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Abstract. This paper considers the problem of designing computational
models of the primitives that are at the basis of the visual perception
of motion in humans. The main contribution of this work is to estab-
lish a connection between cognitive science observations and empirical
computational modeling. We take inspiration from the very first stage
of the human development, and address the problem of understanding
the presence of biological motion in the scene. To this end, we investi-
gate the use of coarse motion descriptors composed by low-level features
inspired by the Two-Thirds Power Law. In the experimental analysis,
we first discuss the validity of the Two-Thirds Power Law in the context
of video analysis, where, to the best of our knowledge, it has not found
application so far. Second, we show a preliminary investigation on the
use of a very simple motion model for characterizing biological motion
with respect to non-biological dynamic events.

1 Introduction

The interactions with other people or with the surrounding environment are easy
and natural tasks for human beings, triggered by an innate predisposition. Nev-
ertheless, it is well accepted in the cognitive science community that a mature
social awareness is subject to the acquisition of a sequence of temporally-ordered
perceptual and social skills, going from the detection of target of potential inter-
est [10], to the capability of inferring the intentions of other people and the goals
of their actions [8].

This work considers the development of visual perception capabilities in
humans, and tries to establish a connection between the observations coming
from the cognitive science world and the computational modeling side. The long-
term goal of our research is the design of computational vision models able to
replicate on an artificial system the developmental stages of motion perception
in humans. This is of particular interest, for instance, in the robotics field, where
the design of methods for a natural human-robot interaction is one of the great
challenges of the research nowadays.

In this paper we specifically refer to the earliest stages of human develop-
ment, and consider in particular the capability of understanding the presence
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of biological motion in the surrounding environment, a skill humans, and not
only, exhibit early after birth [20]. This ability triggers the development of social
interaction, since it allows the detection of potential interaction partners in the
scene.

We consider a binary classification setting in which characterizing biologi-
cal movements with respect to non-biological dynamic events. As for the first
class, we are particularly interested in sequences of human actions typical of
interactions, as repositioning objects or pointing towards a certain 3D location.

Given a video stream, we initially detect the regions where the motion is
occurring using the optical flow, then we extract a set of low-level features
inspired by the Two-Thirds Power Law, which has been experimentally proved
to be an invariant property of biological motion, and human movements in par-
ticular [18,23,24,26]. We adopt a coarse motion representation leveraging on the
fact that if humans show a predisposition for biological motion right after birth,
when the amount of visual information is still very limited, then it is likely that
it may depend on very simple motion information.

We consider two different levels of compression of such information over time
– computing a point-based and a region-based descriptor – and evaluate their use
with binary SVMs classifiers equipped with appropriate Multi-Cue kernels [21].

Related Works. Since we are primarily interested in capturing abilities typical
of the early months of human development, we do not address classical action
recognition tasks (very fertile disciplines in fields as video surveillance, video
retrieval and robotics [4,16,28]), abilities which are likely to be gained at later
stages of development, also thanks to the infants’ prior motor experience [3].
Within this contexts, an approach sharing similarities with our work is [19]
where the authors consider the problem of biological motion classification using
joints trajectories. However, they refer to the characterization of a single class
of human motion (walking) with respect to others (as boxing or jumping).

Instead, works on human perception of biological motion can be traditionally
found in the field of cognitive science, where particular interest has been posed
on the relative importance of visual features that are (presumably) at the basis of
this strong ability [1,7,22]. In most of such works point-light displays or motion
caption systems are adopted.

The Two-Thirds Power Law has been related to the motion perception of
humans [6,24,26], and it is considered a well-known invariant property of human
movements [12,18,25]. Its applicability has been empirically verified mostly for
upper-limb movements, but also for eye motion [27], locomotion [23], and to
the purpose of movement prediction [9]. The relation between motion and the
quantities involved in the law has been also deeply analysed [12,25]. In [13] the
authors show that white Gaussian noise also obeys this power-law.

To the best of our knowledge, this is the first attempt of applying the Two-
Thirds Power Law in the context of video analysis, on data measured from video
stream and thus, by construction, less controlled. Also, with respect to previous
works, we consider a broader range of possible human movements.
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The remainder of the paper is organized as follows. In Sec. 2 we briefly
review the theory of the Two-Thirds Power Law, which is used as an inspiration
to introduce the low-level features we consider, in Sec. 3. Sec. 4 describes the
motion representation we adopt and sets the scene for the learning problem. We
report the experimental analysis in Sec. 5 and we leave the final discussion to
Sec. 6.

2 The Two-Thirds Power Law

Each dynamic physical event can be easily described by its spatial trajectory –
which defines the shape of the motion – as well as many other quantities – as
the evolution of length, velocity or direction. All of them represent evidences of
the dynamics, and are in general interconnected with each other.

For the specific case of human motion, it is acknowledged the validity of an
exponential relation between functions measured from the motion [6,23,26]. The
relation can be formulated as

V (t) = K(t)
(

R(t)
1 + α(t)R(t)

)β

(1)

where V (t) is the tangential velocity, R(t) is the radius of curvature, α(t) ≥ 0
depends on the average motion velocity (and is null in absence of points of
inflection in the trajectory), K(t) ≥ 0, depends on tempo and length of the
motion [25]. In case α(t) = 0 the law can be written in the alternative, yet
equivalent, form

A(t) = K(t)C(t)1−β (2)

where A(t) = V (t)
R(t) and C(t) = 1

R(t) . In adults, the value of β (estimated most
often for drawing movements) is very close to 1

3 , and so the law in Eq. 2 is usually
referred to as Two-Thirds Power Law.

Although this relation has been deeply investigated in the fields of human
motion perception analysis and cognitive science, the application in the context
of artificial intelligence and computer vision is still unexplored. In the following,
thus, we consider the use of a motion descriptor guided by the law and discuss
its adoption in a video analysis setting.

3 From the Law to the Features

Inspired by the Two-Thirds Power Law, our idea is to describe an observed
motion with a vector of low-level spatio-temporal features, computational coun-
terparts of the variables involved in the mathematical formulation.

At each time instant t, we start by evaluating the optical flow with a dense
approach (as [5]) and detecting the regions of interest R(t) – i.e. the regions
where the motion is occurring – with a hysteresis thresholding on the magni-
tude. Notice that, in general, at each time instant we may detect more than one
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(a) (b)

Fig. 1. Left: an example of the trajectory of a point describing the dynamic of a
sequence of lifting actions. Right: the temporal series of the low-level features we com-
puted on a sub-part of the sequence.

region. They can correspond to different portions of a single common event
(e.g. when gesticulating with both hands), or they may indicate the co-
occurrence of multiple events.

We then associate each point pi(t) ∈ R(t) with a feature vector

F(pi(t)) = [V̂i(t), Ĉi(t), R̂i(t), Âi(t)] (3)

where the features denote, respectively, tangential velocity, curvature, radius
of curvature and angular velocity estimated for the point as follows. Let
(ui(t), vi(t)) be the optical flow components. We define the spatio-temporal
velocity of the point as V̂(t) = (ui(t), vi(t),Δt), where Δt is the temporal
displacement between observations of two adjacent time instants. The velocity
magnitude is computed as V̂ (t) =

√
ui(t)2 + vi(t)2 + Δ2

t . The spatio-temporal
acceleration can be derived as the derivative of the velocity: Âi(t) = (ui(t) −
ui(t − 1), vi(t) − vi(t − 1), 0).
The curvature, following [15,17], is computed as

Ĉi(t) =
||V̂i(t) × Âi(t)||

||V̂i(t)||3
. (4)

The remaining two quantities are derived as R̂i(t) = 1
Ĉi(t)

and Âi(t) = V̂i(t)

R̂i(t)
.

Fig. 1 shows an example of the computed quantities for repetitive lifting actions.
For the sake of clarity we focus on the trajectory of a single point (the centroid
of the region, see Fig. 1(a)). In Fig. 1(b) the trend of the tangential velocity
shows the presence of the well-known bell shape, typical of biological motion
[14]. Notice the uneven level of noise in the features estimation: the velocity
magnitude, directly measured from the optical flow, is the smoothest, while the
other quantities, derived with further approximations, show a lower regularity.
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4 Representing Biological Motion

Now that we have defined the low-level features, we may set up a procedure
to describe and then classify the observed motion as instance of a biological or
non-biological event.

At each time instant, we consider a regular grid of points for each region
of interest segmented according to Sec. 3. With each of them we associate a
feature vector following Eq. 3, and then combine their contributions comparing
two different simple strategies, detailed in the following, reminiscent of possible
coarse approaches to average the visual motion information.

4.1 Centroid-Based Descriptor

We first consider a coarse description obtained collapsing the whole information
within a region R(t) in a single vector, i.e. the centroid, henceforth denoted (with
an abuse of notation with respect to the previous use) as F̄(R(t)) = F̄ . Similarly
to the original feature vectors, the centroid is a vector of heterogeneous features,
that when compared should be appropriately handled. A way to deal with it is to
normalize the data to a common range. A better alternative is to adopt a convex
combination of kernel-based similarity functions, often referred to as Multi-Cue
Integration in the supervised learning literature [21], and successfully applied
to the problem of dynamic events modeling [16]. Let R and R′ be two regions
represented with their centroids F̄ = (V̄ , C̄, R̄, Ā) and F̄ ′ = (V̄ ′, C̄ ′, R̄′, Ā′). The
Multi-Cue kernel KMC : R4 ×R

4 → R can be computed as the weighted sum of
kernel-based functions K : R × R → R on each feature:

KMC(F̄ , F̄ ′) = wvK(V̄ , V̄ ′) + wcK(C̄, C̄ ′)+
wrK(R̄, R̄′) + waK(Ā, Ā′) (5)

where the w’s sum up to 1.

4.2 Histogram-Based Descriptor

We also consider a representation based on computing a histogram for each single
feature, collecting the contributions of all points from a region. To this purpose,
we first normalize each feature set so that all values are in the [0 . . . 1] range,
then populate the 4 histograms and finally concatenate them to collect the final
region descriptor. Henceforth, we will refer to the global region histogram as
H(R) = [HV HCHRHA].

Similarly to Sec. 4.1 we can treat each feature histogram independently,
fusing their similarities in a single value while associating with them different
weights. More formally, given two histograms H(R) = H and H(R′) = H′, a
Multi-Cue kernel KH

MC : RM ×R
M → R, with M the total number of bin of the

composed histogram, can be defined as

KH
MC(H,H′) = wvKH(HV ,H′

V ) + wcK
H(HC ,H′

C)
wrK

H(HR,H′
R) + waKH(HA,H′

A) (6)

where KH : R
M
4 × R

M
4 → R is an appropriate measure to compare histograms.



Recognizing Biological Motion Using Invariant Dynamic Cues 681

5 Experimental Analysis

In this section we report the experimental analysis we conducted on a dataset
acquired in-house. We structured the experimental analysis in two parts. On
the first, we aim at validating the Two-Thirds Power Law in our setting, while
evaluating the relative importance of each low-level feature we consider. On the
second part, we focus instead on the biological motion classification problem,
comparing the performances of the two descriptors introduced in Sec. 4 in com-
bination with different kernels adopted in combination with SVM classifiers.

(a) Pointing (b) Lifting (c) Toy car (d) Bouncing ball

Fig. 2. Samples from the acquisitions of a subject from a single viewpoint (Fig. 2(a)
and 2(b)), and of non biological motion events (Fig. 2(c) and 2(d)).

5.1 Data Set

We acquired indoor videos of two subjects observed from two slightly different
viewpoints, performing repetitions of given actions from a repertoire of dynamic
movements typical of an interaction setting, the one we have in mind. More
in details, we consider Gesticulating while talking, Pointing a finger towards
a certain 3D location (see Fig. 2(a)); Waving the hand from left to right and
vice-versa; Lifting and object from the table to place it on a box (Fig. 2(b));
Throwing an object away; Transporting an object from and to different positions
on the table. The latter is instantiated in two versions, with left-right and random
object repositioning. Each video consists of 20 repetitions of the same atomic
action (e.g. move the object from left to right); for each subject we acquired two
videos in each view for each action, ending up with more than 20K frames.

As for the non-biological counterpart, we consider videos of a toy car (Fig.
2(c)), bouncing and rolling balls (Fig. 2(d)), a pendulum and a lever, for a total
of about 10K data.

We split the set of videos in training set – used for model estimation – and
test set – only adopted for performance evaluation. Model selection is based on
K-fold cross validation with a grid search over the ranges of the parameters.

5.2 Proof of Concepts

On the Validity of the Two-Thirds Power Law. To assess the validity of the
Two-Thirds Power Law for video analysis, we represent, for the sake of sim-
plicity, the motion as a trajectory {F̄t}T

t=1 of centroids described according to
Sec. 4.1. To correctly apply the law, we analyse the temporal sequences of their
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(a) (b)

Fig. 3. Velocity versus curvature (log-log) measured on segments of trajectories describ-
ing sequences of lifting action performed by two different subjects.

velocity values, and then segment the trajectories in sub-parts considering por-
tions between a maximum and a minimum in the sequence (dynamic instants in
which the motion is subject to some variation, e.g. in acceleration or direction).

Following the seminal works [11,26], we analyse average velocity and curva-
ture in each segments and show the obtained point in a log-log reference system.
Fig. 3 reports two plots in which we collect observations from lifting actions per-
formed by the two subjects in our dataset. They show a high correlation with
the reference slope (i.e. 2

3 ) in green.
We then fit each segment with an exponential function and estimate the

exponents for both the biological and non-biological events. More in details,
the average exponent for the biological population on the first view amounts
to 0.65, and becomes 0.63 on the second view. A two-sample t-test confirms
the high separation between average exponents for biological and non biological
distributions (P-value < 0.0001).

On the Importance of the Features. In this section we investigate the relative
importance of our motion features to characterize biological motion, despite their
redundancy. To this purpose we consider a simple K-NN binary classifier and
evaluate its accuracy for different feature vectors configurations – corresponding
to using one or more features – and as the value of K increases. Since here
we focus on the importance of each single feature of the vector, we adopt the
centroid-based descriptor. To nullify the contribution of a feature we simply set to
zero its weight in Eq. 5. From the results in Fig. 4(a) it is apparent the tangential
velocity is the most relevant feature. The performances further increase when it
is used in combination with other measures (see e.g. Fig. 4(b) and 4(c)).

A pros of the Multi-Cue Kernel is the fact that prior knowledge on the fea-
ture importance can be easily included in the model by appropriately tuning the
weights. However, not always such information is available. An alternative is to
learn the most appropriate weights from the data. We reported in Fig. 4(d) the
weights selected as the best performing for increasing K values. There is a first
range of Ks (from 1 to around 40) in which all the features are assigned an aver-
age importance, while for higher numbers of neighbors the curvature seems to be
more relevant, but always if used in combination with some other information.
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(a) (b)

(c) (d)

Fig. 4. An analysis of the relative importance of each feature.

To summarize, there is an empirical evidence of the relevance of all such
features to the purpose of biological motion characterization. Since their relative
importance may change depending on the specific category of human actions
under analysis, the best option is to design an appropriate description by learning
their importance (i.e. their weights) from the data. Nevertheless, the observation
that all of them concur to best characterize our problem may be interpreted as a
further evidence of the validity of the Two-Thirds Power Law: although relevant
per-se, it is not the single feature that makes the difference, but its co-presence
with the other measures, which are related to it by the law.

5.3 Experiments on Classification

We now focus more specifically on the problem of binary classification between
biological and non-biological observations. To this end, we analyse the use of the
two descriptors of Sec. 4 in combination with SVM classifiers.

Centroid-Based SVMs. We compare in the table of Fig. 5(a) the use of our
instantaneous centroid-based description with different kernel functions, consid-
ering the mean accuracy computed on 5 different sampling of the input data set.
As for the Multi-Cue similarities, we compare the case in which all the features
are equally weighted with the values selected as best performing for some value
of K using a K-NN on the training set (see previous section). The best per-
formance is achieved with a Multi-Cue similarity function. We further test the
ability of such kernel functions in classifying test data observed from the second
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Kernel function Acc.

Linear 56.66
Poly, d = 2 57.26
Poly, d = 3 56.90
Poly, d = 4 57.11
Radial basis, γ = 0.1 57.48
Sigmoid, γ = 0.1 55.01

(*) Multi-cue gaussian 65.42
w = [0.25 0.25 0.25 0.25]
(**) Multi-cue gaussian 66.17
w = [0.5 0.2 0.2 0.1]
(***) Multi-cue gaussian 64.41
w = [0.1 0.7 0.1 0.1]

(a)

Kernel function Acc.

Linear 75.41
Histogram Inters. 75.69
Multi-Cue + Linear 76.37
w = [0.5 0.2 0.2 0.1]
Multi-Cue + Hist. Inters. 73.84
w = [0.5 0.2 0.2 0.1]
Multi-Cue + Gauss. 76.15
w = [0.1 0.7 0.1 0.1]

(b)

Fig. 5. Classification accuracy obtained with SVMs combined with different kernel
methods. Left: using the centroid-based description. Right: using the histogram-based
description.

viewpoint, obtaining 64.55 ± 1.54 for (*), 63.49 ± 2.46 for (**) and 64.3 ± 1.25
for case (***). Interestingly, the model is tolerant to viewpoint variation.

Furthermore, we may take into explicit account the temporal component
by considering as input data series of temporally adjacent centroids. This
requires and adaptation of the Multi-Cue function. Let T = [F̄1 . . . F̄T ] and
T ′ = [F̄ ′

1 . . . F̄ ′
T ] be two sequences of centroids, then their Multi-Cue similarity

is defined as

Ktime
MC (T , T ′) =

T∑
t=1

KMC(F̄t, F̄ ′
t) (7)

We consider as weights the best performing combination from the analysis of the
single centroid (the one marked with (**)). We achieved the highest performace
for T = 20, with accuracy 71.72±1.45 on test data from view 1, and 65.49±1.03
on test data from view 2 (training data are in both cases from view 1).

Histogram-Based SVMs. We conducted a similar analysis on the histogram-based
descriptor, obtaining the performances reported on the table of Fig. 5(b). A first
observation refers to the fact that the classification of instantaneous histograms
outperforms the classification of centroids, even when they are supported by the
temporal analysis. Also, the use of Multi-Cue kernel functions has a lower impact
here, where the linear kernel is confirmed to be an appropriate choice, similarly
to what happens in other classification problems built on top of histograms-like
representations (see e.g. [2]). Even from a computational standpoint, the use of a
linear kernel guarantees a high efficiency. The capability of handling a variation of
the viewpoint is confirmed here, since the accuracy of classifying samples from view
2 using models trained on view 1 remains rather stable (76.02).

Extending the analysis to include temporal sequences of histograms (thus
adapting the kernel, similarly to what done in Eq. 7) we obtain an accuracy of
89.03, which remains almost the same for view 2.
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6 Final Discussion

In this paper we investigated the design of computational models of the prim-
itives that are at the basis of the visual perception of motion in humans. Our
inspiration roots on the very first stage of the human development, where the
limited amount of visual information suggests that human beings have the capa-
bility of accomplishing certain perceptual tasks on the basis of rather coarse
motion models. We took inspiration from the Two-Thirds Power Law, validating
its applicability to video analysis problems. Moreover, we showed that a simple
vector of low-level motion features, appropriately organized and handled in a
learning framework, allows us to characterize biological motion against dynamic
events due to non biological phenomena.

Our current investigations are devoted to the design of a hierarchical frame-
work to replicate the developmental stages of human motion perception. On this
respect, the capability of recognizing biological motion can be interpreted as the
very first stage of such a system, to the purpose of localizing the possible target
of interest before being able to interact with it.

A second stage in the refinement of human perception is the capability of
understanding classes of actions, to focus on the important properties depend-
ing on the action. So, for manipulation actions, the relevant information may
reside on the object. Alternatively, one may be interested on the environment,
in presence of actions producing some kind of alteration on it. A preliminary
investigation in this direction may be found in [15]. The aforementioned tasks
set the scene for a more complete social awareness, that allows a subject to
decode an action with respect to the final goal and the user intentions. For
this task, more refined perception skills – and thus computational models – are
required.

Acknowledgments. This research has been conducted in the framework of the Euro-
pean Project CODEFROR (FP7-PIRSES-2013-612555).
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