shows no variation from the straight line. Test 2 has 𝑅' = 0.882 showing excellent 
correlation between measured and estimated hiking moments. 

 

 
Figure 14 Measured vs Estimated Hiking moments with least square linear regression line 

 

There are several ways that the system can be improved in the future to reduce the 
observed measurement errors. For instance, several methods for constraining pose data 
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based on the physical constraints of the human have been published. El-Gohary and 
McNames (2015) used model-based filtering techniques to filter sensor orientations within 
the physical limits of each joint. Including similar methods in sailing pose capture would 
improve the accuracy of the loading estimates. Pose capture applied to sailing has 
additional constraints as it is known that the hiking pose is normally perpendicular to the 
boat and the sailor cannot pass through the deck.  

It was assumed that a constant offset between the pose datum, taken as the ankle bone, 
and boat’s centerline would remain constant and was measured using a tape measure for 
pose 1 as the legs were extended away from the centerline of the deck molding. No 
instrumentation was included to record the offset. A follow-up investigation showed 
bouncing caused 50 - 100 mm deviations in pose offset. To account for this visual tracking 
of the ankle is required to apply a time varying offset correction.  

Another source of error stems from modelling only one side of the sailor’s body. This leads 
to the current method being more accurate when the sailor is hiking symmetrically as in 
the laboratory poses. More sensors are required for asymmetric poses common in off-wind 
and light wind sailing. The back was also assumed to be a straight line taking an 
orientation-averaged from sensors mounted on the upper and lower back. In reality, the 
back is curved so improvements could be made to the estimated pose by including this. 
Finally, the manufacture-quoted accelerometer accuracies have not been verified which 
may also introduce a source of error. 

In general, the observed errors in the estimated static hiking moment are sufficiently low to 
indicate that the mass distribution model and captured pose is providing an adequate 
approximation of the tested subject. The ability of the system to track the dynamic hiking 
moments created by large sailor motions indicate the system is successfully incorporating 
body accelerations and changes in leaver arm to provide a reliable assessment of dynamic 
sailing loads for the first time.   

ON-WATER CASE STUDY 

The proposed method was applied to capturing loads from on-water sailing to demonstrate 
its ability to be used in practical sailing environments. The same instrumentation was used 
as in the laboratory-based experiments presented in the previous sections.  

 

 
Figure 15 On-water instrumentation (port tack) 
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A Laser dinghy with length 4.19 m, breadth 1.39 m, unloaded displacement 56.7 kg and 
sail area 7.08 m2 was used for the tests, which were performed with moderate waves and 
a wind speed of around 8 knots. The instrumentation is shown in Figure 15. 

 
Figure 16 Hiking moment during up-wind Laser sailing 

 

Figure 16 shows the time series for pose capture estimated hiking moment and roll angle 
captured during the on-water experiment. The subject begins hiking on a port tack at t = 0 
sec and makes four tacks at t = 1044, 1126, 1173 and 1198 sec. The data were recorded 
continuously without reinitializing the sensors which would require additional calibration 
points to be created ashore. The figure starts 17 minutes into data capture which shows 
the sensor orientations remained stable. There was an offset both in roll angle and hiking 
moment. This was due to the initial sensor drift exacerbated by a period when the subject 
remained static while the boat was launched. The roll angle, which would normally 
average to zero, has been shifted due to a combination of sensor drift and a small 
calibration error caused by the boat not being flat on the launch trolley. 

 

 
Figure 17 Cross-correlation of roll angle and hiking moment 
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The cross-correlation coefficients shown in Figure 17 show an average lag of 0.19 sec 
between when the hiking moment changes and the roll angle response. This provides an 
early indication of how this system could be used to investigate the dynamic interaction 
between the environment, sailor and boat.  

The offset in hiking moment shown in Figure 16 is thought to be caused by orientation drift 
which has rotated the pose away from the boat resulting in a shorter lever arm for one 
tack. 

CONCLUSIONS 

A method has been developed that allows on-water dynamic hiking moment to be 
assessed. The estimated hiking moment was compared with measured values for a range 
of static and dynamic poses. In static poses, the error was found to slowly increase from 
an initial 3 % to a maximum of 13 % RMSE. The accumulated error was approximately 
linear for static poses and caused by orientation drift. In dynamic hiking, which is always 
the case when sailing, the error was found to stay constant over a 40 minute period 
showing a maximum RMS error of 13 %. This was because the Xsens orientation 
algorithm is optimized for applications involving movement. The most significant 
component of measurement error was due to orientation sensor drift. This drift was 
exacerbated in laboratory conditions due to perturbations in the magnetic field caused by 
electrical cables and the presence of ferrous materials. The mass model assigned point 
masses to body-segments and applied the measured acceleration at those points. The 
method used 6 instrumented body-segments and 4 body-segments with assumed 
orientation and acceleration. The small errors observed before significant sensor drift 
occurred demonstrate that the adopted mass distribution model is valid for this athlete.  

The dynamic hiking moment generated by athlete motions was accurately tracked for the 
first time. However, the amplitude of the measured moment was greater than the 
estimated value in the highly dynamic periods. As a significant variation in the lateral 
position of the subject’s ankle, which was used as the pose datum, was observed it is 
believe this discrepancy is caused by an offset in the pose position. For improved 
accuracy, the method needs to be extended to include tracking of the ankle or knee joints 
and an improved filtering method to reduce the sensor orientation drift. The method proved 
to be highly effective for measuring long duration hiking poses and hiking moment, 
demonstrated by extended laboratory tests and on-water tests. 

An initial on-water case study showed that the system can be used in a real sailing 
environment and provide detailed assessment of the sailor induced loads and boat 
response for the first time. 

Further analysis including comparisons with the apparent wind speed will show the 
magnitude and phase difference with which the sailor is responding to their environment. A 
transfer function of a sailors’ style may also be incorporated into a VPP to analyze the 
performance of a hiking style. However significant progress must first be made before this 
is possible. 
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APPENDIX 

Introduction to Quaternions 

This section provides a brief introduction to the quaternion operations that are used for 
coordinate transformations in this paper. For a more complete background the reader is 
directed to (Kuipers, 2000) however an updated notation is used in the current paper to 
provide greater clarity. A quaternion is a four-element complex number which can be used 
to represent rotations in 3D. It has a real part, 𝑄¼ and a complex vector part, q as shown 
in equation (29) where 𝒊, 𝒋	𝑎𝑛𝑑	𝒌 are the complex orthogonal units. Each element 𝑄" ∈ ℝ 
but the quaternion 𝑸 ∈ ℍ (ℍ is used instead of ℝA to highlight that quaternions are 
complex and non-commutative and to give recognition to Hamilton who discovered their 
properties). 

 

𝑸 = 𝑄[ + 𝒒 = 𝑄[ + 𝒊𝑄3 +	𝒋𝑄v + 	𝒌𝑄w = 𝑄[, 𝑄3, 𝑄v, 𝑄w 𝟐𝟗  

 

Quaternions exhibit the following basic properties  

 

𝒊' + 𝒋' + 𝒌' = 𝒊𝒋𝒌 = −1 

𝒊𝒋 = 𝒊×𝒋 = 𝒌 = −𝒋×𝒊 = −𝒋𝒊 

𝒋𝒌 = 𝒋×𝒌 = 𝒊 = −𝒌×𝒋 = −𝒌𝒋 

𝒊𝒌 = 𝒊×𝒌 = 𝒋 = −𝒊×𝒌 = −𝒊𝒌 𝟑𝟎  

 

Quaternions are non-commutative as demonstrated by the product of two quaternions Q 
and P in equation (31). 

 

𝑷 = 𝑃[ + 𝒑 = 𝑃[ + 𝒊𝑃3 + 𝒋𝑃v + 𝒌𝑃w 

𝑷𝑸 = 𝑃[𝑄[ − 𝒑. 𝒒 + 𝑃[𝒒 + 𝑄[𝒑 + 𝒑×𝒒	 𝟑𝟏  

 

As with vectors, a quaternion can be normalized to unit length to make a unit quaternion 
using equation (32). 

 

𝑁𝑜𝑟𝑚 𝑸 =
𝑄[ + 	𝒊𝑄3 + 	𝒋𝑄v + 	𝒌𝑄w

𝑄[' + 𝑄3' + 𝑄v' + 𝑄w'
=

𝑸
𝑸 =

𝑸
𝑸𝑸∗

𝟑𝟐  
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Unit quaternions exhibit the useful property that the inverse equals the complex conjugate 
(denoted by the * operator). This has physical meaning of reversing the direction of the 
rotation.	 𝑸𝑨𝑩  is read Q A-to-B and gives the rotation from reference frame A to B.  

 

𝑸_𝟏 =𝑩
𝑨 𝑸∗ =𝑩

𝑨 𝑸						𝑨
𝑩 ∀	𝐐	 ∈ 𝑸 = 1 𝟑𝟑  

 

The conjugate of a quaternion is calculated by multiplying the complex vector part by -1. 

 

𝑸∗ = [𝑄[,−𝒒] = [𝑄[,−𝑄3, −𝑄v,−𝑄w] 𝟑𝟒  

 

Similarly, to transfer functions, quaternions can be multiplied to represent successive 
rotations as in equation (35) where a, b and c are reference frames. This is very 
convenient when working many co-ordinate systems.  

 

𝑸𝑨𝑪 = 𝑸𝑨𝑩 𝑸𝑩𝑪 𝟑𝟓  

 

To express the vector given in the sensor frame, 𝒗𝑺  in the global frame, 𝒗𝑮 , it is first 
expressed as a pure quaternion [0, 𝒗𝑺 ] and evaluated using the conjugate of rotation 
quaternion 𝑸𝑺𝑮  as follows: 

𝒗𝑮 = 𝑸𝑺𝑮 0, 𝒗𝑺 𝑸𝑺𝑮 ∗ 𝟑𝟔  

 

A rotation expressed in angle, axis notation can be simply converted to quaternion using 
equation (37), where the axis of rotation, 𝒃 = [𝑏3	𝑏v	𝑏w] and the rotation angle is given by 
𝛾. 

 

𝑸 =

cos
𝛾
2

bÉsin
𝛾
2

𝑏vsin
𝛾
2

𝑏Êsin
𝛾
2

x

𝟑𝟕  
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Interpolation between quaternion rotations 𝑸𝟏 and 𝑸𝟐 by a factor h is accomplished using 
Spherical LineaR interPolation or SLERP for short, where 𝑸𝟏,𝑸𝟐, 𝑸𝟑 ∈ ℍ	and ℎ ∈ [0,1] 
(Dam, Koch, and Lillholm, 1998). 

 

𝑸𝟑 = 𝑸? 𝑸𝟏∗𝑸𝟐 � 𝟑𝟖  
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