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Abstract. Folk dances consist an important part of the Intangible Cul-
tural Heritage (ICH) of each place. Nowadays, there is a great amount of
videos related to folk dances. An automatic dance recognition algorithm
can ease the management of this content and enforce the promotion of
folk dances to the younger generations. Automatic dance recognition
is still an open research area that belongs to the more general field of
human activity recognition. Our work focuses on the exploration of exist-
ing deep neural network architectures for automatic recognition of Greek
folk dances depicted in standard videos, as well as the experimentation
with different representations of input. For our experiments, we have col-
lected YouTube videos of Greek folk dances from north-eastern Greece.
Specifically, we have validated three different deep neural network ar-
chitectures using raw RGB and grayscale video frames, optical flow, as
well as “visualised” multi-person 2D poses. In this paper, we describe
our experiments, and, finally, we present the results and findings of the
conducted research.
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1 Introduction

Folk dances comprise an important part of the Intangible Cultural Heritage
(ICH) of each place. They are associated with folk music and social events (e.g.,
celebrations, customs) and help people to maintain their cultural identity. In the
past, their preservation was only possible through their transmission from the
old generations, which often led to variations of the original dances. In modern
days, video recording has been the main mean of digitising and preserving the
different types of dances, either folk or contemporary. This fact led to a great
amount of related data, which can be exploited by machine learning technologies
for better understanding and automatic recognition of different types of dances
from computers.

Automatic dance recognition is a subdomain of the wider research area of
human activity recognition. This technology aims at the automatic categorisa-
tion of dances depicted in videos into specific categories based on the extracted
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features. Due to a multitude of constraints, dance recognition is a challenging
task for computer vision. Video resolution, frame rate, poor lighting, blurring,
complex backgrounds, and occlusions of dancers are just some noteworthy limi-
tations that should be considered. In addition, the usage of dance videos for the
wider problem of video classification is a more challenging task, as dance videos
belong to the category of highly dynamic videos and there is a great variety of
dynamics for the different dance types. Despite the challenges that automatic
dance recognition may face, such a system can be useful for a variety of appli-
cations in the fields of Cultural Heritage (CH) and education. For example, an
automatic system for the recognition of Greek folk dances can enhance dance
videos with metadata describing the type of the depicted dance. As a result,
these videos could be easily retrieved from big databases based on the recog-
nised type of dance facilitating the preservation and management of relevant
data to this kind of ICH. Moreover, automatic dance recognition can assist the
learning of different dances. For instance, an idea is to have a mobile application
that enables the user to capture a video sample of people dancing, return an
analysis result based on an integrated automatic dance recognition model and
be able to provide more information about this type of dance (e.g., steps, his-
tory, information about the music etc.). Another suggestion could be to exploit
automatic dance recognition to find the parts of a video that contain a specific
dance.

In this work, we focus on the recognition of Greek folk dances from a specific
area of north-eastern Greece, namely Thrace. Specifically, we experiment with
well known deep learning network architectures designed for general video clas-
sification, in order to create a system for automatic recognition of four selected
traditional Greek dances (Karsilamas, Hasapikos, Gikna and Baintouska). In
the context of our research, we have created a new dataset of YouTube videos
that depict the aforementioned Greek folk dances. In addition, we explored dif-
ferent types of input representations (raw RGB and grayscale frames, optical
flow and multi-person 2D poses of dancers). Our main contribution is the evalu-
ation and comparison of common deep learning architectures used for the more
general tasks of video classification and human activity recognition towards au-
tomatic dance recognition from videos. The challenge of this task is that the
networks should discriminate the motion features of each dance and not rely on
background features for the classification, as backgrounds are either the same
or similar for different dances. To the best of our knowledge, the selected archi-
tectures have not been used for the task of automatic dance recognition from
videos before.

The rest of this paper is organised as follows. In section 2, we briefly present
the most prominent related works in the general field of human activity recog-
nition and its sub-field of automatic dance recognition. Section 3 describes the
dataset we used for our experiments. In section 4, a quick presentation of the
network architectures is made, while training details and results of the conducted
experiments are provided. Finally, we conclude our paper with section 5, where
the main outcomes and future steps are outlined.
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2 Related Work

Automatic dance recognition belongs to the wider domain of human activity
recognition. In this section, we provide a summary of the most dominant works
related to human activity recognition and automatic dance recognition through
videos.

Human Activity Recognition: Early video classification and activity recog-
nition methods, like [25], were based on hand-crafted motion features extracted
from the pixels of the video frames that were exploited by machine learning
approaches, such as Bag-of-Words model [9]. In the last decade, the great per-
formance of deep learning in image classification led to its application also for
human activity recognition from video, finding ways to integrate the temporal
information too. Initial works developed fusion techniques to exploit temporal
information, like in [16], while others created two-stream Convolutional Neural
Networks (CNNs) [21], where one stream is fed with spatial information (e.g.,
video frame/image) and the second with the temporal information in the form
of stacked optical flow vectors. The combination of CNNs with Long Short-
Term Memory Networks (LSTMs) [6] was also tested as a solution. In addition,
CNNs with 3D convolutions were developed [14] to take into account the tem-
poral aspect, with promising results, such as C3D [24], I3D [4] and SlowFast
[8]. 3D Residual Networks (3D ResNets) [11] were also proposed for the task
of human activity recognition through video. In order to decrease the complex-
ity of the training procedure for the 3D networks, the idea of 3D factorisation
was introduced in P3D [20]. Temporal Segment Networks (T'SN) [26] is another
deep learning architecture utilised for video-based human activity recognition.
Skeleton-based methods have also gained a lot of attention recently. The hu-
man skeletons in a video are mainly represented like a sequence of coordinates
that are extracted from 2D pose estimation algorithms [3]. The results of these
methods are unaffected by background variations and changes in illumination
conditions because only human skeletons are used for activity recognition. Graph
Convolutional Networks (GCNs) [28] is another famous method for human activ-
ity recognition. Finally, networks with attention, such as transformers including
TimesFormer [2], ViVit [1] and Video Masked AutoEncoders (VideoMAE) [23],
are explored in this direction too.

Automatic Dance Recognition: Three different methods for the extraction
of handcrafted features were explored in [15], along with a Bag-of-Words ap-
proach, for the recognition of five Greek folk dances. The authors of [10] explored
the problem of distinguishing Greek folk dances from other kinds of activities,
as well as from other dance genres, using video recordings. To achieve this, they
adopted dense trajectories descriptors along with Bag-of-Words (BoW) model to
present the motion depicted in the videos. For the classification step they have
used a Support Vector Machine (SVM). In [17] the authors present a system for
the classification of Indian classical dance actions from videos using CNNs that
were previously used for action recognition. Similarly, in [13] Indian classical
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dance classification is achieved through the use of a new deep convolutional neu-
ral network (DCNN) that is based on ResNet50. The above methods, though,
do not exploit temporal information, but only sets of specific poses depicted in
video frames. In [5] different approaches for automatic dance recognition from
videos are proposed, considering the temporal information. More specifically,
the authors present a comparison of numerous state-of-the-art techniques on the
“Let’s Dance” dataset using three different representations (video, optical flow
and multi-person 2D pose data). In [19] a differential evolutionary convolutional
neural network model is applied for the classification of dance art videos. The
dance videos were collected from large video websites and consist of seven dance
categories: classical dance, ballet, folk dance, modern dance, tap dance, jazz
dance and Latin dance. Automatic dance recognition approaches that combine
visual data with other types of data, like audio [27], were also proposed in the
literature. However, in the context of this paper we focus only on visual-based
approaches.

3 Dataset Description

Each country or either region has its own particular dancing style, which evolved
from its culture and history. In some dances, specific parts of the body are more
dominant than others, like legs and arms. Moreover, there are dances, where a
specific sequence of movements must be followed, while others allow the dancer
to create their own choreography.

Greek folk dances are mostly danced in a circle, where the dancers are con-
nected through their hands in different manners depending on the dance. There
are also dances that are danced in couples or more freely, where specific steps are
followed. In this work, we focus on the automatic recognition of four character-
istic dances of the region of Thrace in north-eastern Greece. These dances are: i)
Karsilamas, ii) Hasapikos, iii) Gikna and iv) Baintouska. Karsilamas is danced
in couples, where one dancer faces the other, without joined hands. Hasapikos,
Gikna and Baintouska are danced in a circle, where the hands of the dancers
are connected in different ways depending on the dance. You can find example
snapshots of these dances in Figure 1.

Our new dataset consists of videos that we crawled from YouTube. These
videos contain the four selected types of Greek folk dances performed at Greek
folk dance festivals in most cases. See Table 1 for more details. The dataset
cannot be public at the moment due to copyright issues.

! https://www.youtube.com/watch?v=YIcJa0Te6z0

2 https://www.youtube.com/watch?v=LRqXRLQ4hQ0

3 https://www.youtube.com/watch?v=f61-KQeXtlo

4 https:/ /www.youtube.com /watch?v=bjx8Vv5H7kst=62s
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Fig. 1. Examples of each dance category from our dataset: a) Gikna *, b) Karsilamas
2 ¢) Hasapikos 3, and d) Baintouska *.

Dance Karsilamas|Hasapikos| Gikna |Baintouska
Number of Videos 15 15 15 15
Total Duration 40.02 min | 37.35 min |31.92 min| 28.02 min

Table 1: Number of videos used in our experiments and total duration per dance
category.

4 Experiments and Results

In this section, we briefly describe the deep neural networks that we utilised for
our experiments and the preprocessing of the input videos. We also provide de-
tails about the training procedure. Finally, we present our experimental results.

4.1 Network Architectures and Input Representations

In the context of our research, we experimented with three deep neural networks
that are widely used in the field of video classification, namely the C3D [24],
3D ResNet [11] and SlowFast [8] architectures that are briefly described bellow.
We choose SlowFast as it is a state-of-the-art network that has shown strong
performance on the problem of video classification and activity recognition and
its comparison to the other two baseline networks would give us interesting
outcomes.

C3D Architecture: C3D [24] comprises a 3D Convolutional Network (3D
ConvNet), which aims to address the problem of learning spatiotemporal features






