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Abstract

Kinematic specification of dynamics (KSD) states that full-
body kinematic patterns of daily activities are reflective of a
person’s plans, goals, and intentions. Furthermore, it has been
shown that observers of those activities are well attuned to
differences between those kinematic patterns. However,
despite a substantial body of research on the identification of
intentional motion, it is not yet clear what the essential
kinematic information is required to perceive the intention
from the kinematic pattern. Therefore, we analyzed four
different intentional full body motions (sit-to-stand
transitions: stand, press-stand, press-sit, and reach-up), to
determine the essential kinematic information that
differentiates them. We utilized principal component analysis
(PCA), linear mixed models, and hierarchical multinomial
logistic regression to create two predictive regression models
that allow us to successfully identify and distinguish the four
intentional motions.

Keywords: Intention Recognition; Kinematic Specification
of Dynamics; Sit-to-Stand Transition; Point-Light Displays;

Introduction

Activities that people perform in their daily lives are
reflected in a person’s full body kinematic patterns
(Johansson, 1973). Moreover, human observers can easily
perceive even small differences in the patterns of a person’s
motion profile (Ansuini, 2005; Becchio, Manera, Sartori,
Cavallo, & Castiello, 2012; Richardson & Johnston, 2005).
It has therefore been argued that the information humans
derive from another person’s biological motion profile can
be used to establish successful coordination with others
(Pezzulo, Donnarumma, & Dindo, 2013; Sartori, Becchio,
Bara, & Castiello, 2009) and with intelligent machines, such
as robots (Vernon, Thill, & Ziemke, 2016).

Kinematic Specification of Dynamics

In order to study biological motion, Johansson (1973)
created the first point-light displays by attaching small lights
to his participants and limiting the exposure of his camera
recording to capture only those lights. Johansson called
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these recordings point-light displays and discovered that
when he placed the lights on key joint centers, observers of
the displays could identify that the moving points
represented a person performing a specific action.

Runeson (1994) framed the findings behind point-light
displays in his principle of kinematic specification of
dynamics (KSD). The KSD principle postulates that because
movement kinematics are lawfully related to the dynamics
that produce a movement, the movement specifies the
dynamics from which it arose. In other words, the relations
among a person’s joint centers and joint angles specify the
action that they are performing.

Specification of Action Capabilities

Overall, kinematic information has been shown to be
remarkably rich. For example, point-light displays of an
actor pretending to lift a heavy box are noticeably different
from displays of the actor actually lifting a heavy box
(Runeson, 1994). Furthermore, observing the kinematics of
a person can not only specify the action that is being
performed, it can also carry rich information about the
action capabilities of the observed person. For example,
Ramenzoni, Riley, Davis, Shockley, & Armstrong (2008)
have shown that after observers view another person
walking, they become more accurate at estimating the
walker’s maximum reach-with-jump height. Additionally,
after watching another person walk while wearing (unseen)
ankle weights, observers are sensitive to reductions in the
walker’s maximum reach-with-jump height caused by the
additional weight. These findings indicate that a person’s
general movement pattern provides sufficient information to
make an educated judgment of a person’s action
capabilities.

Specification of Intention

Although it is evident that people can distinguish another
person’s activities based on the kinematic structure of the
displayed motion, there has been some debate about the
richness of KSD in terms of social interaction and



intentions. In general, it is hypothesized that the
intentionality as reflected in human motion can be used to
understand another person’s action plans. Thus, one’s own
actions can subsequently be adjusted in response to this
understanding and smooth action coordination can be
executed (Becchio, Sartori, Bulgheroni, & Castiello, 2008).
However, Jacob & Jeannerod (2005) argued that the
kinematics involved at the start of a chain of movements
might not reflect the end goal of that chain of movements,
meaning the Kinematics might not accurately reflect the
intention. They proposed a thought experiment involving
the story of Dr. Jekyll and Mr. Hyde; the two identities
belong to the same person, but the former is a renowned
surgeon who performs surgeries on anesthetized patients.
The latter is a dangerous sadist who performs the same hand
movements on his non-anesthetized victims. Jacob &
Jeannerod argued that if someone were to witness one of the
two identities reaching and grasping for a scalpel, then it
would be impossible to specify the social nature and
intention through the grasping motion.

Several studies were performed in response to Jacob and
Jeannerod’s thought experiment and found evidence against
their claim. Ansuini, Giosa, Turella, Altoe, & Castiello
(2008) showed that prior intention shapes kinematics by
measuring prior-to-contact grasping kinematics for reach-to-
grasp movements performed toward a bottle filled with
water. By comparing hand shaping across tasks involving
different subsequent actions such as pouring the water into a
container, throwing the bottle, and moving the bottle from
one spatial location to another, the authors demonstrated
how prior intention in grasping an object strongly affected
the positioning of the fingers, the duration of the reaching,
and the contact phase of the movement. Becchio et al.
(2008) performed a similar experiment investigating
differences between grasping an object to move it to another
location and grasping an object to hand it to another person.
The velocities and shapes of participants’ hands for both the
opening and closing phases of the grasping movement were
significantly different between the two conditions, as well as
the trajectory of the movement during the passing phase.
While Becchio and colleagues demonstrated that movement
kinematics differ based on the social or operational
intention, Manera, Becchio, Cavallo, Sartori, & Castiello
(2011) showed that observers can also differentiate between
distinct reaching intentions. They presented point-light
displays of different grasping movements including a slow
grasping movement, a fast grasping movement, a grasping
movement with the cooperative intention of passing an
object to another person, and a grasping movement with the
competitive intention of grabbing an object before another
person. With only access to the kinematic information of the
initial forward movement, observers were able to accurately
classify which of the four actions was being presented 72%
of the time, indicating that the observed kinematic patterns
may be used for action coordination during joint activities
(see also Sartori et al., 2009).
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Figure 1: a) Experimental setup for data collection as
established and published in Patil et al. (2018). b)

Intentional sit-to-stand transitions.

Kinematic Specification of Action and Intention

Although it has been shown that one's movement
kinematics provide the information necessary for another
person to identify one’s action capabilities and intentions,
the informational basis for this ability has not been
identified (though see Ansuini, Cavallo, Bertone, &
Becchio, 2015). Therefore, in the current study, we adopted
a similar approach to Weast-Knapp et al. (2019) who used
Principal Components Analysis (PCA) to decompose the
kinematic data of walking movements to isolate the
informational basis for an observer trying to perceive a
person’s action capabilities. However, rather than focusing
on the informational basis to estimate a person’s action
capabilities, here we explore a different type of full-body
movement (sit-to-stand transition, STS) that was executed
with different intentions that altered the basic STS motion
(see Figure 1b) in order to identify the essential kinematic
information of a full-body motion with varying intentions.
To gain insight on how people can perceive intention from
motion, we must first confirm if the essential kinematic
information is different between the motions. If the
differences exist, the next goal will be to confirm that
humans can extract the same information. Therefore, this
paper tackles the first goal of clarifying the essential
kinematic structures for STS intentional motion.



Method

In order to enable the analysis of intentional motion, we
utilized one subset of a larger data set that was originally
collected in context of understanding joint angle variations
for exoskeleton control (Patil et al., 2018). The data subset
was taken from a healthy, 28-year old male participant.

Setup and Procedure

In order to induce four different intentional STS
transitions, a setup was created by Patil et al. (2018) as
shown in Figure la. A button was placed in front of
participants at the shoulder height while sitting and 1.6-
times the arm length from the shoulder. A pull switch was
positioned above the participant at a height of 0.8 times the
arm length and at a distance of 0.5 times the arm length
from the shoulder while standing. Motion data was recorded
using a 20-camera 3D motion capture system (Motion
Analysis Corporation, Santa Rosa, CA). A 29-marker set
based on the Helen Hayes body marker placement protocol
(Kadaba, Ramakrishnan, & Wootten, 1990) was used to
track the motion. A screen was positioned at eye level in
front of the participant to provide instructions for the
specific trial. Every trial started with the participant sitting
at a stool (height 45.72 cm) without any hand or back rests.

The participants were shown a “ready” signal on the
screen and, after 3 seconds, the instruction to perform any of
four randomized tasks marked the go-signal.  The
participants performed 100 trials of four intentional STS
transition tasks (25 trials per intention): stand - the
participants were asked to stand up at a comfortable speed
without any intention of subsequent activity, press-stand -
the participants were asked to stand up from the chair while
pushing the button in front of them and finish standing up;
press-sit - the participants were asked to stand up from the
chair while pushing the button in front of them and to then
immediately sit back down; reach-up - the participants were
asked to stand up to pull on the switch above their head and
after pulling the switch finish standing up. For all trials, the
participants were instructed not to use their hands to push
down on the chair or their thighs during STS and not to lift
their feet from the heel or toes during the trial. The
participants were allowed to take breaks whenever they felt
fatigued. For the purpose of the current analysis, we
included the first four trials of each performed intentional
sit-to-stand transitions within the data subset.

Data Analysis and Results

Determining Essential Principal Components

Seven of the original 29 markers (corresponding to the
head, right shoulder, right elbow, right hip, right knee, right
ankle, and right hand) were selected to form a simple
sideview configuration of each motion with the right side of
the body represented. We cut off each time series using the
furthest point forward in the motion of the hip marker as
shown in Figure 1b. This served to truncate the movement
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to the initial intention-expressing forward portion of rising
from a seated position and excluded the stand-to-sit
backwards transition. In the future, we plan to use this
motion data to explore how human observer respond when
viewing it. The Y and Z coordinates of the recorded 3-
dimentional motion data were used to perform a Euclidean
transformation which provided one value for each marker
for each frame of the data set (cf. Weast et al., 2019). The
data was then submitted to PCA via R (base package:
prcomp). PCA is a statistical tool that allows for the
reduction of high-dimensional data with the goal of
revealing hidden structure in the underlying relationship
between variables. For example, previous research has
utilized PCA to uncover the most important factors
contributing to variation in movement kinematics in gait
(Vallery & Buss, 2006), juggling (Post, Peper, & Beek,
2003) and even the movements of cooperating actors
(Ramenzoni, Riley, Shockley, & Baker, 2012). Here, we
used PCA to reduce the seven-marker data set to a subset of
principal components (PC) that captured the dynamics of
the kinematic movements. We decided to use PCA rather
than machine learning techniques, as we are interested in
which joint centers hold the essential kinematic information
to differentiate the motions. Though machine learning can
help determine the presence of differences and classify each
motion, it will not offer insight as to which body segments
participate in providing the structure that differentiates
movements. Subsequent analyses were performed on this
subset to identify the activity of key markers for
discriminating between intended movements.

We completed 16 PCA analyses, one per STS motion file
(4 intentions x 4 repetitions). Each PCA analysis yielded a 7
(markers) x 7 (PC dimensions) matrix of coefficients, as
well as a vector of the amount of total variance accounted
for by each PC. The variance vectors were used as criteria to
reduce the original data to those PCs that (1) accounted for
at least 10% of the total variance in the motion pattern, and
(2) provided sufficient variation between intentional
movement profiles to be a useful candidate for future
discrimination. PC1 and PC2 reliably met criteria (1),
suggesting that the data could be reduced to the first two
PCs without much loss in information. To determine (2) we
submitted the percent explained variance of each PC to a
linear mixed effects model (R package: Ime4) with intention
as a fixed effect and instance (each intentional motion was
performed four times) as a random effect. For the sake of
brevity, we only report the F-tests (Satterthwaite’s degrees
of freedom method) for overall significance of the models.
Only models for PC1, F(3,12) = 47.49, p < .001, and PC2,
F(3, 9) = 54.51, p < .001, were significant, suggesting that
the amount of explained variance for both PC1 and PC2
differed by intentional movement. For the remaining PCs
this relationship was non-significant, supporting our choice
to further analyze PC1 and PC2.



Elimination of Non-significant STS Markers in
PCl1 & PC2

Having reduced the data to the first two PCs, two
additional sets of linear mixed model analyses (7 per PC1
and PC2; 14 total) were completed to establish whether the
PCA coefficients for each marker systematically varied as a
function of the intentional motion.

Table 1. Results of linear mixed model for STS markers
onPCs1and 2

improved the likelihood of determining the corresponding
intentions, above and beyond the null (chance) model, as
well as all models formed by prior steps in the analysis (see
Table 2).

Table 2. Summary of model results for hierarchical
multinomial regression for STS markers in PC 1. Only
models that yielded a significant improvement are reported.

Step  Variables Entered  df :5' k.e“hOOd

atio
1 M7 42 3581 <.001
2 final M7 + M3 39 7.85 .049

Marker Model PC1 Model PC2
M1 (Head) F=86.10,p<.001* F=482,p=.03*
M2 (Shoulder) ~ F =100.44,p<.001* F =9.37,p=.004*
M3 (Elbow) F =852, p=.003* F=.57,p=.65
M4 (Hip) F=13240,p<.001* F=19.64,p<.001*
M5 (Ankle) F=3.10,p=.08 F=.09,p=.96
M6 (Knee) F=107,p=.41 F=.08p=.97
M7 (Hand) F=3132,p<.0001* F=286p=.10

M7 = hand, M3 = elbow

* candidate markers

Again, intentional motion was entered into the model as a
fixed effect with instance as a random effect. The purpose of
this series of analysis was to further reduce the
dimensionality of the data by identifying candidate markers,
whose activity might be used to build a parsimonious model
for predicting the intended motion. In short, we sought to
determine which markers might qualify for submission to a
predictive model for intention, as well as how few may be
used to build a model that reliably discriminates between the
intentional movements.

As can be seen in Table 1, the analysis on PC1 revealed
that the coefficients corresponding to markers M1, M2, M3,
M4, and M7 varied systematically as a function of
intentional motion; repeating this analysis for the
coefficients in PC2, we found significant systematic
variability for markers M1, M2, and M4. These sets of
markers provided a list of variables to enter into subsequent
regression analysis for PC1 and PC2.Table 2. Results of
linear mixed model for STS markers on PCs 1 and 2

Regressing Intention Categories onto Candidate
Markers

Using our candidate markers, we performed two
hierarchical multinomial logistic regressions (one for each
PC) to determine which combination of markers was most
parsimonious in reliably discriminating between the
intentional movements. For the analysis along PC1, a single
marker per hierarchical step was loaded into the regression
model in order from largest to smallest PCA coefficient
mean. This resulted in a statistically significant model
containing markers M7 (hand) and M3 (elbow), which
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We followed an identical method for PC2, hierarchically
entering each marker into the regression model beginning
with the marker possessing the largest PCA coefficient
mean. The resulting model was statistically significant,
containing M1, M2, and M4, and improved the likelihood of
determining the corresponding intentions, above and beyond
the null (chance) model, as well as all models formed by
prior steps in the analysis (see Table 3).

Table 3. Summary of model results for hierarchical
multinomial regression for STS markers in PC 2.

Variables Likelihood
Step Entered af Ratio
1 M1 42 6.37 <.001
2 M1+ M2 39 13.10 .004
3final M1+ M2+ M4 36 14.88 .002

M1 = head, M2 = shoulder, M4 = hip

Examining Improved Accuracy from Model 1 to
Final Model

Finally, we compared the accuracy in intention
categorization for each of the regression results by
calculating the predicted probabilities derived from the
fitted values of the Step 1 and final models. For brevity, we
report the predicted probability of the true (correct)
intentional movement given the PC coefficients for each
marker. As expected, we observed significant improvement
in predictive probabilities from the first to the final models.
For both PC1 and PC2, the predicted probabilities of the
final model that corresponded to the correct intention was
greater than 95%. Moreover, this was achieved using
relatively few markers (PC1: 2 out of 7, PC2: 3 out of 7).
Our results suggest that, for PC1, hand and elbow marker
activity appear to provide the essential kinematic
information to differentiate movement categories (see Table
4).



Table 4. Correct predicted probabilities of multinomial
regression models using PCL.

PC 1: Predicted Probabilities

Intention Model 1 Final Model
Stand 97.99% 100%
Press-stand 70.20% 97.03%
Press-sit 86.50% 98.70%
Reach-up 58.22% 95.78%

For PC2, the reduction to head, shoulder, and hip suggests
that these markers may contain the essential kinematic
information to further differentiates movement categories
(see Table 5).

Table 5. Correct predicted probabilities of multinomial
regression models using PC2

PC 2: Predicted Probabilities

Intention Model 1 Final Model

Stand 44.50% 100%

Press-stand 62.07% 100%

Press-sit 52.35% 99.99%

Reach-up 22.58% 100%
Discussion

We aimed to identify the essential kinematic information
available to observers for distinguishing intentional STS
transitions.

Overall, the results suggest that, while the four intentional
STS transitions (stand, press-stand, press-sit, reach-up) are
built upon similar motion profiles, there are distinct
differences regarding the essential kinematic information
along the first two PCs, which allows for the accurate
differentiation of each intention by means of a specific
subsets of markers. Analyses of the coefficients in PC1 and
PC2 sufficiently capture the majority of the variance
attributed to differentiating the four intentional STS
transitions. Additionally, the stratification of specific
markers within the two PCs allows us to specify (and
differentiate) the essential kinematic structure of each
intentional motion. This provided the opportunity to
formulate regression models that were capable of accurately
predicting intention, above and beyond chance level. Both
predictive models allowed for the classification of each
intentional STS transition with 95-100% accuracy.

Thus, within each PC, there exists essential kinematic
information that can be extracted from the time series of
similar, yet distinct, intentional motions. Each marker in the
final model, can then be understood as one of the essential
communicators of intention for each STS transition. In turn,
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the variation in coefficients indicates how each marker
contributes to the overall movement pattern of each
intention.

For example, analyzing PC1 showed that the majority of
variance in the motion data can be explained by the markers
reflecting the arm motion (i.e.: elbow and hand marker).
Considering that the arm motion differed significantly
across intentions (e.g. reaching up vs. reaching forwards),
this result is consistent with expectations. Subsequently,
analyzing PC2 indicated the presence of additional essential
kinematic information in the head, shoulder, and hip
markers, which distinguishes suprapostural differences in
the kinematics of the full-body motion.

Ultimately, our results reinforce empirical findings
showing that humans are capable of visually distinguishing
different intentional motion patterns (c.f. Ansuini, 2005;
Becchio, Manera, Sartori, Cavallo, & Castiello, 2012;
Pezzulo, Donnarumma, & Dindo, 2013; Sartori, Becchio,
Bara, & Castiello, 2009) by revealing the essential
information that defines and differentiates the kinematic
structure of intentional motion.

References

Ansuini, C. (2005). Effects of End-Goal on Hand Shaping.
Journal of Neurophysiology, 95(4), 2456-2465.
http://doi.org/10.1016/j.tet.2015.04.102

Ansuini, C., Cavallo, A., Bertone, C., & Becchio, C.
(2015). Intentions in the brain: The unveiling of Mister
Hyde. Neuroscientist, 21(2), 126-135.
http://doi.org/10.1177/1073858414533827

Ansuini, C., Giosa, L., Turella, L., Altog, G., & Castiello,
U. (2008). An object for an action, the same object for
other actions: Effects on hand shaping. Experimental
Brain Research, 185(1), 111-1109.
http://doi.org/10.1007/s00221-007-1136-4

Becchio, C., Manera, V., Sartori, L., Cavallo, A, &
Castiello, U. (2012). Grasping intentions: from thought
experiments to empirical evidence. Frontiers in Human
Neuroscience, 6(May), 1-6.
http://doi.org/10.3389/fnhum.2012.00117

Becchio, C., Sartori, L., Bulgheroni, M., & Castiello, U.
(2008). The case of Dr. Jekyll and Mr. Hyde: a
kinematic study on social intention. Consciousness and
Cognition, 17(3), 557-64.
http://doi.org/10.1016/j.concog.2007.03.003

Jacob, P., & Jeannerod, M. (2005). The motor theory of
social cognition: A critique. Trends in Cognitive
Sciences, 9(1), 21-25.
http://doi.org/10.1016/j.tics.2004.11.003

Johansson, G. (1973). Visual perception of biological
motion and a model for its analysis. Perception &
Psychophysics, 14(2), 201-211.
http://doi.org/10.3758/BF03212378

Kadaba, M. P., Ramakrishnan, H. K., & Wootten, M. E.
(1990). Measurement of lower extremity kinematics
during level walking. Journal of Orthopaedic Research,



8(3), 383-392. http://doi.org/10.1002/jor.1100080310

Manera, V., Becchio, C., Cavallo, A., Sartori, L., &
Castiello, U. (2011). Cooperation or competition?
Discriminating between social intentions by observing
prehensile movements. Experimental Brain Research.
Experimentelle Hirnforschung. Expérimentation
Cérébrale, 211(3-4), 547-56.
http://doi.org/10.1007/s00221-011-2649-4

Patil, G., Rigoli, L., Richardson, M. J., Kumar, M., Kiefer,
A. W., & Lorenz, T. (2018). Joint Angle Variation in
Intentional Sit-to-Stand Transitions. In Proceedings of
the 2nd IFAC Conference in Cyber-Physical and Human
Systems. Miami, FL.

Pezzulo, G., Donnarumma, F., & Dindo, H. (2013).
Human sensorimotor communication: A theory of
signaling in online social interactions. PLoS ONE.
http://doi.org/10.1371/journal.pone.0079876

Post, A. A., Peper, C. E., & Beek, P. J. (2003). Effects of
Visual Information and Task Constraints on
Intersegmental Coordination in Playground Swinging.
Journal of Motor Behavior, 35(1), 64-78.
http://doi.org/10.1080/00222890309602122

Ramenzoni, V., Riley, M. A, Davis, T., Shockley, K., &
Armstrong, R. (2008). Tuning in to another person’s
action capabilities: Perceiving maximal jumping-reach
height from walking kinematics. Journal of
Experimental Psychology: Human Perception and
Performance, 34, 919-928. http://doi.org/10.1037/0096-
1523.34.4.919

Ramenzoni, V. C., Riley, M. A., Shockley, K., & Baker,
A. A, (2012). Interpersonal and intrapersonal
coordinative modes for joint and single task
performance. Human Movement Science, 31, 1253-
1267. http://doi.org/10.1016/j.humov.2011.12.004

Richardson, M. J., & Johnston, L. (2005). Person
Recognition from Dynamic Events: The Kinematic
Specification of Individual Identity in Walking Style.
Journal of Nonverbal Behavior, 29(1), 25-44.
http://doi.org/10.1007/s10919-004-0888-9

Runeson, S. (1994). Perception of biological motion: The
KSD-principle and the implications of a distal versus
proximal approach. In G. Jansson, S. S. Bergstrom, &
W. Epstein (Eds.), Resources for ecological psychology.
Perceiving events and objects (pp. 383-405). Hillsdale,
NJ, US: Lawrence Erlbaum Associates, Inc.

Sartori, L., Becchio, C., Bara, B. G., & Castiello, U.
(2009). Does the intention to communicate affect action
kinematics? Consciousness and Cognition, 18(3), 766—
72. http://doi.org/10.1016/j.concog.2009.06.004

Vallery, H., & Buss, M. (2006). Complementary limb
motion estimation based on interjoint coordination using
principal components analysis. Proceedings of the IEEE
International Conference on Control Applications, 933—
938. http://doi.org/10.1109/CACSD-CCA-
ISIC.2006.4776770

Vernon, D., Thill, S., & Ziemke, T. (2016). The Role of
Intention in Cognitive Robotics. In Intelligent Systems

1552

Reference  Library  (Vol. 105, pp.
http://doi.org/10.1007/978-3-319-31056-5_3
Weast-Knapp, J. A., Shockley, K., Riley, M. A,
Cummins-Sebree, S., Richardson, M. J., Wirth, T. D., &
Haibach, P. C. (2019). Perception of another person’s

15-27).

maximum reach-with-jump height from walking
kinematics. Quarterly Journal of Experimental
Psychology, 174702181882193.

http://doi.org/10.1177/1747021818821935





