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1. Introduction

With its rapid development, Human Activity Recognition (HAR)
has gained much attraction in the construction of mobile robotic ap-
plication systems. Human activity recognition involves skeleton rep-
resentations of human bodies instead of raw RGB videos. Due to its
strong adaptability and highly abstract characteristics, many significant
models were developed based on skeletal data [1-7]. Compared to the
RGB video representation, the greatest benefits of the skeletal data are
that they are free of dynamic environment noise and robust against
complicated backgrounds (lighting conditions, color of clothing, object
obstruction, etc.). It is important for service robots to recognize the
actions of people in the real world to further enhance their capabilities
to offer services.

We introduce PyHAPT, a Python-based Human Activity Pose Track-
ing data processing framework. It provides the functionality to au-
tomatically process annotated human pose tracking raw video data
collected in unconstrained environments such that the pre-processed
data could be directly used for developing new human activity recog-
nition deep learning models, which could be deployed on the mobile
service robots. Since PyHAPT is devoted to datasets collected in uncon-
strained environments, it also offers the functionalities of recovery of
missing data and dynamic pose visualization to facilitate researchers to
analyze the data deeply.

2. Related works

Some datasets collected from constrained environments have the
skeleton data ready to use (e.g., NTU-RGB+D [8,9], PKU-MMD [10],
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Table 1
Datasets used for recent human recognition models.

Model Publisher NTU 60 [8] NTU 120 [9] Kinetics-Skeleton [13,27] NUCLA [24] SYSU [25]
Efficient GCN [28] TPAMI 22 v v

CTR-GCN [3] ICCV 21 v v v

MST-GCN [29] AAAT 21 v v v

SGN [5] CVPR 20 v v v
MSG3D [3] CVPR 20 v v v

4S-Shift-GCN [30] CVPR 20 v v 4

Dynamic-GCN [31] ACMMM 20 v v v

PA-ResGCN-B19 [32] ACMMM 20 v v

DC-GCN+ADG [33] ECCV 20 v v v

NAS-GCN [4] AAAT 20 v v

PL-GCN [34] AAAI 20 v v
2S-AGCN [1] CVPR 19 v v

DGNN [35] CVPR 19 v v

AGC-LSTM [36] CVPR 19 v v

AS-GCN [37] CVPR 19 v v

ST-GCN [26] AAAI 18 v v

Datasets used times 16 9 8 4 2

ETRI [11]), since they adopted depth cameras like the Microsoft Kinect
to collect the data. However, the other datasets (e.g., ActivityNet [12],
Kinetics [13], AVA [14], Charades [15], FineGym [16]) collected by
crowd-sourcing methods from unconstrained environments do not di-
rectly provide the skeletal data. It requires researchers to employ
other pose estimation methods (e.g., OpenPose [17], OpenPifPaf [18],
MMPose [19], VIBE [20]) to extract and pre-process the skeletal repre-
sentation such that the pre-processed skeletal data could be ready for
training and evaluating the deep learning recognition models. Gupta
et al. [21] made an effort to organize a couple of skeletal datasets
obtained from other public datasets [22,23] that were still collected
from constrained environments and crowd-sourcing methods rather
than real public spaces (In The Wild-ITW), except that they do not
provide the software to elaborate these data.

We analyzed some relevant skeleton-based HAR models since 2018
to check how public datasets were used to train and evaluate models in
the community. As shown in Table 1, the most commonly used datasets
are (in descending order): NTU RGB+D 60 [8], NTU RGB+D 120 [9],
Kinetics [13], Northwestern-UCLA Multiview Action 3D [24], SYSU 3D
Human-Object Interaction [25] datasets. Among those, only Kinetics
was not collected from a constrained environment but from online
streaming resources by using the crowd-sourcing method instead, while
all the other datasets were collected in the respective laboratories.

Yan et al. [26] firstly extracted and pre-processed the skeletal data
of the unique unconstrained Kinetics dataset using Python by Open-
Pose [17], namely Skeleton-Kinetics [27]. Then, most of the robust
HAR models used Skeleton-Kinetics to evaluate the performance of
their models on Skeleton-Kinetics [1,3,7]. Nevertheless, as the authors
discussed, Skeleton-Kinetics takes only two persons into account in
a clip at the most, ignoring other persons in the backgrounds with
relatively lower average confidence score(s) provided by OpenPose.
Meanwhile, they had to spend a lot of time to identify and track human
pose data based on the skeletal data generated by OpenPose. We argue
that not only two persons with the highest confident score, but also
other persons in the background of a clip should be included in the
pre-processed data. Moreover, a more efficient method to track and
pre-process raw skeletal data is needed.

3. PyHAPT positive impacts

From Table 1, we could also see that the state-of-the-art models
were not evaluated sufficiently on other datasets collected from un-
constrained environments, i.e., datasets collected by crowd-sourcing
methods and in public spaces. Although models developed based on
crowd-sourcing collected datasets are much more reliable than those
based on datasets collected in constrained environments, we believe
that the ITW datasets could further improve the reliability of the
models.

Frame: 40. Missed Points: 4, 5, 9, 10, 11, 14, 15, 16, 17,
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Fig. 1. An example of an invalid pose with eight joints (the threshold of valid joints
set as nine).

We suppose that some reasons hinder the community from using
datasets collected in unconstrained environments. Firstly, the pub-
licly available datasets collected by crowd-sourcing methods in un-
constrained environments usually do not provide human pose tracking
data. Secondly, people’s actions are continuous and sequential in real
life, lasting at least a few seconds instead of single frames. Multiple
persons or crowded scenes in a frame are often present in public spaces.
The frame rate of RGB cameras in the current market is usually about
15 fps ~ 30 fps. An enormous workload would be needed if researchers
want to extract and pre-process the skeletal data from those datasets
so that these data could be used for experiments. Thirdly, there is a
lack of an efficient software framework for large-scale human activity
recognition video datasets to track human pose automatically and pre-
process raw, tracked skeletal data, making the pre-processed data ready
for experiments.

Our proposed novel software framework PyHAPT could fill this gap.
Researchers do not need to track the human pose, the raw skeletal data
extracted from videos already include the tracking information. Then,
the software could pre-process the tracked skeletal data automatically
and make it available for training and evaluating deep learning models.

The framework of PyHAPT is divided into three parts. The first part
uses OpenPifPaf [18] to detect and track the pose of people during
the whole clip and store the data in JSON format to files. The second
part is to use HAVPTAT [38]' to associate action labels to people
in videos based on the raw pose track data generated by OpenPifPaf
and store back the annotated data to the file system. The last part
employs the Python script of PyHAVPT to elaborate the annotated
JSON format automatically. The elaborated pose tracking data is stored

1 https://github.com/AIRLab-POLIMI/HAVPTAT annotation_tool.
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Fig. 2. Original pose (left); Pose reconstructed by “interpolation” (right).

in NPY format, and the corresponding action labels are stored in PKL
format on file. Both data formats are widely used in the community and
compatible with the major part of the state-of-the-art human activity
recognition models.

The user could personalize the input parameters of the program:
the path of the folder of the annotated JSON format raw data to be
elaborated; the path of the file of the user-defined labels corresponding
with the labels defined in the annotated JSON format raw data; the
number of joints of a human body; the path of the folder where the
generated data will be stored.

OpenPifPaf provides 2D coordinates (X, Y) in the pixel coordinate
system for the 17 human joints following the definition of COCO body
17 keypoints [39,40]. We thus represent each joint with a tuple of pairs
(X, Y) so that a skeleton frame is recorded as an array of 17 tuples. For
the multi-person cases, we take all the detected persons in each clip
into account instead of selecting only two people compared to Skeleton-
Kinetics. By this way, we could treat each person’s tracking data as
an independent tuple which overcomes the limitation of considering
at most two people in a frame. We consider each person performing
the same action in a single video clip as a valid action sequence. If
the same person performs multiple actions in a single video clip, we
consider them as different action sequences performed by the same
person. We consider an action performed by a person in a clip with
tensor of (2, T, 17, 1) dimensions. For the whole dataset, the script gets
the tensor of (N, 2, T, 17, 1) dimensions by concatenating the single
action sequences of persons with N action samples. We summarize the
meaning of each element in the tuple: the script generates N samples in
total; two dimensions (X, Y) skeletal data; an action sequence lasts T
frames; 17 keypoints of a human body; 1 person data in each tuple. All
action skeleton sequences are padded to T = 300 frames by replaying
the actions as done also by other skeletal datasets. The training set and
test set split ratio is 70% and 30%. The number of padded frames and
the training-test set split ratio can be both customized by users.

The skeletons of the data collected from the real world are often
incomplete. A frame containing few joints could lead to ambiguity for
the learning model. To reduce such a type of learning error, PyHAPT
considers the pose as valid only when it has more than a given num-
ber of joints (nine) and offers the functionality to temporal-linearly
interpolate the missing joints by the Python’s Pandas library [41]. The
threshold was fixed to nine to ignore only partial bodies could be
captured by a camera in some cases.

PyHAPT provides the spatial-temporal data visualization script.
We use PyHAPT to generate some pictures based on the samples of
POLIMI-ITW-S datasets [42] to make some examples.

As shown in Fig. 1, when the camera is close to a person, only the
upper part of the body is present, but the keypoints of the lower part
of the body (14 left knee, 15 right knee, 16 left ankle, and 17 right

ankle) miss. Given the lake of the joints of the lower part of the body,
it is difficult for a model to predict the action among standing, walking,
sitting or running. The setting of the threshold aims to reduce such a
type of ambiguities which may decrease the accuracy of the recognition
models. Users could also personalize the threshold to meet their needs.

Fig. 2 illustrates an example of the functionality of the interpolation
offered by PyHAPT. The left picture is the original pose extracted by
OpenPifPaf [18]. We regard it as a valid pose based since it has more
than nine joints. We can see that Nose (1), Right eye (3), Right elbow
(9), Right wrist (11) were not detected by OpenPifPaf. After having
been processed by the interpolation operation provided by the Python’s
Pandas library [41], the three missing keypoints were reconstructed on
the right picture.

4. Easy to use & lightweight

PyHAPT is based on Python. Python has become the most popular
tool to use in the deep learning field. The framework could be executed
both on Linux and MS Windows operation systems. Hence, we think
our framework is easy to use for researchers. Because the script is
lightweight, it could process and generate data efficiently. The formats
of the generated data are also common used. The framework could
be useful to accelerate the data processing work and advance the
development of HAR models.

5. Use case

We have used PyHAPT to process a large-scale POLIMI-ITW-S video
dataset for human activity recognition [42].

6. Future work

We would like to integrate some more data augmentation func-
tionalities (e.g., horizontal flipping, scaling and translation) and train
a reliable human activity recognition deep learning model to make
PyHAPT framework a multi-functional deep learning framework.
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