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Abstract

We present a method for estimating articulated human pose from a single static
image based on a graphical model with novel pairwise relations that make adap-
tive use of local image measurements. More precisely, we specify a graphical
model for human pose which exploits the fact the local image measurements can
be used both to detect parts (or joints) and also to predict the spatial relationships
between them (Image Dependent Pairwise Relations). These spatial relationships
are represented by a mixture model. We use Deep Convolutional Neural Networks
(DCNNs) to learn conditional probabilities for the presence of parts and their spa-
tial relationships within image patches. Hence our model combines the represen-
tational flexibility of graphical models with the efficiency and statistical power of
DCNNs. Our method significantly outperforms the state of the art methods on the
LSP and FLIC datasets and also performs very well on the Buffy dataset without
any training.

1 Introduction

Articulated pose estimation is one of the fundamental challenges in computer vision. Progress in
this area can immediately be applied to important vision tasks such as human tracking [2], action
recognition [25] and video analysis.

Most work on pose estimation has been based on graphical model [8, 6, 27, 1, 10, 2, 4]. The graph
nodes represent the body parts (or joints), and the edges model the pairwise relationships between
the parts. The score function, or energy, of the model contains unary terms at each node which
capture the local appearance cues of the part, and pairwise terms defined at the edges which capture
the local contextual relations between the parts. Recently, DeepPose [23] advocates modeling pose
in a holistic manner and captures the full context of all body parts in a Deep Convolutional Neural
Network (DCNN) [12] based regressor.

In this paper, we present a graphical model with image dependent pairwise relations (IDPRs). As
illustrated in Figure 1, we can reliably predict the relative positions of a part’s neighbors (as well as
the presence of the part itself) by only observing the local image patch around it. So in our model
the local image patches give input to both the unary and pairwise terms. This gives stronger pairwise
terms because data independent relations are typically either too loose to be helpful or too strict to
model highly variable poses.

Our approach requires us to have a method that can extract information about pairwise part relations,
as well as part presence, from local image patches. We require this method to be efficient and to
share features between different parts and part relationships. To do this, we train a DCNN to output
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Figure 1: Motivation. The local image measurements around a part, e.g., in an image patch, can reliably
predict the relative positions of all its neighbors (as well as detect the part). Center Panel: The local image
patch centered at the elbow can reliably predict the relative positions of the shoulder and wrist, and the local
image patch centered at the wrist can reliably predict the relative position of the elbow. Left & Right Panels: We
define different types of pairwise spatial relationships (i.e., a mixture model) for each pair of neighboring parts.
The Left Panel shows typical spatial relationships the elbow can have with its neighbors, i.e., the shoulder and
wrist. The Right Panel shows typical spatial relationships the wrist can have with its neighbor, i.e., the elbow.

estimates for the part presence and spatial relationships which are used in our unary and pairwise
terms of our score function. The weight parameters of different terms in the model are trained using
Structured Supported Vector Machine (S-SVM) [24]. In summary, our model combines the rep-
resentational flexibility of graphical models, including the ability to represent spatial relationships,
with the data driven power of DCNNs.

We perform experiments on two standard pose estimation benchmarks: LSP dataset [10] and FLIC
dataset [20]. Our method outperforms the state of the art methods by a significant margin on both
datasets. We also do cross-dataset evaluation on Buffy dataset [7] (without training on this dataset)
and obtain strong results which shows the ability of our model to generalize.

2 The Model

The Graphical Model and its Variables: We represent human pose by a graphical model G =
(V; E) where the nodes V specify the positions of the parts (or joints) and the edges E indicates
which parts are spatially related. For simplicity, we impose that the graph structure forms a K � node
tree, where K = jVj. The positions of the parts are denoted by l , where l i = ( x; y) specifies the
pixel location of part i , for i 2 f 1; : : : ; K g. For each edge in the graph (i; j ) 2 E, we specify a
discrete set of spatial relationships indexed by t ij , which corresponds to a mixture of different spatial
relationships (see Figure 1). We denote the set of spatial relationships by t = f t ij ; t ji j(i; j ) 2 Eg.
The image is written as I . We will define a score function F (l ; t jt ) as follows as a sum of unary and
pairwise terms.

Unary Terms: The unary terms give local evidence for part i 2 V to lie at location l i and is based
on the local image patch I (l i ). They are of form:

U(l i jI ) = wi � (i jI (l i ); � ); (1)

where � (:j:; � ) is the (scalar-valued) appearance term with � as its parameters (specified in the next
section), and wi is a scalar weight parameter.

Image Dependent Pairwise Relational (IDPR) Terms: These IDPR terms capture our intuition
that neighboring parts (i; j ) 2 E can roughly predict their relative spatial positions using only local
information (see Figure 1). In our model, the relative positions of parts i and j are discretized
into several types t ij 2 f 1; : : : ; Tij g (i.e., a mixture of different relationships) with corresponding
mean relative positions r t ij

ij plus small deformations which are modeled by the standard quadratic
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