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Abstract

It has long been known that human observers can identify
actions based on how people move, even from very
impoverished motion depictions such as Point Light Displays
(PLDs). This study investigates how humans classify actions,
and what types of motion information they use to do so.
Using a newly available technique (OpenPose) for extracting
human joint locations from natural video, we created three
types of reduced displays: PLDs, stick figures, and motion
flow videos. Participants identified actions in these videos
through verbal responses, and these responses were analyzed
for semantic similarity using a Natural Language Processing
model. A Hierarchical Bayesian Model further compared
semantic similarities across video conditions. Results showed
the highest intersubjective agreement (a proxy for proportion
correct) for stick figures, followed by PLDs, and the lowest for
motion flow videos. These results suggest that dynamic pose
representations are crucial for accurate action classification,
with motion flow supporting only coarse classification. The
same pattern held across different action categories, such as
instrumental versus locomotion and upper versus lower limb
actions.
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Introduction

Classifying human action based on movement is an important
everyday task. We can easily tell if someone is running
or walking, brushing their teeth or combing their hair, or
simply sitting and reading. Indeed human observers can infer
intentions, emotions, or motivations from human movement
(see Cutting, 2013). This ability extends beyond human
figures to inanimate objects such as geometric shapes (see
Heider & Simmel, 1944; Epley, Waytz, & Cacioppo, 2007).
But the underlying mechanisms of action classification are
not well understood.

Biological motion

Johansson (1973) introduced a class of stimuli, now usually
called “Point Light Displays” (PLDs), which opened a
window onto how the brain interprets human movement.
Originally, PLDs were created by attaching lights to the joints
of an actor wearing a black suit, and filming them in the dark
so only the movement of joints (ankles, wrists, knees, elbows,
and shoulders) could be seen. Even with such impoverished
stimuli, human observers can still recognize simple actions
such as walking, running, and dancing. On the basis of PLDs
humans can also perceived intentions (Okruszek, 2018),

identify gender (Mather & Murdoch, 1994), discern emotions
(Dittrich, Troscianko, Lea, & Morgan, 1996; Parkinson,
Walker, Memmi, & Wheatley, 2017; Ikeda, Destler, &
Feldman, 2025), and even recognize individuals (Troje,
Westhoff, & Lavrov, 2005). The ability to interpret PLDs
is substantially cross-cultural; for example Pica, Jackson,
Blake, and Troje (2011) showed that the Mundurucu, a
culturally isolated group in Brazil, can identify point-light
walkers in coherent, inverted, and spatially and temporally
scrambled conditions. These days the term ‘“biological
motion” is usually associated with the study of PLDs, but
note that the mechanisms by which people interpret the
movements of living things can be studied using a variety of
stimulus types.

Motion flow and skeletal models of shape

What visual features does the brain use to interpret biological
motion? Since Johannson’s original studies, it is often been
assumed that action interpretation rests on the perceptual
organization of the stimulus into a human form. But
conversely, some authors have proposed multiple streams of
processing, often one based on form information and another
based on motion flow. These proposals are related to the
well-known distinction between dorsal and ventral streams of
processing (see Lichtensteiger, Loenneker, Bucher, Martin, &
Klaver, 2008). The dorsal stream locates and tracks objects,
supporting spatial orientation and movement coordination,
while the ventral stream identifies and recognizes objects.
In the realm of biological motion perception, some authors
(e.g., Mather, Pavan, Bellacosa Marotti, Campana, & Casco,
2013, and Misaghian, Lugo, & Faubert, 2022) have suggested
that the dorsal system employs motion flow to distinguish
biological movements from generic motion flow patterns,
while the ventral system facilitates the estimation of poses,
and thus enables more detailed interpretations of specific
actions.

Along these lines, Giese and Poggio (2003) proposed a
hierarchical neural model that integrates form and motion
pathways to interpret biological motion. This model utilizes
two pathways: one starting from local orientation detectors
and supporting form representation, and the other starting
from motion detectors and tracking movement. Extending
this logic, Casile and Giese (2005) demonstrated that motion
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allow some recognition of some actions. They used a novel
point-light stimulus, the “critical features stimulus,” which
contained dominant motion features combined with coarse
positional information. These stimuli were crafted to isolate
specific motion features that might be essential for biological
motion perception. A more recent model that follows a
similar path was proposed by Misaghian et al. (2022), who
introduced a risk-averse Bayesian approach placing special
emphasis on the dorsal pathway for detecting biological
motion.

In the ventral component of these models, as in the original
Johansson framework, action classification is supported by
integrated representations of the human form. The nature
of those representations is however not completely clear.
One important proposal for how biological forms can be
represented is Blum’s (1973) medial axis transform and its
descendants (Burbeck & Pizer, 1995; Kimia, 2003; Feldman
& Singh, 2006; Ayzenberg & Lourenco, 2019). These
skeletal representations center on the “bones” of perceptual
shapes, in Blum’s original proposal local symmetry axes,
which tend to correspond roughly to limbs and other
components of biological forms (see Kovacs, Fehér, & Julesz,
1998). More recent skeletal frameworks have conceptualized
the axes somewhat differently from Blum, but all share the
goal of decomposing shapes into individual parts whose
spatial relations define the object’s “pose.” Burbeck and
Pizer (1995) suggested that that neurons in the visual
system identify shapes using axis-like structures, or “cores,”
described as being equidistant from the nearest contour
boundaries. Feldman and Singh (2006) proposed a Bayesian
framework for estimating axial structure (see also Wilder,
Feldman, & Singh, 2011; Destler, Singh, & Feldman, 2023),
emphasizing the goal of a one-to-one mapping between
estimated axes and coherently articulating parts. Most of
these proposals are based on static stimuli, and the connection
between skeletal shape representations and biological motion
has scarcely been explored. The representation of nonrigidly
deforming shape is itself very poorly understood, as the
vast majority of the structure-from-motion literature assumes
rigidly moving objects (see Choi, Feldman, & Singh, 2024).
Hence there is a substantial gap in the literature concerning
the role of skeletal representations in the interpretation of
biological motion.

Limitations in biological motion research

Notwithstanding the huge literature on biological motion,
most studies have focused on a very limited number of
actions, most often walking and running. Johansson’s
own studies (1973, 1976) only mention a few actions.
This limitation poses significant challenges when attempting
to draw broader generalizitions. —Many studies of the
interpretation of PLDs use only walking (e.g. Rutherford &
Kuhlmeier, 2013). Even more critically, the claim that motion
flow alone might be sufficient to recognize actions is usually

based on very small number of actions, sometimes just
walking, with performance gauged by the subject’s ability to
distinguish walking from random motion patterns.

Some studies have used a broader range of actions.
Dittrich (1993) used 12 different actions divided into three
categories: locomotive (walking, going upstairs, jumping,
leaping), instrumental (hammering, ball bouncing, stirring,
and box lifting), and social (dancing, boxing, greeting, and
threatening). He found that locomotive actions were easier
to recognize than instrumental and social ones. Similarly,
van Boxtel and Lu (2011), using 38 animations spread across
four categories (boxing, dancing, walking, and running).
A hierarchical clustering analysis of search slopes drawn
from a visual search task yielded a fairly intuitive clustering
of action types. Walking and running, for example, share
more common features than walking and boxing. Moreover,
actions that are easier to group and generalize are typically
locomotive, such as running and walking. In contrast, this
generalization is less likely with non-locomotive actions, like
boxing or knee bends (cf. Giese & Lappe, 2002).

The primary obstacle to using a large range of actions
in biological motion studies is the difficulty of producing
suitable videos, which often requires special equipment or
techniques (see Ghorbani et al., 2021). To avoid this
limitation, in the current study, we employ an alternative
methodology: OpenPose (Cao, Simon, Wei, & Sheikh, 2017).
This framework uses advanced deep learning techniques,
specifically Convolutional Neural Networks (CNNs), to
detect and track human joint points in real time directly from
videos. OpenPose enables highly accurate real-time pose
estimation, even in situations where people overlap or interact
with each other (Washabaugh, Shanmugam, Ranganathan, &
Krishnan, 2022).

In what follows, we use OpenPose to create displays from
a much wider range of naturalistic actions than would be
possible with more conventional methods. Our action classes
cover a huge span of action types, from simple locomotion
(walking, running) to dancing, sports, and a range of more
precise actions such as brushing teeth or combing hair (see
Fig. 5 for the complete list). In the traditional biological
motion literature, one often encounters broad summaries such
as “people can recognize actions accurately.” But given the
very limited range of actions usually tested, this summary is
almost certainly oversimplified. As Dittrich (1993) found,
some actions are recognized much more easily than others.
By using a much broader range of natural actions, our hope
is to be able to quantify the human ability to classify actions
more comprehensively.

In addition, we aim to study which specific motion features
support action classification by presenting human forms in
several different ways. The results of OpenPose are often
depicted as a “stick figure” for each human form detected.
However the procedure actually outputs joint positions,
which for the purposes of parametric experiments can be
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depicted in stimuli in several different ways. For example,
if each joint position is rendered as a dot but not connected
to other joints, the result is an automatically generated PLD.
One of the hypotheses underlying the following study is that
if human action classification rests specifically on skeletal
representations, then stick figures (which make skeletal
information overt in the stimulus) should support better action
classification than PLDs (which do not).

Moreover, in the studies below we include stimuli
depicting only the motion flow from the same videos,
rendered via random dots with motion flow matching that in
the raw video. This condition allows us to measure action
classification from motion flow alone, as speculated to be
accomplished by the dorsal stream without benefit of human
form integration. By applying this presentation method to a
broad range of naturalistic actions, we hope to give a more
comprehensive answer to the question of whether, or to what
degree, action can be classified on the basis of motion alone.

With that in mind, our study has three aims. First,
we aim to utilize a broader variety of actions drawn from
naturalistic video, in order to more comprehensively assess
human observers’ ability to classify human action. Second,
by comparing different methods of depiction (PLDs vs.
stick figures) we aim to better understand the importance
of skeletal representations in action classification. Third,
by comparing these two methods (both of which allow the
human form to be integrated, albeit more directly from stick
figures than PLDs) to motion flow videos, we hope to assess
the degree to which action can be classified from motion flow
alone.

Methods

Experimental framework

Forty-six students from Rutgers University were recruited
for this study and were given credits for their Psychology
class for their participation. We used 78 actions, including
everyday activities like brushing teeth, drinking water,
walking, etc. (see Fig. 5). For these 78 actions, three distinct
types of videos were created: PLDs (consisting of dots at
joint locations), stick figures (joint positions joined by line
segments in an anatomically correct body plan), and motion
flow videos (flow fields estimated using the Lucas-Kanade
algorithm, Patel & Upadhyay, 2013). Fig. 1 illustrates the
three conditions. The 78 videos were divided into three
groups of 26 each, with each group presented in one condition
to each subject, ensuring that no subject ever saw the same
action twice. The assignment of groups to conditions was
then permuted across three groups of participants so that
across subjects all actions were presented an equal number
of times in each condition. The subjects’ task was to freely
describe in a text box the action depicted in each video.

Stick Figure
condition

Figure 1: Stick figure (top), PLD (middle), and motion flow
display (bottom).

As a dependent variable, we focus on the intersubjective
agreement rate © among participants’ responses, calculated
using Natural Language Processing (NLP) as explained
below. The goal of using intersubjective agreement rather
than proportion correct, as is more conventional, is to
avoid stipulating correct classifications for each video (in
most studies, provided intuitively by the experimenters
themselves). Previous studies of action interpretation (e.g.
Ikeda et al., 2025) have found that intersubjective agreement
is highly correlated with proportion correct (i.e., proportion
agreement with human ratings of the raw videos by a separate
subject group). Intersubjective agreement has the advantage
of not requiring that ground truth ratings be either stipulated
or collected from other subjects, but can be calculated using
only the subjects’ responses to the stimuli themselves.

To automatically compute intersubjective agreement, we
used a pre-trained English model en_core_.web_md from
SpaCy in Python to transform the participants’ text responses
into semantic vectors (see Honnibal, Montani, Landeghem,
& Boyd, 2020). Then the cosine similarity between subjects’
response vectors was calculated for each video, providing
a quantitative measure of how similar the responses were
to each other in terms of semantic content. The cosine
similarity ranges from O to 1, with higher values indicate
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greater similarity. In the analyses below, 6 denotes the
average value of these similarities.

Bayesian model

To analyzes these data, we constructed a hierarchical
Bayesian model of agreement rate among participants.
The purpose of this model is to quantify the influence
of the conditions, in particular display condition, on
the intersubjective similarity measure 6. By using this
approach, we can account for the hierarchical structure of
our data, where responses are nested within participants,
and participants are nested within video types. This model
allows us to estimate the influence of each display type on the
semantic similarity of action descriptions while considering
individual differences among participants.

The model estimates posterior distributions for the effects
of display types on 0, providing a comprehensive view of
the probable values of these effects in light of the data.
Figure 2 give a graphical representation of the model. In the
figure, as is standard, circles represent continuous variables,
squares represent discrete variables, filled shapes denote
known variables, and empty shapes are parameters to be
estimated. For instance, 0;j; is the agreement rate calculated
for participant i for video j under condition k, computed
using the cosine similarity method. It is assumed that
0;;x follows a Beta distribution with parameters o and
Bjk, indicating that each video j in condition k has its
unique distribution. The choice of a Beta distribution for
the agreement rate is due to its values being constrained
between O and 1, making it a natural choice for modeling
probabilities. Additionally, the Beta distribution is a standard
choice in Bayesian modeling for probability parameters,
in part because it is flexible and can accommodate a
wide range of distributional forms, and also because it
is conjugate to the binomial distribution (see Lambert,
2018). Finally, the o, and Bj; parameters of the Beta
distribution each follow Gamma distributions parameterized
by (T, Vk) and (Yk,Ki), respectively, which means that
each condition has its own parameter structure. These
hyperparameters Ty, Vg, Yr,K; themselves follow Gamma
distributions with parameters (0.001, 0.001), ensuring a
weakly informative prior that encourages learning from the
data while maintaining flexibility in the model (Lambert,
2018).

Results

Figure 3 shows the posterior distribution of the agreement
rate 0, broken down by display type. Stick figures show the
highest agreement rate, followed PLDs condition, and motion
flow the lowest. However agreement rates for motion flow
were still far above zero, with over 99% of the area under the
curve lying above zero. That is, though performance in the
motion flow condition is generally the worst, many actions

s

r a;; ~ Gamma (TA.. V)

. Bjk ~ Gamma(yx, k)

@ Ty Viey iy K ~ Gamma(0.001,0.001)

0;ji ~ Beta(a;k, 5x)

k condition

Figure 2: Hierarchical Bayesian Model

are indeed recognizable from motion alone.
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O Motion Flow
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Figure 3: Posterior distribution over 6, the intersubjective
agreement rate, broken down by display condition

To compare posterior distributions, we used
Kolmogorov-Smirnov (KS) distances. The KS distance
can range from O to 1, where zero indicates that the
distributions are identical, and one indicates the maximum
possible difference between them. The KS distances
results showed significant differences for all comparisons
(p < 0.01): stick figure vs. motion flow at 0.9978, PLDs
vs. Flow at 0.8920, and stick figure vs. PLDs at 0.8856.
In addition, we performed a Bayes Factor (BF) analysis to
compare hypotheses Hj, the distributions are different, and
Hy, the distributions are the same. The BF;y values were:
stick figures vs. PLDs, 2.26 X 103292, PLDs vs. motion
Flow, 1.09 x 10%92; and stick figures vs. motion flow:
6.37 x 109016 These results strongly support the conclusion
that these distributions are indeed all different from each
other.

Next we conducted two analyses to understand which types
of actions were more and less interpretable. First, following
Dittrich (1993), we divide the videos into locomotive
vs. instrumental actions. Instrumental actions involve
movements aimed at manipulating objects or performing
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tasks that require interaction with tools or equipment, such
as lifting an object, dribbling a basketball, or flipping a coin.
These actions are generally goal-directed and involve the
use of hands or other body parts to accomplish a specific
task. Locomotive action are those aimed at changing location
or position, such as walking, jumping, or dancing. These
actions primarily use the legs and focus on transportation or

general movement.

Figure 4a shows posterior distributions over intersubjective
agreement for locomotive vs. instrumental actions, again
broken down by display type. First, we found the same
performance ordering (stick figures > PLDs > motion
flow) within both locomotive and instrumental actions.
Corresponding values for KS distances and BFs can be found
in Table 1. As observed in Fig. 4b, generally locomotive
actions are more recognizable than instrumental actions, and
the KS differences among display types are all consistent
and statistically substantial (p < 0.01): 0.244 for stick figure
differences, 0.212 for PLDs, and 0.10614 for flow videos.
For the Bayes Factor analysis, our H; hypothesis was that
the distributions are different, while our Hy hypothesis was
that they are the same. The BF|q values obtained were 4.3 x
103149 for the Stick Figure videos, 2.3 x 10°!% for the PLDs,
and 1.07 x 10777 for the motion flow videos. Fig. 5 shows
mean intersubjective agreeement for all actions, averaging

over display type.

Locomotion
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O— Stick Figure
O Motion Flow

a)

Instrumental
o— PLD
O— Stick Figure
O Motion Flow
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Figure 4: Instrumental and Locomotion

Distributions

Posterior

KS Value BF;o
Instrumental  stick E-PLDs  0.1967" 1.75 x 107%2
PLDs-Flow 02111 1.30 x 10%%%7
stick F.-Flow 0.4021""" 3.04 x 10'0171
Locomotion stick E-PLDs  0.16759"" 1.79 x 10"71#
PLDs-Flow 0.29707°" 2.37 x 107846
stick F.-Flow 0.44065™"  3.30 x 10!25?

Table 1: Comparison of KS values and BF for Instrumental
and Locomotion actions. “** indicates p < 0.01.
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Figure 5: Intersubjective agreement for all 78 actions. Bar
color indicates locomotive vs. instrumental action; text color

indicates superior vs. inferior motion.

As noted by Dittrich (1993), locomotive actions generally
involve lower limbs and instrumental actions involve upper
limbs. Our second analysis focuses more specifically on
this distinction. We divided our videos into two types:
actions primarily involving the upper body, such as the
head or arms, which we refer to as superior, and actions
primarily involving the lower body, such as the feet or
legs, which we refer to as inferior. This classification was
determined by calculating the average displacement of joint
points detected by OpenPose. We then grouped the videos
based on the frequency of joint position changes from
frame to frame. As expected, inferior actions show greater
intersubjective agreement than superior actions (Figure 6a),
with the same performance ordering among display types

(stick figures > PLDs > motion flow videos). As in our
previous analyses, we calculated the KS distances from the
posterior distributions to quantify the difference between the
videos based on upper and lower limbs and the Bayes Factor
to confirm if the distributions differ (Table 2).
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Figure 6: Posterior Distributions of Superior and Inferior
Limb Actions

KS Value BF;
Instrumental  stick F-PLDs 0.19677 1.75 x 10%3%2
PLDs-Flow 021117 1.30 x 10?7
Stick E-Flow ~ 0.4021™"  3.04 x 10'017!
Locomotion stick E-PLDs  0.16759"™ 1.79 x 10771
PLDs-Flow 0.29707"""  2.37 x 10°%4¢
stick F-Flow  0.44065™"  3.30 x 102589

Table 2: Comparison of KS values and BF( for Instrumental
and Locomotion actions. The three asterisks (") next to each
KS value indicate p < 0.01.

As shown in Figure 6b, the agreement rate is generally
higher for inferior (lower-limb) actions. This difference
is particularly notable in the stick figure condition, and is
somewhat reduced in motion flow condition. To quantify
the differences between the posterior distributions of each
video type for upper and lower limbs, we calculated the
KS distances, obtaining values of 0.42243 (p < 0.01) for
stick figures, 0.30907 (p < 0.01) for PLDs, and 0.05463
(p < 0.01) for motion flow videos. To confirm these results,
we performed Bayes Factor analysis where H posits that the
distributions are different and H posits that they are the same.
Our results parallel the previous analyses: we obtained a BF g
of 6.1 x 10137 for stick figures, 7.1 x 10°>*3 for PLDs, and
6.85 x 10'%3 for motion flow. In summary, actions involving
the lower body are easier to recognize however than those
involving the upper body, though in the motion flow condition
this advantage is greatly reduced.

Summary and conclusions

This study examined how people classify human action
from motion, using an unprecedentedly wide range of
action categories, depicted in several different ways. Using
a Hierarchical Bayesian Model, the results consistently

showed that stick figure videos elicited the best performance
(highest intersubjective agreement), followed by Point-Light
Displays (PLDs), and then motion flow videos. This pattern
was observed across different action categories, such as
instrumental versus locomotion actions and upper versus
lower limb movements.

These findings support several long-held assumptions
about the mechanisms of human action classification, and
also entail several novel conclusions.

First, as Johannson had originally speculated, action
classification rests heavily on the integration of the human
form, which enables a precise representation of the
dynamically changing human pose. This is why stick figures
and traditional PLDs (both of which allow body pose to be
accurately estimated) support better performance than the
motion flow condition (from which body pose is difficult
to estimate). We observed this difference over a large
range of different action types, and it recurred in several
different subclassifications of motion such as locomotion and
instrumental action.

In addition, as originally suggested by Giese and Poggio
(2003) and Casile and Giese (2005), action classification
seems to proceed somewhat differently along dorsal and
ventral streams, and as a result subjects were able to
perform well above chance even in the motion flow condition,
presumably primarily on the basis of the dorsal stream. From
our data, action classification from motion flow alone is
comparatively coarse, and probably would not support the
sort of precise comprehension of others’ actions that humans
exhibit in everyday life.

But several novel conclusions emerge as well. First, the
consistent superiority in performance in the Stick Figure
condition relative to PLDs suggests that the form integration
that supports action classification depends specifically on
skeletal representations of human form. This hypothesis
emerges from the literature on static shape representations,
but has not to our knowledge previously been tested on
dynamic stimuli. As Kovécs et al. (1998) had speculated,
one of the main benefits of skeletal representations is their
suitability for representing dynamic articulation in biological
forms. Our data suggests that this advantage translates into
a measurable advantage in action classification when the
underlying skeletal structure is made overt in the stimulus.

Finally, by studying a much larger range of natural action
types than previously undertaken, our study demonstrates that
the human ability to classify action from dynamic shape alone
is quite variable. We can do this very well for some actions
(e.g. walking and running, the sort of locomotive action that
Johnannson originally emphasized) but much more poorly
for more upper-body or instrumental actions (see Fig. 5).
This finding opens the door to more specific future studies
of human action classification.
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