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ABSTRACT

With the proliferation of wearable sensors, we have access
to rich information regarding human movement that gives us
insights into our daily activities like never before. In a sensor rich environment, it is desirable to build systems that are
aware of human interactions by studying contextual information. In this paper, we attempt to quantify one such contextual cue - the connectedness of physical movement. Inspired
by the Semblance of Typology Entrainments, we estimate the
connectedness of trained dancers as observed from inertial
sensors, using a diverse set of techniques such as quaternion
correlation, approximate entropy, Fourier temporal pyramids,
and discrete cosine transform. Preliminary experiments show
that it is possible to robustly estimate connectedness that is
invariant to frequency, amplitude, noise or time lag.
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change their behavior to accommodate the door’s socially agnostic behavior. The group’s intention could be conveyed explicitly to the system via a button, wireless signal, or speech
command. However, if life is to be naturalistic in a highly
automated world, the systems should be capable of implicitly detecting group intention. We hypothesize that in many
cases, a group’s intentions can be inferred through the quantity and type of connectedness in their physical movement.
We define ‘connectedness’ to mean, very broadly, any type
of similarity in the movement of the individuals as compared
to one-another. This notion was inspired by Adrian Freed’s
“Semblance Typology of Entrainments” [6], and includes but
is not limited to temporal synchrony.
A growing body of research in social psychology has been establishing the link between sociality and coordinated movement [7], and this provides a foundation for our hypothesis.
In general, three broad approaches have been taken in automatically measuring this interpersonal movement: crosscorrelation, recurrence analysis, and spectral methods [4].
Here, we extend these approaches to include monolithic
cross-correlation on three-dimensional sensor data; we use
cross-approximate entropy which extends recurrence analysis
as a numerical rather than graphical method, and additionally
checks for repetitive patterns defined by a vectors rather than
performing simple point-wise comparison; and we explore a
variety of spectral techniques. We evaluate these methods in
the hope that this will provide a signpost for future research
addressing the larger questions presented here.
SIMPLIFYING ASSUMPTIONS

INTRODUCTION

As daily life becomes increasingly automated, it is desirable
for automated systems to be sensitive to human social contexts. If some people are chatting near an automatic door,
without yet the intention of entering, the door should not continually open and close, nor should the interlocutors have to
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Connectedness may refer to a broad variety of phenomena,
such as connectedness in time, effort, orientation, gesture,
location, frequency, and so forth (simultaneous, isotropic,
syntonic...) [6]. Computationally modeling these phenomena presents a challenge due to their ambiguous and disparate nature. The problem is further complicated by the
fact that movements that are ostensibly “related” to the human observer, may manifest themselves as very different signals when observed through various sensors. Therefore, in
the present study, which represents nascent research, we aim
to assess the suitability of a variety of potential ways of measuring connectedness which are invariant to attributes which
can be captured easily within the sensor data such as temporal shifts, amplitude and frequency changes. Furthermore,
we focus on measuring connectedness of only two humans

at a time, although in the general case it will be desirable to
extend these methods to include arbitrarily large numbers of
people. We additionally choose trained dancers as our humans, because their training makes them suitable for use in a
controlled movement study. In the future we plan to extend
our techniques to untrained movers in quotidian settings. We
measure each human’s movement with a single inertial sensor
(accelerometer, gyroscope, and magnetometer). The increasing prevalence of wearable sensors in fitness trackers, smart
watches, and mobile phones provides a strong motivation for
this approach.
MEASURING CONNECTEDNESS

In this work we aim to quantify the connectedness of human
movements using the different techniques described next.
Hypercomplex Signal Correlation

Previous studies have used signal cross-correlation on gyroscope data to measure the similarity of movement of dancers
[1] [2]. However, this technique only operates on one of each
of the gyroscope’s axes. This may be extended to a monolithic representation of all three axes by representing the data
as pure quaternions with real part of zero. The hypercomplex result of such correlation encodes both the magnitude of
correlation, time-lag, as well as the ‘best-fit’ rotation which
achieves that magnitude. The standard definition of discrete
correlation extends to quaternion signals thus[3]:
a◦b=

NP
−1

a(τ + t)b(t)

t=0

Where ◦ indicates correlation, and τ is the time-lag between
signals a and b. Because we are interested in realtime computation on signals of arbitrary length, we compute the correlation in windows of size N , and evaluate τ for −N <=
τ <= N . A direct implementation of this sliding sum has a
time complexity of O(N 2 ) quaternion multiply-adds, which
makes it unwieldy for realtime computation. As with realvalued correlation, the time-complexity can be reduced by
making use of the well-known convolution property; the implementation described here is roughly O(6N log2 (N )). This
necessitates forward and inverse quaternion Fourier transforms (QFTs). Ell and Sanguine give definitions for these
[5], which we reduce here from two spatial dimensions (for
images) to one temporal dimension (for gyroscope data).
QFT(ω) =

NP
−1

1
N

QFT(g ◦ h)(ω) =
(ac + bd + uy + vz) + (−ad + bc − uz + vy)i+
(−ae + bf + uw − vx)j + (−af − be + ux + vw)k;
a = G(ω)r ;

b = G(ω)i ;

e = H(−ω)j ;

f = H(−ω)k ;

c = H(ω)r ;
u = G(ω)j ;

d = H(ω)i ;
v = G(ω)k ;

w = H(−ω)r ; x = H(−ω)i ; y = H(ω)j ; z = H(ω)k ;
Where G and H are the QFT of the signals g and h respectively, and the subscripts indicate the real, i , j or k part of the
quaternion.
The result of this must be rotated by N samples so that τ = 0
appears in the center. We furthermore convert the quaternion
result to Euler angles, to obtain the magnitude and best-fit
rotation for each value of τ . The result is a function of τ .
We select the peak of this function to represent the overall
magnitude and lag of correlation for this window. Because it
would be meaningless for time-lag to jump discontinuously
over time, in each window we only search for peaks nearby
the previous peak.
Approximate Entropy

Approximate entropy is a probabilistic measure based on the
log-likelihood of repetitions of patterns of length m being
close within a defined tolerance window (or radius r) that will
exhibit similar characteristics as patterns of length (m + 1)
[10]. It is defined using three parameters: embedding dimension (m), radius (r), and time delay (τ ). Here, m represents
the length of pattern (also called as embedding vector) in the
data which is checked for repeatability, τ is selected so that
the components of the embedding vector are sufficiently independent, and r is used for the estimation of local probabilities.
Cross Approximate Entropy (XApEn):

Cross approximate entropy is a bivariate measure and is
defined as the amount of asynchrony between two time
series data [9]. Let u = [u1 , u2 , . . . , uN ]T and v =
[v1 , v2 , . . . , vN ]T denote two time series data of length N .
The embedding vectors for given parameters m, τ, and r can
be defined as
P
1
Cm
Θ(r − d(x1 (i), x2 (j)))
i (r)(v||u) = N −(m−1)τ
<j>

x(n)e−µω

2πn
N

The cross approximate entropy is then given by

n=0

QFT−1 (ω) =

here to a form that can be directly implemented, again reduced to one dimension.

NP
−1

x(n)eµω

2πn
N

n=0

Here, µ is any pure unit quaternion. If we select µ = i (where
i is the imaginary unit) we may implement these each as two
Complex Fourier Transforms, one on the real and i components of the quaternions, and one on the j and k components.
For these, we may use the common, efficient FFT algorithm.
This allows an efficient implementation of hypercomplex correlation using equation 117 in [8]. Because it is difficult to understand in the form given there, we expand it algebraically

XApEn(m, r, τ ) = Φm (r)(v||u) − Φm+1 (r)(v||u)
where:
Φm (r) =

1
N −(m−1)τ

N −(m−1)τ
P

ln Cm
i (r)(v||u)

i=1

Transform based metrics

In the present framework, we observe data from the inertial
sensors as a 3 × T time series, where T is the number of
observed samples. It is useful to think of connectedness as
the generalization of a typical distance metric such as the `2

norm, because the connectedness between two completely
different movements maybe low, but the distance between
them will be large. While the ultimate goal is to develop measures that allow one to quantify connectedness over any two
arbitrary movements, at present we focus on similar movement styles performed in different settings (such as speed,
time lag, noise, intensity etc.), where connectedness and distance metrics can be approximated to be equal.

as sequence 001 - 025 throughout. The labels and descriptions of the variations are summarized in table 1.
Sequence Label
001-005 Identical
006-010

Dissimilar

011-015

Similar

016-020

Lag

021-025

Amplitude

Fourier Temporal Pyramid

Accurately measuring connectedness involves obtaining measures that are robust to noise, sampling rates, and, more importantly, speed variations. While the former two are common for any kind of time series, the latter is an important
problem in human movement analysis. Typically, we would
like to have measures that are invariant to the speed of execution of various movements. Within time series analysis, a
common trick is to use Dynamic Time Warping (DTW) which
attempts to identify the minimum distance between two time
series, for all possible speed variations between them. However, DTW is computationally very expensive with a complexity of O(mn) for two time series of lengths m and n
respectively. Alternatively, recent methods have attempted to
solve the mis-alignment problem by observing the time series
in a different domain, such that the representation is inherently robust to noise and temporal alignment. Fourier Temporal Pyramid (FTP) [13] is one such technique originally introduced in the context of human skeletal action recognition.
FTP performs a hierarchical short-time Fourier transform on
the time series, and discards the high frequency components
which are often associated with noise. Further, the representation takes care of misalignment because temporal translation results does not affect the magnitude of the Fourier coefficients.
Discrete Cosine Transform

Another recent work [11] proposed the use of the Discrete
Cosine Transform (DCT) as an alternative way to obtain a
metric that are robust to noisy measurements and temporal
translations. Similar to the FTP, this metric transforms the
time series, q(t) into the frequency domain as, Q(t) = Aq(j),
where A is the DCT matrix that contains cosines of varying frequencies. We retain the top k coefficients as φ(t) =
|Q(t)1:k |, which results in a k dimensional vector for a time
series of arbitrary length. This also allows us to compare time
series of different lengths easily, without the need for interpolation or truncation.

Description
Both dancers perform the basic
movement sequence identically
One dancer performs the basic movement sequence while
the other does something wholly
unrelated (different in each instance)
One dancer performs the basic
movement sequence while the
other performs the basic movement sequence plus noise in the
instrumented hands
Identical movement but one
dancer leads the other by a few
seconds
One dancer performs the basic
movement sequence,while the
other performs a ’small amplitude’ version of the same

Table 1. Connectedness in Movement dataset

The labels for these variations are treated as ground-truth. In
the overall research agenda we are interested in a continuous
ground-truth, and do not view this as a classification problem.
Instead, we treat the labels as continuous ground-truth with a
coarse temporal granularity. The complete dataset is available
from the authors upon request.
Parameters

In the following studies, we decimate the sensor stream to
100 Hz. This reduces computational load and does not have
any significant effect on the results. We use a window-size of
512 sensor samples, for a maximum τ of about ±5 seconds,
and a hop-size of 5 samples for a temporal resolution of 50
ms.
For the quaternion correlation we search for peaks within
±128 samples of the previous peak, which is chosen heuristically - which may sub-optimal in general, but worked well for
our experiments. We normalize the contents of each window
prior to correlation, by dividing each quaternion sample by
the mean magnitude of that window. We use this over other
possible definitions of normalization because it preserves the
quaternions’ angles [12].

EVALUATION

In this study we focus on connectedness in gesture, time, and
amplitude. In order to make a preliminary assessment of the
performance of the above metrics, we gathered a dataset of
humans moving as follows. Two dancers designed a short
movement sequence approximately thirty seconds in duration. Inertial sensors were placed on their wrists. They
then performed five variations on the basic movement sequence, where the variations were designed to exhibit different amounts and types of connectedness. Each variation was
repeated five times in a row, resulting in twenty five instances
of the basic thirty-second sequence which shall be referred to

Comparison of Metrics

If connectedness is taken as a one-dimensional phenomenon
whose measurement must be robust to a variety of conditions,
we may use Spearman coefficients to compare the performance of different measures discussed in this work. Once
the connectedness scores are estimated, the empirical mean of
the scores is used as a final measure per sequence. Then the
Spearman correlation coefficient of the estimated measures is
compared against an “ideal” score which is 1 when the movements are correlated and 0 when they are uncorrelated. In this
labeling scheme, we mark the variations of ’amplitude’, lag,

and ’similar’ as 1. As table 2 shows, the proposed measures
perform significantly better than our baseline - the standard
`2 distance metric.
Measure
Hypercomplex Correlation
Approximate Entropy
Discrete Cosine Transform
Fourier Temporal Pyramids
`2 -norm

Score
0.6933
0.5269
0.5296
0.4715
0.2773

Table 2. The Spearman correlation coefficients for various measures discussed in this work. The estimated scores are compared to an ideal scoring rubric with correlated movement as 1 and uncorrelated movement
as 0 (higher is better)

Connectedness in Gesture, Time or Amplitude

Next, we consider connectedness as a multidimensional phenomenon, and examine how quaternion correlation performs
in greater detail. We first assess whether it is capable of ranking the degree the dancers are performing the same gestures.
We accomplish this by examining the ’Identical’, ’Dissimilar’ and ’Similar’ movement variations, which represent high,
moderate, and no connectedness. Below is a plot of the magnitude of correlation as a function of time for each sequence
in those categories.

speculate that the movement sequence contains some selfsimilarity midway through. Nonetheless, It is clear that on
average correlation correctly assesses connectedness in time.
CONCLUSION

This paper has introduced the notion of ‘connectedness’ and
evaluated some methods of quantifying it. We hope that these
methods will provide a foundation for the study of detecting
group intention.
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