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ABSTRACT
Human body can be represented as an articulation of rigid and
hinged joints which can be combined to form the parts of the body.
Human actions can be thought of as a collective action of these
parts. Hence, learning an effective spatio-temporal representation
of the collective motion of these parts is key to action recognition. In
this work, we propose an end-to-end pipeline for the task of human
action recognition on video sequences using 2D joint trajectories
estimated from a pose estimation framework. We use a Hierarchical
Bidirectional Long Short Term Memory Network (HBLSTM) to
model the spatio-temporal dependencies of the motion by fusing
the pose based joint trajectories in a part based hierarchical fashion.
Experimental results demonstrate that our method outperforms the
existing state of the art on the widely used KTH dataset.

KEYWORDS
Action Recognition, Pose Estimation, Hierarchical BLSTM

1 INTRODUCTION
Human action recognition is a prominent field of research in com-
puter vision with its wide applications in the areas of robotics,
intelligent surveillance systems, automated driving etc. Despite
the extensive research on action recognition in the vision commu-
nity, the problem still poses a significant challenge due to large
variations and complexities, e.g., occlusion, low frame-rate, camera
angle and motion, illumination, cluttered background, and so on.

Traditionally, the spatio-temporal structure has been modeled
using handcrafted features and the actions are recognized using
well defined discriminative networks [6, 16, 21, 23, 30]. Despite en-
couraging results for action recognition on several datasets, these
approaches suffer from variations of view point and scale, subject
and appearance and so on. Recent advances in human pose estima-
tion using deep learning [2–4, 13, 20, 29, 31] and the availability of
depth sensors [22, 26, 27, 32] have led to accurate representations of
high level features. Studies show that high-level features extracted
using current pose estimation algorithms already outperform state
of the art low level representations based on hand crafted features
implicating their potential in action recognition. In this work, we
use a pose estimation framework based on Convolutional Neural
Networks (CNN) in tandem with a robust object detection frame-
work to deal with variations in scale and viewpoint to obtain a 2D
representation of joint locations. The object detection algorithm
filters frames that do not contain the object of interest and are
therefore non-discriminative for the task of action recognition.
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Human body can be articulated as a system of rigid and hinged
joints. These joints can be combined to form the limbs and the
trunk. Human actions can be thought of as a collective action of
these limbs and the trunk. Human action recognition is considered
a time series problem where the characteristics of the body posture
and its dynamics are extracted over time to represent the action
[12, 14, 34]. [33] proposed a hierarchical approach on a trajectory
of 2D skeleton joint coordinates. In this work, we propose an end-
to-end part based hierarchical action recognition pipeline on raw
video sequences. We use Convolutional Pose Machines (CPM) to
estimate a trajectory of 2D joint coordinates. These are combined
in a part based hierarchical fashion using Hierarchical Bidirectional
Long Short Term Memory (HBLSTM) networks to estimate the
spatio-temporal dependencies in the video sequence. The encoded
representation of the video sequence is then fed to a discriminative
network to classify the action.

The major contributions of this work are two-fold,

(1) Designing an end to end pipeline for pose based action recog-
nition using a part-based hierarchical approach on raw video
sequences. We handle the common issues of occlusion, cam-
era angle variations and eliminate non-discriminative frames
while learning robust joint coordinates.

(2) We obtain state of the art results on the widely used KTH
action recognition dataset [25] that can serve as a baseline
for future developments.

2 PIPELINE
The pipeline consists of three modules:

(1) Bounding box detection using YOLOv3 [24]
(2) Pose estimation using CPMs [31]
(3) Action Classification using HBLSTM

The proposed pipeline works in a supervised fashion. Frames
of fixed dimension ∈ 𝑅160×120 are extracted from the input video
sequence. An object detection algorithm is used to obtain an initial
estimate of human’s presence in the image.We use a pose estimation
framework based on CNNs to generate an estimation of human
joints in the extracted bounding boxes. 2D coordinates of 14 joint
locations (head, neck, wrist, elbow, shoulder, hip, knee and ankle)
are extracted for every frame representing the joint trajectories for
the entire video sequence.

The proposed model is based on HBLSTMs that takes joint tra-
jectories as input. HBLSTMs can learn across multiple levels of
temporal hierarchy. As shown in Fig. 1., the first recurrent layer
encodes the representation of 5 body parts, namely, Right Hand
(RH), Left Hand (LH), Right Leg (RL), Left Leg (LL) and Trunk (T).
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Figure 1: Proposed Part Based Hierarchical Architecture.

The next set of layers encodes the part representations into Upper
Right (RHT), Upper Left (LHT), Lower Right (RLT) and Lower Left
(LLT) vectors by fusing the encoded representation of T with RH,
LH, RL and LL respectively. The subsequent layers generate the
encoded representation of Upper (U) and Lower (L) bodies followed
by the encoded representation of the entire body. Finally a dense
layer followed by a softmax layer are added to classify the action.

2.1 Bounding Box Detection
We use an object detection algorithm to obtain an initial estimate of
human’s presence in the image. YOLOv3 [24] is an efficient object
detection algorithm pretrained on the ImageNet [7] and MSCOCO
[18] datasets. It uses 53 successive 3 × 3 and 1 × 1 convolutional
layers. The input to the bounding box algorithm are the grey scaled
image frames of fixed dimension ∈ 𝑅160×120 extracted from the
video sequences in the KTH action recognition dataset.

2.2 Pose Estimation
Convolutional Pose Machines (CPMs) [31] were introduced for the
task of articulated pose estimation. CPMs consist of a sequence of
convolutional neural networks that repeatedly produce 2D belief
maps for the location of each part. At each stage in a CPM, image
features and belief maps produced in the previous stage are used as
inputs producing increasingly refined locations of each part (Eq. 1).

𝑔𝑡 (𝑥 ′𝑧 ,𝜓𝑡 (𝑧, 𝑏𝑡−1)) → {𝑏𝑝𝑡 (𝑌𝑝 = 𝑧)}𝑝∈{0...𝑃+1} (1)
We operate CPMs directly on the bounding boxes generated

from the previous stage to produce joint coordinates.

2.3 Hierarchical Bidirectional Long Short Term
Memory

We denote a video sequence as 𝑋 = [𝑥1, ..., 𝑥𝑇 ], with each frame 𝑥𝑡
denoting the 2𝐷 coordinates of 14 joints. We work in a supervised
classification setting with a training set,

𝜒 = {(𝑋𝑖 , 𝑦𝑖 )}𝑁𝑖=1 ∈ 𝑅
𝑇×28×1 × {1, ...,𝐶} (2)

where 𝑋𝑖 is a training video sequence and 𝑦𝑖 is its class label (from
one of the 𝐶 possible classes).

Human body can be decomposed into five parts - two arms,
two legs and a trunk and the global action can be modeled as the
collective motion of these five parts. Benefitting from the LSTM’s
ability to model contextual dependencies from temporal sequences,

we propose a Hierarchical Bidirectional LSTM (HBLSTM) for the
task of pose based action recognition (Fig. 1). For the first layer,
given the inputs 𝐼𝑡

𝑖, 𝑗
as trajectories of part 𝑗 at 𝑖𝑡ℎ layer for time 𝑡 ,

the corresponding encoded part representation is expressed as

ℎ𝑡𝑖, 𝑗 =
−−→
ℎ𝑡𝑖, 𝑗 ⊕

←−−
ℎ𝑡𝑖, 𝑗 (3)

where
−−→
ℎ𝑡
𝑖, 𝑗

and
←−−
ℎ𝑡
𝑖, 𝑗

are the forward and backward layers passes
respectively with tanh activations.

For the fusion layer at time t, the newly fused pth representation
as the input for the (𝑖 + 1)𝑡ℎ encoding layer is:

𝐼𝑡𝑖+1,𝑝 = ℎ𝑡𝑖, 𝑗 + ℎ
𝑡
𝑖,𝑘

(4)

where ℎ𝑡
𝑖, 𝑗

are the concatenated hidden representations of the 𝑗𝑡ℎ

part in 𝑖𝑡ℎ encoding layer and ℎ𝑡
𝑖,𝑘

is for the 𝑘𝑡ℎ part in 𝑖𝑡ℎ layer.
The encoded representation of the entire body is given by the

𝑇 𝑡ℎ unit of the last encoding layer, ℎ𝑇4,𝑏𝑜𝑑𝑦 , which is given as input
to the dense layer. The output of the dense layer is expressed as:

𝑂 = 𝑣ℎ𝑡4,𝑏𝑜𝑑𝑦
· ℎ𝑇4,𝑏𝑜𝑑𝑦 + 𝑏ℎ𝑡4,𝑏𝑜𝑑𝑦 (5)

𝑂 is given as input to the softmax layer.

2.4 Evaluation Results
Similar to many evaluation approaches on the KTH dataset [25], we
carried out our experiments using a leave-one-out cross validation
strategy [10] (i.e. all subjects except one were used for training and
the learned model was evaluated on the remaining one). Average
accuracy on the comparative architectures and the proposed model
are reported along with the existing approaches in Table 1.

Table 1: Recognition rates against different approaches on
the KTH dataset.

Methods Accuracy
Schuldt et al. [25] 71.72%
Dollar et al. [8] 81.17%
Fathi et al. [9] 90.5%
Laptev et al. [17] 91.8%
Baccouche et al. [1] 94.39%
Chen and Hauptman [5] 95.83%
Gilbert et al. [11] 96.7%
Mona et al. [19] 97.89%
Proposed Approach 99.3%

We achieve almost full separation between different actions and a
slight misclassification occurs between similar actions i.e. between
"hand-clapping" and "hand-waving" and between "running" and
"jogging". The classification accuracy is averaged over all selections
of test data to achieve a recognition rate of 99.3% using the pro-
posed approach. Although the results are not directly comparable
due to different evaluation strategies being adopted by different
researchers, we show that our proposed approach outperforms the
state of the art on the KTH dataset for the task of action recognition.
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3 CONCLUSION AND FUTUREWORK
In this work, we present an end-to-end pipeline for the task of
human action recognition in videos. Using an object detection
approach, we first estimate the presence of human and discard re-
maining frames as they are non-discriminative for the task of action
recognition. We use a pose estimation framework to generate the
trajectory of joint coordinates and combine them in a part-based
hierarchical fashion to obtain a global representation of the entire
video sequence. We showed that adding the part based hierarchical
fusion helps us achieve better results over other comparative archi-
tectures. Experimental evaluation on the KTH action recognition
dataset shows that our proposed approach outperforms the existing
state of the art approaches on this dataset.

As our proposed approach shows great promise on the KTH
action recognition dataset, we are currently extending this approach
on larger datasets like [28] and HMDB51 [15].
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