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Abstract—We propose a method for classifying actions involving people interacting with objects. Our method combines
motion and appearance information into a unified framework.
Here, we explore the video’s sparse component as provided by
robust principal-component analysis for the extraction of motion
information in the form of trajectories. While we use motion
as the main clue for classification, we also incorporate implicit
object information into the classification process. Here, object
information is represented by the probability of the object with
which the person is interacting. These probabilities are learned
using probabilistic Latent Semantic Analysis (pLSA). We test
our classification method on a publicly available dataset, and
provide a comparison with some related work. Classification
results obtained by our method are promising.

I.

I NTRODUCTION

The recognition of human actions is a key problem in
computer vision [1]. An equally important but less explored
problem is that of recognizing actions that involve people
interacting with objects, which is the focus of this paper.
When we interact with objects, our actions are constrained
by the object’s properties such as shape and affordance [2], [3].
Combining information about both the person’s motion and
the object’s appearance is a feature of successful algorithms
for recognizing interactions. Indeed, while promising solutions
to the problem have been proposed in the past 5 years [4],
[5], many interesting questions remain unanswered including
which feature should be used? Which parts of the interaction
are relevant for recognition? How to detect such characteristic
events in both space and time? For example, characteristic
components of an interaction include the local image appearance when the person physically contacts the object and how
that contact is performed. As pointed out by Filipovych and
Ribeiro [6], [7], these actor-object states play a key role in
interaction classification.
Trajectory-based methods gained attention recently with
the work of [4], [5], [8]. Messing et al. [8] track keypoints to
create a mixture of trajectory sequences. Activity is modeled as
distributions over velocity history components, which results
in a latent Dirichlet-allocation model. Gupta et al. [5] used
upper-body pose detection to extract hand trajectories. Once
the body was detected, the hand trajectory was segmented
into components including reaching motion and manipulation
motion. The method also accounted for object appearance
and the object’s reaction to interaction. This was done by
considering changes in the object’s state during interaction.
Prest et al. [4] performed interaction recognition in a
weakly supervised manner (i.e., only the labels of the interactions were known). Similar to Gupta et al., they used

a “person-first-then-object” approach by first detecting the
person in the image by means of multiple detectors such
as face, upper-body, full body. Then, objects that appeared
frequently with respect to the person were located. Relative
scale, distance, and overlap between the object and the person
were used to compute human-object, whole-image, and posefrom-gradients descriptors. Classification was done using a
multi-class SVM. State-of-the-art methods for recognizing interactions with objects require significant pre-processing steps
like learning upper-body parts and object detectors [9], [10].
Also various descriptors used for learning are hard to interpret.
In this paper, we introduce a method that: (a) Requires
only a head detector and does not explicitly use trackers.
Instead, our method uses intuitive features including hand
trajectory, hand velocity, and object appearance. (b) Uses
hand trajectories obtained from the sparse component of the
motion as the main source of information, and (c) Combines
motion and appearance information into a multi-kernel SVM
classification that uses implicit object information in the form
of the probability of the object with it the person is interacting.
Recent developments in the convex-optimization area such
as the Robust Principal Component Analysis (RPCA) [11]
(or low-rank-plus-sparse decomposition) allow us to access
important information from videos. Using RPCA, we can decompose videos into their moving (i.e., sparse component) and
non-moving components (i.e., low-rank component). In our
interaction-classification method, we explore the video’s sparse
component, as provided by RPCA, to detect characteristic
moving trajectories and moment of interactions (Section III).
The sparse motion component helps us locate the object in
space so we can build a probabilistic model of the main object
with which the person is more likely to be interacting. This
model is learned using probabilistic Latent Semantic Analysis
(pLSA) (Section IV). Once these models for both interaction
motion and object appearance are at hand, classification is
achieved using a multi-kernel SVM approach (Section V). In
our method, we compare only parts of the trajectories where
the interaction takes place. We assume that the time where the
interaction starts and stops are known and leave the method
which can extract those automatically for the future work.
A description of our method is given next, and its featureextraction step is illustrated in Figure 1.
II.

O UR M ETHOD

In our method, a video is seen as a 3-D spatio-temporal
volume of N image frames. We commence by using RPCA
to decompose each video into its low-rank and sparse components. This decomposition allows us to extract the fastest-
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Fig. 2. Left: Sparse portraits volume for the drinking interaction. Right: Probability distribution of the main interaction motion, and fitted curve representing
maximum likelihood trajectory of the main interaction motion.

both forwards and backwards in time. For numerical stability,
each frame in the sparse portrait is smoothed with a Gaussian.
Formally, let ⌧t 1 = xt 1 = (xt 1 , yt 1 ) be the previous
position in trajectory T . Also, let N = [i r, i+r]⇥[j r, j+r]
be the neighborhood of size r centered at ⌧t 1 . Let Stmax =
max(i,j)2N St be the maximum value of the sparse portrait,
inside neighborhood N , at time t. We define the probability of
the current position of trajectory T as a function of velocity,
vt , and sparse portrait value S(xt ):
✓
◆
1
(Stmax S(xt ))2
p(xt = ⌧t |⌧t 1 ) = exp
Z
2 12
✓
◆
||vt (xt ) vt 1 ||2
⇥ exp
,
(2)
2
2 2
where 1 and 2 are parameters controlling smoothness,
vt (xt ) is a velocity at xt and Z1 is a partition function. Once all
trajectories are found, we choose the one whose sparse energy
over all frames is the highest, i.e., the trajectory that traveled
the most. Figure 2 (Right) shows the extracted trajectory for
a drinking interaction.
We stabilize the trajectories by representing them with
respect to a reference point, which we choose to be the head of
the person performing the interaction. Here, for every frame,
the head position is subtracted from the trajectory location in
that frame. Then, in order to make it uncorrelated with the pixel
distance, we divide each trajectory point by the largest distance
from the head to the hand. To ensure that we could detect
the head positions in every frame, we used the face detector
by [13], with parameters that produced the most detections
in each frame. Incorrect detection were subsequently filtered
by removing the ones that were below the sparse-portrait’s
centroid, which is given by:
P
T
i,j 1{S(xt )>0} (i, j)
P
~r(t) =
.
(3)
i,j 1{S(xt )>0}

Here, function 1{S(xt )>0} is the indicator function. This filtering procedure was effective because during the interactions the
contour of person’s silhouette always exhibited some motion
that clearly appeared in the sparse portrait even for motions
of small magnitude. Remaining head detections were tracked
using the tracker by Kalal et al. [12], resulting in a trajectory.
We further filtered out trajectories whose the total sparseportrait values (i.e., integrated over the trajectory’s length)
were below a predefined threshold. Finally, the trajectory that
overlapped the most with the others was selected as the final.
Note that, in the videos we analyzed, while head trajectories
were mostly static, they were not constant.
Velocities play an important role in the dynamics of the
interaction, and we include them as features in our classification method. For example, a brief pause for dialing a number
into a mobile phone is reflected in the trajectory’s velocity
vectors. We calculate velocities using pairwise differences,
i.e., vt = ⌧t ⌧t 1 . The motion information used by our
classification method is then given by:
m = {(⌧1 , v1 ) , . . . , (⌧n , vn )}.
IV.

(4)

A PPEARANCE I NFORMATION

In addition to motion information, knowing something
about the object with which the person is interacting can
help classification, especially when different interactions undergo similar motions. In our method, we do not use object
appearance explicitly. Instead, we need only to know the
probability that a given object is being moved by the person.
To model this probability, we use probabilistic latent semantic
analysis (pLSA) with a Bag-Of-Words (BoW) appearance
representation similar to Sivic et al. [14].
Given an image of the object, we represent its appearance
by two sets of features: edge magnitudes obtained from the
Canny detector, and gray-level intensities. The two types of

images are subdivided into nine 5-pixel square patches. We
call the edge-map features singles. These singles are stacked
together to form a 25-length feature vector, as . To account
for spatial information, we combine the pairs of neighboring
patches in the intensity images along the horizontal and vertical
directions. We call these features doublets. The doublets are
reshaped to form 50-length feature vectors, ad . Figure 1
(bottom-right) illustrates how doublets are formed.
Using these patch-based vectors can inevitably result in an
insufficient number of features when constructing the BoW
dictionary. To address this issue, we collect features from
multiple video frames containing the object.
A. Probabilistic Latent Semantic Analysis
Once the appearance vectors for the object are computed,
the probability of an object being used for an interaction can
be learned using the EM algorithm [15]. Here, we assume
that each video has multiple features and a unique latent
label which is the object’s identity. Let Vi denote video i,
aj the feature j, zi the label of the video i. We initialize
P (zk |Vi ) randomly. The following EM formulation is taken
from Hofmann (2001) [15]:

used in our experiments, this happens when the objects are
being picked up from the top of the table.
Starting from the first frame of the interaction, we find the
lowest location with respect to the body position (i.e., location
~r(t) given by Equation 3), for which the sparse energy is the
highest. Such position in the sparse portrait will correspond to
the motion when the person was picking up the object from
the table. Because this location is only an approximation of
the object’s position, we refine it by extracting image patches
around that location at a time when the object was not yet
grasped (i.e., the object is still on the table) and also at
the time when the object was no longer there (i.e., during
the interaction). Because the initial location is not the exact
location of the object, we must extract image regions that are
large enough not to miss the object. Figure 3 (a) shows patches
extracted around the initial localization during the time when
the object was not yet touched. Figure 3 (b) shows patches
extracted after the object was picked up.

a) E-step:
P (aj |zk )P (zk |Vi )
P (zk |Vi , aj ) = PK
.
l=1 P (aj |zl )P (zl |Vi )

(5)

(a)

(b)

(c)

(d)

For numerical stability, we added Laplace smoothing in
P (aj |zk ). Let us denote:
pj (zk ) =

N
X
i=1

P (Vi , aj )P (zk |Vi , aj ) +

j.

(6)

b) M-step:
pj (zk )

P (aj |zk ) = PM

j=1

P (zk |Vi ) =

PM

j=1

In our experiments we used

pj (zk )

.

P (Vi , aj )P (zk | Vi , aj )
P (Vi )

j

(7)

(8)

= 1, 8j.

The distribution P (zk |Vi ) gives a probability of object
k being used for the interaction in video i. Knowing the
probability of the object used in an interaction can significantly
restrict the subset of possible interactions during classification.
Numerically, we propagate this information by weighting the
classification result obtained from trajectories and velocities
with probabilities of the objects (Section V).
B. Object Localization
Our learning algorithm is weakly supervised, i.e., we know
the type of interaction but we do not provide annotated
locations of the object. However, to train the pLSA model
we need to locate the object in the video frames to extract its
appearance features. Our solution is to use the sparse portrait
to try to detect both the location and the instant when the
object is removed from its original position. For the videos

Fig. 3. Detecting the object that is target of the interaction. (a) Object is
still on its original location. (b) Object has been removed from its original
location. (c) Difference image with refined location of the object (in magenta).
(d) Region containing the object, centered at the refined location.

We refine the initial object location by computing the
centroid of the difference image between the two patches in the
LMS color space [16]. Because only the object was removed
from the image patch, the centroid is the mean position of the
difference between the patches, which is very likely to be the
object’s center. Figure 3 (c) shows the image difference and
the refined object’s center (i.e., large cyan dot). Figure 3 (d)
shows new image regions extracted at the refined locations.
V.

K ERNEL -BASED C LASSIFICATION

Trajectories, velocities, and object appearance are complementary information about the underlying interaction. We
use these three characteristics to define kernels that measure
the similarity between two videos. Once the kernels are constructed, we train support-vector machines classifiers using a
one-vs-all scheme for multi-class classification (i.e., a separate
binary SVM classifier was learnt for each interaction type).
While our appearance vectors are of fixed size, our motion
trajectories are time series of different lengths. To address this

issue, we adopt the dynamic-time alignment kernel from [17],
which can align and compare times series of different lengths.
A. Time Series Alignment Kernel
Consider two time series or sequences, s = (s1 , s2 , . . . , sn )
and q = (q1 , q2 , . . . , qm ) of lengths n and m, respectively.
Let A(s, q) be the set of all possible alignments, ⇡, between
sequence s and sequence q where |⇡| = p. The alignments
⇡1 and ⇡2 are mappings from indices of sequences s and q
to 1, . . . , p. Essentially, mappings ⇡1 and ⇡2 provide a way to
compare each element in s with an element in q. The alignment
kernel is given by:
✓
|⇡|
||s⇡1 (i)
1 X
K1 (s, q) = argmax
exp
⇡✏A(s,q) |⇡| i=1

q⇡2 (i) ||

2

2◆

.
(9)

Other kernel methods based on dynamic time warping exist
[18] and could also be used. The kernel in Equation 9 can
be computed in O((max{n, m})2 ) time. To avoid scaling
differences, all kernels were normalized as suggested by [19]
using a normalization transformation that preserves the kernel’s
positive semi-definiteness.
B. Classification
Now that the motion-similarity kernel is defined, we
incorporate the probability of object into the classification
process. First, we use the alignment kernel to learn one-vsall SVMs over trajectories and velocities separately. Let Dt
and Dv 2 Rd⇥c be the resulting classifications obtained for
trajectories and velocities, respectively, where d is the number
of data points in the dataset while c is the number of classes.
In order to propagate object similarity into the motionbased classifications, we weight Dt and Dv with the probability of the object. Formally, we have:
⇢ t
D (Vi , cj )pobj
if Dt (Vi , cj ) 0
t
Dw =
(10)
t
D (Vi , cj )(1 pobj ) otherwise,
where pobj = P (zj |Vi ) is the probability of object from class zj
v
from video Vi . Dw
is defined similarly. The final classification
is performed using:
t
v
L(Vi ) = arg max max Dw
, Dw
cj

VI.

.

(11)

E XPERIMENTS

We evaluated our method on the Gupta’s dataset [5]. The
dataset consists of 54 videos of individuals performing interactions with objects. Interactions include spraying, answering
the phone, and lighting a flash light. At first, we computed
sparse plus low-rank decomposition for every video using the
TFOCS toolbox1 . Then, we extracted hand/object trajectories
as described in Section III-B, and setting 1 = 12 and 2 = 8.
Head trajectories were extracted using a pre-learnt model from
the face-detection method in [13]2 . For head trajectories, we
1 http://cvxr.com/tfocs/
2 code

available at http://www.ics.uci.edu/~xzhu/face/

also used the tracking algorithm by [12] with its default parameters3 . We normalized trajectories with respect to the head
position and divided by the norm of the maximum distance
along the hand/object trajectory. Velocities were calculated
as pairwise differences of consecutive trajectory points. The
plot in Figure 4 shows the average pixel error per video per
frame for trajectory extraction in comparison with manually
extracted trajectories, which we consider as ground truth.
Clearly, some trajectories are not extracted correctly and cause
misclassification.
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Fig. 4. Trajectory extraction error. Average pixel-distance error per frame of
the estimated trajectory with respect to the (manually annotated) ground-truth
trajectory of the person’s hand. The green solid line represents the trajectory
error for time interval when the interaction took place while red solid line is
the error for the entire video. Corresponding single average values for both
measurements are shown in the horizontal dashed lines of similar lighter color.

Due to limited nature of the dataset, we used a leaveone-out cross-validation. For object localization, we initially
extracted a region of interes larger than the expected size of
the object with width and height of 100 pixels. Refinement of
the initial localization was performed as described in Section
IV-B. The final object patch was extracted with a 60-pixel
square region of interest. For each video, we extract patches
for the first n consecutive frames. We observed that the more
frames we used the better was the classification and around
n = 10 it leveled off. Singles and doublets features were
computed to create two dictionaries describing the appearance
of the object. Each dictionary were created using k-means
clustering with k = 55. Then, we applied pLSA on edges
using random initialization, after convergence we fed P (z|d)
from edges as an initialization to doublets after which pLSA
was run again. The results for object classification using our
method are given in Table I. As described in Section V-B, the
probability distributions of the objects were used to weight the
results of classification obtained from trajectory and velocities
SVMs. The final classification of the interactions as given by
Equation 11 are shown in Table II.
TABLE I.

O BJECT RECOGNITION RESULTS

Method
Doublets to singles

Object recognition accuracy %
84.6 ± 2.2

3 http://personal.ee.surrey.ac.uk/Personal/Z.Kalal/tld.html

TABLE II.

C LASSIFICATION RESULTS ON THE G UPTA DATASET. F OR
ALL SVM S , WE FIXED C = 1, = 100.
Method

Accuracy (%)

Our method

Trajectories only
Velocities only
Trajectories+object
Velocities+object
Full framework

50.0
59.3
70.0 ± 1.1
72.4 ± 1.8
82.2 ± 2.3

Related work

Gupta et al. [5]
Prest et al. [9]

93.0
93.0

Our method has a number of drawbacks. First, we did not
address the problem of automatically localizing the interaction
in time. Some previous work have looked at this problem [20],
[21]. Secondly, classification quality is linked to the quality of
the trajectories. Incorrect trajectories will corrupt both velocity
information and object appearance.
In the work reported in this paper we extracted trajectories
using only motion information. As a result, trajectories of
objects that temporarily stop moving might be incorrectly
extracted. One way to address this issue is to combine tracking
in sparse portraits with state-of-the-art trackers that operate on
images. In addition to that, it became apparent that there is
a lack of object detectors that can work in videos as objects
move (See [4]). Because object motion causes their imaged
shape to change, appearance-based object detectors that may
work for static images do not directly extend to videos.
VII.

C ONCLUSIONS

In this paper, we presented a method for interaction
recognition that operates in weakly supervised settings. Using
trajectories as the main source of information, we show how
to extract them from the sparse component of the video, which
we extract using robust PCA. Except for a head detector,
our method does not use specialized trackers or detectors.
Instead of using object appearance directly, we incorporate
the probability of object appearance into a multi-kernel classification scheme. While our classifications are still below
state-of-the-art methods like the one by Gupta et al. [5], we
consider our results promising given the weakly supervised
natured of our method. Future work include improving tracking
of fast motions by incorporating measurements from sparse
components of the video into image-based tracking methods.
This work was partially supported from National Science
Foundation (NSF) grant No. 1263011.
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