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This thesis focused on the three-dimensional (3D) experiment with the touch screen de-
signed to examine the hand trajectories data and its consequent effects on the user ex-
perience (UX). The main aim of this thesis was to analyze the hand movement trajec-
tory data. This data was collected with shooting high-speed human-computer interaction
(HCI) videos of the test subjects interacting with a 3D touch screen. Hand trajectories
were recorded for each experimental session as a sequences of hand locations. Using the
hand trajectory parameters, such as a target object location and its parallax the current the-
sis evaluated features that allowed the classification between parallax classes. The hand
trajectories analysis pipeline was made. Hand trajectories were filtered with the locally
weighted regression. To fulfill the thesis aim, 40 trajectory features were found out to
provide the useful information about the participant behavior. The models to classify the
hand trajectories were implemented with the maximum accuracy of 73% for the classifi-
cation of two classes and 33% for the classification of four classes. It was concluded that
the trajectories were complex data for the classification.
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1 INTRODUCTION

1.1 Background

UX is the field of study with important ideas. The UX is approved by the HCI community.
The UX is the technology that satisfies the instrumental needs and dynamic, subjective,
complex metric of familiarity with a system. The UX is the consequence of user’s states
(predispositions, expectations, need, motivation, mood, etc.) from interaction with a de-
signed system. The HCI has its focus almost exclusively on attaining behavioral goals
during setting up the system. This obtaining process has become the key point of the
user-oriented analysis and evaluation methods (for example, usability testing). It is nec-
essary for the UX to concentrate on the positive user‘s emotions, such as the fun, joy
and pride. Moreover, this focus has always been a core objective of the HCI. The experi-
ence is a unique combination of several elements, such as the system and user’s internal
states. [1]

This thesis analyzes the results of the Computational Psychology of Experience (COPEX)
collaborative project between the Machine Vision and Pattern Recognition Laboratory
(MVPR) of the Lappeenranta University of Technology (LUT) and Visual Cognition Re-
search Group of University of Helsinki. The previously mentioned project concept is to
carry out analysis of the HCI process using hands. In more details, this project goal is to
study new touch and gesture interactions with novel methodologies. [2] In the previous
research done the various types of data are collected including the high-speed videos of
hand movements and interviews with the test subjects. Consequently, this performed re-
search has resulted in the developed methodology to track a human hand in the high and
normal speed videos. The me methodology purpose was to obtain hand trajectories in the
3D space as well as its velocity and acceleration curves. [3]

The aim of this thesis is to analyze the earlier collected data and to build the model con-
necting the hand movement measurements with the experiment parameters, such as par-
allax (an effect where the background is moved at a different speed than the foreground)
and target object location. Thus, the UX attributes, using the hand trajectory data, can be
predicted. To post-process the data extracted from the COPEX project this thesis performs
the analysis of the hand movement trajectories in the 3D touch screen usability experiment
which is devoted to study the human behavior during the interaction process with the 3D
touch screen. In Figure 1 the whole experiment description is given. Especially, Fig-
ure 1(a) illustrates a volunteer interacting with the touch screen while Figure 1(b) shows
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the setup collecting hand trajectories data for the further analysis.

a) b)

Figure 1. Experiment description: (a) fellow interaction; (b) collecting the hand trajectories. [3]

1.2 Objectives and delimitations

In this master’s thesis project, the hand movements data analysis and models to connect
the hand movement measurements with experiment parameters (e.g. parallax and target
object location) are developed. Therefore, the main objectives are as follows:

• To implement a features of the hand trajectories.

• To analyze the effect of the virtual target object location and parallax to the hand
movements.

• To build a classification models to classify the trajectories by target object disparity
classes.

As the limiting factor of the thesis, it is necessary to underline that the UX is ignored from
the trajectory analysis point of view.

1.3 Structure of the thesis

This thesis is organized as it is specified hereinafter. Firstly, the Chapter 2 aims at the
whole experiment description and problem of the hand-tracking process. Secondly, in
Chapter 3 the main steps of the trajectory analysis are expressed with the description of
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the state-of-art corresponding methods. Chapter 4 contains the hand trajectories analysis
pipeline and selected methods of this analysis. Chapter 5 includes the description of the
experiments with the data and the classification results are measured by the chosen met-
rics. In the Chapter 6 the results are discussed. Finally, Chapter 7 provides the conclusion
of the thesis.
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2 3D TOUCH SCREEN EXPERIMENT

2.1 Measurement setup

As it is mentioned in the previous research [4] conducted which experiment results are
used in this thesis, the 3D touch screen setup for evaluating the experiment with hand
trajectories tracking is proposed. When the experiment is carried out, a stereoscopic rep-
resentation of the 3D stimuli is generated with the help of the NVIDIA 3D Vision kit.
Each volunteer performs pointing actions receiving the 3D stimuli. The touch screen
is placed in front of the volunteer. At the distance of 0.25 meters from the screen, the
trigger-box is placed to determine the beginning of the new pointing action. There the
hand trajectories are recorded with the following cameras: the high-speed Mega Speed
MS50K camera equipped with the Nikon 50mm F1.4D objective and normal-speed cam-
era Sony HDR-SR12. As it is shown in Figure 2, the high-speed camera with the gap of
approximately 1.25m is installed on the right side of the touch screen, while the normal-
speed camera is placed on the top. The example frames from both cameras are presented
in Figure 2. [4]

Figure 2. 3D touch display experiment. [4]

This experiment focuses on the study of intentional pointing actions. The stimuli are
generated with the stereoscopic display together with the touch screen to evaluate the
effect of various parallaxes, i.e., perceived depth. This arrangement enables to explore the
potential conflict between visually perceived and touch-based sensations of the depth. [4]
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2.2 Hand movement tracking

There are several reliable approaches to track hand movements that can accurately mea-
sure the location of hands and fingers, for example, data gloves with electromechanical,
infrared or magnetic sensors. [5] Despite on the fact that such devices can track hand
movements they affect the natural movement of the hands and cannot be considered as
acceptable solutions carrying out a natural HCI experiment. To investigate the problem
of tracking people movements and provide interaction using modern technology, the best
solution is the image analysis. [4]

Particularly, there are a huge amount of software and hardware approaches for the image
analysis that allow to track human movements. Commercially available solutions such as
the Leap Motion and Microsoft Kinect, limit a movement of the hand to a relatively small
area not allowing the frame rate to be high enough to capture all the nuances of fast hand
movements, what, in turn, inaccurately measure finger movements. [4] With the help of
the modern object tracking methods, it is possible to automatically evaluate a motion path
from a video. The main difficulty of using existing methods for tracking hand and finger
movements is an absence of applications with the high accuracy or applications where the
high accuracy is not an indispensable factor. In the case of measuring a trajectory where
the essential problem is the high spatial accuracy, such methods are unacceptable because
small errors in spatial locations can lead to larger speed and acceleration fluctuations
calculated from the location data. The filtering methods provide corrections only for
small inaccuracies in this trajectory without affecting the tracking results. [6]

Another difficulty in tracking hand movements is the urgency of pointing actions which
are usually fast, large shifts occur at the location of the observation object between frames.
High-speed cameras help solve the problem of finger tracking in the HCI research. [6, 7]
Using high-speed cameras to track hand movements is an expensive and challenging task.
To record 3D trajectories, these cameras are necessary so it is important to invest in the
choice of a suitable tracker that can cope with this problem. [4]

Tracking the hand movements can be performed by different methods. In [8] the Ker-
nelized Correlation Filter (KCF) is chosen as the most effective tracking method which
shows a good performance and a high level of adaptation to different situations. The
KCF algorithm consists of three main steps. At first, a sub-window is extracted from the
last frame and then converted into useful features. Secondly, for each shift of the sliding
window the correlation response is calculated. The target location is determined with the
response with the highest correlation. When a new location is found, the object model is
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updated again. [9]

In the research [3] the best results for trajectory tracking are achieved with the Structuralist
Cognitive model for visual Tracking (SCT). The SCT tracker accurately tracked the target
object in 57% of frames in the normal frame rate cases and 77% of frames in case of the
double frame rate. Tracking the target in the SCT consists of two stages: disintegration
and integration. At the stage of the disintegration, the generation of attentional feature-
based correlation filters is performed. Correlation filters serve as cognitive structural units
for this tracker. Each unit consists of the weight of attention and the KCF. To distinguish
the foreground from the background and focus on the tracked window, the correlation
filter uses a unique pair of features (for example color, the HOG) and the kernel (for
example linear, the Gaussian) type. The integration stage consists in expressing the object
appearance as a representative combination of correlation filters for the future usage. [10]
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3 TRAJECTORY ANALYSIS

3.1 Data preprocessing

At the beginning of data analysis, preprocessing steps must be done in advance. Data
preprocessing includes a set of operations for converting the data to the most appropriate
form. Preprocessing steps are not limited to a certain number of operations to ensure ex-
cellent results. There are standard methods that can be applied to data intuitively because
preprocessing is a result-oriented technique and the performance must be assessed in the
context of a task. A data preprocessing methods must be selected from the analyst point
of view based on the intuition or experience.

In the list below from [11] the most commonly used methods are described:

1. Data filtering: a method of the noise reduction and correction of the inconsistencies.

2. Data integration: a technique for merging data from different sources into one
dataset.

3. Data reduction: a technique of reducing the size of the initial dataset (for example,
by removing the most correlated or redundant features or combining features into
aggregated ones).

4. Data transformations: a technique of scaling the current values in the data to a
smaller range of values (for example, from 0 to 1).

These methods are related to the accuracy and performance of an algorithms so they can
be combined or applied separately.

3.1.1 Trajectory data filtering

Trajectory data suffer from the lack of the accuracy, this problem occurs due to several
factors, such as the sensor noise, measurement error, human factor. [12] In the case of
high-speed videos, the challenge arises from obtaining accurate measurements of the ve-
locity and acceleration: in general case, the trajectory is described pixel-by-pixel, but in
the case of high-speed videos, the motion between frames is higher than one pixel. In
this way the filtering approach is vital for the trajectory analysis of high-speed videos. In
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Figure 3 trajectory filtering results from high-speed hand tracking experiments are shown:
the raw data is depicted as the black curve the ground truth curve is the white dotted curve
and a filtered curve is white. [6]

Figure 3. Results of filtering the tracking data. [6]

One of the various approaches to trajectory filtering is the application of the Kalman fil-
ter(KF). The main feature of the KF is to provide a correlation between the motion model
and the measurements in the trajectory change. In addition to estimating the motion tra-
jectories that obey the laws of physics, the KF estimates the state of higher-order motion
states, such as velocity and acceleration. The KF has three main advantages to trajectory
filtering purposes, compared with other filters, such as mean or median. Firstly, the value
of the current state depends on previous measurements with a certain lag but the presence
of the dynamic model allows to keep the lag more relevant. Secondly, the state vector
of the KF includes location and velocity which gives the ability to estimate the velocity
sequence from the sequence of location measurements. Thirdly, uncertainty estimation
contains in the covariance matrix form. [13] However, since the KF estimates the location
measurements and the noise, it mostly depends on the initial point of the measurement: if
the first point is distorted by noise, the whole measurement results and the filter accuracy
decreases. [12]

Another approaches to trajectory filtering applied in [8], namely, locally weighted regres-
sion (LOESS) and locally weighted scatterplot smoothing (LOWESS) are methods that
calculate and construct a smoothed curve between points by applying the LOESS. Both
methods are mainly used to improve the visual interpretation of data on scatterplots. [8]
Figure 4 shows the smoothed curve of the scatterplot after applying the LOESS filter for
the randomly generated data. [14]
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Figure 4. Scatterplot of artificially generated data. [14]

The LOESS and LOWESS methods allow smoothing (the function inside the sliding win-
dow is adjusted to the smoothing curve variables) to estimate the regression surface. The
filtering process is considered completed after values of the regression function are calcu-
lated for each data point. The most of the parameters of this method, such as the degree
of the polynomial model and weight, are flexible. The weight function determines the de-
gree of influence on the smoothing curve: points closer to the curve have a greater weight
and affect the coefficients of the smoothing curve with a higher degree. The polynomial
fit is carried out using the weighted least squares method (the points near to the current
get a greater weight compared to the distant ones). [14] Then, the value of the regression
function for a point is obtained by evaluating the local polynomial using the values of
the explanatory variable for this data point. Different modifications of the LOESS and
LOWESS determine coefficients of the different order for the weights. Each smoothed
value is calculated from the values of neighboring points in a certain range. A strong
weight function in this method will allow the regression function to be resistant to out-
liers. [15]

The common advantage of the LOESS and LOWESS is that they do not require a match
between the fit function and data. Only the smoothing parameter and degree of the local
polynomial are required to perform the matching. Moreover, the LOESS and LOWESS
are very flexible, which simplifies the process of creating large-scale models, where there
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are a large number of unknown parameters. Nevertheless, the LOESS and LOWESS use
data less efficiently than other least-squares methods: a large amount of data is needed to
build a high-quality model. This problem is coming from usage of a local data structure
when performing the local fitting. The absence of the regression function in the form of
a mathematical formula as a result of filter operation is another drawback of the LOESS
and LOWESS, which can lead to difficulties in transferring the results of experiments
between people (in this case, to share analysis results and regression function to another
person, data and software for calculation of the regression function is needed). Finally, as
it is discussed above the LOESS and LOWESS are sensitive to outlier effects as well as
many least-squares methods. [14, 15]

The LOESS and LOWESS are considered similar methods, whilst the main difference be-
tween them in the use of different regression models: the LOESS is built using a quadratic
polynomial, while the LOWESS uses a linear polynomial. [15] The weight function is
symmetric in the case where the neighboring points are equidistant from the smoothed
data and the number of these points is equal, otherwise the weight function is asymmet-
ric. When using the LOESS or LOWESS, the range will never change, so phase changes
can occur at the beginning or end of the data before reaching the center of the window. [8]

3.1.2 Dimensionality reduction

Working with the data which has a huge amount of measurements(features) during one ex-
periment(example) follows a lot of challenges while working with such high-dimensional
data. Dimensionality reduction techniques aimed to solve fundamental problems of high-
dimensional data and look forward how to discover lower-dimensional representations: it
is necessary to reduce the number of input variables before the data analysis algorithm
can be successfully applied. There is a technique of two kinds for dimensionality reduc-
tion purposes. The first kind of technique called the feature selection and aimed to keep
only features, that are most relevant to the original dataset. The other technique is called
dimensionality reduction, the basic idea of the method is to exploit the input dataset re-
dundancy and tries to find a smaller-dimensional dataset with new variables, that contain
basically the same information that was in original one. [16, 17]

The most widely used technique for dimensionality reduction is principal component
analysis(PCA). The main idea of the algorithm is to find a new coordinate system for
the input data which describes it on a lower-dimensional space in an efficient way and
without significant distortions of the input data. Figure 5 illustrates the graphical repre-
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sentation of PCA for two dimensions.

Figure 5. Graphical representation of the PCA transformation in two dimensions. [17]

The PCA projects data to a smaller space, which reduces the size of the original data.
Unlike the number of attributes reduction, the PCA combines their essence in a smaller
set of attributes. By projecting data to a smaller set of attributes, the PCA identifies
previously unknown relationships between features. [18]

Another approach to the dimensionality reduction is Local Linear Embedding (LLE).The
LLE solves the problems of the non-linear dimensionality reduction. In Figure 6, the prob-
lems connected to the variance loss have appeared when projecting a two-dimensional
manifold (A) on three-dimensional data (B). It is necessary to use the unsupervised learn-
ing algorithm to determine the global coordinates in the 3D space without obtaining data
on how the manifold can fit into a two-dimensional (2D) space. Using the color map
it is obvious that LLE preserves the neighborhood relations of the manifold. The black
contours in (B) and (C) define the neighborhood area for one point. [16]
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Figure 6. Dimensionality reduction problem covered by the LLE. [16]

Another technique for the dimensionality reduction is the t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) which is well suited for projecting high-dimensional data to the
space of two or three dimensions. This nonlinear method is designed in such a way that
the mapping of similar objects occurs by neighboring points and remote objects are mod-
eled by remote points. [19] The algorithm can be divided into two stages. On the first step,
pairs of similar objects are created in the original dimension, then the probability distri-
bution of such objects is built (high sampling probability is obtained by similar objects
while different points get a low probability of selection) by:

pj|i =
exp(−‖xi − xj‖2 /2σ2

i )∑
k 6=i exp(−‖xi − xj‖

2 /2σ2
i )
, (1)

where X is high-dimensional set, pij are probabilities for similar pairs xi and xj .

On the second step, similar probability distribution calculations are performed in the low-
dimensional space and the variance between the two distributions is minimized. As mini-
mization method, the Gradient Descend is used. To minimize the variance, the Euclidean
distance between distributions is used as a metric. [20] The algorithm clearly identifies
clusters, nevertheless its use is unreliable because the algorithm does not preserve the
distance between samples, even data from the one Gaussian distribution can be compiled
into a single cluster. [21]
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3.2 Feature extraction

The main features that can be extracted (by calculating features from 2D image points
or from translated 3D real-world coordinates) from the hand trajectory data are velocity,
acceleration, position, and accuracy.

Observing the change in the acceleration and velocity of the hand movement, the pri-
mary movements can be divided into sub-movements. Figure 7 shows two types of sub-
movements: primary and corrective sub-movements. Corrective sub-movements are nec-
essary to describe situations when the target is not reached or is overlapped by the primary
sub-movement. The timing and relative positions of these sub-movements are key features
for the hand movement analysis. According to previous studies, the part of velocity de-
creasing (deceleration) of the first sub-movement begins about 10 centimeters before the
target. [22]

Figure 7. Multiple processing events associated with a single goal-directed movement. [22]
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3.2.1 Velocity and acceleration

This subsection is based on information from [8].

The velocity, from the image processing point of view, can be defined as a movement
from one frame to another. In this way, the velocity can be calculated as the distance
divided by time.

The distance can be calculated by the Euclidean distance formula. The Euclidean distance
d for two-dimensional space is defined as

d(x, y) =
√

(x2 − x1)2 + (y2 − y1)2, (2)

where (x1, y1) are the start-point coordinates, and (x2, y2) are the end-point coordinates.

To calculate the velocity v following formula is used

v =
∆d

∆t
, (3)

where ∆d is displacement and ∆t is time that taken for the displacement.

The acceleration can be defined as a changing of the velocity for the certain time period.
In this way, the acceleration can be calculated for different time periods, but to improve
the accuracy of acceleration data it is better to use small time periods. To calculate the
acceleration a, following formula is given

a =
∆v

∆t
, (4)

where ∆v denotes change in velocity(or speed) and ∆t -change in time.

3.2.2 Position and accuracy

There are several methods of the position estimation from the image coordinates. The
state of art method uses a stereo camera setup, where the position calculated by two
identical cameras that are calibrated in advance, all the images are taken by cameras
synchronously. Likewise, it is possible also to estimate the depth in the image. Using the
stereo camera makes it possible to obtain images from two positions and calculate depth
using reference points, in contradistinction to the single camera, where you can get only
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one image without the opportunity to get reference points instantly.

To calculate the accuracy of the proposed method, it is possible to evaluate measurement
results of implemented setup with real world-states of an object or its parameters.

3.2.3 Features of interest for pointing actions analysis

To estimate the most appropriate (fast and accurate) movement of the volunteer in the par-
ticular experiment the multiple-process model of limb control is used. The main idea of
the model is based on estimating the relationships between speed and accuracy of volun-
teer movements. To obtain the most accurate and fast volunteer movement to touch screen
the speed-accuracy relations and behavior assessment are studied in the given model.

Feature points with the maximal velocity and acceleration/deceleration at the time (or in
space) are the interesting feature point of given experiment. Points, where acceleration
changes to deceleration (negative acceleration), are useful as well when the movements
are smooth and continuous. Also, the start and end points of the movement are interesting
for given experiment. Furthermore, points of changing the main experiment parameters
(velocity, acceleration, position etc.) could be helpful for evaluating the model of hand
trajectory analysis. [8]

3.3 Trajectory clustering

In [23] authors proposed method for the trajectory clustering that divides trajectories from
given set I = TR1, ..., TRnumtra to the clusters O = C1, ..., Cnumclus

which is based on
the partition-and-group framework.

The main point of the method is the idea that trajectory is defined as a sequence of points:

TRi = p1p2p3...pj...pleni
, (5)

where (1 ≤ i ≤ numtra) and pj is a d-dimensional point. The trajectory length leni are
not equal. Each cluster is represented as a set of trajectory partitions pipj(i < j), where
pi and pj are the points from the same trajectory that forms the line segment.

From the point that a trajectory can be denoted by several line segments, the trajectory
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can be defined to several clusters and clustering can be performed over the line segments.
After the distance measurement, it is obvious that the line segments from the same cluster
are situated close to each other. [23]

To define the common sub-trajectories, the representative trajectory Ci is used. It is the
imaginary trajectory, that, as well as ordinary trajectory, is a sequence of points, that
defines the behavior of the trajectory partitions of the cluster. The representative trajectory
used to define the major behavior of the trajectory partitions. [23]

Figure 8 illustrates the procedure of the trajectory clustering in the partition-and-group
framework. Having the input set of trajectories, that is represented as a set of points,
the first step is aimed to distribute each trajectory into a set of line segments. Then,
it is necessary to group the line segments into the clusters and form the representative
trajectory for each cluster. [23]

Figure 8. Trajectory clustering steps. [23]

3.4 Trajectory classification

As it is mentioned in [24], the formulation of the classification problem is as follows:
"given a newly observed trajectory x, classify it into the set of activities (1...A)". The
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authors proposed the model that can be defined by:

xt = xt−1 + Tzt +Q1/2
zt wt, (6)

where x = (x1...xn) is a sequence of positions,w = (w1...wn) are independent samples of
a zero-mean Gaussian random vector with identity covariance,T = (T1...TM) the mean
displacement vectors of an each model,Q = (Q1...QM) the covariance matrices of the
random displacements under each model and z = z1, ..., zn is a sample of a Markov
model with transition matrix B̂a.

The proposed model gives the opportunity to compute the class-conditional likelihood
of trajectories. For each term p(x|θ̂, B̂a), a set of activities can be calculated using the
Baum-Welch procedure with the forward/backward recursion. The model estimates the
parameters θ̂ and B̂a.

The trajectory classification is utilizes with the maximum a posteriori (MAP) rule, i.e.,

â = argmax
a

(p(x|θ̂, B̂a)P (a)), (7)

where P (a) is the a priori probability of the activity a. With the given trajectory, the
classifier runs one forward-backward recursion of the Baum-Welch algorithm under all
candidate classes (1...A). [24]

3.5 Trajectory prediction

Gaussian processes over dual quaternions are a strong regression model for learning and
predicting nonlinear six-dimensional motions, such as variable trajectories of human mo-
tion. A downfall of the Gaussian Processes is that the model needs to know reference data
of the human user, and it cannot be generalized for the context-dependent variations of
human movements. While classification methods are often used for categorizing trajecto-
ries, the state of art methods are typically based on Hidden Markov Models (HMMs). [25]
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4 TRAJECTORY ANALYSIS PIPELINE

4.1 Pipeline

In this chapter the pipeline of hand movement trajectories analysis is proposed. The whole
pipeline is depicted in Figure 9. It contains four main steps: the trajectory filtering, the
feature extraction, the data transformation, the classification and the analysis of results
from the previous steps. The green double-directional arrows denote the links between
the trajectory analysis steps. The steps connected by green arrows can be performed based
on results of each other. The data exchange between actions is not necessary.

Figure 9. The hand movement data analysis pipeline.

In the first step, the trajectories are filtered for the further analysis. The second step is
the feature extraction, where all possible features are extracted from the trajectory data
and the dataset with trajectory features is generated. In the third step the data transforma-
tion techniques have to be applied to dataset with the extracted features. After the data
transformation, the classification models perform the separating of hand trajectories by
classes to find the most valuable features. The valuable features are are defined based
on the classification results and conclusions with using the efficiency metrics and plots.
After the analysis step there are two options can be chosen: the feature extraction step for
detecting new features or the trajectory dataset can be transformed for the further clas-
sification. The analysis can be performed on the basis of the feature extraction or data
transformation results.
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4.2 Trajectory filtering

As it is mentioned in Figure 9, the first step of hand movement analysis is trajectory
filtering. The most efficient methods for the trajectory filtering on this kind of represen-
tation are the LOESS and LOWESS filters. In the previous research on this topic [8], the
LOESS and LOWESS filters are shown the best score compared with the other filtering
techniques. According to these results, the LOESS and LOWESS filters are chosen for
the experiments.

In the LOESS filter, the measurement yi (i belongs to the range from 0 to n) from the
corresponding point xi of the vector x of regression predicting points can be described
as yi = g(xi) + εi, where g is regression function and εi is the random error. Here, the
main idea is that function g can be approximated by function value in defined parametric
class. Local regression fits the surface to given data points in the selected area of point
x. This operation is performed for each point on the regression surface. With the direct
implementation of the algorithm the procedure is performed in calculating a local fit only
for a specific set of points in the prediction space for faster computations. To obtain
the regression surface, local polynomials are combined to describe a complete regression
surface. [26]

The weighted least squares method fits the quadratic or linear function at points in the
certain area of the neighborhood centroids. The distance from neighborhood centroids is
chosen to cover a certain amount of the datapoints. The smoothing parameter represents
a certain number of points weighted by the smoothing function of their distance from the
neighborhood centroids, to control the smoothness of the local surface. The regression
weights can be calculated with the following tri-cube function:

ωi = (1−
∣∣∣∣x− xid(x)

∣∣∣∣3)3, (8)

where x is predictor which value estimated according to the smoothing coefficient, xi are
nearest neighbors in the previously specified neighborhood area, d(x) is the value of the
most distant point along the abscissa axis in a defined range. The difference between
LOESS and LOWESS filters on this step is the degree of the polynomial: LOWESS has
the first degree and LOESS use the second one. [27]

The LOESS and LOWESS are also possess with the robust versions that are resistant to
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outliers and include additional calculations of weights defined by the bi-square function:

ωi =

(1− (ri/6MAD)2)2 , |ri| < 6MAD

0 , |ri| ≥ 6MAD,
(9)

where the smoothing procedure of the regression leaves the remainder ri at the i-th data
point and the median absolute deviation of the residuals (MAD), MAD = median(|r|).
The median absolute deviation is an indicator of the residuals distribution. The weight is
close to 1 in cases where ri is less than 6MAD. The weight is zero when ri is greater than
6MAD, in this case, the algorithm excludes the associated data point from the smooth
calculation. [27]

Considering the local regression weights and the robust weights, the resulting smoothing
coefficients are calculated. Then, the algorithm iterates five times totally through the
robust weights calculation and smoothing. [27]

The smoothing curves as a result of applying the LOWESS filter in comparison with the
results of robust LOWESS filtering for an artificially generated dataset containing one
outlier is shown in Figure 10. The outlier has the influence on the smoothing curve at
neighbor points in case of LOWESS filter (the top graph of Figure 10). In the case of
robust LOWESS filter (the bottom graph of Figure 10) that neighbor point reflects the
bulk of the data.

Figure 10. LOWESS compare to robust LOWESS results. [27]
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4.3 Feature extraction

Based on the nature of the trajectory, different kinds of features can be extracted from
the hand movement data. Firstly, geometrical features can be extracted from the location
description of the trajectory, such as a start and end points of a trajectory, the trajectory
length or angle, points of axis crossing. Secondly, taking into account the possibility
of calculating the velocity and acceleration of the trajectory there are a lot of valuable
features can be extracted by taking the specific points of these sequences, such as mean,
median, maximal and minimal values. Thirdly, statistical features can be extracted from
any kind of the trajectory-connected data, for instance the standard deviation, the number
of measurements, quantiles. The full list of the extracted features from the trajectories is
shown in Table 1.

Table 1. Defined features for trajectory analysis.

Feature name Abbreviation Description

first point of X loca-
tion

startX start point of trajectory along the X-axis

last point of X loca-
tion

endX end point of trajectory along the X-axis

first point of Y loca-
tion

startY start point of trajectory along the Y-axis

last point of Y loca-
tion

endY end point of trajectory along the Y-axis

mean velocity meanVel average value of all velocity values

median velocity medianVel median value of all velocity values

mean acceleration meanAcc average value of all acceleration values

median acceleration medianAcc median value of all acceleration values

trajectory length trajLength sum of all lengths between each point

trajectory distance trajDist length between start and end point of trajec-
tory

X at zero crossing zeroCrossingX value of X at point of X-axis intersection

Y at zero crossing zeroCrossingY value of Y at point of X-axis intersection

X at bend point bendPointX minimal value of X

Y at bend point bendPointY value of Y where X is minimal
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Table 1. Continues.

angle of trajectoty angleOfTraj the angle that trajectory specifies between
start and end point with respect to the origin

trajectory angle trajAngle angle between X-axis and line formed by
start and end point of trajectory

maximal deviation maxDist maximal distance between point and line
formed by start and end point of trajectory

mean deviation meanDev average distance between point and line
formed by start and end point of trajectory

minimal velocity minVel minimal value of all velocity values

maximal velocity maxVel maximal value of all velocity values

minimal accelera-
tion

minAcc minimal value of all acceleration values

maximal accelera-
tion

maxAcc maximal value of all acceleration values

velocity at bend
point

bpVel velocity value at minimal X

peak velocity X peakVelX X value at peak velocity

peak velocity Y peakVelY Y value at peak velocity

maximal accelera-
tion of 1st half

maxAcc1stHalf maximal value of all acceleration values of
1st trajectory half

maximal accelera-
tion of 2nd half

maxAcc2ndHalf maximal value of all acceleration values of
2nd trajectory half

maximal velocity of
1st half

peakVelX1stHalf maximal value of all velocity values from
the 1st half of trajectory

maximal velocity of
2nd half

peakVelX2ndHalf maximal value of all velocity values from
the 2nd half of trajectory

mean acceleration
of 1st half

meanAcc1stHalf average value of all acceleration values
from 1st half

mean acceleration
of 2nd half

meanAcc2ndHalf average value of all acceleration values
from 2nd half

median acceleration
of 1st half

medianAcc1stHalf median value of all acceleration values
from 1st half

median acceleration
of 2nd half

medianAcc2ndHalf median value of all acceleration values
from 2nd half
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Table 1. Continues.

number of measure-
ments

numOfPoints quantity of measured points (sequence
length)

number of measure-
ments

numOfPoints quantity of measured points (sequence
length)

acceleration stan-
dard deviation

accStd acceleration standard deviation

acceleration stan-
dard deviation

accStd acceleration standard deviation

25% percentile acc25 value of acceleration below that 25% of ob-
servations may be found

75% percentile acc75 value of acceleration below that 75% of ob-
servations may be found

number of accelera-
tion peaks

accNumOfPeaks quantity of peaks that acceleration curve
reached

reaction time reactTime reaction time of fellow during the experi-
ment

It is also possible to add polynomial features to already defined features by adding features
of different polynomial combinations with a defined degree of the polynomial.

The feature selection methods can be applied to extracted features to keep the most infor-
mative features. One of the ways is to select important features by looking for correlations
(dependences) between features. The correlation is an indicator in a range from -1 to 1,
calculated by

corr(X, Y ) =
cov(X, Y )

σxσy
, (10)

where X and Y are two random variables. The lowest correlation is equal to 0 and means
that variables do not overlap each other. [28] Another approach for the feature selection is
calculation the importance rate for features which are based on building the decision trees.
The feature importances are calculated during the random forest algorithm iteration while
the search for important features for classification is performed. The feature importance
value is calculated by the sum of the error reduction. Then the relative importance is the
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variable importance divided by the highest variable importance value so that values are
bounded between 0 and 1. [29]

4.4 Data transformation

Based on the results of the classifier, several methods can be used to improve the clas-
sification outcomes. To eliminate the overlaying of data informativeness, dimensionality
reduction methods such as PCA, LLE, and a feature reduction were applied. Another
method is data normalization, which combines all values of the data set into a single
range.

4.4.1 Dimensionality reduction

One of the techniques chosen for implementation is the PCA. The algorithm is based on
Singular Value Decomposition (SVD) where initial matrix decomposed into three matri-
ces: U, S and V. Matrices U and V are contains left and right singular vectors, and matrix
S contains singular values on the main diagonal in the descending order. [30]

The PCA procedure flow is follows [18]:

1. Normalization of the data to place the values in the same range.

2. For the normalized data the basis of the orthonormal vectors (principal components)
is calculated. As a result the input data is represented as a linear combination of
principal components.

3. Providing the basis for the projected data and characterizing its variance, the prin-
cipal components are sorted in the descending order in terms of representativeness
(the first axis shows the largest variance). Figure 11 shows two principal axes Y1
and Y2 previously lying on the axes X1 and X2.

4. To reduce the dimensionality and to preserve the approximation of the original data,
the components with the highest representativeness are retained. The number of
components is selected in the way to cover a certain percentage of the data variance.
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Figure 11. PCA analysis for two principal components. [18]

The other chosen approach is LLE, its algorithm is shown in Figure 12 and consists of the
following steps [16]:

1. For each data point Xi of the original dataset, a neighbor is assigned using one of
the learning algorithms (for example, k-NN).

2. Calculate the weights Wij which best linearly restore the original data set Xi from
its neighbors using

ε(W ) =
∑
i

∣∣∣∣∣Xi −
∑
j

WijXj

∣∣∣∣∣
2

. (11)

3. The vectors Yi in the low-dimensional space are calculated by

Φ(Y ) =
∑
i

∣∣∣∣∣Yi −∑
j

WijYj

∣∣∣∣∣
2

(12)
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Figure 12. LLE algorithm steps. [16]

Another kind of the approach is to reduce the features obtaining different kind of metrics,
such as the feature importances array. The correlation matrix can also be used as a metric
for dimensionality reduction. The highly correlated features have the correlation coeffi-
cient close to 1 by absolute value and correlation coefficient for less correlated features is
close to 0) can be removed from the initial dataset.
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4.4.2 Data normalization

Using the normalization method, it is possible to find relationships in the data.Normalization
is used to provide more reliable linear relations in data, in cases where the relationships
between data sets are nonlinear. [31] Normalization is the reduction of values stored ini-
tially on different scales to a common scale. Normalization is also used to minimize the
impact of outliers. [32, 33] The most commonly used method is the range rescaling. In
this case, the features from a dataset change from the original scale to the scale in the
range [0,1] or [0,0]. Scaling is performed by the following formula:

x
′
=

x−min(x)

max(x)−min(x)
, (13)

where x is original value and x′ is normalized value.

4.5 Classification

In the machine learning terminology, classification is the supervised learning task. [34]
To assess the defined features it is necessary to utilize learning algorithms to check the
data on the classification tasks. There are four target disparity classes that define to the
aim object position. A classification models task is to classify trajectories by the target
disparity classes using extracted features. There are three classifiers were chosen for
the task: the Support Vector Machine, Random Forest (RF) and Multilayer Perceptron
(MLP).

4.5.1 Support vector machine

Support Vector Machine (SVM) model can be used for the learning task of different
kinds: classification, regression, ranking functions. The Support Vector Machine clas-
sifier (SVC) is chosen for the trajectory data classification task. [35] The initial goal of
SVC was a binary classification, multiclass classification is covered by combining several
binary classifiers. [36]

The binary classifier is designed to divide the data into two categories where each data
point referring only to one of the two presented classes stored as a n-dimensional vector.
SVC is used to divide the two presented classes into a hyperplane, as shown in Figure 13,
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which shows two groups of points that belong to two different classes and three hyper-
planes L1, L2, and L3, in the case of two-dimensional space the hyperplanes represented
as lines.

Among many classifiers, SVC has an advantage over the others: this classifier from the
found hyperplanes selects one with the largest field to achieve maximum separation and
correct classification of invisible data points. In addition to linear classification, SVM
also solves the problems of nonlinear classification. Obtaining the so-called kernel trick,
implicitly displays their input data on high-dimensional feature spaces. [37]

Figure 13. Linear SVCs on two-dimensional space. [37]

4.5.2 Random Forest

The RF is an easy-to-use, flexible, easy-to-implement algorithm. In most cases, the al-
gorithm works without setting hyper-parameters. Given the efficiency and simplicity of
usage, RF is one of the most popular algorithms. RF is the method used to solve the prob-
lems of classification, regression, and others. The algorithm is based on the method of
building a decision tree in a randomized way. Decision trees are built during the learning.
During the class output process classification tasks are solved by building a set of trees,
while for regression problems, the average value of the individual values of trees is taken
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into account. In Figure 14 RF with two decision trees is depicted. [38]

During the execution of the model, each tree introduces a large randomness into the
model. The algorithm looks for the best function for a random subset of functions in-
stead of splitting the node with a further search for the best function. As a result of the
choice among a random subset, a wide variety of data is added to the data, which increases
the performance of the model. When building a decision tree in the random forest algo-
rithm, a random subset of functions is used to separate the node. You can also increase
the randomness of trees using random thresholds on top of functions instead of finding
the best threshold values. [38]

Figure 14. Random Forest with two trees. [38]

4.5.3 Multilayer perceptron

A MLP is a class of feed-forward artificial neural networks with several hidden layers.
The general perceptron scheme is shown in Figure 15. MLP uses the backpropagation
learning algorithm for training and has non-linear activation functions on each of the neu-
rons, except the neurons on the input layer. MLP may have only one hidden layer, the
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number of layers and the number of neurons at each layer depends on the complexity
of a task. On each of the neurons the activation function maps the input to its output
value. There are several activation functions can be utilized, such as the hyperbolic tan-
gent (tanh), the rectified linear unit (ReLU), the sigmoid. For the classification task, the
number of neurons on the output layer is equal to the number of classes. Each neuron
connected to a certain class, so the output of the neuron shows to which class a particular
example corresponds. [39, 40]

Figure 15. Multilayer Perceptron representation. [40]
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5 EXPERIMENTS

5.1 Data

The data analysis pipeline is implemented with the python programming language using
all the necessary open-source libraries. The initial data describe 20 hand movement ex-
periments where each experiment corresponds to one volunteer performing the pointing
actions. The data contains 975 hand movement experiments where the trajectories with
their velocities and accelerations at each point given. Each trajectory is introduced by
a sequence of points with 500 frames per second (fps) which means that the time be-
tween two points is 0.002 seconds. Trajectory description is x and y positions of the point
(Figure 16).

Figure 16. Initial trajectory.

The trajectory is represented a sequence of points (Figure 16) so the values of the velocity
and acceleration can be calculated at each point. In Figure 17 the initial velocity and
acceleration curves are depicted.
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(a) (b)

Figure 17. Raw data: (a) Velocity curve; (b) Acceleration curve.

The trajectories are filtered using the LOWESS filter and the Python library statmodels
for the trajectory smoothing. The Python filtering function receives the x and y sequences
and two parameters, frac parameter (value in a range from 0 to 1) is the fraction of the
data for y estimation and the parameter it defines the number of residual-based reweight-
ings to perform. For the trajectory filtering the fraction value is chosen to be equal to 1/2
and it equal to 0. The parameters are chosen iteratively. As a result, the filtered trajectory
points are shown in Figure 18.

The one iteration of the hand trajectories analysis according to the pipeline is described
below. From the filtered trajectory, new velocities and accelerations are calculated having
the fps value of 500. In Figure 19 the three velocity curves are depicted with the following
interpretation: the original velocity is the blue curve, the manually recalculated velocity
is the orange curve and new (filtered by applying the LOWESS filter) velocity is the green
curve. In the figure the recalculated velocity (orange) is shifted. In the fact, the movement
start later. Furthermore, the curve is noisy at the beginning because of this reason it is
filtered to get the resulted velocity curve (green). The overall description stays the same:
the same amount of peaks with the remark that they have become higher, unfortunately,
the bulk at the end of movement have become smoothed.

Having the filtered velocity sequence, the new acceleration curve can be calculated with
the derivative of velocity. As it is shown in Figure 20 filtering the velocity curve made it
possible not to filter the acceleration because it is already smoothed.
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Figure 18. Filtered trajectory.

Figure 19. Velocity curves.
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Figure 20. Recalculated acceleration curve.

When all the original information about trajectories have been prepared the feature ex-
traction techniques can be applied. The previously described features from Table 1 have
been extracted forming the initial dataset. The initial dataset has size 975 rows which
describes the number of examples and 41 column according to the quantity of extracted
features in addition the column of disparity classes. The description of the initial dataset
for the first 10 features is shown in Table 2.

Table 2. Formed set description for first 10 features.
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5.2 Results

For the experimental part, the Python programming language has been chosen because
of its efficiency and huge data analysis resources. The initial dataset has been tested on
the three classifiers: SVC, RF and MLP. All of the classifiers are implemented using
the Python scikit-learn library. Not defined hyperparameters are default according to the
library documentation. The hyperparameters for the classifiers are chosen as follows:

1. SVC: kernel = ’sigmoid’ which was chosen iteratively based on accuracy score.

2. RF: random state = 69, max depth = 100 where the random state defines a random
number manually with given seed and max depth defined to restrict quantity of
iterations to keep the computational power.

3. MLP: hidden layer sizes =(1000,), activation = ’relu’, solver = ’sgd’, alpha = 0.0001,
learning rate = ’adaptive’, max iter = 1000 (as the activation function, the ReLU is
chosen as a widespread and efficient function, the maximal number of iterations is
chosen to restrict the computation time, the other parameters are chosen iteratively
based on accuracy score).

It is necessary to note, that the data is separated into the train and test sets in the com-
monly used proportion of 80/20. The dataset size is low for the 60/40 proportion. The
classification is implemented taking some of the following metrics after each experi-
ment(depending on experiment aims):

1. The accuracy score from all the classifiers is the percentage of successfully classi-
fied trajectories.

2. The features importances which are show the influence of the feature on the accu-
racy of the classification.

3. The confusion matrices (CM) for SVC and RF are matrices where the row is rep-
resented as the actually predicted class and the column as the expected class. The
highest classification accuracy in CM is expressed as a matrix that contains the
numbers of classified trajectories only along the main diagonal which means that
trajectory correctly classified to the expected class.

4. The 2D plots of the two most important features to see the variance of the data.
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5.2.1 Experiments with initial dataset

There are the following results obtained from testing the initial dataset. The estimates of
the obtained accuracies are: SVC 30.77%, RF 28.72%, MLP 30.77%. It is possible to
make the conclusion that all the accuracies are close to each other. In Figure 21 the CM
for the SVC and the RF are shown that SVC chose the only one class for all examples
while the RF has different amount of the true positive (TP), true negative (TN), false
positive (FP) and false negative (FN) results.

predicted
disparity -6 -2 2 6

actual

-6 0 60 0 0
-2 0 60 0 0
2 0 31 0 0
6 0 44 0 0

(a)

predicted
disparity -6 -2 2 6

actual

-6 27 21 6 6
-2 28 17 5 10
2 11 11 5 4
6 15 14 7 7

(b)

Figure 21. Confusion matrices after testing on initial dataset: (a) SVC; (b) RF.

In Table 3 the feature importances are depicted. The highest importances are 0.051
(reactTime) and 0.034 (medianVel). In Figure 22 the 2D plots of the most important
features for the 2 (Figure 22 (a)) and 4 (Figure 22 (b)) disparity classes are shown.

a) b)

Figure 22. 2D plot of most important features (reactTime and medianVel): (a) two classes; (b)
four classes.
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Table 3. Feature importances array for initial dataset.

# Name Importance rate # Name Importance rate
1 startX 0.01281553 21 minAcc 0.02966483
2 endX 0.02197598 22 maxAcc 0.02372639
3 startY 0.01476287 23 bpVel 0.01517806
4 endY 0.02646928 24 peakVelX 0.02469692
5 meanVel 0.02506567 25 peakVelY 0.02745712
6 medianVel 0.03438302 26 maxAcc1stHalf 0.0220305
7 meanAcc 0.02727452 27 maxAcc2ndHalf 0.02851707
8 medianAcc 0.02923329 28 peakVelX1stHalf 0.02690467
9 trajLength 0.0177075 29 peakVelX2ndHalf 0.0238004
10 trajDist 0.02387822 30 meanAcc1stHalf 0.01936063
11 zeroCrossingX 0.0187476 31 meanAcc2ndHalf 0.02771145
12 zeroCrossingY 0.02575571 32 medianAcc1stHalf 0.02601484
13 bendPointX 0.02316285 33 medianAcc2ndHalf 0.02645589
14 bendPointY 0.02481445 34 numOfPoints 0.03037867
15 angleOfTraj 0.0216268 35 accStd 0.02401836
16 trajAngle 0.01951558 36 acc25 0.02642692
17 maxDist 0.0177974 37 acc75 0.03021447
18 meanDev 0.01931863 38 accNumOfPeaks 0.02869011
19 minVel 0.03079449 39 reactTime 0.05061648
20 maxVel 0.02428161 40 movementTime 0.02875522

5.2.2 Binary classifier results

The four combinations of disparity classes for the binary classification were tested: 2 and
-2, 6 and -6, 2 and -6, -2 and 6 (Figure 23). In Table 4 the classification accuracies and
CM are shown as an array in the following notation: [TP,FN,FP,TN].

Table 4. Classification results for binary set.

Case Accuracy SVC Accuracy RF Accuracy MLP CM SVC CM RF

2 and -2 63.04 72.83 57.61 [58,0,34,0] [54,4,21,13]

6 and -6 59.61 62.5 55.77 [62,0,42,0] [50,12,27,15]

2 and -6 61,96 66.3 64.13 [57,0,35,0] [50,7,24,11]

-2 and 6 55,77 50.96 55.77 [58,0,46,0] [38,20,31,15]

Based on the resulted accuracies and confusion matrices from Table 4, the conclusions
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are follows:

1. The highest accuracy 72.83 is reached by the RF classifier on the 2 and -2 disparity
classes.

2. The lowest accuracy 50.96 is reached by the RF classifier on the -2 and 6 disparity
classes.

3. The lowest mean accuracy is reached on the -2 and 6 disparity classes which means
that these classes are hardly separable.

4. The highest accuracy 63.04 of the SVC is reached on the 2 and -2 disparity classes.

5. The highest accuracy 64.13 of the MLP is reached on the 2 and -6 disparity classes.

6. The CM shows that there is the different amount of trajectories for each disparity
class.

7. The RF separates the results better than SVC which does not recognize separate
classes. Only true positives and false positives recognized with SVC.

Based on plots in Figure 23, the data is mixed up and it is impossible to find the accurate
decision boundary in this case.
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Figure 23. 2D plot for two of the most important features, reactTime and medianVel, for all
combinations of the disparity classes.

5.2.3 Four classes classification results

The following data transformation techniques, especially, the LLE, PCA, Data Normal-
ization, min-max scaling, adding the polynomial features and feature reduction techniques
by the correlation matrix analysis have been applied to the initial dataset having the four
target disparity classes. The accuracies after applying all kinds of techniques for three
classifiers are shown in Table 5.

Table 5. Classification accuracies after the data reconstruction.

SVC RF MLP

LLE 31.49 27.31 30.76

PCA 33.77 30.78 28.33

Normalization 31.55 31.56 30.32

min-max scale 31.55 29.87 30.32

polynomial features 31.37 29.64 30.77
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In case of the LLE, the number of components has been chosen 7, for 2D plotting only
two most important components chosen. The following CM of SVC is shown that only
one class defined through all iterations:

predicted
disparity -6 -2 2 6

actual

-6 0 60 0 0
-2 0 60 0 0
2 0 31 0 0
6 0 44 0 0

.

The RF has the different CM which results show that RF recognizes more classes:

predicted
disparity -6 -2 2 6

actual

-6 19 25 6 10
-2 26 19 6 9
2 11 11 4 5
6 14 11 9 10

.

In Figure 24 the projection of the initial dataset on the two-dimensional space is depicted.

Figure 24. 2D plot of two components after LLE.
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In the case of PCA, the number of components has been chosen 7, for 2D plotting only
two first components are chosen. The CM of the SVC shows the higher covariance in the
data compares with the LLE. There are three classes can be recognized with the certain
accuracy according to the following CM:

predicted
disparity -6 -2 2 6

actual

-6 36 24 0 0
-2 31 28 1 0
2 18 13 0 0
6 26 17 0 1

.

The RF has the different CM which results show that RF recognizes more classes:

predicted
disparity -6 -2 2 6

actual

-6 29 23 2 6
-2 30 17 6 7
2 8 13 6 4
6 21 12 4 7

.

In Figure 25 the projection of the initial dataset on the two-dimensional space is depicted.
The most of the points are compressed into the one single area.
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Figure 25. 2D plot of two components after PCA.

In case of the normalization, the classification results become closer to the LLE results.
The accuracy for all of three methods is almost similar. The following CM of the SVC
shows that only one class is defined through all iterations:

predicted
disparity -6 -2 2 6

actual

-6 0 60 0 0
-2 0 60 0 0
2 0 31 0 0
6 0 44 0 0

.

The RF has the different CM which results show that RF recognizes more classes:

predicted
disparity -6 -2 2 6

actual

-6 34 15 2 9
-2 30 13 6 11
2 11 10 6 4
6 22 13 2 7

.
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In Figure 26 the 2D plot of the most important features is shown.

Figure 26. 2D plot of two components after normalization.

In the case of min-max scaling, the classification results become closer to the LLE re-
sults. The accuracy for all of three methods is almost similar to the normalization. The
following CM of the SVC shows that only one class is defined through all iterations:

predicted
disparity -6 -2 2 6

actual

-6 0 60 0 0
-2 0 60 0 0
2 0 31 0 0
6 0 44 0 0

.

The RF has the different CM which results show that RF recognizes higher variance of
classes, unfortunately, this result is very close to the normalization and the 2D does not
change dramatically. The following CM depicts this:
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predicted
disparity -6 -2 2 6

actual

-6 27 21 6 6
-2 28 17 5 10
2 11 11 5 4
6 15 14 8 7

.

In case of adding the polynomial features, the polynomial degree has been chosen as 2.
The method formed totally 861 features. The CM of the SVC showed that the only one
class defined through all iterations. The result stays the same as started from the LLE:

predicted
disparity -6 -2 2 6

actual

-6 0 60 0 0
-2 0 60 0 0
2 0 31 0 0
6 0 44 0 0

.

The RF has the different CM which results show that the RF recognizes more classes:

predicted
disparity -6 -2 2 6

actual

-6 23 21 6 10
-2 30 18 5 7
2 12 6 10 3
6 14 15 9 6

.

In Figure 27 the 2D plot of the most important features show that, unfortunately, the data
is still mixed.
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Figure 27. 2D plot of two components after the addition of polynomial features.

Making the overview of classification results with four classes by looking at Table 5 it is
possible to conclude that classification accuracies, despite on applying the different data
manipulation techniques, are very close to each other. The SVC achieves the maximum
accuracy of 0.33. The lowest accuracy of 0.28 is achieved with the MLP.
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6 DISCUSSION

6.1 Current study

Trajectory classification is a complicated task for collected hand trajectories. Moreover,
the number of experiments is 975 which is not sufficient for the efficient training of clas-
sification models because of the complexity of the trajectories. The best accuracy score,
that was obtained during the experiments, is almost 73% in case of two classes and 33%
in case of four classes classification.

Trajectories are filtered with the LOESS method from raw data. This method was se-
lected in the previous study and is the most effective for this experiment. Velocity and
acceleration sequences are calculated from the filtered trajectory sequence.

For the classification task and further analysis 40 features from location, velocity, and
acceleration sequences have been extracted. There are geometrical and statistical features
has been extracted.

At the stage of classification three algorithms, namely, SVC RF and MLP showed almost
the same classification accuracy. All the results are about 30% in case of four classes
classification. The classification results for two classes have higher variance which is in a
range from 50% to 73%. The CM show that almost all methods of the data transformation
do not improve the results of classification excluding the PCA which gave the maximum
accuracy during the experiments. Some of the features, especially reaction time and me-
dian velocity, can be defined as features with the highest influence on the accuracy.

On the 2D graphs of the discovered most important features (reactTime and medianVel), it
can be concluded that the hand movements trajectory data classification is a complicated
task. It is difficult to calculate the decision boundary between the two features that have
the greatest influence on the classification results.

6.2 Future work

Applied data analysis techniques give the background to the further analysis. In the future
work, the accuracy rate could be improved by collecting more data to expand the size of
dataset. Higher amount of examples may help to train the models in a more proper way.
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Furthermore, it could add the variance to the data.

Searching for new relevant features is valuable for deeper analysis. Features may be ex-
tracted by looking for statistical approaches in data analysis. Plotting 2D representations
of certain trajectory sequences may help to find new valuable features. Also, the trajectory
nature could be reviewed. It will be very valuable to try to find any inside information in
the trajectory data.

The classification score may with increased by using the combination of data transforma-
tion techniques. Some of these techniques such as normalization can be removed from the
analysis flow because the classification results after applying it remain the same as after
the classification of the initial dataset. It would be useful to look for new more efficient
methods.

To further analyze the hand movement trajectory data, the other learning models such as
clustering and prediction could be applied to the data.

Once a new data is collected, it will be necessary to test it for the possibility of accurate
classification using the deep neural networks such as CNN or LSTM (which are best
suited for the sequence analysis). Nowadays, the deep neural networks are state-of-art
methods. They can solve a complex learning tasks by working with the raw data and
without requiring a proper preprocessing. However, for a thorough learning process, it is
necessary to have a huge amount of an input data.
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7 CONCLUSION

In this master thesis project the trajectory data that extracted from the 3D touch screen us-
ability experiment have been analyzed. The trajectory data for the classification purpose
was prepared with the LOESS filter. The new velocities and accelerations are calculated
using the fps value of the high-speed hand tracking videos. The features from the prepro-
cessed trajectories were extracted. Finally, the three groups of the features geometrical,
specific points of the sequences and statistical formed the initial dataset with totally 40
features. Three types of classification models SVC, RF and MLP were implemented. The
best classification accuracy of the two disparity classes 2 and -2 is 73% with the RF . The
best classification accuracy of the four classes is 33% for the SVC with the use of PCA.
The classification accuracy with the initial dataset is 30% as a result of the application
of two classifiers SVC and MLP. To improve the accuracy the data transformation steps
LLE, PCA, normalization, scaling, feature selection and polynomial features addition
were applied.
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