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Abstract would indicate spraying if a person is holding a spray bot-
tle, it would imply signaling if the person instead carried a

Analysis of videos of human-object interactions involves road-sign or a ag. Therefore, action recognition requires
understanding human movements, locating and recogniz-contextual information from object perception.
ing objects and observing the effects of human movements
on those objects. While each of these can be conducted
independently, recognition improves when interactions be
tween these elements are considered. Motivated by psycho-
logical studies of human perception, we present a Bayesian
approach which uni es the inference processes involved in
object classi cation and localization, action understéangl
and perception of object reaction.

Traditional approaches for object classi cation and ac-
tion understanding have relied on Shape features and moveJ:igUre 1. Importance of interaction context in I’ecognition of ob-
ment analysis respectively. By placing object classi eati ject. While the objects 'might b_e dif cult to r_ecogni_ze using shape_
and localization in a video interpretation framework, we features alone,_ when interaction context is applied the object is
can localize and classify objects which are either hard to €Sy to recognize.
localize due to clutter or hard to recognize due to lack of ) ) )
discriminative features. Similarly, by applying context o Another important element in the perception of human
human movements from the objects on which these movelnteractions with objects is the effect of manipulation on
ments impinge and the effects of these movements, we capbiects, which we will refer to as “object reaction”. While

segment and recognize actions which are either too subtleiNtéraction movements might be too subtle to observe with
to perceive or too hard to recognize using motion features Computer vision, the effects of these movements can be used

alone. to provide information on functional properties of the ob-
ject.
We present a computational approach for perception of
1. Introduction human interactions with objects. The approach models the

contextual relationships between four perceptual elesnent

We describe a Bayesian approach to the joint recognitionof human object interaction: object perception, reach mo-
of objects and actions based on shape and motion. Considetion, manipulation motion and object reaction. These re-
two similarly shaped objects such as the spray bottle andlationships enforce spatial, temporal and functional con-
the drinking bottle shown in Figuré It is dif cult to dis- straints on object recognition and action understanding.
criminate between the two objects based on shape alone. The signi cance of the approach is twofold: (1) Human
However, they are functionally dissimilar, so contextuml i  actions and object reactions can be used to locate and recog-
formation from human interactions with them can provide nize objects which might be dif cult to locate or recognize
functional information for recognition. However, similar otherwise. Human actions and object reactions can also be
human movements can convey different intentions, depend-used to infer object properties, such as weight. (2) Object
ing on the contextual information provided by the environ- context and object reactions can be used to recognize ac-
ment and the objects on which these movement impinge.tions which might otherwise be too similar to distinguish or
For example, while the movemesthand | waving > too dif cult to observe.



1.1. Psychological Evidence of Action/Obiject Inter-
actions in Human Perception

Early psychological theories of human information pro-

or object-scene relationshipg€). Torralba et. al used low
level image cues?d] for providing context based on depth
and viewpoint cues. Hoiem et. alj] presented a uni-
ed approach for simultaneous estimation of object loca-

cessing regarded action and perception as two separate Pr%ons and scene geometry.

cesses]5]. However, recent investigations have suggested
the importance of action in perceiving and recognizing ob-
jects (especially manipulable objects like toolg).[ The

evidence for such theories comes from neuropsychological

studies where even passive viewing of manipulable objects
evokes cortical responses associated with motor processes

With the discovery ofmirror neurong[9, 25] in monkey,
there has been renewed interest in studying the relatipsshi

There has also been work on object recognition based on
functional properties. The functional capabilities ofextip

jare derived using characteristics of shapé p7], physics

and motion []. These approaches have been limited by the

lack of generic models that can map static shape to function.
Many approaches for action recognition use human dy-

namics P]. While human dynamics do provide impor-

between object recognition, action understanding and ac-tant clues for action recognition, they are not suf cient fo

tion execution §, 20, 10]. With the same neurons involved
in execution and perception, a link between object recogni-
tion and action understanding has been establishéldn
humans. Gallese et. d][showed that movement analysis

recognition of activities which involve action on objects.
Many human actions involve similar movements/dynamics
but due to their context sensitive nature have differentmea
ings. Vaina et. al31] suggested that action comprehension

in humans depends on the presence of objects. The corfequires understanding the goal of an action. The proper-

tical responses for goal directed actions are differennfro

the responses evoked when the same action is executed b4

without the presence of the object.

Recent studies in experimental psychology have also
con rmed the role of object recognition in action under-
standing and vice-versa. Helbig et. al] show the role
of action priming in object recognition and how recogni-
tion rates improve with action-priming. In another study,
Bub et. al B] investigated the role of object priming in ac-
tion/gesture recognition. While passive viewing of an ob-
ject did not lead to priming effects, priming was observed
when humans were rst asked to recognize the object and
then recognize the action.

While most of this work suggests the existence of inter-

ties necessary for achieving the goal were calletion Re-
irements These requirements are related to the compati-
bility of an object with human movements such as grasp.

There have been a few attempts to model the contex-
tual relationship between object recognition and action un
derstanding. Wilson et. aBP] presented parametric Hid-
den Markov Model (PHMM) for human action recognition.
They indirectly model the effect of object properties on hu-
man actions. Davis et. ab] presented an approach to es-
timate the weight of a bag carried by a person using cues
from the dynamics of a walking person. Moore et. Hi|[
presented an approach for action recognition based on scene
context derived from other objects in the scene. The scene
context is also used to facilitate object recognition of new

action between object and action perception in humans, theyPPI€Cts introduced in the scene. They did not address the
have not examined the nature of the interaction between accontextual relationship that exists between recognitibn o

tion and object recognition. Vaina et. a( address this
through the study of pantomimes. They ranked the proper-

the object and the action that acts on the same object. Ku-
niyoshi et. al 3] presented a neural network for recog-

ties of objects that can be estimated robustly by perceptionnition of tfrue actions The requirements for gue action

of pantomimes of human-object interaction. They discov-
ered that the weight of an object is most robustly estimated,

included spatial and temporal relationships between objec
and movement patterns. Peursum et. 24 [studied the

while size and shape are harder to estimate. In an anotheProblem of object recognition based on interactions. Re-

study, Bach et. all] proposed that when action involving
objects are perceived, spatial and functional relations pr
vide a context in which actions are judged.

1.2. Related Computational Approaches

Most current computational approaches for object recog-
nition use local static features and machine learning. The

gions in an image were classi ed as belonging to a partic-
ular object based on the relative position of the region to
the human skeleton and the class of action being performed.
While the authors recognize the need to apply object context
to differentiate similar movements, they assume all simila
movements are part of some higher level activity that can be
recognized using human dynamics alone. For example, they
assumepicking up paperan be differentiated fromicking

features are typically based on shape and textural appeartP @ cupbased on recognizing that a higher level activity

ance p, 17). These recognition approaches may have dif-
culty in recognizing manipulable objects when there is a

lack of discriminative features. As a result, there has been
recent interest in using contextual information for object

recognition. The performance of local recognition based
approaches can be improved by modeling object-objest [

such asprinting a documents being conducted. This is,
however, a restrictive approach for two reasons: (a) Astion
like picking can occur independently too. (b) Recognition
of higher level activities is itself a hard problem.

All of these approaches assume that either object recog-
nition or action understanding can be solved independent of



the other. They only model a one-way interaction between N — —
them. We next present an approach which uni es the in- o B

ference process involved in object recognition and loealiz . VARN

tion, action understanding and perception of object reacti i~ / \
1.3. Overview of Our Approach e oo w wow

. _We |der1t|fy th_ree Clas_ses of human movements involved Figure 4. Differences in style based on object properties. In the
in interactions with manipulable objects that depend on the ¢ase of heavier objects, the peak velocity is reached much later as
goal/intention of the movement. These movements are 1)compared to lighter objects. A study on throwing of objects of
Reaching for an object 2) Grasping an object and 3) Ma- gifferent weights using 3-mode factorization was reported i [
nipulating an object. These movements are ordered in time;

manipulation is always preceded by grasping which is pre-

ceded by the reach movemeént 2. Modeling the Object Action Cycle

We present a graphical Bayesian model for modeling :
human-object interactions. The nodes in the belief networkz'l' The Bayesian Network
correspond to object, reach motion, manipulation motion,  Our goal is to simultaneously estimate object type, lo-
object reaction and evidence related to each of these elecation, movement segments corresponding to reach move-
ments. ments, manipulation movements, type of manipulation
We consider the interactions between different nodes in Movement and their effects on objects by taking advantage
the model. Reach movements enable object localization®f the contextual information provided by each element to
since there is a high probability of an object being present a the others. We do this using the graphical model shown in
the endpoint of the reach motion. Similarly, object recegni  F19Ures.
tion disables false positives in reach motion detectiomesi
there should be an object present at the endpoint of reach °
motion (See Figuré).

Reach motions help to identify the possible segments of

video corresponding to manipulation of the object and de- @ @

termine the dominant hand. Manipulation movements pro-

vide contextual information about the type of object being l l J

acted on. Similarly, object class provides contextualrinfo

mation on possible interactions with them, depending on @ @

affordances and function (See Figue

In many cases, similar interactions may produce visually Figure 5. Underlying Graphical Model for Human Object Interac-
different hand trajectories because of difference in prope tion.
ties of the object. Figuré shows the difference in interac- ) )
tion style for< throw > manipulation of heavy and light In the graphical model, objects are denoteddyreach
objects. Therefore, differences in style of execution pro- Mmotions byM, manipulation motions by, and object

vide contextual information on properties of objects sush a féactions byO;. The video evidence is represented by
weight. e= fep; & ;em;eyxrgwhereep represents object evidence,

e anden, represent reach and manipulation motion evi-
dence ande,, represents object reaction evidence. Since

frodm a carafe !gto a Cuf otr p:gs;slng at_buttog thtatthacmé‘_"‘tefonly changes are observed for measuring object reaction,
a device, providaes contextual information about the object o “is considered to be independent@f Using Bayes rule

class and the man|p_ulat|0n motion. Our a_pprogch combl_nesand conditional independence relations, the joint prdbabi
all these types of evidence into a single video interprestati

. Yty distribution can be decomposedfas
framework. In the next section, we present a probabilistic
model for describing the relationship between differeat el
ments in human object interactions. P(O;M;;Mn;Orje)/ P(Ojeo)P(MjO)P (M jer)
P(MnjM;;0)P(Mmjem)P(OrjO;Mn )P (Orjeor )

Object reaction to human action, such as pouring liquid

1our experiments neglect the grasping motion since the hand-move  2All the variables are assumed to be uniformly distributed agock
ments are too subtle to be perceived at the resolution ofaypideo cam- P(O),P(M(),P(Mm), P(Or), P(eo), P(er), P(em) andP (eor )
eras when the whole body and context are imaged are constant



(a) Original detector (b) LikelihoodP (Ojep) (c) Reach MotiorP (M jer) (d)P(O;Mjeo;er)

Figure 2. Importance of contextual information involved in reach motand object perception. (a) Object Detectors tend to miss some
objects completely (b) Lowering the detection threshold can lead to faléi&/pesn detection (c) Reach Motion Segmentation also suffers
from false positives (d) Joint probability distribution reduces the falsétipes in reach motion and false negatives in object detection.

‘ ]
"

(a) LikelihoodP (Ojep) (b) Interaction Motion (c) Segmented Motion (d) Belief: Bel (O)

Figure 3. Importance of contextual information from interaction motiongject class resolution. In this experiment, object detectors for
cups and spray were used. (a) The likelihood value of a pixel beingethieicof cup and spray bottle is shown by intensity of red and
green respectively. (b) Hand trajectory for interaction motion (includash and manipulation). (c) The segmentation obtained. The green
track shows the reach while the red track shows the manipulation.(d) Lokelikialues after belief propagation. By using context from
interaction with the object, it was inferred that since the object was subjextedave like motion, it is more likely a spray bottle.

cascade. The probability of such a window containing an
object is computed based on the assumption that such win-
2.2. Object Perception dows would just exceed the detection threshold of the re-
maining stages of the cascade. Therefore, we also compute
Each object has an associated type which represents tha threshold probabilityt;) for each cascade level This is
class to which the object belongs. In addition to type, we the probability of that window containing an object whose
estimate location and some physical properties. adaboost score was at the rejection threshold. If a detector
The approach is independent of the speci ¢ object detec- consists ofL levels, but only the rstly, levels classify a
tion algorithm employed. We employ a variant of the his- window w as containing an object, then the overall likeli-
togram of oriented gradient(HOG) approach frobp 33]. hood is given by:
Our implementation uses a cascade of adaboost classi ers
in which the weak classi ers are Fischer Linear Discrimi- Yo N3
nants. This is a window based detector; windows are re- P (O = fobj; wgjeo) = Pi (w) (Pt}) (1)
jected at each cascade level and a window which passes all i=1 j=lw el
levels is classi ed as a possible object location.
Based on the sum of votes from the weak classi ers, for
each cascade levé|,we compute the probability; (w) of a 2.3. Human Movements
window, w, containing the object. If a y\_/|nd0\_/v were .e\./alu- 231 Reach Motion
ated at all cascaie levels, the probability of it contairang
object would be iLzl P; (w). However, for computational  The reach motion is described by three parameters: the start
ef ciency many windows are rejected at each stage of the time (t%), the end timet() and the 2D image location being



reached forl¢). The velocity pro le of a hand executing In addition to computing the likelihood, we need to com-

ballistic movements like reach or strike has a characterist pute the ternP (M ,jM,; O). Manipulation motion is de-

'bell' shaped pro le. Using features such as time to accel- ned as a 3-tupleMp, = (t7;t; Ty). The starting and

erate, peak velocity and magnitude of acceleration and de-ending timestT' andt]', depend orM, but are indepen-

celeration, the likelihoods of reach movements can be com-dent ofO. Similarly, the type of manipulation motiofiy,,

puted from hand trajectories (Se&]). depends orD but is independent df1, 3. Hence, we de-
However, there are many false positives because of er-compose the prior term as:

rors in measuring hand trajectories. These false positives

are removed using contextual information from object loca- P(MmjM:;0) = P(ts';te M )P (TmjO) 2

tion. In the case of point mass objects, the distance between

object location and the location being reached for should  Assuming grasping takes negligible time, the time dif-

be zero. For a rigid body, the distance from the center of ference between the ending time of a reach motion and
the object depends on the grasp location. We representhe starting time of a manipulation motion should be zero.
P(M;]O) using a normal function (jl; lo; *; %), where  \we modelP (t7;t™jM,) as a normal functioN (7 j

' and¥are the average distance and variance of the dis-t’: 0: 34) where% is the observed variance in the training

tances in a training database between grasp locations an@eétaset_p(-rm = mtypejO = obj) is computed based on
object centers. the number of occurrences of manipulatioype on ob-
jectobj in our training dataset.

2.3.2 Manipulation Motion

. . . , 2.3.3 Hand Trajectories
Manipulation motions also involve three parameters: start

time ('), end time (I') and the type of manipulation mo-  The likelihood terms for reach and manipulation motion re-
tion/action T, ) (such as answering a phone, drinking etc). quire computation of hand trajectories. To compute hand
We need to comput® (Mnjen), the likelihood of a ma-  trajectories, we implemented a variant @& for estimating
nipulation given the evidence from hand trajectories. the 2D pose of the upper body. Figuseshows the results

There are many methods for gesture recognition usingof the algorithm on few poses.
hand trajectories’]. The framework described above is in-
dependent of the speci ¢ action recognition approach em-
ployed. We use discrete HMM's for obtaining the likeli-
hoods P(Mmjem).

We rst obtain a temporal segmentation of the trajectory
based on limb propulsion models. This segmentation is re-
quired for computing the discrete representation of manipu
lation motion and to nd possible starting and ending times
of the manipulation movement. There are two models for
limb propulsion in human movements: ballistic and mass-
spring modelsZ6]. Ballistic movements involve impulsive
propulsion of the limbs (acceleration towards the target fo
lowed by deceleration to stop the movement). In the mass- ) _
spring model, the limb is modelled as a mass connected to2.4. Object Reaction
a springs. Therefore, the force is applied over a period of

time. subtle for effective measurement. In such cases, the result

Eacg magpula;mn mot||()n IS segdmlen;ed 'n,tt? a(tjtorgm S€0- of interaction can provide context on object type and inter-
ments based on the propulsion models described above. We (o involved. For example, consider the case of lighting

use the segmentation algqrithm. descrik.)edz'ﬂ..[ The.al-. a ashlight. The interaction involved is pressing a button,

gorithm decomposes manipulation motion trajectories into \hich js unlikely to be perceived using current computer vi-

ballastic and mass-spring motion segments. Each segmentjo, apnroaches. However, the reaction/result of such-an in
is then replaced by a discrete alphabet de ned as the CroSSeraction, the change in illumination, is easy to detean-Si

product of type of propulsion(ballistic/mass-spring) @nel  jj5ry the observation of object reaction can provide eaht

hand locations at the end of the motion segments, repre-o ghiect properties. For example, the observation of the ef
sented with respect to the face.

: By using alphabets for¢oct of houring can help making the decision of whether a
atomic segments we transform a continuous observationg . \ac emnty or not.

into a discrete symbol sequence. This is used as input to ob-
tain the ||ke“_h00d5 of d|ff€_‘rent types of manipulation mo- 3Type of manipulation also depends upon the direction of rezation.
tion from their corresponding HMM's. This factor is, however, ignored in this paper

Figure 6. Results of Upper Body Pose Estimation Algorithm.

In many cases, the interaction movement might be too




The parameters involved in object reaction are the time lighting the ashlight. In addition to the four objects on
of reaction {react ) and the type of reactio(; ). However, which the detector was trained, the scene contained other
measuring object reaction type is dif cult. Mann et. a¥] objects, like a stapler, to confuse the object detector.
presented an approach for understanding observations of Object Classi cation: Among the objects used, it is
interacting objects using Newtonian mechanics. However, hard to discriminate the spray bottle, ashlight and cup be-
such an approach can only be used to explain rigid body mo-cause all three are cylindrical (See Figuté$a),(b)). Fur-
tions. Apart from rigid body interactions, the interacson thermore, the spray bottle detector also red for the hand-
which lead to changes in appearances using other forceset of the cordless phone (See Figlifi¢d)). Our approach
such as electrical are also of interest to us. was also able to detect and classify object of interest aven i

We use the differences of appearance histograms aroundluttered scenes (See Figur&c)). Figures/(a) and 7(b)
the hand location as a simple representation for reactionshows the likelihood confusion matrix for both the origi-
type classi cation. Such a representation is useful in rec- nal object detector and the object detector in the human-
ognizing reactions in which the appearance of the object atobject interaction framework. Using interaction contéxg
time of reactionteact , Would be different than appearance recognition rate of objects at the end of reach locations im-
at the start or the end of the interaction. Therefore, the two proved from78:33%to 96:67%".
appearance histograms are subtracted and compared with
the difference histograms in the training database to infer
the likelihood of the type of reactiomg; ).

In addition, we need to compute the priors
P(OrjM;0). Object reaction is dened by a 2-
tuple, Or = (Tor;treact ). Using the independence of the
two variables:

P(OrjMm;0) = P(Tor jMm; O)P (treact jMm;O) (3)

(a) HOG Detector (b) Using Framework

The rst term can be computed by counting the occur-
rences of T,y when the manipulation motion is of type
mtype and the object is of typ@bj. For modeling the Figure 7. Object Likelihood Confusion Matrix: TH& row de-
second term, it was observed that the reaction time ratio,Picts the expected likelihood values whiéh type of object is
re = % is generally constant for a combination of present.
object and mampulaﬂon. Hence, we mod_el thg prior .by &  Action Recognition: Of the six activities, it is very hard
normal functionN (ry;* ;%) over the reaction-time ratio, (5 giscriminate between pouring and lighting on the basis of
Wh.ere} r and%.a.re the mean and variance of reaction-time 4 trajectories(See Figuté(a) and (b)). While differen-
ratios in the training dataset. tiating drinking from phone answering should be easy due
to the differences in endpoint locations, there was stitksu
stantial confusion between the two due to errors in computa-

We used Pearl's belief propagation algorithi][for in- tion of hand trajectories. Figui&a) shows the likelihoods
ference. Training of the model requires training of a HOG of actions that were obtained for all the videos using hand-
based detector for all object classes and HMM models for dynamics alone. Figuré(b) shows the confusion matrix
all classes of interactions. Training for HOG based detec- when action recognition was conducted using our frame-
tor was done using images from various training datasets.work. The overall recognition rate increased fr@g®167%
HMM models were trained using a separate training dataset 0 93:34%when action was recognized using the contextual
Additionally our model requires co-occurence statistits o information from objects and object reactions.
object-interaction-reaction combinations, distancevieen Segmentation Errors: Apart from errors in classi ca-
grasp location and object center, and reaction time ratios. tion, we also evaluated our framework with respect to seg-

mentation of reach and manipulation motion. The segmen-
3. Experimental Evaluation tation error was the difference between the actual frame
number and the computed frame number for the end of a

We evaluated our framework on a test dataset of 10 sub-reach motion. We obtained the ground truth for the data us-
jects performing 6 interactions with 4 objects. The objects ing manual labelling. Figuré shows the histogram of seg-
in the test-dataset included cup, spray bottle, phone andmentation errors in the videos of the test dataset. It can be
_aSh“ght' The mteract_lons with these ObjeCtS were: d'_:mk 4The recognition rate depicts the correct classi cationafdlized ob-
ing from a cup, spraying from a spray bottle, answering a ject into one of the ve classes: background, cup, spraykagphone and
phone call, making a phone call, pouring from a cup and ashlight

2.5. Training and Inference




(a) HMM based Action Recognition

(b) HMM based recognition in Interaction Context

Figure 8. Comparison of Action Likelihoods without and with contextualrmfation. Each Column represents the normalized likelihood

values for six possible actions.

seen thaP0% of detections were within 3 frames of actual
end-frames of reach motion.

Number of Videos

4 3 2 1 0 1 2 3 4 5 6 7
‘Segmentation Error (# of frames)

Figure 9. Segmentation Error Histogram

Object Properties: The rst and second-order deriva-
tives of the velocity pro les at the start and end of ballis-

4. Conclusion

Recent studies related to human information process-
ing have con rmed the role of object recognition in action
understanding and vice-versa. Motivated by such studies,
we presented an approach to combine the inference pro-
cess in object recognition and action understanding. The
approach uses a probabilistic model to represent the ele-
ments of human-object interaction: object identity, reach
motion, manipulation motion and object reaction. Using
context from object type and object reaction, the model rec-
ognizes actions which are either too subtle to perceive or
too similar to discriminate. Therefore, by enforcing glbba
coherence between object type, action type and object reac-
tion, we can improve the recognition performance of each
element substantially.

tic motion segments during manipulation are used as a fea-2- Acknowledgement

ture set for classi cation of 'heavyl/light' objects. The -ob

interaction was displacing the box from one end of table
to another. FigurelO shows the two derivates plotted for
the training dataset. We achieved a classi cation accuracy
of 89:58%for a linear classi er(LDA) using leave one-out
cross-validation approach.

Figure 10. The rst and second order derivatives of velocity at the
start and end of ballistic motion.
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