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Abstract

One of the most di�cult tasks in surgical education is to teach students what is the optimal

magnitude of forces and torques to guide the instrument during operation. This problem

becomes even more relevant in the field of Mini Invasive Surgery (MIS), where the depth

perception is lost and visual field is reduced. In this way, the evaluation of surgical skills

involved in this field becomes in a critical point in the learning process. Nowadays, this as-

sessment is performed by expert surgeons observation in di↵erent operating rooms, making

evident subjectivity issues in the results depending on the trainer in charge of the task.

Research works around the world have focused on the development of the automated evalua-

tion techniques, that provide an objective feedback during the learning process. Therefore,

first part of this thesis describe a new method of classification of 3D medical gestures based

on biomechanical models (kinematics). This new approach analyses medical gestures based

on the smoothness and quality of movements related to the tasks performed during the medi-

cal training. Thus, gesture classification is accomplished using an arc length parametrization

to compute the curvature for each trajectory. The advantages of this approach are mainly

oriented towards time and location independence and problem simplification. The study in-

cluded several gestures that were performed repeatedly by di↵erent subjects; these data sets

were acquired, also, with three di↵erent devices.

Second part of this work is focused in a classification technique based on kinematic and dyna-

mic data. In first place, an empirical expression between movement geometry and kinematic

data is used to compute a di↵erent variable called the a�ne velocity. Experiments carried

out in this work show the constant nature of this feature in basic medical gestures. In the

same way, results proved an adequate classification based on this computation. Parameters

found in previous experiments were taken into account to study movements more complex.

Likewise, a�ne velocity was used to perform a segmentation of pick and release tasks, and

the classification stage was completed using an energy computation, based on dynamic data,

for each segment. Final experiments were performed using six video cameras and an instru-

mented laparoscope. The 3-D position of the end e↵ector was recorded, for each participant,

using the OptiTrack Motive Software and reflective markers mounted on the laparoscope.

Force and torque measurements, on the other hand, were acquired using force and torque

sensors attached to the instrument and located between the tool tip and the handle of the

tool in order to capture the interaction between participant and the manipulated material.

Results associated to these experiments present a correlation between the energy values and

the surgical skills of the participants involved in these experiments.
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Resumen

Una de las tareas más complicadas durante la enseñanza en ciruǵıa consiste en explicarles a

los estudiantes cuáles son las magnitudes óptimas de las fuerzas y los torques, al momento

de guiar el instrumento durante la operación. Este problema obtiene mayor trascendencia en

el campo de la ciruǵıa mini-invasiva (MIS), donde se pierde la percepción de profundidad y

se reduce el campo visual. Debido a esto, la evaluación de habilidades quirúrgicas, asociadas

a este campo, se convierte en un punto cŕıtico en el proceso de aprendizaje. Hoy en dia, esta

evaluación se realiza mediante la observación de cirujanos expertos en diferentes salas de

operación, haciendo evidente los problemas de subjetividad en los resultados, dependiendo

del entrenador a cargo de la tarea.

Investigaciones alrededor del mundo se han enfocado en el desarrollo de nuevas técnicas de

evaluación automáticas, con el fin de brindar una realimentación objetiva durante el proceso

de aprendizaje. De esta manera, la primera parte de este trabajo de tesis describe un nuevo

método de clasificación de gestos médicos 3D basado en modelos biomecánicos (cinemáticos).

Este nuevo enfoque permite analizar los gestos médicos, en relación con la suavidad y cali-

dad de los movimientos, asociados a las tareas realizadas durante el entrenamiento médico.

La clasificación de gestos, es entonces, lograda usando una parametrización de longitud de

arco con el fin de calcular la curvatura para cada trayectoria. Las ventajas del método están

orientadas principalmente a la independencia del tiempo y de la localización espacial y a

la simplificación del problema estudiado. Este estudio involucra diversos gestos realizados

repetidamente por diferentes participantes, cuyos datos fueron adquiridos por 3 dispositivos

diferentes.

La segunda parte de este trabajo se enfoca en una técnica de clasificación basada tanto en

datos cinemáticos como dinámicos. En primer lugar, se implementó una expresión emṕırica

entre la geometŕıa del movimiento y los datos cinemáticos con el fin de calcular una variable

diferente llamada Velocidad Af́ın. Los experimentos desarrollados en este trabajo muestran

la naturaleza constante de esta caracteŕıstica en gestos médicos básicos. De la misma forma,

los resultados muestran que una adecuada clasificación es lograda con base en esta implemen-

tación. Finalmente, los parámetros encontrados en los experimentos previos fueron tomados

en cuenta para estudiar movimientos más complejos. Aśı, la velocidad af́ın fue usada para

realizar la segmentación de tareas de tomar y soltar y la etapa de clasificación se implementó

usando el cálculo de la enerǵıa para cada segmento. Los últimos experimentos de este trabajo

fueron desarrollados usando seis camaras de video y un instrumento laparoscópico. La po-

sición 3D del efector final fue registrada, para cada participante, usando el software Motive

OptiTrack y se utilizaron marcadores reflectivos instalados sobre el laparóscopo. Por otra

parte, las medidas de fuerza y torque fueron adquiridas usando sensores de fuerza y torque
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atados al instrumento y localizados entre la punta del instrumento y la manija de la herra-

mienta con el fin de capturar la interacción entre el participante y el material manipulado.

Los resultados asociados a estos experimentos muestran una correlación entre los valores de

enerǵıa y las habilidades quirúrgicas de los participantes involucrados en los experimentos.

Palabras Claves: Análisis de Curvatura; Clasificación de Gestos; Dynamic Arc Length

Warping; Enerǵıa; Ley de Potencia Un-Sexto; Segmentación; Seguimiento del Movi-

miento de la Mano; Velocidad Af́ın
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Résumé

L’une des tâches les plus di�ciles de l’enseignement en chirurgie, consiste à expliquer aux

étudiants quelles sont les amplitudes des forces et des couples à appliquer pour guider les

instruments au cours d’une opération. Ce problème devient plus important dans le domaine

de la chirurgie mini-invasive (MIS) où la perception de profondeur est perdue et le champ

visuel est réduit. Pour cette raison, l’évaluation de l’habileté chirurgicale associée est devenue

un point capital dans le processus d’apprentissage en médecine. Aujourd’hui cette évaluation

est faite de manière empirique en salle d’opérations par l’observation des chirurgiens, de sor-

te que des problèmes évidents de subjectivité apparaissent dans la formation des médecins,

selon l’instructeur en charge de l’enseignement.

De nombreuses études et rapports de recherches dans le monde entier concernent le dévelop-

pement de techniques automatisées d’évaluation du geste et permettent de fournir un retour

d’expérience objectif pendant le processus d’apprentissage. La première partie du travail

présenté dans cette thèse introduit une nouvelle méthode de classification de gestes médi-

caux 3D reposant sur des modèles cinématiques et biomécaniques. Cette nouvelle approche

analyse de manière qualitative mais aussi quantitative les mouvements associ’es aux tâches

e↵ectuées au cours de la formation médicale. La classification du geste est réalisée en utili-

sant un paramétrage reposant sur la longueur d’arc pour calculer la courbure pour chaque

trajectoire. Les avantages de cette approche sont principalement motivés par l’indépendance

du temps, d’un système de repérage absolu et la réduction du nombre de données à traiter.

L’étude inclus l’analyse expérimentale de plusieurs gestes, obtenus avec plusieurs types de

capteurs et réalisés par di↵érents sujets.

La deuxième partie de ce travail se concentre dans une technique de classification reposant

sur les données cinématiques et dynamiques. En premier lieu, une expression empirique, en-

tre la géométrie du mouvement et les données cinématiques, est utilisée pour calculer une

nouvelle variable appelée vitesse a�ne. Les expériences conduites dans ce travail de thèse

montrent la nature constante de cette grandeur lorsque les gestes médicaux sont simples

et identiques. De la même façon, les résultats expérimentaux montrent que l’utilisation de

la vitesse a�ne conduit à une classification adéquate des gestes. Les paramètres associés

au modèle de vitesse a�ne trouvé ont été pris en compte, par la suite, pour étudier des

mouvements plus complexes et e↵ectuer une segmentation des tâches de préhension et de

dépôt. Finalement, une dernière technique de classification a été implémentée en utilisant

un calcul de l’énergie utilisée au cours de chaque segment du geste. Cette méthode a été va-

lidée expérimentalement en utilisant six caméras et un laparoscope instrumenté. La position

3-D de l’extrémité de l’e↵ecteur a été enregistrée, pour plusieurs participants, en utilisant

le logiciel OptiTrack Motive et des marqueurs réfléchissants montés sur le laparoscope. Les
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mesures de force et de couple, d’autre part, ont été acquises à l’aide des capteurs fixés sur

l’outil et situés entre la pointe et la poignée de l’outil afin de capturer l’interaction entre

le participant et le matériau manipulé. Les résultats expérimentaux présentent une bonne

corrélation entre les valeurs de l’énergie et les compétences chirurgicales des participants

impliqués dans ces expériences.

Mots-clés: Analyse de Courbure; Classification des gestes; Dynamic Arc Length War-

ping; Énergie; Loi de Puissance Un-Sixième; Segmentation; Suivi du Mouvement de

la Main; Vı́tesse A�ne
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1 Introduction

Minimally Invasive Surgery (MIS) is becoming more and more common practice in medicine.

Using this technology, surgeries previously performed through large incisions that required

long recovery times can now be performed with a much shorter recovery time and with redu-

ced risk to the patient. Although on one hand MIS ensure many advantages to patients, on

the other hand it requires surgeons to perform a much longer and di�cult training process

which create numerous new challenges for surgical training. Indeed, MIS requires to acquire

new hand-eye coordination and visualization skills because of the displaced of haptic per-

ception produced by laparoscopes and the loss of stereo and the reduced of the field of view

created by the use of endoscopic camera([42, 60, 47]).

Therefore, the assessment of technical skills during training is critical for quality insurance

and safety. Typically, surgical learning is based on an apprenticeship model. In this ap-

proach, students are taught on the job, starting with the least di�cult tasks and progressing

towards more advanced skills, while the trainer controls the overall course of the procedu-

re and evaluate the trainee performance. This process, especially, in MIS, makes it much

harder for the trainer to keep track of the trainee progress. Traditional skills assessments

are mainly knowledge based and the analysis of the actual performance is mainly subjec-

tive, with measurements that show poor accuracy, repeatability, and reliability ([5, 78, 115]).

For that reason, a new approach of surgical assessment is required to ensure that surgeons

have adequate skills level to be allowed to operate freely on patients. Being able to perform

accurate evaluation not only provides an objective evaluation of performance but also can

be used in research to examine what factors a↵ect surgical proficiency. For instance, what

is the e↵ect of drugs, lack of sleep, stress or time away from the operating room on surgi-

cal proficiency. In some countries, a periodic evaluation, that includes visual memory and

psychomotor performance, is required to recertify doctors in a specific health field [14].

1.1. Subjective Surgical Skill Assessment

Some e↵orts have been made to obtain a reliable assessment method. Among these works

the Objective Structured Assessment of Technical Skills (OSATS) rating system [80] was

developed. Using this evaluation method, the trainees perform standardized surgical tasks

while an expert surgeon evaluates their performance. The assessment includes a task-specific
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2 1 Introduction

checklist that identifies all important steps in a procedure. Using OSATS, a score is assigned

for every step the trainee completes adequately (0 or 1). In addition, a Global Assessment

Score (GAS) is used to assess the overall performance using seven levels. This approach has

subjective elements which create large variations in the scores assigned by di↵erent trainers.

A similar scoring system has been developed for MIS, the Global Assessment of Laparoscopy

Skills (GOALS) [47]. This approach evaluates five categories (depth perception, bimanual

dexterity, e�ciency, tissue handling and autonomy), where each category proficiency is score

between 1 to 5. Although, this system evaluates di↵erent aspects of MIS, it is still subjective

as it requires an evaluator to provide a score.

On the whole, assessment of psychomotor skills commonly used in the surgical training,

such as analysis of operative case logs, evaluation reports of training, and direct observation

with or without the use of rating scales assigned by di↵erent experts are not objective and

reliable [131, 29, 39]. The need to measure technical skill level and proficiency in surgeons, as

part of formal competence assessment and revalidation, has become increasingly recognized

[28, 27, 97, 23], especially when previous work has shown that academic achievement do not

correlate, or even correlate negatively, with surgical skill measured subjectively [113, 112].

1.2. Automated Objective Surgical Skill Evaluation

These measures have been quite useful in the surgical skill assessment for many years. Ho-

wever, they require di↵erent expert surgeons to provide the assesment, which can lead to

subjective results in the training process. For this reason, an automated objective surgical

skill evaluation approach has been the topic of research for the last 20 years. The main idea

is to digitize the surgeon movements (gestures), using video images or any sensing devices,

and to process this information in order to obtain objective assesment.

In particular, machine vision solutions has been explored by many researchers around the

world. Important issues include: placement and numbers of tracking cameras, targets visi-

bility, and feature selection and extraction. The optimal placement and the determination

of the number of cameras are critical to obtain robust recognition to deal with the visibility

issues of hand tracking.

The use of one [81] or multiple cameras [67] has been studied for hand gesture recognition

with accurate results. In particular, in [105], a hand tracking system using two cameras is

described showing results capable of measuring a 27 DOF hand model. In order to deal with

hands visibility, some researchers have used simple markers located on key points to facili-

tate the tracking and recognition of hand movements. In this way, gloves [36] and reflective

markers [55] located on the instrument have been used to improve the recognition process.
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1.2 Automated Objective Surgical Skill Evaluation 3

The objective assessment of surgical skills has also been explored using the position values of

instruments tracking based on endoscopic image sequences [122]. Another contributions for

endoscopic images analysis include image enhancement methods such as: temporal filtering,

distortion correction, and color normalization [129]. In many vision-based systems occlusion

is a critical issue and has been dealt with redundant tracking devices, robust filtering, and

better detection algorithms [70].

Automated objective surgical skill evaluation has not yet been developed because of a num-

ber of issues such as: visibility issues with motion capture devices, reliable algorithms, and

proper similarity metrics. Some trainers o↵er an assessment of surgical skills based on sim-

ple features such as task completion time [32, 43, 109]. A skill evaluation surveys in MIS

[123] suggest that the learning curve for operator is a coarse measure of performance [123].

Time alone is not an adequate measure of the precision of task performance [118]. Several

researchers have proposed di↵erent metrics for hand gesture classification.

In many prototype systems, the raw data obtained from the acquisition system is processed

and analyzed in order to obtain reliable and accurate assessment results. The most common

analysis algorithms are based on global features. In this approach, the whole surgical proce-

dure data set is reduced to a set of simple features that are then used to evaluate performance

relative to some pre-defined standards. Although, in some surveys [84, 37], this method has

been successful in di↵erentiating some skill levels, it cannot be used to distinguish gestures

quantitatively well.

Global Features

Most research in objective surgical skill assessment has been focusing entirely on Global

Features because these measures are usually simple to calculate, to analyze, and to compare

between groups. The operation time, for instance, has been widely used in this field, however

as mentioned previously, it has been proved that this measure alone is not an adequate

proficiency measure [117]. For this reason, several features have been proposed to obtain

some estimate of proficiency level [18, 17, 25, 48]. Among these are the following:

Path Length : Length of the instrument tip trajectory;

Depth Perception : Distance of the instrument tip traveled along its own axis;

Motion Smoothness : Feature based on the third derivative of position;
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4 1 Introduction

Angular Area: Parameter based on the area covered by the farthest positions of the

instrument tip;

Volume: Parameter based on the volume generated by the farthest positions of the

instrument tip;

Movement Economy: Relation among the ideal and the real path length;

Deviation from the ideal path: Cumulative sum of the di↵erences between the

ideal and the real path;

Accuracy: Parameter computed to measure the accurateness of placing the instrument

tip in di↵erent places in 3D;

Rotational Orientation or Response Orientation: Rotation of the instrument

measured around its own axis;

Number of movements: Parameter based on the velocity changes along the trajec-

tory.

Using global features good results have been achieved for simple tasks, but they have not

been very good for more complex tasks.

Local Analysis

A more detailed comparison between surgical gestures can be obtained using a local tra-

jectory analysis. This approach consider each element and the patterns of the trajectory.

This level of analysis can be implemented to distinguish between di↵erent skill levels and

gestures and provide more detailed assessment about the performance. Some approaches ba-

sed on this idea include movement segmentation, hidden Markov modeling, and non-linear

similarity measures.

Movement Segmentation: This approach is based on the idea that every single

surgical procedure can be segmented and recognized at low level using elementary

units. In this case, the whole trajectory could be decomposed into steps, sub-steps,

tasks, sub-tasks and tool motions depending on its complexity. The main advantage of

this method is that it is based on the fact that after segmentation, the analysis of each

segment becomes simpler. In [106], the smallest motion used in surgery called surgemes

is detected and based on this unit, the whole procedure is segmented. MacKenzi and

Cao, on the other hand, segmented MIS tasks into smaller subtasks and examine

durations and relative timing at each hierarchical level (tasks and subtasks) [77].
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1.2 Automated Objective Surgical Skill Evaluation 5

This method have been used successfully not only for MIS procedures but also for

other procedures such as ophthalmological surgeries [69]. However, the main research

topic in this field remains the adequate and e↵ective segmentation technique.

Hidden Markov Modeling: Surgical process modeling involves the correlation bet-

ween a feature vector and each trajectory. The most known modeling tool includes the

use of Hidden Markov Models (HMMs) with satisfactory results in the speech recogni-

tion field [58]. HMMs have been defined as a set of states that include an initial state, a

set of outputs, and a set of state transitions. In particular, in gesture recognition, each

state represents a set of possible surgical gestures [91, 72]. The methodology developed

in [107, 108] is based on Markov Modeling and a subset of HMMs. The force/torque

measures of each trajectory were used to define force/torque signatures associated with

14 di↵erent types of tool/tissue interactions and the result was a surgical performan-

ce index which represented a ratio of statistical similarity between di↵erent surgeons.

In [82] they processed the kinematic data acquired from di↵erent surgical gestures to

define an expert model using HMMs. In general HMMs have been useful to perform

hand gesture recognition with a good accuracy for a large gesture set. However, the

hidden nature of this approach makes it di�cult to examine the internal behavior. In

addition, the extensive training necessary for HMMs is time consuming and do not

guarantee good results [70].

Non-linear Similarity Measures: There are some problems to perform the compari-

son using sensor data (position, speed, acceleration) related with data synchronization

when one of the signals has a larger stream of data than the others. Several methods

were proposed to deal with this issue using a nonlinear approach where data is shrunk

or expanded along the time axis. In this case, each path is modeled as a sequence of

consecutive points in a multidimensional (2D or 3D) Euclidean space. In this approach,

a time series similarity measure is used to obtain a distance metric. Di↵erent algorithms

have been implemented, such as Dynamic Time Warping (DTW) [57, 124], Derivative

Dynamic Time Warping (DDTW) [61] or Longest Common Subsequence (LCSS) to

find the optimal alignment of two signals [8]. Several advances have been made in the

field of objective assessment of surgical skills using these algorithms. Dermitzakis et

al. [31] explore the viability of DTW as a classification method for upper�limb prost-

hetics. In particular, in surgical gestures classification, [96] the trajectory curvature

values was used to match and compare each gesture to a template using the DTW

method. Blum [13] use Canonical Correlation Analysis (CCA) to extract the informa-

tion from the video and various statistical models. Although DTW strongly depends

on the temporal order, the best results were obtained with this method.
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1.3. Contributions and Organization

1.3.1. Contributions

This thesis makes several contributions to the gesture recognition field:

1. A new approach that includes data parametrization of the position and orientation tra-

jectories, based on cumulative arc-length is presented. The conversion to cumulative

arc-length parametrization does not remove information compared to the time-domain

representation of a signal, since this conversion is similar to a time normalization opera-

tion. The main advantages of such an approach are the possibility of comparing similar

trajectories performed at di↵erent speeds and of analysing trajectories independently

from a sensor coordinate system. In this scheme, a curvature computation is carried

out in order to perform the analysis and classification of the gestures which is also

invariant to the sensor coordinate systems. The advantages include the reduction of

the problem dimensionality from 3D to 1D simplifying the classification problem and

its implementation. The experimental results shows that gesture comparison can be

performed for three di↵erent sensing devices.

2. Using this new approach, a survey is performed based on quaternions theory. The be-

nefits of using quaternion alongside with Dynamic Arc Length Warping is presented

and compared to other classic technique. The proposed approach can be used with qua-

ternion data to distinguish similar and di↵erent gestures. An experimental validation

is carried out to classify a series of simple human gestures.

3. A new analysis based on a�ne velocity of surgical gestures, is presented. We demons-

trate that constant equi-a�ne velocity in hand human gestures can be observed and

can be used to segment gesture trajectories. Based on these results, some modifica-

tions of the one-sixth power law’s exponents across di↵erent gestures are described.

Experimental proofs include the analysis of obstetrical and navigation gestures acqui-

red during medical training. The results show that averaging over all subjects and

gestures, the power law exponents are in accordance with constant spatial equi-a�ne

velocity.

4. Finally, based on the previous results, complex trajectories were analysed using a seg-

mentation algorithm that use a�ne velocity. Gesture classification is obtained based on

the energy calculated from each segment. For these experiments, six cameras, an ins-

trumented laparoscope and a complete minimally invasive training system were used.

The position values for each gesture were obtained based on OptiTrack Motive Soft-

ware and the laparoscope was identified using reflective markers. In addition, dynamic

data were acquired by the instrumentation of each laparoscope using a force and torque

sensor located between the tool tip and the handle of the tool to capture the interaction

between participant and the manipulated material.
Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés
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During this thesis several papers have been submitted and published in peer reviewed con-

ferences and journals:

1. Objective Assessment of Surgical Skills. Jenny A. Cifuentes, Minh Tu Pham,

Richard Moreau, Flavio Prieto and Pierre Boulanger. ASME 2012 11th Biennial

Conference on Engineering Systems Design and Analysis Volume 4: Advanced

Manufacturing Processes; Biomedical Engineering; Multiscale Mechanics of Biological

Tissues; Sciences, Engineering and Education; Multiphysics; Emerging Technologies

for Inspection and Reverse Engineering; Advanced Materials and Tribology. Nantes,

France, July 2â“4, 2012. Conference Sponsors: International. ISBN: 978-0-7918-4487-8.

2. An arc-length warping algorithm for gesture recognition using quaternion

representation. Jenny A. Cifuentes, Minh Tu Pham, Richard Moreau, Flavio Prieto

and Pierre Boulanger. In Engineering in Medicine and Biology Society (EMBC), 2013,

35th Annual International Conference of the IEEE. (pp. 6248-6251). Conference

07/2013; 2013:6248-6251. DOI: 10.1109/EMBC.2013.6610981.

3. Why and how to objectively evaluate medical gestures?. Jenny Cifuentes, Ri-

chard Moreau, Flavio Prieto, Minh Tu Pham and Tanneguy Redarce. IRBM, Elsevier,

2013, 34 (1), pp.74-78. DOI:10.1016/j.irbm.2012.12.001.

4. Automatic gesture analysis using constant a�ne velocity. Jenny Cifuentes,

Pierre Boulanger, Minh Tu Pham, Richard Moreau, and Flavio Prieto. (2014, August).

In Engineering in Medicine and Biology Society (EMBC), 2014, 36th Annual Inter-

national Conference of the IEEE (pp. 1826-1829). IEEE. DOI: 10.1109/EMBC.

2014.6943964.

5. Surgical Gesture Classification and Skill Evaluation using A�ne Velocity.

Jenny Cifuentes, Pierre Boulanger, Minh Tu Pham, Richard Moreau, and Flavio Prie-

to. (2015, March). IEEE Transactions on Human-Machine Systems Submitted.

6. Medical Gesture Recognition Using Dynamic Arc-Length Warping. Jenny

Cifuentes, Pierre Boulanger., Minh Tu Pham, Richard Moreau, and Flavio Prieto.

(2015, March). IEEE Transactions on Human-Machine Systems Submitted.

1.3.2. Thesis Organization

Chapter 2 introduces the existing algorithms to obtain time series similarity measures. Metric

and non metric distances are taken into account and a simulation analysis, that includes the

techniques with more accurate results, is developed to show the main advantages. Chapter

3 describes the algorithm that was developed and implemented. The simulation analysis as

well as the experimental results are presented. In this way, a survey based on quaternions

theory is also given. Chapter 4 includes the a�ne velocity description and its corresponding
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8 1 Introduction

analysis on obstetrical and surgical gestures. Conclusion and proposed future directions are

discussed in Chapter 5.
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2 Time Series Similarity Measures: A
review

Multi-dimensional time series are sets of data in which multiple measurements are made

simultaneously. These kind of series contain a vector of feature values for each occurrence

of the series. Most time-series research focus on providing solutions to calculate similarity

measures among di↵erent sequences with results in a broad range of applications. Several

techniques have been proposed in order to provide algorithms for e�cient processing in the

case of static time series with the same or di↵erent lengths. These approaches could be

classified into three categories: feature based, model based, and sequence distance based

[136] :

2.1. Feature Based Approach

In this category, time series dimensionality is reduced using suitable feature selection

algorithms.The resulting feature vector is then used to carry out the final classification.

Many researcher have worked on this particular strategy based using di↵erent techniques:

Time Series Shapelets: Feature extraction can be performed using time series that

can be, in some way, the most representative of a class. In a two-classe case, a shapelet

can be used to divide the time series into two parts, based on a given threshold. The

training process is performed to maximize the extracted information and the resulting

algorithm is integrated with the construction of the decision tree [138]. In [76], the

shapelets calculation and the classification algorithm are not related. In this case,

authors extracted the k best shapelets and calculated the distances between the time

series and the shapelets. Results allow to obtain a transformation of data in a new space

in order to improve the accuracy of the method. Authors proved that this approach

can be more accurate and significantly faster in the classification field. However it has

been proved, even if shapelets are computed o↵-line, that this approach is significant

time consuming [75].

Spectral Methods: Another techniques widely used are based on spectral methods

such as Wavelet decomposition and Fourier Analysis. These approaches take into ac-

count global and local features of sequences in order to perform the classification. In
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this way, Aggarwal et al. [3] take advantage of the multi-resolution property of wavelet

decomposition, in order to develop an algorithm which extract the features for the

classification, at di↵erent levels of granularity. In addition, Wavelet Transformations

allows a dimensionality reduction improving the e�ciency in the classification process.

A detailed study of wavelets used to analyse the performance of similarity searching,

in time series, is presented in [102]. However, studies have shown that Discrete Wavelet

Transform does not decrease the relative matching error and its computational comple-

xity is quite high [134]. One way to solve these problems is using the Discrete Fourier

Transform (DFT), which has a lower complexity. In [4], this approach is implemented

as an e�cient indexing method by mapping time series to the frequency domain. Their

experiments results show that a good performance is obtained by analysing the first

low-frequency harmonics (1 to 3). The main disadvantage of this technique is related

to the assumption that both sequences have the same length. This issue can be solved

using a sliding window to perform the mapping and taking only the first coe�cients

[40]. A variation of this approach has been proposed in [103], where authors improve

the e�ciency to compute the similarity distance by using the last Fourier coe�cients.

Eigenvalue Techniques: Feature extraction can be e�ciently achieved using an ei-

genvalue analysis such as Singular Value Decomposition (SVD) or Principal Compo-

nent Analysis (PCA). In [133], dimension reduction of feature vectors is obtained using

SVD. Their results show that this approach can improve the e�ciency as it provides

the best linear least squares error to data. On the other hand, Yang and Shahabi [137]

compute the similarity measures using PCA to generate and compare the principal

components and associated eigenvalues for multidimensional time series. Experimental

results show an improvement in the precision of calculations. In general, eigenvalue

techniques handle discontinuities much better than spectral methods. This fact can

be visualized in the low performance of spectral techniques obtained with signals that

have several spikes or abrupt jumps, are used as inputs [64]. Although eigenvalue met-

hods give optimal linear dimensionality reduction, they seems to be untenable for large

data sets [35].

2.2. Model Based Approach

Model based classification techniques are based on generative models which are repre-

sented using probability distributions. During the training process, parameters involved in

the model are learned and classification is carried out based on the highest likelihood of the

class [136].
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2.3 Sequence Distance Based Approach 11

Statistical Model: In this category, models such as Gaussian mixture models, Markov

and hidden Markov models are used. Specifically, Smyth [121] describe a probabilistic

model to cluster time series using HMMs. They propose a methodology to compute

an adequate hidden cluster structure in data sets of sequences. Some variations have

been proposed in order to improve the precision of this method. In [6], authors suggest

to use the Bayesian framework as a stop criterion during the HMM training or as

a distance measure when clustering HMMs, obtaining a very accurate classification.

However, this approach has a high complexity and requires an extensive training step

which is time consuming [70].

Neural Network Models: A multi - layer perceptron (MLP) neural networks consist

of one or more layers of neurons between the input and output layers. Each neuron in

a layer is connected by weighted links and the output of each unit is the sum of its

inputs through an activation function. In [93], several first and second-order statistical

features are used to perform the classification, based on a MLP neural network. Results

present a faster and better classification for larger time series. Advantages are directly

related to the fact that this approach involves a learning process, allowing to the user

does not need to have so much knowledge about the problem. Di↵erent structures for

the neural networks have been propose. Among them, Pham and Oztemel [94] have

proposed to use the length of each time series as the number of neurons in the input

layer. In [95], a procedure based on Learning Vector Quantization (LVQ) network,

with a similar structure, is suggested in order to increase the classification accuracy

and decrease the learning time. The disadvantages associated to this approach are the

noise and time series length sensitivity. Likewise, the length of the sequences analysed

should be the same and any change in this parameter requires retraining the entire

network [70].

2.3. Sequence Distance Based Approach

Distance based techniques are based on similarity measures calculated between di↵erent

sequences x
1

[k] and x
2

[l] of dimension n and m respectively defined as:

x
1

[k] = {x
1

(1; k), x
1

(2; k), x
1

(3; k), .., x
1

(n; k)},
x
2

[l] = {x
2

(1; l), x
2

(2; l), x
2

(3; l), .., x
2

(m; l)}. (2-1)

This approach is determinant to obtain an adequate classification, specially when the se-

quences have di↵erent lengths or local time variations. Based on this advantages, survey

presented in this work is focused on this category. Similarity measures could be classified

into two categories: elastic and non-elastic metrics.
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12 2 Time Series Similarity Measures: A review

2.3.1. Non Elastic Metrics

This classification includes a huge set of metrics. For this reason, just 20 of the best known

metrics that have a good performance in classification problems and pattern recognition,

will be presented in this section [19, 101, 12, 34]. Taking into account that each time series

of length of m could be represented as a vector in the p-dimensional space, then the simplest

approach to define the distance between two multi-dimensional series of equal dimension n

is to use the notion of p-norm. The p-norm distance, noted L

p

(x
1

[k],x
2

)[l] is defined as:

L

p

(x
1

[k],x
2

[l]) =

 
nX

i=1

|x
1

(i; k)� x

2

[i; l]|p
! 1

p

. (2-2)

The Euclidean distance, in particular, has been widely used as a similarity metric in time

series research because of its simplicity [40, 63]. In this case, the distance value d

(Eucl)

bet-

ween two n-dimensional sequences (x
1

[k], x
2

[l]) is computed by:

d

(Eucl)

(x
1

[k],x
2

[l]) =

vuut
nX

i=1

|x
1

(i; k)� x

2

(i; l)|2. (2-3)

The Manhattan distance d

(Manh)

, on the other hand, computes the sum of the distances

between each pair of points x
1

[k],x
2

[l] along axes at right angles, like the paths described

by a car moving in a city laid out in square blocks [54]:

d

(Manh)

(x
1

[k],x
2

[l]) =
nX

i=1

|x
1

(i; k)� x

2

(i; l)|. (2-4)

Other metrics assume that one axis is more important than the others. This is the case of

the Chebyshev distance or maximum metric d

(Cheb)

. It is a metric defined on a vector space

where the distance between two sequences (x
1

[k],x
2

[l]) is the sum of the greatest of their

di↵erences along any coordinate dimension:

d

(Cheb)

(x
1

[k],x
2

[l]) =
nX

i=1

max|x
1

(i; k)� x

2

(i; l)|. (2-5)
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2.3 Sequence Distance Based Approach 13

The binary similarity metrics, meanwhile, play a critical role in pattern analysis problems

such as classification, clustering, etc. in fields like image retrieval [119], biometrics [16] and

handwritten character recognition [15]. 2-6 is known as Gower distance d

(Gower)

[45]:

d

(Gower)

(x
1

[k],x
2

[l]) =
1

m

nX

i=1

|x
1

(i; k)� x

2

(i; l)|. (2-6)

It has been a method widely used in ecology because it can handle continuous and catego-

rical variables with an accurate results. Bray Curtis distance, sometimes called as Sorensen

distance d

(BCurtis)

, is a normalization method that takes the space as a grid similar to the

Manhattan distance (2-4):

d

(BCurtis)

(x
1

[k],x
2

[l]) =

nP
i=1

|x
1

(i; k)� x

2

(i; l)|
mP
i=1

|x
1

(i; k) + x

2

(i; l)|
. (2-7)

Similar metrics as the Soergel and Kulczynski distances can be used :

d

(Soergel)

(x
1

[k],x
2

[l]) =

nP
i=1

|x
1

(i; k)� x2(i; l)|
nP

i=1

max(x
1

(i; k), x
2

(i; l))
. (2-8)

d

(Kulczy)

(x
1

[k],x
2

[l]) =

nP
i=1

|x
1

(i; k)� x

2

(i; l)|
nP

i=1

min(x
1

(i; k), x
2

(i; l))
. (2-9)

These coe�cients were used as they were originally formulated for presence/absence data.

They do not place the assumption on the data that di↵erences between high data values are

considered more significant than the same di↵erence between low data values. Dot product,

by itself, is used as a similarity metric in a wide range of applications:

d

(dot)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k) • x
2

(i; l)). (2-10)
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14 2 Time Series Similarity Measures: A review

This distance d

dot

is based in the sum of the products of each pair of points of the two

sequences. Moreover, Cosine similarity distance d

cos

, which is a normalized inner product,

measures the angular di↵erence between two sequences x
1

[k] and x
2

[l]:

d

(cos)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k) • x
2

(i; l))r
nP

i=1

x

1

(i; k)2 •
r

nP
i=1

x

2

(i; l)2
. (2-11)

In [66], authors measure the correlation between filters using the Peak-to-Correlation energy :

d

(poc)

(x
1

[k],x
2

[l]) =

nP
i=1

(x
1

(i; ) • x
2

(i; l))

nP
i=1

x

1

(i; k)2 +
nP

i=1

x

2

(i; l)2 +
nP

i=1

x

1

(i; k) • x
2

(i; l)
. (2-12)

This feature provides precise results in the presence of noise. The numerator of Motyka

distance is normalized using the sum of feature vectors at each dimension increasing the

robustness:

d

(mot)

(x
1

,x
2

) =

mP
i=1

(min(x
1

(i),x
2

(i)))

mP
i=1

(x
1

(i) + x

2

(i))
. (2-13)

Its applications include fingerprint recognition and DNA repeats detection [101]. Ruzicka

metric, for its part, calculates the relation between the sum of the minimum shared attribu-

tes and the sum of the maximum attributes values:

d

(Ruz)

(x
1

[k],x
2

[l]) =

nP
i=1

(min(x
1

(i; k), x
2

(i; l)))

nP
i=1

(max(x
1

(i; k), x
2

(i; l)))
. (2-14)

Although this similarity distance is more a↵ected to the large di↵erences, it has been used in

applications that include the analysis of Internet tra�c [83]. Tanimoto metric, on the other

hand, has been widely used in both fingerprint [132] and image pattern recognition [44] and

some researches have been published in the text document clustering field [56]:
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d

(tan)

(x
1

[k],x
2

[l]) =

nP
i=1

x

1

(i; k) +
nP

i=1

x

2

(i; l)� 2
nP

i=1

min(x
1

(i; k), x
2

(i; l))

nP
i=1

(max(x
1

(i; k), x
2

(i; l)))
. (2-15)

Matusita (2-16) and Squared Chord (2-17) metrics have shown to provide a reliable criteria

in applications like the image and video retrieval using the energy values as the feature space

[62, 52, 51]:

d

(Mat)

(x
1

[k],x
2

[l]) =

vuut
nX

i=1

(
p
x

1

(i; k)�
p
x

2

(i; l))2, (2-16)

d

(SChord)

(x
1

[k],x
2

[l]) =
nX

i=1

(
p
x

1

(i; k)�
p
x

2

(i; l))2. (2-17)

Squared Euclidean metric calculates the sum squared di↵erence at each dimension of feature

vector:

d

(SEc)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k)� x

2

(i; l))2. (2-18)

This factor is included in other similarity distances such as Squared �

2:

d

(Sx)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k)� x

2

(i; l))2

x

1

(i; k) + x

2

(i; l)
, (2-19)

Pearson:

d

(Pearson)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k)� x

2

(i; l))2

x

2

(i; l)
, (2-20)

and symmetric �

2 divergence:

d

(SxD)

(x
1

[k],x
2

[l]) =
nX

i=1

(x
1

(i; k)� x

2

(i; l))2(x
1

(i; k) + x

2

(i; l))

x

1

(i; k) • x
2

(i; l)
. (2-21)
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16 2 Time Series Similarity Measures: A review

These distances have been used successfully in pattern recognition field [71, 44]. Although

these metrics have had accurate results in specific applications in engineering, Euclidean

norm remains being the most used in several fields, such as least squares, Eigen-problems,

mainly in statistics, etc. [85]. The main reason lies in its simplicity, ease of implementation,

time and space e�ciency, and its accurate results [104]. Experimental results have proved

that where there is no distortion and assuming gaussian noise in data, Euclidean distance is

known to be the optimal metric [40].

2.3.2. Elastic Metrics

Non-lastic metrics are an e�cient and easy way to calculate the similarity between time

series. Specifically, time series data objects allow the use of many traditional norms as well

as more specialized measures based on the application [10]. However, for practical data sets,

distortions start to appear as soon as the two sequences do not have the same size. In order

to overcome these pitfalls, researchers have suggested more flexible metrics to compute the

similarity between time series.

Practical problems can raise in practice when noise and outliers appear in the measurements.

For this reason, the required distance functions that can address the following issues [128]

are:

Di↵erent sampling rates or di↵erent speeds: Measurements acquired by specific

devices are not necessarily the result of sampling at fixed time intervals. Moreover, the

sensors involved could generate outliers or inconsistent sampling frequencies during

some time instants.

Outliers: Noise or some outliers could be introduced by a human failure or because

sensor damages when the data are being acquired.

Di↵erent Lengths: Using non-elastic metrics, when the time series have di↵erent

size, it is necessary to decide if it is required to truncate the longer sequence or pad

with zeros the shorter, which introduces distortion to the similarity measure.

E�ciency: The distance function should express the user’s notion of similarity and

also provide an e�cient computation.

Longest Common Subsequence

Longest Common Subsequence Algorithm (LCSS) finds the subsequence of two di↵erent se-

quences that best corresponds to each-other. The similarity distance is based on the ratio

between the length of the longest common subsequence and the length of the whole sequence.

The subsequence is not necessarily composed of consecutive points, the order of points is not
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2.3 Sequence Distance Based Approach 17

arranged and some points can remain unmatched. LCSS has been implemented successfully

to compare text strings [92]. When this approach is applied to series of numerical values,

a threshold is required to determine when values of corresponding points are treated as equal.

Consider two sequences of feature vectors (position, velocity, orientation, etc) defined in 2-1.

For x
1

[k] let Head(x
1

)[k] = {x
1

(1; k), x
1

(2; k), x
1

(3; k), .., x
1

(n� 1; k)} be the sequence x
1

[k]

removing its last element and similarly for x
2

[l]. In this way, the LCSS distance between x
1

and x
2

is defined as:

LCSS(x1[k],x2[l]) =

8
>><

>>:

0, if x1[k] or x2[l] empty.

1 + LCSS(Head(x1[k]),x2[l]), if x1[k] = x2[l].

max(LCSS(Head(x1[k]),x2[l]),LCSS(x1[k],Head(x2[l]))) otherwise.

(2-22)

The solution for this problem involves to compute the distance for smaller instances with a

few amount of points and then continues by adding new ones to the sequence. This equation:

LCSS[k, l] =

8
>>>><

>>>>:

0, if i = 0.

0, if j = 0.

1 + LCSS[i� 1, j � 1] if x
1

[k] = x
2

[l].

max(LCSS[k � 1, l], LCSS[i, j � 1]) otherwise.

(2-23)

can be solved using dynamic programming (2-23).

Where LCSS[i, j] denotes the longest common subsequence between the first i elements of

sequence x

1

and the first j elements of sequence x

2

. Although, the LCSS model described

in 2-23 matches exact values, it necessary allows more flexible matching between two time

series including certain range in the values. Given an integer � and a real positive number ✏,

LCSS(x
1

, x

2

) is defined in 2-24.

LCSS
�,✏

=

8
>>>><

>>>>:

0, if x
1

[k] or x
2

[l] is empty .

1 + LCSS
�,✏

(Head(x
1

), Head(x
2

)) if |x
1

(n)� x

2

(n)| < ✏.

and|n�m|  �.

max(LCSS
�,✏

(Head(x
1

),x
2

), LCSS
�,✏

(x
1

,Head(x
2

))) otherwise.

(2-24)

The constant � controls how far in time is possible go in order to match a given point from

one time series to a point in another time series. On the other hand, ✏ describes the matching
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threshold. The similarity function D

LCSS

between two sequences x
1

and x
2

, given � and ✏,

is defined in 2-25. LCSS algorithm to compute the LCSS similarity distance is summarized

in the Algorithm 1.

D

LCSS

(�, ✏,x
1

[k],x
2

[l]) =
LCSS

�,✏

(x
1

[k],x
2

[l])

max(n,m)
. (2-25)

The alignment between two time series, computed with this algorithm, could be seen in the

Figure 2-1. Where x
1

and x
2

are the blue and red trajectories, the gray zone represents

the matching area defined by ✏ and � and the alignment is shown by lines between each

pair of points chosen for the matching and subsequent calculation of similarity measure. The

matching threshold and the similarity value in this example are presented in the title.

Data: x
1

[k],x
2

[l]

Result: LCSS Similarity Distance
initialization;

for k=1 to m do

for i (k � �) to k + � do

if l <= 0 or l > m then x
2

[l] + ✏ >= x
1

[k] and x
2

[l]� ✏ <= x
1

[k]

LCSS[k+1,l+1]=LCSS[k,l]+1;

LCSS[k, l + 1] > LCSS[k + 1, l] LCSS[k+1,l+1]=LCSS[k,l+1];

else

LCSS[k+1,l+1]=LCSS[k+1,l];

end
end

end

LCS Distance=max[LCSS[n,:]]/max[n,m];

Algorithm 1: LCSS Algorithm.

The best results for this algorithm have been obtained with planar trajectories, because the

configuration of variables � and ✏ in multidimensional spaces makes it less accurate finding

wrong alignments and more time consuming. In addition, if the movements are recorded with

di↵erent update frequencies, LCSS does nor work appropriately and the similarity measure

calculated is not accurate [116]. An example of this behaviour is shown in Figure 2-2, where

each trajectory has a di↵erent update frequency causing that earlier points of sequence 1 are

matched with every point of sequence 2 that is included in range ✏. Due to this algorithm

does not take into account how the points are assigned, it is not possible to find a better

alignment with this approach.
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2.3 Sequence Distance Based Approach 19

Figure 2-1: Similarity distance based in the LCSS alignment.

Dynamic Time Warping

Dynamic Time Warping (DTW) is a time series alignment algorithm. It aims at aligning

two sequences by warping the time axis iteratively until an optimal match between the two

sequences is found. In [59], authors show the benefits of DTW among other gesture recogni-

tion algorithms such as Hidden Markov Models. Specifically, they summarize and compare

some important features (developer cost, time, complexity, recognition accuracies) between

these recognition methods (Table 2-1).

Consider two sequences of feature vectors as in 2-1. To align two sequences using DTW,

an n-by-m matrix is constructed, where the (ith,jth) element of the matrix contains the

distance d(x
1

[k],x
2

[l]) between the two points x
1

[k],x
2

[l]. The distance computed for each

pair of points, is non-elastic and is usually chosen by the author. In this work, based on

conclusions of Section 2.3.1, the Euclidean distance is calculated between the feature values

of each combination of points. These distances are used to calculate cumulative distance

matrix. Each matrix element (k, l) corresponds to the alignment between the points x
1

[k]

and x
2

[l] (Figure 2-3) and a warping path (green path) is a continuous set of matrix elements
Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés
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Figure 2-2: LCSS alignment for trajectories with di↵erent update frequencies.

that defines a mapping between x

1

and x

2

. To find the best match or alignment between

these two sequences it is necessary to find a path through the grid which minimizes the

total distances between them. The basic method for finding the optimal warping matrix

requires the evaluation of an exponential number of warping paths. For this reason, dynamic

programming is used to find the optimal warping path. 1D-DTW algorithm to find the DTW

similarity distance is summarized in the Algorithm 2.

Method Developer Time Recognition, Recognition, Recognition,

Cost Complexity Accuracy Accuracy, Accuracy,

(Single- Equal Coding Minimal

Path) Condition Coding

(Multi-Path) Condition

(Multi-Path)

Hidden High Cubic Good Great Good

Markov

Model

Dynamic Moderate Cubic Excellent Excellent Great

Time

Warping

Table 2-1: Comparison between Dynamic Time Warping and Hidden Markov Models [59].
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Reference (x1)

Te
st

 (x
2)

Figure 2-3: Cumulated Distance Matrix.

Data: x
1

[k],x
2

[l]

Result: DTW Similarity Distance
initialization;

for k=1 to n do

for l=1 to m do

distance=NonElasticMetric(x
1

[i], x
2

[j]);

DTW[i,j]= distance + min( DTW [i-1,j], DTW [i,j-1], DTW [i-1, j-1]);

end
end

Algorithm 2: 1D-DTW Algorithm.

In Figure 2-4, the alignment for two planar trajectories, obtained using DTW, is presented.

The results show that a natural alignment for trajectories with di↵erent size and scale (mag-

nitude and time) is possible using DTW.

From this calculation, in Figure 2-5, each gray line matchs a point in one sequence to its

correspondingly similar point in the other sequence. Both trajectories have similar amplitude

values but they have been separated in such a way that the alignment can be observed easiest.
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Figure 2-4: DTW Alignment.

If both of trajectories were equal, every line would be straight because no warping would be

necessary to match both sequences.

Multidimensional Dynamic Time Warping

Sequences acquired from surgical gestures are multidimensional time series. In order to analy-

ze them, some authors like [124] have suggested some variations of the classical DTW algo-

rithm called Multidimensional Dynamic Time Warping (MD-DTW). This approach includes

the addition of the distances in all dimensions to find the best synchronization. To analy-

ze the di↵erent dimensions with this method, it is necessary to normalize each dimension

to a zero mean and unit variance. The advantages of MD-DTW can be seen when multi-

dimensional series have synchronization information distributed over di↵erent dimensions,

then applying 1D-DTW for only one dimension could result in wrong alignments. MD-DTW

algorithm to calculate the similarity distance is summarized in the Algorithm 3. In Figu-

re 2-5, a MD-DTW alignment is shown for three dimensional trajectories with di↵erent size,

scale and location.
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Data: x
1

[n1],x
2

[n2]

Result: MD-DTW Similarity Distance
initialization;

x1=mean(x
1

[1...n1]) x2 = mean(x
2

[1...n2]) x1 =

x1/StandardDeviation(x
1

[1...n1]) x2 =

x2/StandardDeviation(x
2

[1...n2]) forK=1 to n1do

for l=1 to n2 do

distance=distance+NonElasticMetric(x
1

[k],x
2

[l]);

end

MDDTW[i,j]= distance + min( MDDTW [i-1,j], MDDTW [i,j-1], MDDTW [i-1,

j-1]);

end

Algorithm 3: MD-DTW Algorithm
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Figure 2-5: MD-DTW Alignment.
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Multidimensional Derivative Dynamic Time Warping

According to [61] and [140] DTW attempts to align two vectors that are similar except for

local accelerations and decelerations in time axis, the algorithm is likely to be successful.

However, the classical DTW algorithm has problems when the two sequences have great

variations in their feature data. Figure 2.6(a) shows that this variations resulting in poor

alignments located on the first maximum and minimum of the blue trajectory. To prevent this

problem, the latter authors have suggested to consider the first derivative of the sequences

rather the raw data.

x1

x2

(a) DTW applied to sequences with de-

celerations in time.

x1

x2

(b) Derivative DTW applied to sequen-

ces with decelerations in time.

Figure 2-6: Synchronization of two trajectories with respectively 100 and 10 samples.

In this algorithm, the distance measurement distance(x
1

,x
2

is not one of the non elastic

metrics described in the Section 2.3.1, but rather the square of the di↵erence of the estimated

derivatives, where the central derivative technique described in 2-26 is used for simplicity

and generality and is expressed by:

ẋ
1

[i] =
(x

1

[i]� x
1

[i� 1]) + ((x
1

[i+ 1]� x
1

[i� 1])/2)

2
. (2-26)

This expression represents the average of the slope of the line through every point and their

left neighbors, and the slope of the line through their left neighbors and their right neighbors.

This three-point estimation is a more accurate approximation and less to outliers than the

corresponding two-point estimation. This approach is summarized in Algorithm 4.
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Data: x
1

[n], x
2

[m]

Result: MD-DDTW Similarity Distance
initialization;

x1=mean(x
1

[1...n1]) x2 = mean(x
2

[1...n2]) x1 =

x1/StandardDeviation(x
1

[1...n1]) x2 =

x2/StandardDeviation(x
2

[1...n2]) fork=1 to ndo

for l=1 to m do

distance=distance+(|ẋ
1

[k]� ẋ
2

[l]|)2;
end

MDDDTW[i,j]= distance + min( MDDDTW [i-1,j], MDDDTW [i,j-1], MDDDTW

[i-1, j-1]);

end

Algorithm 4: MD-DDTW Algorithm.

In general, MD-DTW and MD-DTW have the same complexity (O(mn)) and take appro-

ximately the same time, however when real data are analyzed, MD-DDTW is very noise

sensitive and its accuracy depends on the method implemented to calculate the derivatives

[7].

2.3.3. Simulation Analysis (MD-DTW, MD-DDTW)

In this section, a robustness survey of techniques described in 2.3.2 and 2.3.2 was perfor-

med ([22]) using Matlab. Algorithms based on DTW were chosen due to the accuracy of

the experimental results compared to other techniques [59, 104]. The variation of di↵erent

parameters, such as the number of samples, the existence of outliers and noise in the mea-

surements, has been taken into account. The objective is to point out practical issues while

implementing the di↵erent DTW algorithms.

Number of Samples

A circular path with di↵erent number of samples (di↵erent sampling rate) was selected for

simplicity in the data visualization (Figure 2.7(a)). The position data could be considered

as time series where the dimension of the vector is equal to three. In every case, samples

have a regular space and the frequency is high enough to have all the information in order

to satisfy the Shannon condition:

fi

2

=
fi

1

2
. (2-27)

Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés



26 2 Time Series Similarity Measures: A review

With these two trajectories, both multidimensional synchronization techniques based on

DTW were implemented. Figures 2.7(b) and 2.7(c) show an example of the synchronization

between each point made by both techniques. The process with di↵erent variations in the

number of samples was repeated and the DTW distance of the optimal path, found by both

algorithms, was calculated. The results of the simulation are shown in Table 2-2.

(a) Circular path with di↵erent numbers

of samples.

(b) Synchronization obtained with MD-

DTW.

(c) Synchronization obtained with MD-

DDTW.

Figure 2-7: Synchronization of two trajectories with respectively 100 and 10 samples.

Number of samples Number of samples d (MD-DTW) d (MD-DDTW)

from the path 1 from the path 2

100 30 2.68 7.57

100 50 1.58 3.20

100 70 1.12 1.36

100 90 0.87 0.85

Table 2-2: Cumulative distance: variation of the number of samples.
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The results show that the cumulative distance of MD-DTW remains constant within a wider

range than MD-DDTW technique. In other words, these results point out that a better

performance is obtained with MD-DTW technique while varying the number of samples. The

reduction of the number of samples is equivalent to a loss representative information in the

data resulting in a distortion of the derivative used signals in MD-DDTW. This phenomenon

leads to a very di↵erent cumulative distance for MD-DTW compared to MD-DDTW. In

contrast when the number of samples increases, the performance of both algorithms is similar.

Outliers

In this section, artificial outliers have been added to the trajectory (see Figure 2-8) in order

to study the sensitivity of the di↵erent techniques with respect to this factor.

Figure 2-8: Artificial Outliers in the trajectory.

The analysis has been carried out according two criteria: a variation of the number of the

outliers present (% respect to the samples number of the trajectory) in the path and a

variation of the maximum amplitude of the outliers. Finally, we compare the results obtained

with both techniques. The results are summarized in the Table 2-3 for two sets of data with

the same number of samples.

Without filtering, the sudden changes in the trajectory generate very high variations of the

derivative causing errors while performing the synchronization with MD-DDTW. In contrast,

MD-DTW shows a better performance evidenced in lower distances for every case.

Noise

The last study concerns the e↵ect of noise on the di↵erent algorithms. Di↵erent white noise

levels have been applied to one trajectory (see Figure 2-9).

With the addition of noise, MD-DTW and MD-DDTW distances are computed y compared

in Table 2-4.
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% of Amplitude of d (MD-DTW) d (MD-DDTW)

outliers added outliers

0.05 0.23 0.48

5 0.1 0.36 0.71

0.3 1.04 2.09

0.05 0.45 0.87

10 0.1 0.76 1.53

0.3 2.69 5.38

0.05 0.54 1.00

15 0.1 1.19 2.1

0.3 3.03 5.45

Table 2-3: Cumulative distance: Outliers.

Figure 2-9: Artificial noise applied on one trajectory.

Like previously the results show that MD-DTW algorithm works better, calculating lower

values of distance compared to MD-DDTW. Although MD-DDTW works better when local

accelerations and decelerations are present (Figure 2-6), outliers and noise (sudden ampli-

tude changes) generate high values of derivatives, which increases the similarity distances

obtained with this algorithm.
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SNR (Signal to d (MD-DTW) d (MD-DDTW)

Noise Ratio)

50 1.50 1.48

48 1.64 1.75

45 2.24 2.45

43 2.74 3.16

40 3.39 4.00

38 4.45 5.08

35 6.04 7.29

Table 2-4: Cumulative distance: Noise.

2.3.4. Experimental Results

To conduct the experiments of this section, we acquired the 3D position (x, y, z) of a simple

gesture performed by five people. The right arm of the participants were dressed with a

four degrees of freedom exoskeleton (Detailed information Section 3.5.2 and [90]), then they

were asked to elevate their arm to simulate a gesture similar to the one made to stop/halt

someone. The trajectory performed by one of them is shown in the Figure 2-10 and similar

trajectories can be plotted for the other people.

Figure 2-10: Trajectory Performed.
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Based on the results presented in Section 2.3.3, MD-DTW has a better performance com-

pared to MD-DDTW. However, as part of this work, an experimental study was performed

in which the influence of the numerical approximation of the derivative was analyzed using

a lowpass filter and MD-DDTW technique and comparing the results with a new approach

that propose the use of a derivative filter and MD-DTW technique.

At this point, the low-pass filter and MD-DDTW technique to synchronize each trajectory

was used. The Table 2-5 shows the distance MD −DDTW obtained between each similar

pair of paths for the gesture with this method.

MD-DDTW

d1 Person 2 Person 3 Person 4 Person 5

Person 1 0.48 0.41 0.51 0.43

Person 2 - 0.43 0.52 0.4

Person 3 - - 0.48 0.45

Person 4 - - - 0.48

Table 2-5: Experimental results.

Finally, another alternative for the synchronization was used, a derivative filter was applied

directly and the corresponding points were found with MD-DTW technique. The difference

between these two alternatives can be highlighted on Figure 2-11.

Figure 2-11: Derivative Filter.

The filter used in the MD-DDTW algorithm is a Gaussian filter because it is effective re-

moving high frequency noise amplification, computationally efficient and it has an intuitive

relationship between size of σ and the degree of smoothing [120, 130]. The one-dimensional

gaussian filter has an impulse response given by:

g(x) =
1√
2πσ

e

−x2

2σ2 , (2-28)
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where x is the distance from the origin in the horizontal axis and � is the standard deviation

of the Gaussian distribution. Thus, the derivative filter implemented is given by 2-29.

h(x) =
dg(x)

dx

=
�x

�

2

p
2⇡�

e

�x2

2�2

. (2-29)

The results obtained with this alternative are summarized in the Table 2-6.

MD-DDTW

d

2

Person 2 Person 3 Person 4 Person 5

Person 1 0.35 0.38 0.4 0.37

Person 2 - 0.33 0.41 0.36

Person 3 - - 0.36 0.35

Person 4 - - - 0.37

Table 2-6: Derivative Filter.

The last values show that the method using the derivative filter gives a distance values

lower for similar trajectories. These results suggest that a more e↵ective classification of the

trajectories could be obtained. Since regular MD-DDTW method uses a numerical scheme

to approximate the derivative it turns out that the computed distance depends somehow on

the numerical scheme. By applying the second strategy, we use an analytical expression of

the derivative to improve the accuracy of the results.

2.4. Conclusion

In this chapter di↵erent metrics (non-elastic and elastic) used to find similarities between

time series, based on the 3D position of trajectories were explained. In particular, a simula-

tion analysis was carried out based on DTW and its variations. This approach was chosen

due to its accurate results, simplicity and computational e�ciency. Section 2.3.3 shows the

performance of each method, related to di↵erent parameters as the number of samples, the

amount of outliers and noise that could be included in the acquired signal.

In section 2.3.4, the benefits of a modified version of MD-DDTW are shown. This proposed

method includes a derivative filter instead of the use of a low pass filter and a numerical

di↵erentiation of the trajectories. The results show a more accurate behavior due to the

analytical nature of the derivative filter implemented.

Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés



3 Dynamic Arc Length Warping (DALW)

In this chapter, a new analysis in gesture classification is proposed using a space-time in-

dependent parametrization. This approach includes an arc-length parametrization allowing

for time independence and a geometric invariant like curvature that varies according to local

geometry and not sensor location. Experimental results exposed in this work are focusing on

the classification of hand gestures.

3.1. Arc Length Parametrization

A space trajectory P defined in 4D space by (t, x, y, z) can be seen as a vector r(t) = [x(t),

y(t), z(t)] in 3D space where time t 2 [a, b] is now a dependent parametric variable. The

problem with this classical time parametrization approach is that gestures are not necessarily

time dependent as for example a circular gesture is basically independent of the rotation

speed. Another way to parameterize space which is independent from time and coordinate

system is to use the notion of cumulative arc-length. Cumulative arc-length is based on the

total length S of the trajectory in 3D space between the beginning and the end of the gesture

[t
a

, t

b

] and is defined by :

S =

tbZ

ta

||ṙ(t)||dt, (3-1)

where ||ṙ(t)|| is the speed of the curve and is defined as the euclidean norm of the first

derivative of the trajectory with respect to time:

||ṙ(t)|| =
p
(ẋ(t))2 + (ẏ(t))2 + (ż(t))2. (3-2)

Considering the assumption that ṙ(t) 6= 0, the arc length function is di↵erentiable at t:

ds

dt

= ||ṙ||. (3-3)

One can re-parametrizeP by using a normalized parameter s called the cumulative arc-length

s defined by :
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s =
1

S

tbZ

ta

||ṙ(t)||dt, (3-4)

where s 2 [0, 1]. Figure 3-1 shows an arc-length parameterized spline curve, obtained using

Equation 3-4.

(a) Time Sequence (b) Arc Length Sequence

Figure 3-1: Arc Length Parametrization

The parametrization of the path with time means that motion description is not time in-

variant, and paths that follow identical trajectories at di↵erent speeds will be considered

di↵erent. The new parametrization is quite useful because it avoids this problem and, in

addition, cumulative arc length arises naturally from the shape of the curve and does not

depend on a particular coordinate system.

3.2. Curvature

For a given point, the curvature vector r̈(s) of a curve is defined as the magnitude of the rate

of change of the unit tangent vector T with respect to the cumulated arc-length s (Figure

3-2). We define curvature as the length of the curvature vector. We will denote the curvature

scalar quantity by the letter  as follows:

(s) = ||r̈(s)||. (3-5)

In other words, the curvature of the trajectory at a given point is a measure of how

quickly the curve changes in the direction at that point. Interestingly, when the parame-

trization with respect to the cumulative arc-length is used, the trajectory is sampled with

unequal intervals in space. For this reason, one cannot apply the classical techniques of nu-

merical di↵erentiation to compute the curvature.
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Figure 3-2: Unit tangent vector in di↵erent points of a curve.

In order to handle this problem, the data were fitted using polynomial functions. In this way,

a second-order Lagrange polynomial interpolation scheme is used to fit each set of three ad-

jacent points. We chose this interpolation technique for those reasons:

1. Simplicity: The Lagrange interpolating polynomial can be determined without having

to solve a system of simultaneous equations;

2. Roundo↵: Evaluation of the Lagrange polynomial is less sensitive to roundo↵ than

another polynomial interpolation technique [110];

3. Unequally Spaced Values: The most important advantage of Lagrange interpolation

is that the method does not need evenly spaced sampled values.

The second order polynomial can be di↵erentiated analytically twice using the following.

First, we fit a Lagrange interpolating polynomial to each set of three adjacent points:

f

n

(s) = L

i�1

(s)p
n

(s
i�1

) + L

i

(s)p
n

(s
i

) + L

i+1

(s)p
n

(s
i+1

), (3-6)
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where the function f

n

is the Lagrange polynomial for coordinate x, y, and z respectively, L
i

is the Lagrange basis function, and p

n

are the points to interpolate for each axis. In order

to calculate the curvature values of each trajectory, one can di↵erentiate twice the Lagrange

polynomial as in :
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where s

i�1

, s

i

, s

i+1

is the cumulative arc-length of three consecutive points.

3.3. Dynamic Arc Length Warping

Using the formulation derived in the previous section, one can calculate the numerical de-

rivatives of two trajectories r
1

(s) and r
2

(s0), where s and s

0 are the cumulative arc lengths

for r
1

and r
2

, in order to obtain their corresponding curvatures. In this case, the ob-

jective of DALW (Dynamic Arc Length Warping) is to compare the two curvature se-

quences 1 = {
1

(s
1

),
1

(s
2

),
1

(s
3

), ...,
1

(s
l

)} of length l 2 N and 
2

= {
2

(s0
1

),
2

(s0
2

),



2

(s0
3

), ...,
2

(s0
m

)} of length m 2 N.

To compare two di↵erent curvature signatures 1 and 2, a local comparison matrix F is

defined. The matrix elements measures the distance between the curvature values 
1

(s
i

) and



2

(s0
j

) according to a chosen norm. In the following, we will use the Euclidean norm for

convenience. This local similarity metric is defined between any pair of elements 
1

(s
i

) and



2

(s0
j

), using the following expression:
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F (i, j) = (
1

(s
i

)� 

2

(s0
j

))2 � 0. (3-11)

Typically F (i, j) is small (low cost) if 
1

(s
i

) and 

2

(s0
j

) are similar to each other and other-

wise F (i, j) is large (high cost). Evaluating the local cost measure between two sequences 
1

and 
2

leads to a cost matrix by F. Then main goal of this algorithm is to find an alignment

between 
1

and 
2

which minimize the overall cost function.

A warping path of a curvature signature 
n

is denoted by �

n

, where k = 1, 2, ...,W and

max(l,m)  W < l+m�1. Consequently, the curvature array defined for this warping path

is defined by:



0

n

(s
j

) = 

n

(s
�n), (3-12)

where s

j

value corresponds to the previous signature value at s

k

. Using this notation, the

warping functions �

1

(k) and �

2

(k) re-map the cumulative arc-length index of 
1

and 

2

,

respectively. Given �, one can compute the total distance between the warped arc-length

series as:

d =
WX

k=1

1

↵

�

⇣


1

(s)� 

2

(s0)
⌘
2

M

�

, (3-13)

where ↵
�

is a per-step weighting coe�cient and M

�

is the corresponding normalization cons-

tant, which ensures that the distances are comparable along di↵erent paths. The value of

M

�

depends on the application and in most cases it is the length of the path, but it can also

be omitted [111].

The optimal warping corresponds to the warping �

1

(k⇤) and �

2

(k⇤) that minimize the dis-

tance:

DALW (
1

,

2

) = d(k⇤). (3-14)

This result is equivalent to the distance or similarity measure between paths found with

DALW. This optimization problem can be e�ciently solved by using a dynamic program-

ming technique [9].

In order to ensure reasonable optimal paths, constraints are usually imposed on the warping

function �

n

(k):
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1. Boundary Condition: This condition restricts the beginning and the ending points

of the path.

Beginning point : �
1

(1) = �

2

(1) = 1

Ending point : �
1

(W ) = N ; �
2

(W ) = M .

2. Monotonicity Condition: The order of the measurements collected on each variable

has a crucial importance to the meaning of arc length. Accordingly, imposing a reaso-

nable monotonicity-constraint to maintain the respective order in the arc length while

performing DALW is necessary:

�

1

(k + 1) � �

1

(k) and �

2

(k + 1) � �

2

(k).

3. Step size Condition: This criterion limits the warping path from long jumps (shifts

in arc length axis) while aligning sequences. We use the basic step size condition for-

mulated as:

|�
1

(k + 1)� �

1

(k)|  1 and |�
2

(k + 1)� �

2

(k)|  1.

The new algorithm consists of using the proposed arc length dynamic warping to match

two curvature signals first, then, with the information of the alignment between each pair of

points, one can reconstruct the matching between both original 3D trajectories.

3.4. Simulation Analysis

In this section, two artificial series were analyzed. The objective is to visualize that the

proposed technique not only is e�cient and produce quantitative results but also provide

qualitative results compared to other techniques such as Multi-Dimensional Dynamic Time

Warping MD-DTW [21]. In Figure 3-3, two simple trajectories are shown, which can repre-

sent any physical quantity (position, orientation, force, etc), and one of them is scaled and

is at a di↵erent location in space. The number of samples of both trajectories is also di↵erent.

Figure 3-4 shows the characteristic curvatures for each trajectory. Taking into account the

curvature values parametrized in function of the arc length, dynamic warping is performed

and a preliminary alignment between both curvature signals is obtained. From this point on,

using the matching curvature points, the alignment between both 3D trajectories is recons-

tructed (Figure 3.5(a)).

Figure 3-5 shows that DALW algorithm generates better results with a more natural align-

ment between both 3D trajectories. Furthermore, the Euclidean distance has been computed

between each pair of matching points with both techniques (DALW and MD-DTW) in order

to obtain a quantitative comparison.
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Figure 3-4: Curvature calculated for both signals.

The comparison results are shown in Figure 3-6. This distance gives us a better idea on the

performance of each technique. In this case, DALW generates a smaller value of distance

for similar trajectories obtaining a more precise alignment. In many ways this makes sense

because the curvature is invariant to the spatial location of the trajectories relative to the

sensor coordinate system.
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Figure 3-5: Comparison: Arc Length Warping and Time Warping.
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Figure 3-6: DALW and MD-DTW distances for trajectories shown in Figure 3-5

3.5. Experimental Position Data Analysis

In the previous section, the proposed technique has been tested with 3D artificial trajectories

obtaining not only e�cient quantitative results but also qualitative results compared to other

techniques such as Multi-Dimensional Dynamic Time Warping MD-DTW [21]. The aim of

this section is to perform a validation of this algorithm using real generic human hand

gestures and real surgical gestures based on position data.

3.5.1. Filtering Trajectories

A low-pass filter without phase shift and without magnitude distortion is applied to the 3D

measurements to reduce the noise. This low-pass filter is easily implemented using a non-

causal zero-phase digital filter by processing the input data with an IIR low-pass Butter-

worth filter in both the forward and reverse direction using a ’filtfilt’ procedure from Matlab.

The cut-o↵ frequency !

c

of the low-pass filter is chosen to avoid any distortion of magnitude

on the filtered signals within the bandwidth of the gestures. It has been determined experi-

mentally by analyzing the Fast Fourier Transform (FFT) of each component of the gesture.

Using this analysis, one can then calculate the frequency for which the magnitude values is
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less than 15% of the maximum (see Figure 3-7). By obtaining the maximum value of these

frequencies one can make sure that important information is not missing in any coordinate.

It is noteworthy that, in practice for a real-time application robust filtering techniques could

be used [73, 74].

Figure 3-7: Example: Fourier transform of each coordinate.

3.5.2. Gesture Comparison Using an Exoskeleton

To test this new approach, simple gestures were studied. The position measurements of each

gesture were recorded using an exoskeleton of the upper extremity [90]. It has four degrees

of freedom achieved using four links and four actuated revolute joints:

The shoulder abduction/adduction;

The shoulder flexion/ extension;

The shoulder internal/ external rotation;

The elbow flexion/ extension.

Figure 3-8 shows the exoskeleton used and its kinematic model. The exoskeleton’s links are

essentially made of aluminum and plastic components and steel is present in motors and

joints areas. The user’s arm is fixed to the exoskeleton using an external arm and wrist

holders using internal pneumatic holders (Figure 3-9). A safe workspace for the user is gua-

ranteed by limiting the motion range using mechanical stoppers in joints. Range values are

shown in Table 3-1.

Di↵erent people can use this exoskeleton due to its adaptability. DC motors are used in

order to adjust the shoulder height and width and the upper arm length. In the same way,

mechanical gliders are used to modify the forearm length, and the arm holder and wrist

holder positions.
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Figure 3-8: The upper extremity exoskeleton with its 4 four active degrees of freedom.

Table 3-1: Joints characteristics

Shoulder Shoulder Shoulder Elbow

abduction/ flexion/ external/ extension/

adduction extension internal flexion

rotation

Arm’s Range (o) - 180 ! 0 -140 ! 90 - 110 ! 80 0 ! 145

Exoskeleton’s Range - 90 ! 0 -90 ! 0 - 80 ! 15 0 ! 135

For these experiments, a total of 10 subjects were involved. They were asked to do two kind

of gestures (10 times each) with their right arm (all subjects are right handed). The first one

was a communication gesture as the subject wanted to say stop to someone running towards

him/her. The second one was a simple gesture where the subject had to place his/her hand

as there was a wall in front of him/her. These gestures were chosen because they were quite

similar from a kinematic viewpoint. Figure 3-10 shows one example of position values for

each gesture. This figure represents the trajectories of a subject’s wrist.

To avoid any disturbances for the subjects during the experiment, a gravity compensation

technique was used to give the illusion the exoskeleton had no weight [89]. Using this exos-

keleton, we were able to record precisely the displacement of the subject’s right arm and
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Figure 3-9: The upper extremity exoskeleton.

x[m]
y[m]

z[m]

Figure 3-10: An example of position values for both gestures.

to eventually decompose the gestures in di↵erent anatomic planes for further studies on the

di↵erent human joints. After the acquisition process of the position values, a filtering stage
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was used based on Section 3.5.1. The di↵erent trajectories were aligned according to four

di↵erent analysis (Table 3-2).

Table 3-2: Di↵erent Experiments.

Nature of Gestures Carried out by

Similar Same person

Di↵erent people

Di↵erent Same person

Di↵erent people

The DALW and DTW distance are computed with position data according to these four

criteria. The results of DALW and DTW distance values and their deviations for each expe-

riment with the position data can be seen in Figure 3-11. The results show the similarity

measurements between each pair of trajectories based in the proposed analysis in Table 3-2.

Figure 3-11 shows the distances obtained with both algorithms (DALW and DTW). One

can distinguish similar and di↵erent gestures regardless of whether these trajectories were

performed by one person or by di↵erent people.

In particular, the deviations obtained with the DALW algorithm are smaller than those

obtained with the DTW algorithm in most cases. This result shows it is possible to achieve

an accurate way to di↵erentiate the various gestures suggested by this experimental setup.

Figure 4 shows also that since the trajectories of each gesture are closely bounded to the

people who execute them, it is possible to get small distances for the experiment involving

di↵erent gestures carried out by the same person compared to the experiment involving

similar gestures carried out by di↵erent people.

3.5.3. Gesture Comparison Using an Instrumented Laparoscopic

Device

In this section, surgical gestures were evaluated on a laparoscopic training system. An ins-

trument prototype, shown in Figure 3-12, with a Yaw-Roll actuated tip was used to record

several trajectories.

The handle and shaft orientations are decoupled with a free ball joint to improve the ergono-

mic performance. This configuration allows to explore the whole intra-abdominal workspace

and to avoid excessive wrist flexion or deviation. The robotic instrument configuration used

was the Standard Fixed Handle Configuration where the joints were locked in their central
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Figure 3-11: DALW and DTW distance computed with position data from exoskeleton.

position [53].

This training system allows to set up a representative configuration of a real surgery where

the instrument motions remained confined in a small region of the intra-abdominal works-

pace. Five people with no experience participated in the experiments and five repetitions

were completed in this configuration for a pick-and-place task. Each experiment took one

of the five specific positions in the virtual abdomen to cover the whole workspace (Figure

3-13) with 4 repetitions for each trajectory. The DALW and DTW distances are computed

based on the previous configuration. The results of DALW and DTW distance values and

their deviations for each classification can be seen on Figure 3-14.

Results obtained with surgical gestures are quite di↵erent compared with the generic gestu-

res (Section 3.5.2), obtained with the exoskeleton. In this case, the trajectories analyzed for

each task are pretty di↵erent no matter who perform them. This means that the distances

obtained for the experiments performed with di↵erent gestures by the same person are higher

than for the experiments performed with the same gesture by di↵erent people, in contrast

with the results shown in Figure 3-11 when using a exoskeleton.
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Figure 3-12: Laparoscopic Device.
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Figure 3-13: Position on di↵erent surgical gestures using laparoscopic device.
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Figure 3-14: DALW and DTW distances computed with position data from laparoscopic

device.

The experimental results show the distance computed with the DALW algorithm leads to

an easier classification of the experiments involving di↵erent gestures than di↵erent people.

Also, in Figure 3-14, it is possible to observe that DALW distances have a lower deviation

than DTW distances, allowing to distinguish more easily the di↵erent groups of experiments.

3.5.4. Gesture Comparison Using an Obstetrical Forceps

In this section, an analysis of several data sets, acquired by an instrumented obstetrical for-

ceps coupled with the BirthSIM simulator, is presented (Figure 3-17). With this device, a

medical practitioner can make a transvaginal assessment diagnosis. The BirthSIM simulator

consists of anthropomorphic models of the maternal pelvis and the fetal head. The forceps,

on the other hand, allows to measure displacements inside the pelvis. Parts of the system

and its functioning are described in Figure 3-15.

In general, the system is composed by three important parts:
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Figure 3-15: Functioning and parts of the BirthSIM simulator.

A mechanical segment: It establishes the anthropomorphism of the simulator. Birth-

SIM includes the main anatomical parts such as: the ischial spines, coccyx, sacrum and

pubis (Figure 3-16). The fetal head, on the other hand, was rebuilt from MRI ima-

ges provided by the hospital in order to reproduce the anatomy and, additionally, an

skull was built by rapid prototyping to improve the haptic sensation. The fetal head

has been installed at the end of a pneumatic cylinder representing the fetal back in

order to reproduce the movements of the head. The flexion/extension movements of

the head are reproduced by a pivot mounted between the head and the cylinder. This

pivot connection provides range of motion of 75o in extension and 45o flexion. Lateral

flexion is ensured using another pivot with an amplitude of 40o.

An electro-pneumatic actuator: The electro-pneumatic part consists of a pneu-

matic cylinder with an instrumented servo valve. The objective of this cylinder is to

locate the fetal head automatically by a certain level of presentation and to reprodu-

ce the different types of effort (resistive efforts of the pelvic muscles, involuntary and

voluntary efforts (FEA and FEV) produced by the pregnant woman). The servo valve

used is manufactured by FESTO with reference MPYE-5-M5-010B and the actuator

used is a double acting cylinder with a single rod.

Visualization: This section is available for the instructor and for the user (if necessary)

in order to check several parameters (level of presentation of the fetal head, forceps

position on the fetal head and involuntary and voluntary effort of the pregnant woman).
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Figure 3-16: The maternal pelvis provided by BirthSIM.

Specifically, users can see, on a screen, the position of their obstetric instruments in

real time relative to the fetal head and maternal pelvis .

The system is instrumented with electromagnetic sensors, with 6 Degrees of Freedom, that

can track masked objects. In order to avoid interference in the device, the forceps includes

nonmagnetic material [88].

Figure 3-17: Obstetrical Forceps.
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The numerical values of position errors in this system are summarized in Table 3-3.

Table 3-3: Tolerance for position measurements

Axes Tolerance - Position [mm] Tolerance - Orientation [deg]

X 0.119 0.0685

Y 0.2234 0.0437

Z 0.2234 0.0451

In the experiments, six obstetric students were asked to perform 30 forceps blade place-

ments providing for each trainee 60 trajectories: 30 left blade trajectories and 30 right blade

trajectories. The forceps placements are carried out in two di↵erent sessions of 15 forceps

blade placements (Figure 3-18). In each trajectory, the fetal head is positioned according to

the ACOG (American College of Obstetrics and Gynecology) classification [26] on an outlet

OA+4 presentation (Occiput Anterior location and station +4cm from the ischial spines

plan).

Figure 3-18: Left and right blade trajectories.

After the acquisition process, a low-pass filter is tuned and implemented based on the ap-

proach described in Section 3.5.1. Subsequently, DTW and DALW distances are calculated

for each pair of paths according to the experiments described in Table 3-2. The results of

DALW and DTW distances for each experiment can be seen on Figure 3-19.

Results are similar to those obtained with laparoscopic data (Section 3.5.3). Distance values

for the experiment performed by the same person with di↵erent gestures are higher than for
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Figure 3-19: DALW and DTW distances computed with position data from BirthSIM

device.

the experiment performed by di↵erent people for the same gesture. This result is obtained

because the gestures analyzed are quite di↵erent compared to the variation obtained between

di↵erent people. For this reason, two groups are easy to classify: those that involve similar

gestures and those that involve di↵erent gestures. One can also see that the deviation for the

two algorithms is smaller than for the experiments performed with the laparoscopic device.

This is mainly due to the amount of gestures available for the two analysis. Finally, as in the

previous sections, DALW distance allows a better classification of the experiments compared

with DTW distance.

3.6. Hand Gesture Analysis Using Quaternions

In tracking 3D objects, full localization can be achieved not only with position informa-

tion but also with their orientation information. Specifically, quaternions have been widely

used to represent these kind of data. In [20], normalized quaternions are used to obtain a

kinematic model that describes the relative orientation between the reference frames of a

link-mounted sensor and the link on a robot manipulator. In addition, this mathematical

tool have been used to model the hand-orientation errors in the control of manipulators
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[139]. The importance of this formulation lies in their simplicity to analyse stability of the

orientation error dynamics. These advantages haven been so considerable that, some authors

have used this representation to design controllers in the task-space tracking field for robot

manipulators [135, 24].

Particularly, for the evaluation of medical gestures, the orientation of the tip of the ins-

trument is essential to determine how tissues are manipulated in a surgical procedure. In

[87], obstetrical gestures orientation are expressed in the quaternion unit space in order to

compute and compare the quaternions curvature. The quantitative results present a method

to objectively assess gestures.

In this section, we use a quaternion representation of the angles to classify a gesture. Based on

the results obtained in Section 3.5, Dynamic Arc-Length Warping (DALW) was implemented,

in order to perform a comparison between di↵erent hand gestures.

3.6.1. Orientation Data and Quaternions

Multi-dimensional temporal series are data sets with multiple measurements made simul-

taneously that varies over time. They are typically a vector of feature values for each time

occurrence. In this section, we carry out an analysis of orientation data of the wrist produced

by an exoskeleton measuring exactly the orientation information in real-time.

Most of works on gesture recognition are focused only on the analysis of position values.

Orientations, on the other hand, have not been widely evaluated due mostly to their re-

presentation dependency. In the following paragraphs, a quaternion representation will be

described and its advantages in this field will be exposed by comparing with the results using

euler angles.

Orientation of an object in three-dimensional space can be parametrized using quaternions.

This element is conformed by a 4-tuple obtained from the sum:

Q = q

0

+ q, (3-15)

where q

0

is called the scalar part and q is called the vector part of the quaternion. Defined

in this way, a general expression for these elements is given by [65]:

Q = a+ i · b+ j · c+ k · d, (3-16)

where a, b, c, d 2 R are scalars and i, j, k are di↵erent imaginary units.
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A rotation can be described based on the rotation axis L, its unit vector l = [l
x

, l

y

, l

z

]T and

the rotation angle � with the unit quaternion as described by:

Q = cos
�

2
+ i.l

x

sin
�

2
+ j.l

y

sin
�

2
+ k.l

z

sin
�

2
. (3-17)

Figure 3-20 shows a quaternion where ↵, � and � represent the orientations of a unit vector

n that lies in the axis of rotation.

Figure 3-20: Quaternion Representation

The main advantage of quaternion is that its representation is independent of a central

coordinate system which avoids singular situations such as the so called gimbal lock for

Euler angles. A quaternion is also more compact and faster than the traditional matrix

representations. One can calculate a quaternion based on orientation measurements using

the following expression [46]:

Q =

2

6664

cos(↵/2) cos(�/2) cos(�/2) + sin(↵/2) sin(�/2) sin(�/2)

sin(↵/2) cos(�/2) cos(�/2)� cos(↵/2) sin(�/2) sin(�/2)

cos(↵/2) sin(�/2) cos(�/2) + sin(↵/2) cos(�/2) sin(�/2)

cos(↵/2) cos(�/2) sin(�/2)� sin(↵/2) sin(�/2) sin(�/2)

3

7775
, (3-18)

where ↵, � and � are the angles around the axes x, y and z.
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3.6.2. Experimental Results

Algorithm described in section 3.3 was implemented. In particular, DALW distances

were computed for orientation data using the euclidean norm as a local distance between

each pair of points. The DALW distances using quaternions, in turn, have a modification:

instead using Euclidean norm, distances between two succesive quaternions (Q
1

and Q

2

)

were computed as follows:

d(Q
1

,Q
2

) = 1� hQ
1

,Q
2

i2, (3-19)

where hQ
1

,Q
2

i denotes the inner product between the two quaternions and each quaternion

(Q
1

and Q
2

) is a unit quaternion that satisfies:

a

2 + b

2 + c

2 + d

2 = 1. (3-20)

To test our method, simple gestures were studied. The orientation measurement for each

gesture were recorded using an exoskeleton device described in [89]. Figure 3-8 shows the

exoskeleton used and its kinematic model. This device has four degrees of freedom: three for

the shoulder (internal-external rotation, abduction-adduction, flexion- extension) and one

for the elbow (flexion-extension).

A total of 12 subjects were involved in this study. They were asked to do two kinds of ges-

ture (10 times each) with their right arm (all subjects are right handed). The first one was a

communication gesture as the subject wanted to say stop to someone running towards him.

The second one was a simple gesture where the subject had to place their hand on a wall

in front of them. Figure 3-21 represents an example of the average values of orientation

trajectories of a subject’s wrist.

The DALW distance is computed with orientation data and with the corresponding quater-

nion according to these four criteria. The results of DALW distance values and the standard

deviations for each experiment can be seen in Figure 3-22.

As one can see in Figure 3-22, the DALW distance values obtained with quaternion dif-

ferentiate clearly the di↵erent sets of experiments allowing a classification of the gestures.

Clearly, the distance measured is higher for the experiment which involves di↵erent gestures

performed by di↵erent people and lower for the experiment which compares similar gestures

performed by the same person. Likewise, this similarity measure allows to di↵erentiate the

experiments involving di↵erent gestures performed by the same person or by di↵erent peo-

ple. Also, it is clear that the DALW algorithm with quaternion leads to smaller standard

deviations compared to the DALW algorithm with the angular orientation data allowing

obtain data sets more clustered that facilitate the classification stage. The results obtained
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Figure 3-21: An example of orientation of the wrist.

Figure 3-22: DALW Distance found with quaternions and orientation data.

in this work allow to take into account the quaternion information from angular orientation

data and the Dynamic Arc-Length Warping algorithm as an appropriate tool for the hand

human gesture recognition.
Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés



3.7 Conclusion 55

3.7. Conclusion

In sections 3.1, 3.2 and 3.3, a method based on a cumulative arc-length parametrization

was proposed in order to distinguish di↵erent generic gestures. The study included several

gestures that were performed repeatedly by di↵erent subjects; these data sets were acqui-

red, also, with three di↵erent devices. The results suggest that di↵erent gestures can be

distinguished on the basis of position measurements alone. The main contributions include

the possibility to compare similar trajectories performed at di↵erent speeds using cumula-

tive arc-length warping and curvature to guaranty invariance to the location of the sensor

coordinate system. Based on these results, this new algorithm is proposed as an e�cient

alternative to surgical gesture classification.

In Section 3.5, we have presented the proposed approach method (Dynamic Arc-Length War-

ping algorithm) using a quaternion representation of data to perform gesture classification.

An experimental study was carried out for two di↵erent kinds of gestures to validate our

approach. The results show also that the distances obtained with a quaternion representa-

tion lead to a standard deviation lower than those obtained with angular orientation data.

Furthermore, the higher standard deviations while using the angular orientation data are

greater for the comparison between di↵erent groups of experiments. The similarity measu-

re obtained between the di↵erent sets of data allows to develop a relevant classification of

human gestures. However, limitations for this last approach are focused on the acquisition

system of data, only one of the devices exposed in this chapter has the possibility to acquire

orientation data.
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4 Medical Gestures Classification Using
Equi-A�ne Speed and Mechanical
Ernergy Calculation

In this chapter, we are interested in finding the similarities and di↵erences among di↵erent

surgical gestures. So far, most of the works are developed to know what kind of variables (spa-

tial or temporal) should be used to perform the classification. In all the cases, the variables

involved should be related with both kinematic and dynamic aspects of trajectories genera-

tion. Some early studies have suggested that the CNS (Central Nervous System) associates

representations for the movement based on geometrical and temporal attributes instead of

motor execution or muscle activation [41, 114]. In particular, during drawing movements,

humans tend to decrease the instantaneous tangential velocity of their hands at the same

time the motion curvature increases and similarly, the velocity increases when the trajectory

becomes straight [86, 2]. This relationship has been shown to be well adapted using a two-

third power law, an empirical law that shows the correlation between local geometry and

kinematics of human hand motion in planar drawing trajectories [68, 98].

However, if planar drawing movements follow this power law it does not imply that it is

an explicit relationship for every human movement planned by the Central Nervous System

(CNS). In any case, it has been generalized for some types of human movements and also

for motion perception and prediction [30]. In [33], the two-third power law is applied to the

smooth pursuit motion of eye, specifically controlled by distinct neural motor structures and

a particular set of muscles. Whereas Vieilledent et. al have studied some curved locomotor

trajectories with the hypothesis that, also during locomotion, movements obey this rela-

tionship [125]. Another important result in this field is related to the a�ne velocity of each

trajectory. Pollick et al. show that if instead of computing the Euclidean speed, the a�ne

velocity is calculated, then the unique function that involves the curvature and generates

an a�ne invariant velocity is specifically the two-third power law [98]. It means that the

hand writing trajectories implies motion at constant a�ne velocity. This fact shows that the

power law and kinematic aspects of movement can be described by observing the a�ne space

instead of the Euclidean one [50]. Specifically, in vision machine field, a�ne transformations

are deals with rotation, translation, and posterior parallel projection of a planar object into

the camera. Actually, a�ne concepts have been applied to the analysis of image motion and
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to the perception of 3-D structure from motion in [38, 99, 11].

Furthermore, it was demonstrated that the two-third power law is not su�cient to explain

general 3D drawing movements. Experimental results suggest that the movement at constant

a�ne velocity is indeed the main principle and the two-third power law could be a special

case. In this way, a new power law (one-sixth power law) has been proposed to facilitate the

description of spatial drawing movements [79, 100]. Based in these results, it was demonstra-

ted, that for the limited case of 3D scribbling movements, the one-sixth power law explains

the data better than the two-third power law.

In this chapter, an analysis of the a�ne velocity on medical gestures is presented. Constant

a�ne velocity is demonstrated for this kind of hand human gestures and the histogram

behavior for each gesture, is presented. Additionally, some modifications of the power law’s

exponents across two di↵erent gestures are described. However, averaging over all subjects

and gestures, the power law exponents are generally in accordance with constant spatial

a�ne velocity. Finally, gesture classification is obtained on more complex trajectories, based

on an a�ne velocity segmentation and a mechanical energy analysis.

4.1. Two-Third and One-Sixth Power Law

A 2D trajectory can be described as the movement performed by a point p 2 [0, 1] on the

plane. Each value of p generates values in the curve r(p) = [x(p), y(p)] 2 R

2. The velocity

associated is represented by the tangent vector T . Based on the parametrization chosen,

velocities can be di↵erent but still represent the same trajectory, such as the euclidean or

the a�ne velocity (Figure 4-1).

(a) (b)

Figure 4-1: Geometry of a 2D trajectory.
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In particular, in figure 4-2 trajectories (a) and (b) show euclidean transformations and (a)

and (c) describe affine transformations. While, in (a) and (b) the euclidean distance between

p1 and p2 is preserved , in (a) and (c) the affine one is preserved. The two third power law

will show that the time spent to arrive from p1 and p2 is the same for both curves if they

are related by affine transformations. This particular law is going to be explained more in

details in this section.

(a) (b)

(c)

Figure 4-2: Curves related by Euclidean and Affine transformations.

The inverse relationship between modulus of the Euclidean velocity v and curvature κ during

planar drawing hand trajectories is defined by the two-third power law (4-1):

v = ακ− 1
3 , (4-1)

where v and κ are defined for a planar motion by:

v =
√
ẋ2 + ẏ2 and κ =

|ẋÿ − ẍẏ|
(ẋ2 + ẏ2)

3
2

, (4-2)

and where α is a gain factor. In this case, ẋ, ẏ and ẍ, ÿ are the first and second derivatives

of x, y relative to time. Previous works have demonstrated that in drawing movements, the

gain factor α is approximately constant for simple elliptical shapes, but is piecewise constant

for more complex shapes [126, 127].

Meanwhile, the affine velocity va for planar motion is defined by:

va = |ẋÿ − ẏẍ| 13 . (4-3)
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This equation describes the cube root of the signed area of the parallelogram created by

the instantaneous first and second position derivative of the trajectory with respect to time.

With some algebraic manipulations of (4-2) and (4-3), it is possible to express the Euclidean

Velocity as :

v = v

a



�1/3

. (4-4)

If (4-4) is compared with (4-1), one can conclude that motion with constant a�ne velocity is

equivalent to motion that obeys the two-third power law. If one performs the same transfor-

mation, one can obtain the equations that describe motion in drawing trajectories. Formally,

for a trajectory v, , and the torsion ⌧ are defined by:

v =
p

ẋ

2 + ẏ

2 + ż

2

, (4-5)

 =

p
(z̈ẏ � ÿż)2 + (ẍż � z̈ẋ)2 + (ÿẋ� ẍẏ)2

(ẋ2 + ẏ

2 + ż

2)
3
2

, (4-6)

⌧ =
|dr
dt

,

d

2
r

dt

2 ,
d

3
r

dt

3 |
||dr

dt

⇥ d

2
r

dt

2 ||
, (4-7)

where || • || and ⇥ denote vector magnitude and cross product, respectively. Spatial a�ne

transformations preserve the volume (rather than area) enclosed by the shape. Then, the

spatial a�ne velocity at any point is defined in terms of the volume of the parallelepiped

defined by the first, second, and third-derivative at that point is defined by:

v

a

=
���
dr

dt

,

d

2

r

dt

2

,

d

3

r

dt

3

���
1
6
, (4-8)

where | • | denotes the scalar triple product. Using some algebraic manipulations of (4-5),

(4-6) , (4-7), and (4-8), it is possible to prove that spatial motion at constant a�ne velocity

entails the one-sixth power law as following:

v = v

a

(2|⌧ |)� 1
6 = v

a



�1/3|⌧ |�1/6

. (4-9)

4.2. Obstetrical Gestures

An analysis of several data sets, acquired by an instrumented obstetrical forceps coupled

with the BirthSIM simulator, is presented in Section 3.5.4. In the experiments, six obstetrical

residents were asked to perform 30 forceps blade placements providing for each trainee 60

trajectories: 30 left blade trajectories and 30 right blade trajectories. The forceps placements

are carried out in two di↵erent sessions of 15 forceps blade placements (Figure. 3-18). In
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each trajectory, the fetal head is positioned according to the ACOG (American College of

Obstetrics and Gynecology) classification on an outlet LOA+5 presentation (Left Occiput

Anterior location and station +5cm from the ischial spines plan).

4.2.1. Linear Regression

The position data were interpolated using a cubic splines to calculate the di↵erent deriva-

tives with smoother trajectories. Based on the splines computation, variables such as a�ne

velocity v

a

, curvature , and torsion ⌧ were calculated using their analytical derivatives. In

order to avoid singularities when the torsion is zero, a threshold was used in the di↵erent

calculations (5% on the value of absolute torsion).

Several simulations were performed in order to examine if the relationship between the ve-

locity, curvature, and absolute value of torsion could represent the obstetrical gestures. Fig.

4-3 presents some examples of the correlation found between x = k

1
3 |⌧ |�1/6 and the norm of

the Euclidean velocity y using a least square fitting technique.

Linear least squares approach is used to fit the data with a model of the form:

y ' ✓

0

+ ✓

1

x. (4-10)

Where ✓ is the vector composed by the coe�cients associated to the y�intercept and the

slope of the straight line (✓
0

= b and ✓

1

= m) and (x, y) are values for k

1
3 |⌧ |�1/6 and

|v| respectively. The residuals (defined as the di↵erences between the observations and the

model) are:

r

i

= y

i

� (✓
0

+ ✓

1

x

i

), i = 1, ...,m, (4-11)

where m is the number of samples. In order to make the residuals as small as possible, sum

of the squares of the residuals is minimized:

||r||2 =
mX

1

r

2

i

(4-12)

In particular, the Moore-Penrose pseudoinverse is used to solve the linear least square pro-

blems, taking into account that this mathematical tool provides the minimization in this

way:

✓ = w

+

y, (4-13)

where w = [1 x] and w

+ is the pseudoinverse of w:

w

+ = (wT

w)�1

w

T (4-14)
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These results show that there is a proportional relationship between both quantities (v and

k

1
3 |⌧ |�1/6), taking into account that ✓

0

or the y�intercept is close to 0 (0.0582 in average).

That means that obstetrical gestures, like scribbling movements, are also governed by the

one-sixth law. In order to analyze the variance found in each linear regression, a histogram

that describe the distance between the straight line and each sample was computed for each

gesture. Figure 4-4 represents the histogram that describes the results for the gesture with

an average variance. Due to the data variance has a similar behavior than a Gaussian one,

then a Gaussian density function was fitted to the samples. In this way, blue line shows the

functions fitted to these results and finally, red lines ilustrate the gaussian functions calcu-

lated for gestures with maximum and minimum variance.

Due to the data variance has a similar behavior than a Gaussian one, then a Gaussian density

function was fitted to the results. Fig. 4-4 shows the results calculated for a sample data

set acquired from the experiments. Despite the fact that the left gesture is easier than the

right one (less complex and less rotation), the dispersion is higher than the right one. This

is due to the fact that the left hand is the less skillful hand for the people involved in the

experiments. However the maximum dispersion to the linear regression is similar for both

gestures.

(a) Sample Data Set - Left Blade. (b) Sample Data Set - Right Blade.

Figure 4-3: Linear regression obtained for a sample data set (Left and Right Hands)
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(a) Histogram Sample Data - Left Blade.

(b) Histogram Sample Data - Right Blade.

Figure 4-4: Histogram of a Sample Data (Left and Right Blade).

4.2.2. Power Law to Describe Obstetrical Gestures

In this case, the exponents of (4-9) were not taken as a fixed constant (4-15) and, in order

to calculate the best exponents that fit the surgical data, a logarithmic linearization of this

equation is used:

v = v

a



↵|⌧ |�, (4-15)

log(v) = log(v
a



↵|⌧ |�) = log(v
a

) + ↵ log() + � log(|⌧ |). (4-16)
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This expression can be rewritten as z = � + ↵x + �y, where z = log(v), x = log() and

y = log(|⌧ |). Based on this expression, in order to calculate ↵, � and �, a multivariate linear

regression was performed using a least square fitting technique. [49] (Figure 4-5 and Figure

4-6).

Linear least squares approach is used to fit the data with a model of the form:

z ' ✓

0

+ ✓

1

x+ ✓

2

y (4-17)

The residuals (defined as the di↵erences between the observations and the model) are:

r

i

= z

i

� (✓
0

+ ✓

1

x

i

+ ✓

2

y

i

), i = 1, ...,m, (4-18)

where m is the number of samples. In order to make the residuals as small as possible, sum

of the squares of the residuals is minimized:

||r||2 =
mX

1

r

2

i

(4-19)

In particular, the Moore-Penrose pseudoinverse is used to solve the linear least square pro-

blems, taking into account that this mathematical tool provides the minimization in this

way:

✓ = w

+

z, (4-20)

where w = [1 x y] and w

+ is the pseudoinverse of w:

w

+ = (wT

w)�1

w

T (4-21)

In Figure 4-7, the average values for both exponents (↵ and �) are presented for each subject

involved in this experiments. The results show that the exponent ↵ has an average value of

0,2059 approximately �1

5

ranging from 0,1357 ⇡ �1

7

to 0,273 ⇡ �1

4

. The exponent �, on the

other hand, presents an average value of 0,0862 ⇡ � 1

12

varying from values as 0,0603 ⇡ � 1

16

to 0,1301 ⇡ �1

8

. The deviation for each gesture shows that the left trajectories have a higher

variance than the right ones for each exponent calculated.

Based on the values of the constant �, the a�ne velocity was calculated taking into account

the relationship � = log(v
a

). Figure 4-8 presents the values of a�ne velocity for each gesture

performed for each person involved in this experiments. As for the previous results the

dispersion for the gesture performed by the left hand is higher compared with the right one.

Additionally, Figure 4-8 shows that the a�ne velocity of the right gestures, in every case,

is lower than the values calculated for the left gestures. The results obtained are clustered

in such a way that is possible distinguish between both gestures for each subject.
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Figure 4-5: Multivariate Linear Regression - Left Blade.

Figure 4-6: Multivariate Linear Regression - Right Blade.

4.3. Gestures in Surgical Training

4.3.1. Data Capture System

A data capture system was used to record all data from the motion tracking system and

the force and torque sensors. The processing was accomplished using a computer with a

quad-core processor and a 4 gigabytes RAM. Microsoft Windows Operating System was

required for compatibility with the motive tracker R�. Force and torque data were acquired
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Figure 4-7: Free exponents calculation.

Figure 4-8: A�ne velocity for each gesture.

and synchronized using a program developed in Labview R� with a frequency of 30 Hz. A

schematic diagram of the system is depicted in Figure 4-9.

Participants performed di↵erent tasks used in surgerical training in an Endo-trainer from

3D-Med (Figure 4-10). This trainer simulates a laparoscopic surgery environment with an

adjustable camera to simulate a laparoscope. A training board is placed inside the Endo-
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Figure 4-9: Data capture system

trainer to be manipulated by the participants using laparoscopic instruments.

Figure 4-10: Endo-trainer.
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Motion Tracking

The position was obtained based on an arrangement of six cameras and the OptiTrack Motive

Software R�. Each camera has 1.3 MP resolution at 120 FPS and the sampling rate was 30

samples per channel per second. Based on this configuration, the laparoscope was identified

using reflective markers attached at the end of a calibration rod (Figura 4.11(a)).

(a) Markers Loca-

tion

(b) Calibration Tool

Figure 4-11: Experiment tools.

The calibration is made using the tools provided by the software. In this particular case,

markers at di↵erent distances are located in a particular tool (Figure 4.11(b)) in order

to place them in di↵erent positions in the workspace. After this process is completed, an

optimization algorithm, included in the software, calculate the suitable focal values for each

camera (Figure 4-12), each one with an excellent accuracy. It is also important to note that

e↵ective tracking filters are included in this process allowing a very accurate results.

Figure 4-12: Calibration results
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With this configuration, a rigid body identified by markers is created in order to represent

the laparoscope (Figure 4-13). The rigid body position (center of mass), and rigid body

rotation (recorded in quaternions) are recorded into an array to make saving data easier.

Figure 4-13: Rigid body.

In this way, the marker’s position is recorded using this tracking system. In order to calculate

the position of the instrument tip, a FARO Titanium Arm scanning device equipped with a

FARO Laser Line (Figure 4.14(a)) was used in order to measure the distance between the

markers and the instrument tip. This device has become in a very trusted source for 3D

measurement with a maximum precision: ±0,041 mm, for our particular case. The digitized

instrument is shown in Figure 4.14(b).

The distance between the center of mass of markers and the instrument tip was computed

based on these results, the following transformation matrix was used to compute the final

position values:

T =

2

6664

1 0 0 367,62571

0 1 0 44,4895

0 0 1 �15,73163
0 0 0 1

3

7775
[mm]. (4-22)

Force and Torque Data

Each laparoscope was instrumented with a force and torque sensor (Figure 4-15) located

between the tool tip and the handle of the tool to capture the interaction between partici-

pant and the manipulated material. The Mini40 force and torque sensor from ATI Industrial

[1] is composed by six strain gauges that react to the load of the instrument. This sensor

was calibrated based in the values shown in Table 4-1 and the z-axis was aligned with the

instrument shaft.
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(a) 3D measure de-

vice.

(b) Digitized Instrument.

Figure 4-14: 3D Measurements

Table 4-1: Calibration Data.

Sensor Max. Value Min. Value Tolerance Axis

Force 35 N -35N ± 0.3 N X

35 N -35N ± 0.3 N Y

106 N -106N ± 0.3 N Z

Torque 1.5 N.m -1.5 N.m ± 0.008 N.m X

1.5 N.m -1.5 N.m ± 0.008 N.m Y

1.5 N.m -1.5 N.m ± 0.008 N.m Z

In the framework of this thesis, a Labview program was developed in the AMMI (Advanced

Man-Machine) Laboratory of the University of Alberta in order to perform the data syn-

chronization between force and torque and position and orientation data. For each position

sample, a sample of force and torque was obtained. The sampling rate for data acquisi-

tion was 30 Hz. Additionally, the program shows the visualization of acquired data and the

relevant information of the instruments used.
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Figure 4-15: Force and torque sensor

4.3.2. Experimental Methodology

The tasks involved in these experiments were performed in a complete minimally invasive

training system that did not require any video equipment. Two subjects with previous sur-

gical experience and 6 subjects with no experience were involved in this experiment. Before

performing the trajectories, participants completed a questionnaire that included informa-

tion such as age, gender, dominant hand and current training status (no experience or some

surgical skills) (Table 4-2). Participants performed two di↵erent trajectories that involve

depth perception skills. The aim was focused on avoiding collisions for di↵erent navigation

paths using the dominant hand (Figure 4-16). Particularly, Figure 4.16(b) shows the trajec-

tories in black, the obstacles in gray and the initial and final point in green. For this task,

participants were instructed for each trajectory, they had 5 trials before recording the final

10 experiments. Motion started and finished approximately in the same point. Figure 4-17

shows one example of position values for each gesture.

Table 4-2: Participants Information.

Age Gender Dominant hand Training Status

Subject 1 20 Male Right No experience

Subject 2 22 Male Right Surgical Skills

Subject 3 34 Female Right No experience

Subject 4 27 Female Right No experience

Subject 5 23 Male Right No experience

Subject 6 30 Male Right No experience

Subject 7 35 Female Right Surgical Skills

Subject 8 29 Female Right No experience
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(a) Minimally invasive training system.

(b) Trajectories shape.

Figure 4-16: Navigation trajectories involved in the experiments.

4.3.3. Power Law to Describe Surgical Gestures

A filtering stage was implemented using a lowpass FIR filter with a cutoff frequency of 5 Hz

and order 20. The position data, for 160 trajectories, were interpolated using cubic splines

to calculate the analytical derivatives. Based on the splines computation, variables such as

velocity modulus v, curvature κ, and torsion τ were computed. In order to avoid singularities

when the torsion is zero, a threshold was used in the different calculations (5% on the value

of absolute torsion).
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Figure 4-17: Real trajectories.

In order to determine the exponents for curvature ↵ and torsion � but also for the a�ne

velocity v

a

, a similar analysis to the section 4.2.2 was performed. In this way, a multivariate

linear regression was used and a least square fitting algorithm was implemented to solve

this problem [49]. Regression results for both gestures, shown in Figure 4-18, suggest that

the movements, acquired in the experiments, follow the power law described in Equation 4-15.

In Figure 4-19, the distributions for both exponents (↵ and �) are presented. The results

show that both histograms can be fitted using normal distribution curves. The average va-

lues for the curvature exponents ↵ and the torsion exponents � were �0,2059 ⇡ �1

5

and

�0,0990 ⇡ � 1

10

, respectively.

Based on the values of the constant �, the a�ne velocity was calculated taking into account

the relationship � = log(v
a

). Figure 4-20 presents the variability of a�ne velocity values for

both trajectories performed by each participant involved in the experiments.

The distribution of data values shows that the a�ne velocity for the first trajectory, in every

case, is higher than the values calculated for the second one. This fact could be explained

because the first trajectory has combinations of curvature-torsion values higher than the
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Figure 4-18: Multivariable linear regression for one trial of each trajectory.

(a) Curvature Exponents Distribution (b) Torsion Exponents Distribution

Figure 4-19: Value Distribution for Curvature and Torsion Exponents.

second one. The results obtained are clustered in such a way that is possible to distinguish

between both gestures for each subject. Additionally, based on Table 4-2, results show a

biggest di↵erence for the a�ne velocities obtained from participants with previous surgical

training (Dotted rectangle in Figure 4-20). In contrast, participants with no experience at

all have higher variance in their a�ne velocity calculations. This behaviour could be explai-

ned by the presence of collisions that could disturb the movements and expand the range of

measurements.
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Figure 4-20: A�ne Velocity for both gestures.

It suggests that navigation skills in surgical training have an important correlation with the

mathematical statement that relates the torsion, the curvature, and the Euclidean velocity.

This is an important contribution in the gesture recognition field, which allows us to find

an adequate classification using a simple algorithm based on both, kinematic and geometric

data.

Based on these results, a�ne velocities for basic navigation trajectories could be calculated

based on the two-third power law. Now, the problem lies in finding a�ne constant velocities

for more complex trajectories, which are present in the training process and in real operations.

For this reason, the last part of this work is focused on the segmentation, analysis and

classification of more complex trajectories.
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4.4. Segmentation and Classification using A�ne Velocity

and Mechanical Energy Calculation

4.4.1. Methodology

In this section, tasks usually performed during the mini-invasive surgical training were in-

cluded in the experiments. Specifically, trainees work using a task box where users had to

learn to transfer rings back and forth on pegs to get used to use the laparoscope based on a

visual input from the camera. In these experiments, two particular trajectories were taken

into account (Figure 4-21) and each participant had five attempts to practice the task before

starting the recording of data. After this practice, ten trials using the dominant hand were

recorded for each participant. The initial and final positions were the same (Green dot in

Figure 4-21).

(a) Task 1 (b) Task 2

Figure 4-21: Ring Transference Trajectories.

Trajectories for both tasks performed by each participant are shown in figures 4-22 and

4-23.

4.4.2. Data Processing

A filtering stage was implemented using a lowpass FIR filter with a cuto↵ frequency of 5 Hz

and order 20. Based on the filtered trajectories, a�ne velocity was calculated based on the

exponents computed in Section 4.3.
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A�ne velocity maximums are directly related with big and simultaneous changes in torsion

and curvature. Based on this fact, trajectories that involve pick-and-drop tasks have two

maximums in their a�ne velocity related to these particular movements. Then, taking into

account previous information about the nature of the movement, this segmentation can be

carried out by considering breaks after two consecutive maximums are found in the a�ne

velocity signals. For these reasons, in order to segment the trajectory for each pick-and-drop

task, first and final peak were computed at the beginning and the end of each trajectory.

Starting from the initial one, next two peaks are found and the second one is taken as a

reference point, the time distance between the initial peak and this reference is computed

in order to include a window with this size that allows us to find the relevant peaks that we

need for the segmentation (Algorithms 5 and 6).

Trajectories with no previous information about their nature will require a segmentation

based on each maximum calculated in the a�ne velocity signals. Segmentation results for

the a�ne velocity trajectories are shown in Figure 4-24 and 4-25.

A�ne velocity signals have an important component of noise due to the derivatives involved

in the torsion and curvature computations. These trajectories are represented in these figu-

res in blue; curves in black, on the other hand, are splines fitted to each signal in order to

facilitate the analysis. Finally, red lines indicate the location of maximum points computed

through the whole trajectory.

Indexes for each maximum peak were recorded and used to segment the original position

trajectories. In Figures 4-26 and 4-27, di↵erent segments were computed using this informa-

tion. In particular, on first gesture figures, the basic tasks can be recognized almost in every

trajectory being similar each other, in contrast, in second gesture figures, where trajectories

have higuer variations, is quite di�cult to recognize the nature of the basic task involved in

the movement.
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Function maxinf= maxdetection(x,tolerance)

Data: minv =1,maxv = �1
Data: minindex = NaN,maxindex = NaN , Flag= 1

for i=1 to length(x) do

actual=x(i);

if actual > maxv;

then maxv=actual, maxindex=i;

if actual < minv;

then minv=actual, minindex=i;

if Flag;

then if actual < maxv � tolerance;

then maxinf=[maxinf; maxv maxindex];

minv=actual;

minindex=i;

Flag=0;

if actual > minv + tolerance then maxv=actual;

maxindex=i;

Flag=1;

end

Algorithm 5: Maximum Peaks Detection.
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maxinfo=maxdetection(x,tolerance);

WL=maxinfo(3,2)-maxinfo(1,2);

maxfinal=[maxfinal; maxinfo(1,1)];

indexfinal=[indexfinal; maxinfo(1,2)];

j=1 ;

while j >= 0;

do

for i = (WL ⇤ j) + 1 to (WL ⇤ (j + 1)) + 1 do

if (WL ⇤ (j + 1)) + 1 <=length(x);

then maxv=maxdetection(x(((WL+j)+1):(WL*(j+1))+1));

j=j+1;

maxfinal=[maxfinal; max(maxv(:,1))];

indexfinal=[indexfinal; locate(max(maxv(:,1)))];

else

maxv=maxinfo(end,1);

maxindex=maxinfo(end,2);

j=-1;

maxfinal=[maxfinal; maxv];

indexfinal=[indexfinal; maxindex];

end
end

end

Algorithm 6: Relevant Peaks in A�ne Velocity Signal.

4.4.3. Mechanical Energy Calculation

Based on the segmentation calculated in the previous section, a feature that characterize

each segment should be computed in order to perform the classification. Some researches

around the world had shown encouraging results using the total mechanical energy calcula-

ted for each movement.

In particular, mechanical energy involves force and torque and position and orientation data

to compute the energy applied by each subject during the tasks. In the context of physics,

this variable is referred to as work, but can be conceived as the energy used in the mani-

pulation during an intervention. This measure could capture relevant information about the

movement economy, errors,dropped objects, collisions, excessive force that could represent

higher energy values.
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Figure 4-22: Trajectory 1.
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Figure 4-23: Trajectory 2.
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(a) Subject 1 (b) Subject 2

(c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6
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(g) Subject 7 (h) Subject 8

Figure 4-24: Segmentation A�ne Velocity- Trajectory 1.

(a) Subject 1 (b) Subject 2

(c) Subject 3 (d) Subject 4
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(e) Subject 5 (f) Subject 6

(g) Subject 7 (h) Subject 8

Figure 4-25: Segmentation A�ne Velocity- Trajectory 2.
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(a) Subject 1 (b) Subject 2 (c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6 (g) Subject 7 (h) Subject 8

Figure 4-26: Segmentation Position - Trajectory 1.

(a) Subject 1 (b) Subject 2 (c) Subject 3 (d) Subject 4

(e) Subject 5 (f) Subject 6 (g) Subject 7 (h) Subject 8

Figure 4-27: Segmentation Position - Trajectory 2.
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Energy was computed from the force (F ), torque (T ), and tool tip position and orientation

values (x and !) based on the expression:

E =

Z
t

0

F.dx+

Z
t

0

T.d! (4-23)

Resulting energy computations for each segment are shown in the following figures:

Figure 4-28: Energy calculated for the trajectory 1.

The results show that participants 2 and 7, subjects with some skills handling these instru-

ments, have lower values of energy. Likewise, Figures 4-28 and 4-29 show low dispersion in

the values of energy, being more clear in the intermediate segments where the variation in

the path may be higher.

It is possible to notice that trajectory 1, in general, involves higher values of energy com-

pared to trajectory 2. This behaviour is due to bigger changes in orientation and torsion

are present in this movement. Similarly, subjects with higher values of energy in the first

movement are reflected also in the second one, being more precise in the intermediate seg-

ments. These increased energy values may reflect collisions, dropped elements and any kind

of interruption in movement. It can be noted that, although second gesture have higher

variations among the movements for each participant, it correspond to the movement as-

sociated to the lowest energy. This behaviour can be explained because, despite the fact

that this trajectory involved di↵erent possible paths to perform it, the movements are shor-

ter and achieving the adequate orientation does not require big values of torsion or curvature.
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Figure 4-29: Mechanical energy calculated for the trajectory 2.

Based on the results, classification can be performed using just one intermediate segment,

which represent the dynamic of a basic task, decreasing the problem complexity and the

computation time. Although this method does not allows to distinguish between movements

performed by di↵erent people, gesture recognition can be done based on gesture nature and

surgical skills.

4.5. Conclusion

In this chapter, an experimental relationship between velocity, curvature, and torsion is used

to calculate a new suitable feature to classify gestures: The a�ne Velocity. The experiments

involved in this survey include two obstetrical gestures acquired using an instrumented for-

ceps. The a�ne velocity calculations allow to classify between gestures for each subject

involved in the experiments.

Likewise, this work describes experiments carried out based on two di↵erent navigation ges-

tures. These movements involved depth perception skills, acquired using an arrangement

of six cameras, the OptiTrack Motive Software and a complete minimally invasive training

system. The a�ne velocity calculations allowed to classify gestures and distinguish the sur-

gical skills for the participants involved in these experiments. The results obtained present

a new alternative to analyze medical gestures by examining the a�ne space rather that the

Euclidean one.
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Finally, the last part of this work describes two trajectories performed during the training

process in minimally invasive surgery. These trajectories have a more complex nature that

avoid to obtain a constant a�ne velocity for whole trajectory. For these reason, a segmen-

tation stage was implemented based on the maximum peaks computed in the a�ne velocity

signals. For each segment, energy was calculated and compared between each participant

involved in the experiments. Results suggest that segmentation could acquire the relevant

information from the trajectory and in this way, improve computation time in the analysis

stage. Mechanical energy, on the other hand, is a valuable feature that allows to distinguish

movements performed by participants with previous surgical skills.

Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés



5 Conclusion

Objective evaluation of surgical skills has become an important challenge in medical trai-

ning. Nowadays, methods developed in order to obtain an automated evaluation are not yet

able to replace the expert-based assessment and its variability mainly because of the lack

of adequate skill metrics. A critical stage in this process is related to the classification of

gestures based on the nature of each movement and the level of skills of each participant. An

adequate and accurate classification method is required to assess the trainees skills before

they enter the operating room.

An algorithm based on a cumulative arc-length parametrization was proposed in order to

perform an e�cient classification, among di↵erent gestures. Specifically, this method invol-

ves an arc-length parametrization allowing for time independence and a geometric invariant

like curvature that varies based on the local geometry. The main contributions include the

possibility to compare similar trajectories performed at di↵erent speeds using cumulative

arc-length warping and curvature to guaranty invariance to the location of the sensor coor-

dinate system. In order to develop the implementation, it was necessary to take into account

that using the parametrization with respect to the cumulative arc-length, trajectories are

sampled with unequal intervals in space. Based on this premise, a second-order Lagrange

polynomial interpolation scheme was used in order to compute the curvature values. An ex-

perimental study was conducted using tree di↵erent devices with the cooperation of di↵erent

subjects and a low-pass filter without phase shift and magnitude distortion was applied to

each 3D data set. In the first analysis, position measurements of each gesture were recorded

using an exoskeleton of the upper extremity. In this particular case, a total of 10 subjects

were involved and they were asked to do two kind of gestures (10 times each) quite similar

from a kinematic viewpoint. Second experiment involves surgical gestures that were evalua-

ted on a laparoscope training system (instrument prototype with a Yaw-Roll actuated tip).

In this instance, five people with no experience participated for a pick-and-place task (five

repetitions). Finally, an analysis of gestures acquired by an instrumented obstetrical for-

ceps coupled with the BirthSIM simulator, was developed. In the experiments, six obstetric

students were asked to perform 30 forceps blade placements providing for each trainee 60

trajectories: 30 left blade trajectories and 30 right blade trajectories. The results suggested

that di↵erent gestures can be distinguished using position measurements.

Cette thèse est accessible à l'adresse : http://theses.insa-lyon.fr/publication/2015ISAL0056/these.pdf 
© [J.A. Cifuentes Quintero], [2015], INSA Lyon, tous droits réservés



89

Based on the approach suggested and the previous results, any trajectory (position, orien-

tation, etc) can be analysed and compared in order to obtain an adequate classification. As

complementary work, the algorithm proposed (Dynamic Arc-Length Warping) was tested

on orientation data where a quaternion representation to perform orientation-based gesture

classification. To validate our approach, orientation values for gestures acquired using the

exoskeleton were analyzed. This is an important limitation because only this device had the

possibility to acquire orientation data. The results show that the distances obtained with

a quaternion representation lead to a standard deviation lower than those obtained with

angular orientation data. Additionally, the higher standard deviations obtained while the

angular orientation data were used, di�cult to obtain an adequate comparison between the

di↵erent groups of experiments. These results demonstrate that similarity measures obtained

between the di↵erent sets of data allow to develop a classification scheme of human gestures

based on orientation values.

While the first part of this work was developed based on the analysis of position or orientation

values (kinematic data), the last part focus on the formulation of a new technique that takes

into account both kinematic and dynamical data. In this way, an experimental relationship

between velocity, curvature, and torsion is used to calculate a new suitable feature to classify

gestures: The a�ne Velocity. The experiments first deal, with an analysis that include the

two obstetrical gestures acquired using an instrumented forceps described previously. The

results showed that a�ne velocity calculations allow to classify between gestures for each

subject involved in the experiments suggesting a new alternative to medical gestures analysis

using the a�ne space rather that the Euclidean one.

Based on these results, a system that is capable of recording a wide range of data from

participants performing laparoscope tasks on a training box was proposed. The position and

orientation of the instrument, were recorded using an arrangement of six cameras and the

OptiTrack Motive Software R�. Based on this configuration, the laparoscope was identified

using reflective markers attached at the end of a rod. In addition, force and torque sensors

were located placed on a laparoscope in order to record the dynamics of the participants

movements. All data were synchronized and digitally stored for o↵-line processing.

The first experiments performed, to test the method proposed, include two navigation ges-

tures that involve depth perception skills. These movements were acquired using the system

described previously and a complete minimally invasive training system. The results showed

that a�ne velocity calculations allow to classify gestures and distinguish the surgical skills

for the participants involved in these experiments.
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The last analysis include tasks usually performed during the mini-invasive surgical training.

Specifically, trainees used a task box learning to transfer rings back and forth on pegs based

on a visual input from the camera. Specifically, two particular trajectories were taken into

account and each participant had five attempts to practice the task before starting the recor-

ding of data. After this practice, ten trials using the dominant hand were recorded for each

participant. Based on results obtained for navigation trajectories, a segmentation procedu-

re was performed using a�ne velocity data. Finally, mechanical energy was calculated for

each segment and used to distinguish gestures based on the surgical skills of each participant.

Ongoing research is focused on increasing the number of experts and the surgical gestures.

Limitations in this work were focused on including the participation of professional people in

medicine specialized in surgery that were available for the time required in the experiments

involved for di↵erent gestures. In addition, preliminary results could indicate a correlation

between hand dominance and a�ne speed. In this way, a comprehensive study to develop this

theory should be performed. Finally, automatic analysis of gestures in real-time is a challenge

that must be studied because it will allow improve performance and response times.
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