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ABSTRACT
In this paper, we propose a graph theoretic approach for rec-
ognizing interactions between two human performers present
in a video clip. We watch primarily the human poses of each
performer and derive descriptors that capture the motion
patterns of the poses. From an initial dictionary of poses (vi-
sual words), we extract key poses (or key words) by ranking
the poses on the centrality measure of graph connectivity.
We argue that the key poses are graph nodes which share a
close semantic relationship (in terms of some suitable edge
weight function) with all other pose nodes and hence are
said to be the central part of the graph. We apply the same
centrality measure on all possible combinations of the key
poses of the two performers to select the set of ‘key pose
doublets’ that best represent the corresponding action. The
results on standard interaction recognition dataset show the
robustness of our approach when compared to the present
state of the art method.

1. INTRODUCTION
Detecting human activities in video is an active research

area [5, 12, 15]. Semantic analysis of human activities in
videos leads to various vision-based intelligent systems, in-
cluding smart surveillance systems, intelligent robots, action-
based human computer interfaces, etc. For instance, a method-
ology to automatically distinguish suspicious or unusual ac-
tivities such as punching, pushing or kicking from normal
activities can be useful in places like rail station, airport
or shopping mal. Multiple activities must be recognized,
even when the background is non-uniform (for pedestrians
and/or other moving objects). Figure 1 shows examples of
some interactions.
Several approaches exist in recognizing human action fo-

cusing on either low and mid-level feature collection ([5, 12])
or modeling the high level interaction among the features
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Figure 1: Examples of some interactions (a)hugging,
(b)punching, (c)pushing, (d)kicking taken from UT-
Interaction dataset [14]

[8, 7]. Following bag-of-words model [5, 12], Niebles et. al.,
automatically learns the probability distributions of the vi-
sual words using graphical models like probabilistic Latent
Semantic Analysis (pLSA) and Latent Dirichlet Allocation
(LDA) to form the dictionary of visual words. Also there
are good efforts of combining global and local video features
for action recognition [15].

There are approaches studying pose specific video features
[2, 4] but modeling visual senses associated with poses in
videos is largely an unexplored research area. In [9], a new
pose descriptor is proposed using a gradient weighted optical
flow feature combining both global and local features. They
mine the pose descriptors using Max-diff kd-tree [10] to form
the initial dictionary of poses. The initial pose dictionary
contains both ambiguous and unambiguous (or key poses)
poses. The poses in the initial dictionary are ranked using
the centrality measure (a measure of ambiguity) of graph
connectivity [11] to select the key poses. The approach made
by [9] is limited to solo performer, and since they bank on
the repetitive nature of the human actions by introducing
action cycles, their methodology does not perform well (see
Section 3 for results) in case of interactions like punching
(once) or pushing away. However, if we consider each in-
dividual separately, one can observe a recurring pattern in
the motion patterns of limbs. But it complicates the infer-
encing as action cues from two different actions need to be
combined for semantic analysis. Our methodology tries to
utilize this cue, i.e., motion and pose pattern of individual
performer, in order to build a pose based recognition model
for interaction types.

We make a two-fold contribution to enhance the approach
of [9] for recognizing interaction between multiple human
performers. First, we apply the procedure of [9] on each of
the performers present in the video to select the key poses
for both the performers. Second, for each action we pri-
marily take all possible combination of key poses of the two
performers to form ‘pose doublets’. We again apply the cen-



Figure 2: Bipartite graph representing key poses for
two performers for ‘punching’ interaction. Green el-
lipses show examples of ‘key pose doublets’ concate-
nating key poses of left and right performers.

trality measure of graph connectivity [11] to rank the ‘pose
doublets’ and select the ‘key pose doublets’ best represent-
ing the corresponding interaction. Figure 2 shows examples
of some key poses for the two performers in the interaction
‘punching’. The key poses are represented as nodes in the
bipartite graph shown in Figure 2. After ranking the ‘pose
doublets’ we select the ‘key pose doublets’ shown by the
green ellipses.
We show the accuracy of our approach compared to the

state-of-the-art in Section 3 followed by conclusions in Sec-
tion 4. Before that we discuss the proposed approach in the
next Section.

2. PROPOSED METHODOLOGY
The proposed methodology consists of three steps. First

we discuss the method for constructing the initial dictio-
nary. Next we discuss the process of extracting key poses
for each person in the video. Lastly we describe the method
for constructing ‘key pose doublet’.

2.1 Forming Initial Pose Dictionary
We use multidimensional pose descriptor corresponding to

each performer of each frame of an action video as suggested
in [9]. We have used the method of Gilbert et. al. [3] to
draw the best fit rectangular window around each performer.
The initial pose dictionary is constructed [9] from the mul-

tidimensional pose descriptors in two steps. First, the de-
scriptors are derived by combining motion cue from the op-
tical flow field (using Lucas-Kanade algorithm [6]) and pose
cue from the gradient field of a particular video frame. Sec-
ond, the pose descriptors, upon data condensation, result
into a moderately compact representation and we call it the
initial dictionary of visual poses. The initial pose dictio-
nary contains pose clusters that may be equated with words
in a document, where the document stands for a video in
our version of the bag-of-words model. In the following, we
briefly describe the descriptor extraction process as well as
the formation of initial pose dictionary.
The pose descriptor combines the benefit of motion in-

formation from optical flow field and pose information from
the gradient field. The optical flow field is weighted with
the strength of the gradient field to produce a resultant flow
field. Next the resultant flow vectors are quantized into 8
bins of an angular histogram. Now this same process is car-
ried out for three different layers, where first layer is the
whole image matrix, second layer splits the image into four
equal blocks and the third layer splits it into 16 blocks each
producing 8 bin vector resulting to a 168-dimensional pose
descriptor after concatenation.
Once we evaluate the pose descriptor, a kd-tree based data

condensation technique eliminates much of the redundancies
in the repetitive motion pattern of human actions and pro-
vides a moderately compact pose dictionary. The idea of
data condensation is preferred to clustering because in data
condensation one may afford to select multiple representa-
tives from the same cluster, whereas in clustering the ob-
jective lies in identifying true number of clusters. The leaf
nodes of the kd-tree denote one pose cluster or the visual
pose word; one can choose multiple samples from each leaf
node to construct the initial pose vocabulary Sj = {pi ∈
ℜd|i = 1, 2, ..., k} where j = 1, 2, and d denotes the di-
mensionality of the pose descriptors with k representing the
cardinality of Sj , j = 1, 2. The algorithm to construct the
kd-tree is explained in details in [10]. In our experiment we
choose the mean of each leaf of the kd-tree as our pose word
and learn the dictionaries S1, S2 of poses of the two persons.
Next we outline the scheme for ranking the poses of S1, S2

using centrality theory of graph connectivity.

2.2 Formation of Compact Dictionary
The poses in S1 and S2 are often ambiguous and our goal is

to identify the unambiguous poses (or key poses) from both
S1 and S2 and produce compact dictionaries Ξj , j = 1, 2.
The poses from Sj , j = 1, 2 are placed in a graph as nodes
and the edge between each two poses stands for the dis-
similarity in terms of a semantic relationship between them,
measured using some form of weight function [9]. Let ρ(u, v)
denote how many times the pose words u, v ∈ Sj both occur
together in all video sequences of a particular action type.
Then the edge weight ω(u, v) is given by

ω(u, v) =

{
1

ρ(u,v)
when ρ(u, v) ̸= 0

∞ otherwise
(1)

According to (1), the lower the edge weight, the stronger is
the semantic relationship between the pose words. Next we
calculate the eccentricity measure [16] of graph connectivity
to measure the semantic difference between the poses in a
pose graph. Floyd-Warshall algorithm [1] computes all-pair-
shortest path between pose nodes. If the distance d(u, v)
between two pose words u, v ∈ Sj is the sum of the edge
weights ω(u, v) on a shortest path from u to v in the pose
graph, then the eccentricity e(u) of a pose u is given by

e(u) = max{d(u, v) | v ∈ Sj}, (2)

for j = 1, 2.
Hence we have ranked the poses in Sj by their eccentric-

ity measure, used as a measure of ambiguity. For each per-
former in video sequences of each action type, we choose the
N -best poses by selecting poses with N -lowest eccentricity
in a pose graph. We call the selected poses as key poses and
include the key poses in the compact dictionaries Ξj . Once
we identify the key poses for a particular kind of action we
repeat the same process for all kinds of actions. The key
poses p1, p2, . . . , pk extracted from all the action types are
grouped together to form Ξj .

Ξj = {p1, p2, . . . , pk} ∀ pi ∈ Sj , i = 1, 2, . . . , k j = 1, 2.
(3)

Next we illustrate the process of selecting the ‘key pose
doublet’.

2.3 Selecting ‘Key Pose Doublets’



We have two compact dictionaries Ξj , j = 1, 2 for each
performers. These two dictionaries contain key poses of the
corresponding action type. Each of the key poses can best
represent the pose of a single performer during the corre-
sponding interaction with the other performer. Our next
task is to model these poses to represent the interaction be-
tween the two performers. An easy way for this is to make
joint poses concatenating two 168-dimensional pose vectors
ξ1 ∈ Ξ1 and ξ2 ∈ Ξ2. Now the question is, which combina-
tion of poses (ξ1, ξ2) we should take? To answer this ques-
tion, we first take the all possible combinations (ξ1,i, ξ2,j)
where ξ1,i ∈ Ξ1, i = 1, 2, . . . ,m and ξ2,j ∈ Ξ2, j = 1, 2, . . . , n,
m and n being the cardinalities of Ξ1 and Ξ2 respectively.
We call these concatenated combinations as ‘pose doublets’,
where a set Y of mn ‘pose doublets’ represents a particular
interaction type. For better recognition of the interaction,
we have to choose a smaller set Ψ ⊆ Y of ‘pose doublets’.
We call the elements of Ψ as ‘key pose doublets’.
We represent the poses in Ξ1 and Ξ2 by a weighted undi-

rected graph (Figure 2). The key poses are represented by
nodes in the graph. There is no edge between the pose nodes
of the same compact dictionary. Hence the weighted undi-
rected graph constructed by poses in Ξ1 and Ξ2 is basically
a bipartite graph. The two sets of poses may be thought of
as a coloring of the graph with two colors: if we color all
poses in Ξ1 red, and all poses in Ξ2 green, each edge has
endpoints of differing colors, as is required in the graph col-
oring problem. But each pose node has an edge to all pose
nodes of the other compact dictionary. In Figure 2, the two
rows of nodes represent the pose nodes of the two different
dictionaries Ξ1 and Ξ2.
If xi,j is the number of times the key poses ξ1,i ∈ Ξ1 and

ξ2,i ∈ Ξ2, i = 1, 2, . . . ,m, j = 1, 2, . . . , n occur simultane-
ously in the video sequences of the same action, then the
edge weight wi,j between ξ1,i and ξ2,i is defined as follows

wi,j =
1

xi,j
. (4)

It is clear from (4) that the edge weight between any two
poses indicate the likeliness of the two poses to occur simul-
taneously for the particular type of interaction. Better the
likeliness of two poses of two different dictionaries, lower the
edge weight between them. We rank the ‘pose doublets’ ac-
cording to the edge weight between the corresponding pair
of key poses. We choose the N -best ‘pose doublets’ to repre-
sent the corresponding interaction. We call them ‘key pose
doublets’ for that interaction type and include them in Ψ.
Hence learning phase of our approach is complete. Next we
describe our experiments on the proposed approach and the
results obtained from the experiments.

3. EXPERIMENTS AND RESULTS
We get a complete set of ‘key pose doublets’ for all action

types by taking the union of the Ψs of all types of interac-
tions. For a training video, we just extract the ‘pose dou-
blets’ and find the nearest ‘key pose doublet’ (in terms of
Euclidean distance) from the union set of all ‘key pose dou-
blets’. We construct a histogram of the occurrences of the
‘key pose doublets’ in the video sequence. This histogram
can be used as a signature of a particular interaction (as in
bag of words model). The histogram is called the interaction
descriptor. For a test video, we construct the interaction
descriptor and find the closest match of the test descriptor

Table 1: Confusion matrix of set 1 of UT-Interaction
dataset (entries given in %)

Hs Hg Kc Pt Pn Ps
Hs 80 0 0 20 0 0
Hg 0 90 0 0 0 10
Kc 0 0 90 0 10 0
Pt 10 0 0 90 0 0
Pn 10 0 0 20 70 0
Ps 0 10 0 0 0 90

Table 2: Confusion matrix of set 2 of UT-Interaction
dataset (entries given in %)

Hs Hg Kc Pt Pn Ps
Hs 70 0 0 10 20 0
Hg 0 80 0 0 0 20
Kc 0 0 80 0 20 0
Pt 10 0 0 70 20 0
Pn 10 0 10 20 60 0
Ps 0 20 0 0 0 80

among the descriptors of all the interactions.
We test our method on a standard dataset known as UT-

Interaction dataset [14]. We find two sets of video data of 60
video sequences (two performers in each sequence) in each
of them. Each set contains 10 video sequences of 6 differ-
ent interactions ‘Handshaking (Hs)’, ‘Hugging(Hg)’, ‘Kick-
ing(Kc)’, ‘Pointing(Pt)’, ‘Punching(Pn)’ and ‘Pushing(Ps)’.
The only exception is, ‘Pt’, which is a single performer ac-
tion. We consider the same performer as both left and
right performers in case of ‘Pt’. Set 1 of the UT-Interaction
dataset contains video with almost uniform background whereas
set 2 contains more challenging video sequences with non-
uniform background and poor lighting condition.

We follow the leave-one-out experiment. We construct
the interaction descriptors (as action descriptors in [9]) from
the dictionary of ‘key pose doublets’ Ψ for recognition. The
average time consumed for learning key poses and learning
the pose doublet by each interaction amounts to little less
than one minute. After the detection of ‘key pose doublets’,
our approach takes only a few seconds for both learning and
testing in our MATLABTM version 7.0.4 implementation in
a machine with processor speed 2.37 GHz, 512MB RAM.

We tested our method separately on both set 1 and set 2
of the UT-Interaction dataset. The confusion matrices for
set 1 and set 2 are given in Tables 1 and 2 respectively.
Table 3 shows the efficacy of the proposed approach over
the method of Ryoo et. al. [13]. Accuracy is measured by
the percentage of correct detections.

The first and second rows of Figure 3 represent key poses
of the left and right performers respectively for the interac-
tion ‘Hs’ of the UT-Interaction dataset.

Table 4 shows the ‘key pose doublets’ selected for the in-

Table 3: Recognition accuracy on UT-Interaction
dataset compared to [13] (accuracy given in %)

Interactions Hs Hg Kc Pt Pn Ps Overall
Mukherjee et.al. [9] 50 60 30 60 20 40 43.33
Ryoo et.al. [13] 75 87.5 75 62.5 50 75 70.8

Proposed approach 75 85 85 80 65 85 79.17



(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3: Top and bottom rows show the key poses
for left and right performer respectively for interac-
tion ‘Hs’. (a)sequence 2, frame 53, (b)sequence 4,
frame 48, (c)sequence 5, frame 41, (d)sequence 10,
frame 48, (e)sequence 2, frame 54, (f) sequence 6,
frame 36, (g)sequence 8, frame 60 and (h)sequence
9, frame 33 from UT-Interaction dataset

Table 4: ‘Key pose doublets’ (K) for interaction ‘Hs’
with their centrality values (C) obtained by (4)

Figures of (K) (C) Figures of (K) (C)
3(a), 3(e) 0.009 3(b), 3(h) 0.018
3(d), 3(h) 0.014 3(a), 3(f) 0.019
3(d), 3(g) 0.015

teraction ‘Hs’ with their centrality values. For interaction
‘Hs’ we get 4 key poses for both the performers yielding 16
possible combinations of ‘pose doublets’. We rank them ac-
cording to the centrality measure given by (4) and select the
top 5 as ‘key pose doublets’. Figure 4 shows how the percent-
age of accuracy changes over the number of ‘key pose dou-
blets’ per interaction. We get highest accuracy when number
of ‘key pose doublets’ is 5 per interaction (i.e., N = 5).

4. CONCLUSIONS
We develop an efficient method to recognize the interac-

tion between human performers in video. From an initial
vocabulary of poses, the proposed approach builds a small
but highly discriminatory dictionaries of key poses for two
different performers. By the notion of centrality theory of
graph connectivity we extract the key poses for each per-
formers. Among the all possible combinations of key poses
for two different performers, we select most relevant pairs
of poses called ‘key pose doublets’ to form a dictionary. In
future, we want to fix a suitable threshold to select the ‘key
pose doublets’. Presently our algorithm works for two per-
formers; extending it to recognize multiple performers in the
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Figure 4: Accuracy plot with number of ‘key pose
doublets’ per interaction for UT-Interaction dataset.

same scene may be another future research direction.
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