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Abstract. We study the characteristics of infants’ spontaneous move-
ments, based on data obtained from a markerless motion tracking sys-
tem. From the pose data, the set of features are generated from the raw
joint-angles of the infants and different classifiers are trained and evalu-
ated using annotated data. Furthermore, we look at the importance of
different features and outline the most significant features for detecting
spontaneous movements of infants. Using these findings for further anal-
ysis of infants’ movements, this might be used to identify infants in risk
of cerebral palsy.
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1 Introduction

In the last decades, motion tracking has become more and more popular.
Whether it is marker-based or markerless, vision-based or sensor-based, the com-
mon goal is to estimate the pose and movement of people. Since the introduc-
tion of the Microsoft Kinect depth sensor in 2010, motion tracking has become
a relative easy problem to solve. Without much effort, the underlying pose and
motion parameters can be obtained and the next step is thus to utilize these
parameters. In relation to the initial purpose of the Kinect sensor, the extracted
pose parameters was used as input to the Microsoft XBox console, to control
the character within a computer game. However, the list of applications is far
more comprehensive. In [1,2] the pose estimation is used to extract features
such as speed and step length. Features like these can be used for recogniz-
ing people, based on their gait, as shown in [3]. Other studies do not focus on
recognizing a specific person, but instead recognizing different actions, such as
walking, running, boxing, jumping, etc. [4]. However, common for most stud-
ies is that they focus on recognizing movements, that are easy to differentiate
from each other, such as walking/jumping/punching/etc. Recently, new studies
and challenges consider the concept of looking at more similar actions, such as
recognizing sign language gestures, where two gestures can seem very similar to
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the untrained observer [5]. In this study, we focus on movements of infants. It
is known that infants in the age of 3-5 months have special movements called
fidgety movements [6]. Among high-risk infants such as infants born preterm,
absent or abnormal fidgity movements is a strong indicator for the motor disor-
der cerebral palsy. Doctors are thus able to identify a high risk of cerebral palsy,
in the early months after birth, based on assessing these special movements.
Small movements in the trunk, neck and limbs characterize these special move-
ments. The movements are easiest to detect when the infant is lying on its back,
unstimulated [7]. However, kicking and crying influences the infants’ movements
and the fidgety movements will be obscured by these larger movements. More-
over, a pacifier can completely dampen the strength of the fidgety movements.
In order to be able to recognize the fidgety movements, one approach is to first
detect and remove the sequences where the fidgety movements do not appear
and secondly to classify the remaining movements. In this paper, we focus on the
first step, where we classify sequences of motion data of awake infants, with the
goal of segmenting the sequence into segments of spontaneous/non-spontaneous
movements. The classification is based on features obtained from a vision based
and markerless motion tracking approach. A number of previous studies focus
on quantifying these spontaneous movements. In [8] the authors quantify spon-
taneous kicks by tethering the legs to a mobile stand. When the infant kicks,
the mobile moves and this information is used for further analysis. In [9], a sim-
ilar mobile system is combined with a 2D based motion tracking system. Using
both the mobile-observations as well as the motion tracking results, the kicking
frequency can be obtained. In this study, the goal is to;

1. Test different classifiers for segmenting spontaneous movements, based on
data extracted from a markerless motion tracking system.

2. Examine the importance of different movement based features in order to
classify spontaneous movements.

2 Methods

2.1 Motion Data

The data used in this study are temporal RGB-D data obtained with the
Microsoft Kinect sensor. The recorded data contains both color and depth infor-
mation of infants in the age of 1-6 months (corrected with respect to term).
During the recording-session, the infant was positioned on a mat, while the
RGB-D camera was positioned above the infant. No equipment was attached to
the infant and the infant was thus able to move freely and unaffected. However, it
was required that the infant only wore a short-sleeved bodystocking, in order to
see the joints of the over- and under-extremities. Furthermore, the infant was in
a good mood and unstimulated during the recording. The infant’s parents were
informed about the procedure beforehand and at any time; the parents could
choose to stop the session. Unless the session was interrupted, the recording was
done for minimum 5 minutes.
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2.2 Motion Tracking

The pose estimation and motion tracking of the infants are obtained using a pre-
viously developed system [10,11]. To summarize, the system fits an articulated
3D model to the 3D data obtained from the depth sensor. The model is struc-
tured from a set of relative simple 3D structures, namely cylinders, spheres and
superellipsoids. A set of parameters define the shape and orientation of these
structures, which are length, radius and angle/direction with respect to their
relative parent structure. The stomach/torso defines the root structure and all
other structures are connected either directly or indirectly to this structure. The
fitting process is done by adjusting the orientation parameters, while minimiz-
ing the error-metric between the 3D data and the 3D model. The error-metric is
simply based on the Euclidean distance between the model and the data. Figure
1 illustrates an example for the resulting pose estimation.

Fig. 1. Left: Colored point cloud obtained from the depth sensor. Right: 3D model
fitted to the observed data.

2.3 Classification

The result from the motion tracking is a set of joint parameters, describing the
pose of the recorded infant for each timestamp. The features used in this study
are based on angular velocities and accelerations of the joints. For each frame,
we calculate the angular velocities and accelerations, based on the joint angles
in the current frame and the two previous frames. However, instead of using
the raw data from a single frame, we transform the data using a sliding window
approach, where we both generate mean- and median-filtered joint features. The
transformations used for this approach are average, median, variance and the
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Frobenius norm. Furthermore, we take the max/min values of the filtered veloc-
ities/accelerations, as we are interested in detecting frames where the infant is
lying still vs. frames where the infant is doing an extreme movement with any
part of the body. For classification methods we use K-Nearest Neighbors (KNN),
Support Vector Machine (SVM) and Decision Tree. For KNN we use two param-
eters for k, namely k = 1 and k = 5. In order to evaluate the different classifiers’
performance, parts of the data have been annotated manually. The movements
have been annotated either as spontaneous or calm.

3 Results

The dataset used in this study consists of 50k labelled frames taken from data
recordings of 11 infants. For each frame, the frame was either labelled as being
spontaneous or not. This labelling was done by one of the authors. Based on the
four classification methods used in this study we examine how the training/test
size influences the results. In Figure 2, the accuracy is shown, for different sizes
of the training set. The test-set is simply the remaining data, when the training
set has been extracted. For all four classification methods, the methods give
good results, even with a small training set/large test set.
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Fig. 2. The achieved accuracies for the four classifiers are illustrated, as a function of
increasing size of the training set. The size is with respect to the total size of the data.

However, the classifiers are trained and tested without taking into account,
that data trained from one infant is used to classify data from the same infant.
We therefore train the classifiers on data from one infant, while the testing is
done on data from the remaining infants. This is considered the worst case, as
one could increase the size of the training set, by using more than one infant
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for training. In Figure 3, the result can be seen, where cross-validation is used
in order to consider training with all infants. Again, the size of the training
set is varied, but in this case, the size of the total data set is related to the
particular infant. This new choice of training/test sets yields an overall decrease
in accuracy, as expected, but we are still able to obtain satisfactory results.
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Fig. 3. For a more fair result, the training set is only based on data from one infant
and the test set is based on data not belonging to the same infant. Cross-validation is
used to train the classifiers on each infant.

Using a leave-one-out approach, we train a decision tree (the classifier that
obtained the best results above) on data from all but one infant and segment
the data from the leaved-out infant. The segmentation can be seen in Figure
4 where the ground truth segmentation can be compared with the estimated
segmentation. Doing this for all infants, i.e. training the model on all but one
infant and test the model on the leaved out infant, we are able to estimate
the mean and standard deviation of the accuracy, which shows how good the
methods are to generalize to an unknown infant. This has been done for all four
methods and the results can be seen in Figure 5. We observe that we are still
able to obtain good results for all four methods.

3.1 Parameter Importance

In order to point out the most important features used for detecting spontaneous
movements, we use a leave-one-out approach. By removing one feature and train-
ing the classifiers, we compare the accuracy with the result obtained with the
full set of features. This is done using 10-fold cross-validation. Figure 6 shows the
results for the four types of classifiers. It should be noted that the importance-
quantity has been normalized. It can be seen that the most important features
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Fig. 4. Comparison between ground truth and estimated segmentation. Class 1 is spon-
taneous movements and Class 2 is non-spontaneous movements. Top: The ground truth
segmentation of one infant’s spontaneous movements. Bottom: The estimated segmen-
tation of the infant’s spontaneous movements.
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Fig. 5. Results for doing leave-one-infant-out experiment.
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are based on velocities and that the maximum and summed velocity in a time
windows significantly characterizes the spontaneous movements.

0

0.2

0.4

0.6

0.8

1

Im
po

rt
an

ce

 

 

V
m

ax

V
m

in

m
ean(V

)
m

ax
m

ean(V
)

m
in

m
edian(V

)
m

ax
m

edian(V
)

m
in

var(V
)

m
ax

var(V
)

m
in

A
m

ax

A
m

in

m
ean(A

)
m

ax
m

ean(A
)

m
in

m
edian(A

)
m

ax
m

edian(A
)

m
in

var(A
)

m
ax

var(A
)

m
in

||V
||

||A
||

SVM
KNN(k=1)
KNN(k=5)
Decision Tree

Fig. 6. The importance of the different parameters are illustrated for the four classifiers,
based on the leave-one-out approach

4 Conclusion

Using annotated motion tracking data of moving infants in the age of 1-6 months,
we have been able to segment sequences of spontaneous movements in infants.
This was done using four different classifiers, which all proved to obtain similar
results, ranging from 92−98% accuracy, based on different classifiers and different
sizes of the training/test data. In addition, we evaluated the importance of the
different features used in this study, where the maximum velocity and summed
velocity over time are important features for the spontaneous movements.
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