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Fast Online Video Pose Estimation by Dynamic
Bayesian Modeling of Mode Transitions

Ming-Ching Chang, Lipeng Ke, Honggang Qi, Longyin Wen, Siwei Lyu

Abstract—We propose a fast online video pose estimation
method to detect and track human upper-body poses based on
a conditional dynamic Bayesian modeling of pose modes without
referring to future frames. Estimation of human body poses from
video is an important task with many applications. Our method
extends fast image-based pose estimation to live video streams by
leveraging the temporal correlation of articulated poses between
frames. Video pose estimation are inferred over a time window
using a conditional dynamic Bayesian network (CDBN), which
we term T-CDBN. Specifically, latent pose modes and their
transitions are modeled and co-determined from the combination
of three modules: (1) inference based on current observations,
(2) the modeling of mode-to-mode transitions as a probabilistic
prior, and (3) the modeling of state-to-mode transitions using a
multi-mode softmax regression. Given the predicted pose modes,
the body poses in terms of arm joint locations can then be
determined more accurately and robustly. Our method is suitable
to investigate high frame rate (HFR) scenarios, where pose mode
transitions can effectively capture action-related priors to boost
performance. We evaluate our method on a newly collected HFR-
Pose dataset and four major video pose datasets (VideoPose2,
TUM Kitchen, FLIC and Penn Action). Our method achieves
improvements in both accuracy and efficiency over existing online
video pose estimation methods.

I. INTRODUCTION

As the basis for understanding human actions and behaviors
from visual imagery, upper-body pose estimation from videos
has many applications, including gesture recognition, human
computer interaction, gaming, sign language recognition, and
the study of affective and social behaviors. With the ubiq-
uity of inexpensive video cameras on mobile devices, it has
become increasingly easy to capture live feed videos, from
which upper-body poses or gestures can be estimated as a
continuous time series for further processing. As such, we
focus on electro-optical (RGB) videos rather than RGB+D
videos (those obtained from e.g. Microsoft Kinect) that operate
based on depth sensors, for the consideration of generality and
applicability in real-world usages.

With the maturity of efficient image-based pose estimation
methods [2], [3], [1], [4], [5], [6], [7], one naive solution
to video pose estimation is to apply image-based methods to
individual frames of a video as if they are independent images.
However, this approach works only to a certain extent. The
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Fig. 1. Method overview. (a) The proposed T-CDBN model structure for
online video pose estimation and (b) an example of the T-CDBN-MODEC
based on the MODEC single-image pose estimation [1] applied to online
video pose estimation. xt corresponds to observations (i.e., image features)
at time t, yt corresponds to body pose (i.e., joint locations), and zt is the
latent pose mode in individual frames. See Section III-A for explanations.

main drawback is that the strong temporal correlations of artic-
ulated poses between video frames are discarded. It is intuitive
that human activities usually involve smooth and continuous
hand movements. Thus the continuity of poses in consecutive
video frames provides strong cues for robust pose estimation
through tracking and prediction. Treating individual frames
without considering temporal correlations leads to inefficient
algorithm and inaccurate estimations, due to ambiguities and
occlusions in a single frame. In contrast, estimating upper-
body poses as a continuous temporal sequence leads to better
handling of occlusions and robustness in estimation.

Methods for pose estimation from videos (and particularly
the ones focusing on upper-body poses) have advanced signif-
icantly in recent years e.g. [8], [9], [10], [11], [12], [13], [14].
However, the majority of existing methods are offline in nature,
i.e., upper-body poses in the current frame are inferred using
both the past and future frames. The performance of these
methods on estimating poses usually comes at the price of
complicated inference procedures, which significantly reduces
the running efficiency. Thus these methods do not address the
practical needs of fast video pose estimation.
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Fig. 2. T-CDBN-MODEC video pose estimation by dynamic modeling of mode transitions. At each frame, candidate poses are estimated by a cascaded
prediction of first the coarse modes (left) and then the fine parts (right). For each left or right half-body, we estimate the possible coarse pose modes out of
M = 32 total modes, by convolving the image with learned mode filters. We construct a graph model to infer the most probable mode across several temporal
frames using a multi-label selecting method. We then determine finer body joint locations using finer parts models, guided by the most probable mode. Input
image is from the Friends TV show in the VideoPose2 dataset.

In this work, we describe a fast online method for video
pose estimation. We aim to extend existing image-based pose
estimation methods to video streams, by leveraging the tem-
poral continuity of articulated poses between frames over a
time window. We directly model the latent pose modes (or
“poselets” [15]) to improve motion consistency, in a paradigm
similar to detect-and-track for object tracking. Specifically, we
explicitly model the transitions between a finite number of
pose modes. Thus, the problem is formulated as (1) a base
module of pose detection in individual frames and (2) the infer-
ence of the underlying pose mode transitions between frames
over a time window. Our method is formulated base on a
general time-windowed conditional dynamic Bayesian network
(T-CDBN) model, which is a combination of two widely used
probabilistic graphical models, i.e. dynamic Bayesian network
(DBN) [16] and conditional random field (CRF) [17]. Fig. 1
illustrates the structure of T-CDBN as a graphical model. The
DBN aspect of our model captures the temporal correlations
between variables in a sequence, and the CRF aspect incorpo-
rates the complex relations between the observations and latent
variables. Fast online estimation is achieved with an efficient
particle filtering implementation of the inference. 1

A key characteristic of the T-CDBN model is that it is an
“open architecture”, as it can incorporate different underlying
CRF models (including future ones) into the DBN structure,
as long as the image-based CRF pose estimation can represent

1Our approach is generic to handle full body poses, and we only focus on
upper-body pose estimation from on-line videos in this work.

latent pose modes. When applying to online video pose esti-
mation, our approach becomes advantageous, as it allows the
resulting algorithm to incorporate effective single frame pose
estimation methods into a dynamic framework that models
intra-frame correlations. In this work, we adopt part of the
efficient CRF pipeline from the MODEC method [1] as the
CRF model in our T-CDBN framework, see Fig. 2. We term
our method T-CDBN-MODEC for video pose estimation, as
the pose CDBN inference is performed within a time window
based on the MODEC single-image-based pose estimation.

Our method is suitable for online video pose estimation
from high frame rate (HFR) videos. This is because in HFR
videos, body motion or hand movements are likely to be
captured by many frames. In this case effective modeling
of pose mode transitions between frames can provide critical
prior knowledge to predict and infer the unknown poses. The
performance of pose estimation increases as the underlying
input frame rate increases at run time, and the overall perfor-
mance is bounded by the pose estimation processing speed.
Our method thus aims to find a balance between performance
and speed, while maximizing the utility of computational
resource. To better evaluate the practical needs calling for
online HFR video pose estimation, we create a new HFR
labeled dataset (in Section V-A) to investigate the aspects
which are less addressed in most existing works.

For single-image pose estimation, recent deep learning
approaches have improved largely in accuracy by applying
cascade body-joint regression [18] and body-joint heat-map
regression [19], where popular networks including the Convo-
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lutional Neural Networks (CNN) and AlexNet are trained on
large datasets. For video pose estimation [20], [21], [22], [23],
motion flow are directly leveraged in networks such as the
VGG and GoogLeNet to ensure temporal consistency across
frames. However, all existing deep network based methods
operate as black box models, thus the explicit modeling of pose
modes is not possible. We did not integrate deep network based
pose estimation methods into our T-CDBN framework, as they
are not suitable in this regard. In addition, most deep methods
rely on GPU implementations, which limits their applicability
on mobile or low-power platforms.

An early version of this work based on CDBN was pub-
lished in [24]. This paper improves this previous work in
the following aspects. First, we extend the estimation of
latent pose mode transitions which was manually aggregated
and tweaked from a small dataset in [24] to a completely
automatic method in the new T-CDBN formulation with two
improvements. (1) The mode-to-mode transitions are learned
automatically from robust statistics of actions in a sufficiently
large time window. (2) The pose-to-mode predictions are
learned using a new multi-mode softmax regression, which
further improves the robustness pose estimation across frames.
Secondly, we comprehensively evaluate the proposed method
on two significantly larger and challenging and datasets —
TUM Kitchen [25] and FLIC [1]datasets, in addition to the
VideoPose2 dataset and our own HFR-Pose dataset. T-CDBN
outperforms the original CDBN [24] and other online video
pose estimation methods on the benchmark datasets. T-CDBN
is also the fastest among all available methods. It achieves 9.4
FPS processing speed on the TUM Kitchen dataset without
relying on GPU. Details on performance and speed evaluation
will be presented in Fig. 7 and Section V-E.

The rest of the paper is organized as follows. Section II
discusses related literature in details. Section III describes the
general T-CDBN formulation. Section IV applies the T-CDBN
framework to online video pose estimation and describes the
learning and inference of the framework. Section V evaluates
our method against state-of-art methods on several benchmark
datasets. Section VI concludes the paper with discussions and
future works.

II. RELATED WORKS

The vast amount of literature in human pose estimation can
be organized into three main categories based on the forms of
inputs: (1) a single image, (2) a video sequence, or (3) a live
video stream.

A. Image Based Pose Estimation

There exists extensive works on pose estimation from a
single image e.g., [4], [26], [1], [2], [3], [5], [6], [7]. Yang
and Ramanan [3] introduced a Flexible Mixture-of-Parts model
for human pose recognition. This method allows parts to be
selected from several types, where a tree-based Deformable
Parts Model (DPM) [27] is learned. Bourdev and Malik [15]
introduced the concept of the “poselet” by robustly clustering
the 3D part coordinates with respect to their 2D appearances,
such that 2D part detectors can be effectively trained from 3D

pose annotations. Sapp and Taskar’s multimodal decomposable
models (MODEC) [1] introduced multi-modality at the coarse-
body and fine-part (shoulder, elbow and wrist) granularities.
They divide the upper-body pose into two half-side bodies,
and for each side estimate pose modes. The pose modes are
essentially the poselet clusters for the half-side body, which
can guide the tracking of arm and joint locations (similar to
the DPM scheme) in a single-path tree structure. Given a torso
bounding box as an input, shoulder positions are estimated
more accurately than the elbows and wrists. Section IV-A will
describe the MODEC method in further details.

B. Offline Video Pose Estimation

Significant efforts have been invested on the estimation of
human pose from videos [8], [9], [10], [11], [12], [13], [14].
Motion flow cues and temporal features are the keys in this
category of methods [11], [12], [13]. Many methods exploit
optical flow for pose estimation. Ferrari et al. [12] first used
segmentation to aid the detection of body pose in each frame,
and then calculated the motion of lower limbs across frames.
The “flow puppets” of Zuffi et al. [13] used a 2D upper-body
shape model to track articulated motions, where motion cues
were integrated jointly with the pose inference. The offline
method of Cherian et al. [11] consists of two steps. The first
step extends the work of [3] by adding motion flow links
during the inference of poses between consecutive frames.
Across-frame links between elbows and wrists introduce loops
in the inference, thus loopy belief propagation (BP) is intro-
duced as a solver. The second step decomposes the candidate
poses into individual limbs, where the limbs are recomposed
after temporal smoothing. This method achieves high accuracy
among offline pose estimation methods as shown in Fig. 7 in
our evaluation. However its computation remains burdensome
due to the extensive use of dense optical flow and loopy belief
propagation in the inference.

C. Online Video Pose Estimation

There are relatively fewer works addressing the problem of
online pose estimation from continuous video streams. Lim
et al. [28] proposed an online algorithm to jointly segment
a person from the background and estimate the upper-body
pose from a video. Weiss et al. [10] presented a Dynamic
Structured Model Selection method (MODEC-S) based on
their MODEC method [1] that uses meta features in structured
learning to automatically determine models to choose for
the inference. In general, existing methods in this category
have difficulties processing real-time video streams due to
the extensive use of features such as dense optical flow, or
otherwise specific hardware such as the GPU are required. To
our best knowledge, the development of real-time online video
pose estimation from RGB videos is still an open problem, and
the demand of such development continuous to grow.

D. Deep Learning Based Pose Estimation

Pose estimation using deep neural networks (DNN) has
shown superior performance in recent years [4], [19], [20],
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[21], [22], [23], [29], [30], [31], due to the availability of
larger training datasets and powerful GPUs. The DeepPose
by Toshev et al. [4] was an initial work, where a cascade of
DNNs was applied to pose estimation. However this method
does not allow useful structure information from the articulated
poses to be taken into consideration. Tompson et al.’s unified
learning framework [19] combined convolutional network with
a part-based spatial-model, where structural constraints such
as geometric relationships between body joint locations can
be exploited. Following this trend, additional deep learning
works [20], [21], [22], [23] focused on leveraging motion
flow in the videos, where image-based matching were aug-
mented with optical flow in the matching of temporally distant
frames. Recent breakthrough was on the dedicate modeling
of human body part structure. Chu et al. [29] proposed
a bi-directional tree-structured model to optimize the inter-
relationships between highly correlated joints. Wei et al. [30]
learned image features and image-dependent spatial models
in a pose machine framework. Carreira et al. [31] applied a
rich structured representation by introducing a top-down feed-
back step to expand the expressive power of the hierarchical
feature extractors. Jain et al. [32] used a convolutional neural
network to incorporate both the color and motion features into
video pose estimation. In summary, deep learning methods
are generally superior in feature presentation and learning.
However the searching of a good representation to effectively
incorporate structural information into the inference process
(which resembles the utility of the pose mode transitions in
our work) is still a research question.

To sum up image based pose estimation methods do not
efficiently use the temporal information, pose estimation result
can not use the relations between the poses at different frames.
On the other hand the offline video pose estimation methods
are usually time consuming because the use of optical flow,
and the offline setting makes it hard to be generalized to the
realistic application. Further more, recently deep learning base
methods require specific hardware like GPUs, which limits the
deployment of these method in mobile platforms. To address
these problem, we extend the image based pose estimation
method by leveraging the temporal correlation of articulated
pose between frames and optimize the code to speed up the
inference. Specifically we construct a conditional dynamic
Bayesian network to model the pose mode-mode transition
over a time window, and use a simple softmax network to
infer the state-mode transition.

III. TIME-WINDOWED CONDITIONAL DYNAMIC
BAYESIAN NETWORK (T-CDBN)

We first formulate the time-windowed conditional dynamic
Bayesian network (T-CDBN) model in a general context. We
then derive a specific T-CDBN formulation for online video
pose estimation, and then discuss the learning and inference
of the model in Section IV. Specifically, video pose estimation
can be regarded as the process of determining the unknown
“states” (in our case the poses in terms of joint locations)
by augmenting a dynamic process to determine the statistical
patterns of mixed “ modes” (of the states) in a time series.

Once the latent modes are modeled statistically, the states will
be determined based on the inferred modes. The T-CDBN
explicitly models the dynamic evolution of the mode-to-mode
transitions within a specific time window, as shown in Fig. 1.

We consider the following dynamic model that involves
three time-varying variables: (i) an input sequence of observa-
tion variables x0:t, (ii) an output temporal sequence of latent
state variables y0:t, and (iii) the sequence of latent mode
estimation variables z0:t. We use each boldface variable to
represent a vector or matrix. We use subscript 0 : t to represent
a set of variables ranging from the index of 0 to t. Each
zδ ∈ {1, · · · ,M} is a scalar indicating one of the M modes
that is active at time δ. We use a time window to simplify
our model, i.e. we consider only up to k previous frames for
their influence on the current mode estimation. The T-CDBN
model represents the dependencies of these variables with a
dynamic probabilistic model, which corresponds to a factor-
ization of probability distribution p(z0:t,y0:t|x0:t) according
to the graphical structure in Fig. 1(a), as:

p(z0:t,y0:t|x0:t) = p(z0|x0)

t∏
δ=0

p(yδ|zδ,xδ) (1)

· p(z1|z0,y0,x0) · p(z2|z0:1,y1,x1) · p(z3|z0:2,y2,x2)

. . . · p(zt|zt−k:t−1,yt−1,xt−1).

The joint model p(z0:t,y0:t|x0:t) can be decomposed as shown
in Eq.(1) to form the basis for dynamic Bayesian inference.
As an example of probabilistic graphical model, T-CDBN can
be regarded as a conditional random field (CRF), but the
output and latent mode variables yt and zt are conditioned on
the input observation xt from a dynamic Bayesian network
(DBN).

We will show in the next subsections that Eq.(1) can be
decomposed into two categories of conditional distributions
and be solved accordingly in the T-CDBN framework: (i) con-
ditional distributions p(yt|zt,xt) and p(zt|xt) which concern
the inference using variables of the same time index, as such
they form the inference modules (Section III-A); (ii) con-
ditional distributions p(zt|zt−i), i = 1, ..., k and p(zt|yt−1)
which describe the correlations of variables across time steps,
as such they form the dynamic modules in the T-CDBN model
(Section III-B).

A. Online Inference of the T-CDBN Model

The online inference of the T-CDBN model corresponds to
the computation of posterior distribution of the output given
the input, i.e., p(yt|x0:t), which is obtained by expanding all
possible modes zt as:

p(yt|x0:t) =

M∑
zt=1

p(zt,yt|x0:t). (2)

We can further expand p(zt,yt|x0:t) by applying the
Markovian properties in the joint model as

p(zt,yt|x0:t) = p(yt|zt,xt)p(zt|x0:t). (3)

The first term in Eq.(3) corresponds to the estimation of the
output variable yt given the current input xt and latent mode
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zt. The second term is the mode estimation from the input
x0:t. Under the time window assumption, the second term in
Eq.(3) p(zt|x0:t) = p(zt|xt−k:t) can be further expanded as:

p(zt|xt−k:t) =
∑
zt−k

· · ·
∑
zt−1

∫
yt−1

p(zt, zt−k:t−1,yt−1|xt−k:t)dyt−1

=
∑
zt−k

· · ·
∑
zt−1

∫
yt−1

p(zt|zt−k:t−1,yt−1,xt−k:t)

· p(zt−k:t−1,yt−1|xt−k:t−1)dyt−1, (4)

where p(zt−k:t−1,yt−1|xt−k:t) = p(zt−k:t−1,yt−1|xt−k:t−1)
by safely dropping the xt term from the previous frames.
Eqs.(3-4) provide the recursive Chapman-Kolmogorov update
of the posterior distribution p(zt−k:t−1,yt−1|xt−k:t) over the
modes, from which we can build the dynamic inference
algorithm for T-CDBN.

We further introduce the concept of weighting decay for the
impacts and relevancy of the previous modes zt−k:t−1 in the
time window, such that frames closer to the current frame t
are assigned with larger weights. Specifically,

p(zt|zt−i) = ωi · p(zt|zt−1), i = 1, ..., k (5)

where ωi is a weighting decay parameter for the previ-
ous i frames. We normalize all weighting factors such that∑k
i=1 ωi = 1. 2 The first integral term in Eq.(4) is then:

p(zt|zt−k:t−1,yt−1,xt−k:t) (6)
∝ p(zt|xt−k:t) · p(zt|yt−1) · p(zt|zt−k:t−1)

= p(zt|xt) · p(zt|yt−1) · p(zt|zt−k:t−1)

= p(zt|xt) · p(zt|yt−1) ·
k∑
i=1

ωi · p(zt|zt−i).

The first line of Eq.(6) is based on an assumption that
the multiple z,y,x terms on the right side are condition-
ally independent. The ∝ is to indicate the skipping of a
constant term. The second line of Eq.(6) is derived based
on the Markovian assumption that the x in the history is
not considered according to the graph in Fig. 1. The third
line of Eq.(6) is derived based on our newly proposed time
window formulation, that the p(z|zt−i) terms are treated as
independent such that they can be weighted summed by ωi. k
is the time window, p(zt|xt−k:t) = p(zt|xt) according to the
frame-based conditional dependency assumption.

Finally, according to the model graph in Fig. 1, the T-CDBN
mode estimation, which involves a complete formulation of
p(zt|xt−k:t) in Eq.(4) and Eq.(6), can be organized as:

p(zt|xt−k:t) ∝ p(zt|xt)︸ ︷︷ ︸
observation-mode est.

·
∑
zt−k

· · ·
∑
zt−1

p(zt|zt−k:t−1)︸ ︷︷ ︸
mode-mode est.

(7)

·
∫
yt−1

p(zt|yt−1)︸ ︷︷ ︸
state-mode est.

· p(zt−k:t−1,yt−1|xt−k:t−1)︸ ︷︷ ︸
previous posterior

dyt−1.

2The case of i = 1 in Eq.(5) indicates that ωi = 1 as the initial
condition. However we enforce the normalization constrain

∑k
i=1 ωi = 1

in the remaining steps. Section V-C shows the empirical values we used to
determine the initial values of ωi (and not the values after normalization) to
avoid excessive use of symbols.

In summary, Eqs.(2, 3, 7) show that the T-CDBN model can
be completely specified with the following four conditional
distributions given the observations, which corresponds to the
four types of arcs illustrated in colors in Fig. 1(a):
• state estimation p(yt|zt,xt): conditional probability dis-

tribution of the current state given the current observation
and mode;

• observation-mode estimation p(zt|xt): conditional
probability distribution of the current mode given the
current observation;

• mode-mode transition estimation p(zt|zt−i), i =
1, ..., k: conditional probability distributions of the current
mode given previous modes in the time window;

• state-mode estimation p(zt|yt−1): conditional probabil-
ity distribution of the current mode given previous state.

A straightforward implementation of Eq.(7) is challenging
due to the need to integrate over the space of state variable
yt−1, which usually does not afford a closed form efficient
numerical procedure. In the next section, we solve it by adopt-
ing a particle filter approach, where the posterior distribution
of p(zt−k:t−1,yt−1|xt−k:t−1) is approximated with weighted
samples of yt−1 as the particles.

B. Dynamic Update of T-CDBN Using Particle Filtering
We derive the dynamic update of the posterior term

p(zt−k:t−1,yt−1|xt−k:t−1) in Eq.(7) using particle filter-
ing. In principle, we should use multiple particles from
p(zt−k:t−1,yt−1|xt−k:t−1). But here we use a simpler particle
generation scheme to achieve maximum running efficiency.
Specifically, we follow the strategy of particle filter with pos-
terior mode tracking (PT-MT) [33], and use only one particle
φ(zt) that corresponds to one local maximum of the posterior
distribution to represent the continuous output variable yt for
each value of the latent mode zt with unnormalized weight
ψ(zt). 3 We denote p(zt)(1:M) the vector of the probabilities
of all M modes at time t, that:

p(zt)
(1:M) =


p(zt = 1)
p(zt = 2)

...
p(zt = M)

 . (8)

We denote p(Zt−k:t) = p(zt)
(1:M)
t−k:t a M × (k + 1) matrix

containing probabilities of all modes in the time window from
t− k to t, such that:

p(Zt−k:t) =
[
p(zt)

(1:M)
t−k , p(zt)

(1:M)
t−k+1, ... , p(zt)

(1:M)
t

]
. (9)

Particle φ(zt) is obtained using:

φ(zt) = argmax
yt

p(Zt−k:t,yt|xt−k:t) (10)

= argmax
yt

p(yt|Zt−k:t,xt−k:t) · p(Zt−k:t|xt−k:t)

= argmax
yt

p(yt|zt,xt) · p(Zt−k:t|xt−k:t)

= argmax
yt

p(yt|zt,xt).

3We can certainly use several particles corresponding to different local
maximums of the posterior distribution, but with one particle we can obtain
a good balance between performance and running time requirement.
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Algorithm 1 Dynamic inference for T-CDBN at time t
Input: Observation xt−k:t, mode transition probability matrix

p(Zt−k:t)
Output: State prediction y∗t

1: Compute mode probability p(zt|xt−k:t) using Eq.(12) at
time step t for all modes.

2: For each mode zt, compute state p(yt|zt,xt) using
Eqs.(10)-(11).

3: Output the most probable state y∗t = argmax
yt

p(yt|zt,xt).

Steps 2-3 in Eq.(10) are derived based on the condition that
yt only depends on xt and zt. Steps 3-4 are obtained based on
the fact that the second term in step 3 is a constant. Eq.(10)
aims to solve for φ(zt) and the most probable unknown yt
from the argmax. The resulting probability p(yt|zt,xt) can
be regarded as a confidence of the state estimation.

Particle weight ψ(zt) is calculated similar to Eq.(10) but
using max instead of argmax, and replacing yt with φ(zt):

ψ(zt) = max
yt

p(Zt−k:t,yt|xt−k:t) (11)

= p(Zt−k:t, φ(zt)|xt−k:t)

= p(Zt−k:t|xt−k:t) · p(φ(zt)|zt,xt).

The first term of Eq.(11) can be expanded based on that
φ(zt) only depends on zt and xt and the conditional simpli-
fications of p(zt|zt−1), p(zt|zt−2), ... , p(zt|zt−k) from the
graph structure in Fig. 1(a), that:

p(Zt−k:t|xt−k:t) = p(zt|xt) ·
k∏
i=1

p(zt−i|Zt−k:t−i,xt−k:t−i).

In other words, for each possible value of the mode variable
zt, we represent the posterior distribution p(yt|zt,xt−k:t) with
a particle-weight pair (φ(zt), ψ(zt)), which corresponds to one
local maximum of p(yt|zt,xt−k:t). Using the particle filter
approach, Eq.(7) is approximately computed with

p(zt|xt−k:t) ≈ p(zt|xt)
k∑
i=1

ωi · p(zt|zt−i) (12)

· p(zt|φ(zt−1))
ψ(zt−1)∑
z′t−1

ψ(z′t−1)
,

where the domain of z′t−1 is all the M possible modes at a sin-
gle time. Eq.(12) is then combined with Eq.(3) to recursively
find φ(zt) and ψ(zt). We use argmaxyt

p(yt|xt−k:t) to obtain
the optimal estimation of the output state y∗t , based on the cal-
culation of the posterior distribution p(zt−1,yt−1|xt−k:t−1).
Algorithm 1 summarizes the online inference and dynamic
update of T-CDBN.

IV. ONLINE VIDEO UPPER-BODY POSE ESTIMATION
USING T-CDBN-MODEC

We apply T-CDBN to online video pose estimation, where
the observation xt corresponds to image features, and the
latent state variable yt corresponds to body joint locations
(shoulder, elbow and wrist) in each video frame t. Latent mode

variable zt corresponds to the pose mode that clusters similar
poses into groups, as depicted in Fig. 2.

According to the T-CDBN framework described in Sec-
tion III, we need to specify the inference module (i.e., condi-
tional distributions p(yt|zt,xt) and p(zt|xt)) and the dynamic
module (i.e., conditional distributions p(zt|zt−i), i = 1, ..., k
and p(zt|yt−1)). Because the inference module only relies on
variables from a single frame, in principle, we can use any
single image pose estimation method that provides clustering
of poses into explicit “modes”.We choose the MODEC model
[1] as the basis for the inference module, where pose mode
p(zt|xt) is computed by matching HOG pyramid features.
Section IV-A reviews the MODEC method and specifically
focuses on the CRF pose estimation with known mode prior
i.e. the estimation of p(yt|zt,xt). Section IV-B describes
how the two dynamic modules p(zt|zt−i), i = 1, ..., k and
p(zt|yt−1) are learned in a data-driven approach in our T-
CDBN framework.

A. Review of MODEC Image-Based Pose Estimation

We briefly review Sapp and Taskar’s MODEC single image-
based upper-body pose estimation [1]. Given an input image,
MODEC relies on a human torso detector [15] to initialize
and localize any existing upper-body in the image. This
initialization step can be replaced with a fast face detector
with a conversion from the head bounding box to a torso box.
With a known torso box, MODEC exploits the symmetry of
the human body, and only perform inference on the left-half
of the upper-body. Poses of the right-half of the body are
recognized by mirroring and applying the models obtained
from the left-half body. Two sets of HOG feature pyramids
are computed in MODEC accordingly: (i) A coarse side-model
HOG pyramid is constructed to determine the pose modes zt
(out of M possible modes). The training of the side-model
is performed by a K-means clustering of left body poses into
M = 32 pose modes, where the pose in the cluster center
is used to calculate the HOG side-model features. (ii) Seven
part-models (HOG pyramids) are constructed to further refine
the joint locations (head, neck, shoulder, upper-arm, elbow,
lower-arm, and wrist). Both the side-model and part-models
are learned automatically from labeled data. In the MODEC
cascaded inference, pose mode determined from the side-
model is used as a prior to guide the inference of the part-
models to determine refined joint locations. The inference of
the part-models is performed using a single-path tree-based
CRF, which allows for efficient parallel implementations. 4

The incorporation of the single-image MODEC CRF pose
estimation into our T-CDBN framework is a major advantage
to model pose mode transitions for video pose estimation.
Instead of determining the mode from a single image, our
method retains a robust conditional dynamic modeling of the
modes, which provides key knowledge to improve perfor-
mance. Specifically, in our T-CDBN framework, the likelihood
of all pose modes in the k-frame time window are jointly
considered in the three types of arcs in the graphical model in

4Matlab implementation of MODEC is available at http://vision.grasp.
upenn.edu/cgi-bin/index.php?n=VideoLearning.MODEC.

http://vision.grasp.upenn.edu/cgi-bin/index.php?n=VideoLearning.MODEC
http://vision.grasp.upenn.edu/cgi-bin/index.php?n=VideoLearning.MODEC
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(a) (b)

Fig. 3. (a) Mode transition probability matrix T learned from the FLIC
dataset, where the transition probability from the n-th to the m-th mode is
shown at T [n,m] with color code. (b) The log matrix Tl = log(T ) is less
sparse and thus more effective for the prediction of mode-mode transitions in
T-CDBN.

Fig. 1 to infer the conditional distribution of mode estimation
p(zt|zt−k:t−1,yt−1,xt−k:t−1). (see Section III-B for more
details). We will show in Section V that the T-CDBN-MODEC
effectively captures motion consistency and performs well
especially for high frame rate videos.

B. Learning of Dynamic Pose Mode Prediction

We describe the learning of the two dynamic modules, i.e.,
the mode-mode transition estimation p(zt|zt−i), i = 1, ..., k
and the state-mode estimation p(zt|yt−1) of T-CDBN from
labeled data and their inference.

Determining groundtruth pose modes. Since most pose
estimation datasets provide labels of poses in joint coordinates,
we must convert the pose labels into mode labels. We obtain
the groundtruth mode ẑ by mapping the groundtruth pose ŷ
into their closest mode cluster (out of the M = 32 possible
modes as shown in Fig. 2). We denote ỹ(z) the representative
pose at the cluster center of the z-th mode in the training set.
Specifically,

ẑ = argmin
z=1,..,M

‖ŷ − ỹ(z)‖2, (13)

where ‖.‖2 denotes the `2 norm for the comparison of joint
locations.

Learning the mode-mode transition prior p(zt|zt−i),
i = 1, ..., k. The pose mode transition prior from a previous
frame t − i to the current frame t, i.e., p(zt|zt−i) can be
expressed in a matrix Ti of size M × M for each frame i
in the time window under consideration, where Ti[r, c] stores
p(zt = c|zt−i = r) at the r-th row and c-th column of the
matrix Ti. The learning of Ti thus requires a large enough
labeled dataset; otherwise the sparsity of Ti can significantly
hinder its usability. To this end, we make an simple but
effective assumption, that all of the inter-frame conditional
probabilities p(zt|zt−i) for i = 1, ..., k can be represented as
a single matrix T = p(zt|zt−1) from the immediate previous
frame i = 1. For previous frames i = 2, ..., k, we apply
gradually decaying weights that mimic the decaying weights
{ωi} defined in Eq.(6) in Section III-A. This allows us to learn
a denser T from a small dataset using a simple voting scheme.
Specifically,

p(zt = c|zt−i = r) =
p(ẑt = c, ẑt−i = r)

p(ẑt−i = r)
, (14)

for r, c ∈ {1, ...,M} and frames i = 1, ..., k. The weighting
decay is calculated from the voting weight ωi for all frames
i in the window. Specifically, for each labeled mode-mode
transition from ẑt−1 = r to ẑt = c, we increase the transition
frequency count of the position [r, c] of the voting matrix Tv
by 1. For any larger frame differences (i.e., 2 ≤ i ≤ k, the
frequency count is increased by a smaller number ωi = 0.9i,
which is identical to the definition of the weighting decay
parameters in Sections III-A and V-C. We normalize each row
of the voting matrix Tv to obtain the mode-mode conditional
probability distribution T . In practice, we further take the log-
arithm of T , i.e., Tl = log(T ) to further reduce the sparsity of
the matrix. Fig. 3 compares T and Tl in terms of their sparsity
to demonstrate the effectiveness of this step. At run time, we
use Tl to estimate p(zt|zt−1). For larger frame differences
2 ≤ i ≤ k, we estimate p(zt|zt−i) by multiplying Tl with
the weighting decay again, i.e., p(zt|zt−i) = p(zt|zt−1) · ωi.

Learning state-mode estimation p(zt|yt−1) using multi-
mode softmax. Since pose modes are generated from unsu-
pervised clustering, when used in pose estimation, more than
one possible pose modes can fit well for a putative pose. To
this end, we allow multiple pose modes during the learning
and fitting of state-mode estimation p(zt|yt−1) in T-CDBN.
Specifically, we learn p(zt|yt−1) using a multi-mode softmax
classification.

In the training step, for each labeled pose ŷ from the
groundtruth set, we calculate the distances between the central
pose ỹ(z) of each of the M = 32 mode clusters and the
groundtruth ŷ, then select the top Q best modes as the
groundtruth modes. Empirically we found Q = 5 yields
plausible performance. We then train Q individual softmax
models indexed by q = 1, ..., 5, and combine the Q softmax
modes together to obtain a probability distribution for the
state-mode estimation p(zt|yt−1) in Eq.(7). Fig. 4 shows
the effectiveness of such multi-mode modeling strategy, by
comparing the performance of the single-mode (Q = 1) vs.
multi-mode (Q = 5) learning on the VideoPose2 dataset.

To robustly infer p(zt|yt−1) at run time, we consider the
putative poses from all possible M modes at the current
time t in the softmax formulation. We denote y

(1:M)
t the

concatenation of all possible M poses (obtained from the given
mode z ∈ {1 : M}) at time t, that

y
(1:M)
t =

(
y

(z=1)
t ,y

(z=2)
t , ...,y

(z=M)
t

)
. (15)

Specifically, we solve p(zt|yt−1) by estimating
p(zt|y(1:M)

t ,yt−1) using multiple softmax regressions
to estimate a M -vector of mode probabilities
p(zt)

(1:M) =
(
p(zt)

(1), p(zt)
(2), ..., p(zt)

(M)
)
. The following

features are used in the softmax regression:
• The `2 distance d(1:M) between each of the M putative

poses y
(1:M)
t and the previous pose yt−1 respectively.

Specifically, d(1:M) =
∥∥∥y(1:M)

t − yt−1

∥∥∥
2
.

• Scale difference between each of the estimated scales
s

(1:M)
t and st−1 corresponding to y

(1:M)
t and yt−1 re-

spectively, which can be obtained from the resulting level
of the MODEC fine-grained HOG pyramid. Specifically,
s(1:M) =

∣∣∣s(1:M)
t − st−1

∣∣∣.
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(a) (b) (c)

Fig. 4. Comparison on the use of single-mode (Q = 1) vs. multi-mode (Q = 5) softmax regression in learning the state-mode estimation p(zt|yt−1) on
the VideoPose2 dataset.

Algorithm 2 Learning state-mode estimation p(zt|yt−1) by
multi-mode softmax solving for p(z(1:M)

t |y(1:M)
t ,yt−1)

Input:
1: y

(1:M)
t : M -vector of putative poses from all M modes at

the current frame t
2: yt−1: pose estimation from previous frame t− 1

Output: M -vector of current state-mode probabilities
p(zt|yt−1) = p(zt)

(1:M) at time t
3: for each of the top Q modes, i.e., q = 1, ..., Q do
4: d

(m)
q ←

∥∥∥y(z=m)
t ,yt−1

∥∥∥
2
, for all m = 1, ...,M

5: s
(m)
q ←

∣∣∣s(z=m)
t , st−1

∣∣∣, for all m = 1, ...,M

6: α
(m)
q ←

∣∣∣β(z=m)
t , βt−1

∣∣∣, for all m = 1, ...,M

7: p(zq)
(1:M) ← softmaxq

(
d

(1:M)
q , s

(1:M)
q , α

(1:M)
q

)
8: end for
9: p(zt)

(1:M) =
p(z1)(1:M)+p(z2)(1:M)+...+p(zQ)(1:M)

Q

• Elbow angle difference α(1:M) between each of the
elbow joint angles β

(1:M)
t and βt−1 corresponding to

y
(1:M)
t and yt−1 respectively. Specifically, α(1:M) =∣∣∣β(1:M)
t − βt−1

∣∣∣.
Algorithm 2 summarizes the softmax regression steps in
learning the state-mode estimation probability. The inference
of sofmax can be performed following similar steps. We take
the M -vector output from the softmax as the final state-mode
estimation p(zt|yt−1).

Our multi-mode regression strategy shares a similar idea
of heat-map regression [19] that are leveraged in recent deep
learning pose estimation works, which yields smoother mode
predicting and improves pose estimation accuracy in video
pose estimation.

V. EXPERIMENTAL RESULTS

We evaluate the performance of T-CDBN-MODEC on three
major public video pose estimation datasets, and we further
created a new high frame rate pose (HFR-Pose) dataset to
evaluate the HFR scenario that are not particularly addressed
in existing works. We compare the accuracy and efficiency
with several recent video pose estimation methods, including
both online and offline ones. In general, offline methods
perform better than online ones, as information from the whole

video sequence is leveraged in the pose inference process for
individual frames. In comparison, online methods generally
run faster, as only a few recent frames in a time window are
considered at a time.

A. Datasets for Evaluation

We perform evaluation on the following existing datasets
(VideoPose2, FLIC, TUM Kitchen) for three main purposes.(i)
These datasets are large enough to provide sufficient training
samples to learn a sufficiently dense pose mode transition
matrix T . (ii) Their frame rates are high enough that explicit
modeling of pose mode transitions are effective. (iii) They
contain large varieties of real-world human poses which are
challenging to recognize. We summarize each dataset in the
following.
• The VideoPose2 dataset [2] consists of video clips from

popular TV shows Friends and Lost. Every other frames
of the original video sequences are selected, resulting in
videos with an average frame rate of 10 FPS. There are
44 clips of 2-3 seconds in length, with a total of 1,286
frames. To compare with existing works as in [10], we
use 26 clips to train the mode transition model, and report
performance on the remaining 18 clips.

• The High Frame Rate Pose (HFR-Pose) dataset: We
collect a new high frame rate upper-body pose dataset
using Microsoft Kinect, where the depth information is
available however not used in this work. We will make it
public once this paper is published. This dataset consists
of subjects performing simple actions (e.g., hand-on-hip,
touching face, arm crossing) that are suitable for behavior
recognition. There are 18 clips of 30 FPS with per-
frame poses manually labeled for the positions of head,
shoulders, elbows, and wrists. We use 12 clips to train
the mode transition model and report performance on the
remaining 6 clips.

• The TUM Kitchen dataset [25] provides a compre-
hensive collection of activity sequences recorded using
multiple complementary sensors set up in a kitchen
environment. It consists of 21 clips taken from four fixed
overhead cameras running at 25 Hz, where each camera
captures around 36k frames. We use 60% of data for
training and the rest for evaluation and testing.

• The Frames Labeled In Cinema (FLIC) dataset [1]
consists of 5, 003 selected images obtained from Holly-
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Fig. 5. Evaluation of T-CDBN-MODEC, CDBN-MODEC [24], MODEC [1], Cherian et al. [11], and Yang & Ramanan [3] in the PCP metric on the
VideoPose2, HFR-Pose, TUM Kitchen, and FLIC datasets. Note that image-based methods [1] and [3] are listed here to show the performance gain of
video-based methods that leverage temporal information.

wood movies. The FLIC dataset was originally prepared
for image-based pose evaluation, due to that the selected
images are discontinuous ‘shots’ from the original video.
So when the selected images are treated as a video, the
frame rate is extremely low. In addition, human body
joints in each image are manually annotated for only one
selected subjects in a frame (who typically appears more
frontal and non-occluded), and the selected subject can
switch across frames when there exists multiple subjects.
Due to these reasons, the FLIC dataset is less suitable
for the evaluation of video-based methods. We include the
evaluation results from the FLIC dataset for completeness
and to examine the limit of our method. 80% of FLIC
data are used for training, and the remaining 20% (1,016
images) are used for evaluation and testing.

• Penn Action Dataset [34] (University of Pennsylvania)
contains 2326 video sequences of 15 different actions and
human joint annotations for each sequence. The annota-
tions consist of action class labels, 2D keypoint positions
(13 in all) in each video frame and their corresponding
visibilities, and camera viewpoints.

We did not consider several other datasets as they are not
suitable for video pose estimation. Specifically, we do not
use the MPII Human Pose Dataset [35] as its main purpose
is single-image pose estimation. Similarly, we did not use
the BBC Pose dataset [36] for that relatively fewer manual
groundtruth labels are provided and many labels are generated
using a semi-automatic tracker. Last, we did not perform
evaluation on the Pose-in-the-Wild dataset [11] due to its low
frame rate and lacking of a training set.

B. Evaluation Metric

We use the percentage of predicted parts (PCP) [1] as the
metric to evaluate the accuracy of pose estimation. For a
video sequence of N frames, PCP measures the percentage of
frames where the estimated pose y is close to the groundtruth
poses ŷ. We evaluate the detected joint locations including
the elbows and wrists (which are the most representative and

challenging), while skipping the shoulders, arms and head
locations although these are available as well. We use j to
index joints, and t to index frames. To even out the scaling
effects (as the human body can appear to be closer or far away
in the image), we normalize the pose estimation difference
‖ŷjt − yjt‖2 by first dividing it with the torso box diagonal
Dt, and then rescaling to 100 pixels. We keep track of the
instances when the normalized detected pose joint error is
less than an accuracy threshold τ in each frame using an
indicator function 1(C), which is one if the condition C is
satisfied, and zero otherwise. Finally we normalize the final
score w.r.t. video sequence length by dividing the counts by
the total frame number N and rescale to 100 to show the PCP
in percentage:

PCPj(τ) =
100

N

N∑
t=1

1

(
‖ŷjt − yjt‖2
Dt/100

≤ τ

)
. (16)

Note that the PCP reflects more of the ‘precision’ than the
‘recall’ part of the metric, as that it considers only the correct
detections (within τ ) and neglects the erroneous results no
matter how they are closer or further from the threshold.

C. Meta-parameters for T-CDBN-MODEC

The T-CDBN-MODEC framework can learn most of the
pose estimation parameters in the training phase, where the
following meta-parameters can be set uniformly or tuned
separately: (1) total number of pose modes M used in the
training phase, (2) the time window size k (the corresponding
decaying weights ωi, i = 1, ..., k), and (3) the number
of modes m considered in the softmax regression. (4) The
decaying window type

We performed a series of meta-experiments to investigate
the effect of different meta-parameter settings in our method.
The ablation study is conducted on the VP2 dataset. And we
use M = 32 and m = 5 throughout this work in not explained
specially.
• Number of pose modes M : We conduct a series of

experiment on a set of M . As it is showed in Fig.
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MODEC CDBN-MODEC T-CBDN-MODEC Yang et al. Cherian et al.

(a) VideoPose2

(b) HFR-Pose

(c) TUM Kitchen

(d) FLIC

Fig. 6. Visual result of T-CDBN-MODEC video pose estimation on the VideoPose2, HFR-Pose, TUM Kitchen, and FLIC datasets.

8 (a), with the increase of M , the performance firstly
increases slowly and drop quick very soon, because the
mode number M reflect the Hypothesis Space of the
estimation result, when M is small the expression ability
of the MODEC is limited, however if M is too big the
transition probability matrix will be excessive sparse thus
introduce too much noise to the dynamic Bayesian graph
model and do harm to the performance.

• Time window size k: As it is showed in the Fig. 8
(b), the window size of the has a small influence on
the performance once the size k > 4, and to constrain

the computation we tend to use a smaller window size.
Also we note that the time window k in T-CDBN should
reflect the video frame rate. In our experiments, we use
k = 4 for all experiments, except that k = 6 is used in
our HFR-Pose dataset.

• Softmax Top-m Mode: We also discuss the least number
of modes to be considered in the softmax in Algorithm 2
to speed up the estimation. To determine the number of
mode to be considered in softmax state-mode estimation,
we conduct a meta-experiment on softmax mode number.
As the Fig. 8 (c) shows, top-5 mode for softmax state-



IEEE TRANSACTIONS ON CYBERNETICS 11

Fig. 7. Comparison of running time versus accuracy for the T-CDBN-MODEC and other methods on the (a) VideoPose2 and (b) HFR-Pose datasets.
Method appearing closer to the upper-right corner is considered both accurate and fast. Observe that T-CDBN-MODEC is significantly faster than other
compared methods with little or no performance loss.

mode estimation is sufficient.
• Decay type: We use a simple exponential decay for the

weighting ωi of p(zt|zt−i) in Eq.(5) and in Section IV-B,
that ω̄i = 0.9i for i = 1, 2, ..., k before normalization.
After the normalization of ωi = ω̄i∑k

i=1 ω̄i
, we obtain∑k

i=1 ωi = 1. We found empirically that the choice of the
base number 0.9 has very little impact on pose estimation
performance (less than 1.5% accuracy variations). And
we also try different type of weight decay method,
including exponential decay, none-decay, linear decay,
results can be found in Fig. 8 (d), experiment shows that
different type of decay have a tiny influence on the result.

D. Comparison with State-of-the-Art Methods

We compare T-CDBN-MODEC with other mainstream pose
estimation methods on the four datasets: (i) single image pose
estimation methods including the original MODEC [1] and
Yang & Ramanan [3], (ii) the offline method of Cherian et al.
[11], and (iii) our previous online method of CDBN-MODEC
[24]. We note that the comparison of our on-line method to
off-line methods is not completely fair, as the off-line method
has access to the full video including the future frames, thus
the performance is expected to be better.

Fig. 5 shows that T-CDBN-MODEC outperforms both the
online and single image methods of MODEC and Yang &
Ramanan, and is slightly inferior to the offline method of
Cherian et al. Our performance gain is due to the effective
modeling of both the between-frame and mode-to-mode cor-
relations. We also compare the T-CDBN-MODEC against our
previous work of CDBN-MODEC on the four datasets. We
report the PCPj(τ) for all experiments with the threshold τ
varying from 10 to 70 pixels.

On our newly created HFR-Pose dataset, we compare
T-CDBN-MODEC with MODEC [1] applied to individual
frames, our previous work of CDBN-MODEC, and the offline
method of Cherian et al.. In Fig. 5, our T-CDBN-MODEC as
an online method performs as well as the offline state-of-the-art
method of Cherian et al., where our method gains considerable
acceleration in running time in Fig 7. This is mainly because
the HFR-Pose dataset include videos of high frame rates. In
HFR-Pose, there are frames which are roughly identical, while
in other datasets only keyframes with significant motions are
retained. As the method of Cherian et al. relies on optical flow
in inference, these keyframes can cause problems arisen from

weak optical flows.
We emphasize the advantage of our method when applied

to real-time on-line video pose estimation, where a sweet
spot is achieved in balancing between the performance and
the required computational resource. Fig. 7 plots the overall
performance as the the area under curve (AUC) of the plots
from Fig. 5 against the speed as the computational frame rate.
Observe that T-CDBN-MODEC is more than 10 to 300 times
faster (depending on the datasets) than the off-line method
of Cherian et al. with merely little performance loss, without
using specific acceleration hardware such as the GPU.

We note that in Fig. 5(c,g) for the evaluation on the
TUM Kitchen dataset, the T-CDBN-MODEC outperforms all
comparison methods except for Yang & Ramanan [3] when
the threshold τ is relatively small. This is due to the afore-
mentioned bias of the PCP metric in favoring the precision
of results. In addition, observe in Fig. 6(c) that the person
appears in the TUM Kitchen dataset is relatively small, thus
the threshold τ is in fact much stricter, that a few pixels off
represents large error in the metric. These explain why most
of the methods exhibit low performance in this case.

In Fig. 5(d,h) for the evaluation on the FLIC dataset, T-
CDBN-MODEC outperforms all comparison methods, except
that it inferior to the offline method of Cherian et al., and
in some cases the Yang & Ramanan’s method. We list two
main reasons. First, the FLIC dataset consists of discontinuous
frames, thus the frame rate is extremely low thus temporal
continuity is lost. Secondly, there are frequent labeled person
switches. Thus only limited extent of temporal consistency can
be leveraged, which reduces the performance of our method.
In Fig. 9 (left), we compare our method with the state-of-
the-art works on Penn Action dataset. It can be observed
that while the MODEC and CDBN-MODEC show inferior
performance compared with the offline method of Cherian
et al. and Yang & Ramanan, our T-CDBN-MODEC achieve
compititive accuracy on elbow joint and outperform the offline
ones on the more challenge wrist joint. Which provide an
strong evidence that our dynamic Beyesian Graph model can
benefit from the pose relations of the adjacent frames. Fig.
9 (right) shows a comparison of the CDBN method against
a stripped down version of a linear dynamic system without
hidden state z, which demonstrates the efficacy of the CDBN
in handling the dynamic and non-linear nature of human poses
and actions.

T-CDBN-MODEC outperforms all comparison methods,
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(a) (b) (c) (d)
Fig. 8. Meta-experiment on VP2 dataset. (a) number of Pose Modes M , (b) time window size k, (c) the number of modes M , (d) decaying window type.
The experiment evaluate the PCP accuracy at nomalized pixel error 20.

Fig. 9. Evaluation of T-CDBN-MODEC, CDBN-MODEC [24], MODEC [1], Cherian et al. [11], and Yang & Ramanan [3] in the Penn Action datasets.
The two figures on the right show the linear dynamic system of our method without hidden state z for comparison

except that it inferior to the offline method of Cherian et al.,
and in some cases the Yang & Ramanan’s method. We list two
main reasons. First, the FLIC dataset consists of discontinuous
frames, thus the frame rate is extremely low thus temporal
continuity is lost. Secondly, there are frequent labeled person
switches. Thus only limited extent of temporal consistency can
be leveraged, which reduces the performance of our method.

Fig. 6 presents qualitative and visual results from our
method and the comparison state-of-arts on selected consec-
utive frames from the four datasets. The T-CDBN-MODEC
achieves reliable estimations due to the successful modeling of
mode transitions. In comparison, single-image based methods
cannot take such advantage, thus frequent gross errors are
observed. The offline method of Cherian et al. is robust in
detecting poses, however information from the whole video is
taken into consideration and the speed is compromised.

E. Run-time Efficiency
We compare the run time efficiency versus accuracy for

several methods, including MODEC [1], our previous work
of CDBN-MODEC [24], Cherian et al. [11], Yang & Ra-
manan [3] and this work of T-CDBN-MODEC in Fig. 7.
We use an C++ implementations of our T-CDBN-MODEC,
which contains further optimization using (1) multi-thread
programming and (2) adapting levels of HOG pyramids in
the inference. Our C++ implementation generally takes 320ms
for a pose estimation after parallelization on VP2 and HFR-
Pose dataset, where the computation of HOG pyramids from
[27] takes about 200ms, and the rest of the steps including
feature convolution in the refined HOG layers, inference, back
tracking, and the CDBN filtering take only about 120ms. All
reported running time of the methods that we have source
code (i.e., T-CDBN-MODEC, MODEC, and Cherian et al.)
are based on a machine with a 3.6GHz processor with 8
cores and 20GB memory. The accuracy is measured with the
AUC values of wrist curve at the threshold range of 15 to

30 normalized pixel error. Note that the C++ implementation
of T-CDBN-MODEC achieves a 15 to 40 times frame rate
on the evaluation dataset when compared with the second
fasted method. Notably, on the TUM Kitchen dataset, Yang
& Ramanan’s method outperforms all recent methods in
archiving the highest PCP AUC, which is counter intuitive and
not consistent with other experiments. Our interpretation is that
the views in the TUM Kitchen dataset are mostly top-down and
the backgrounds are relatively cleaner. In contrast, the views
in other three datasets are horizontal and the backgrounds are
complicated. Also the subjects appear to be smaller in the
TUM Kitchen dataset, making their poses harder to determine.
Noteably, T-CDBN-MODEC achieves 9.4 FPS in processing
speed on the TUM Kitchen dataset, which is 40 times faster
than Yang & Ramanan on the TUM Kitchen dataset. The speed
up is mostly due to the smaller subject in appearance, which
reduces the main cost of computing the HOG pyramid features
and the convolution for calculating the body joint locations.
5 On the FLIC dataset, T-CDBN-MODEC is 350 times faster
than Cherian et al., while Cherian et al. takes more than 15GB
peak memory to optimize the pose on the whole sequence.

VI. CONCLUSION

In this work, we describe a fast online pose estimation
method based on the T-CDBN-MODEC model. The proposed
algorithm presents competitive pose estimation performance
on both accuracy and running speed by two complementary
system of conditional dynamic Bayesian network and multi-
modal decomposable model. We collect a new high frame rate
upper-body pose dataset that better reflects practical scenarios
calling for fast online video pose estimation. When evaluated
on this dataset and the other benchmark datasets, our method

5 Note that we can further speed up T-CDBN-MODEC on the VideoPose2,
HFR-Pose, and FLIC datasets by applying an image pyramid or simply
down-sampling the images, to match the performance of the TUM Kitchen
experiments. However such engineering efforts are omitted.



IEEE TRANSACTIONS ON CYBERNETICS 13

outperforms other online video pose estimation methods. Our
method shows comparable performance to the state-of-the-art
offline methods, with our method provides significant running
time acceleration.

There are a few directions we would like to further improve
the current work. First, we can further take advantage of
the flexibility of the T-CDBN model and combine it with
newly effective single-image pose estimation methods, such
as those based on deep neural networks. This will involve
developing a mode estimation module that can be derived
with the original methods. Second, in our current method,
we separate the effect of pose yt and mode zt in the pose
estimation inference. We believe more accurate prediction can
be obtained by considering them jointly and use a learned
predictor from labeled data.
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