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The accurate interpretation of emotions is crucial in enhancing various
fields, such as assistive technologies and healthcare. People may mask their
true emotions, as facial expressions are not always reliable indicators. This
study explores the efficacy of using skeletal movements for emotion recog-
nition. The research focuses on two primary questions. First, it evaluates
the provided labels in the EiLA dataset by clustering skeletal movements
into the seven basic emotions. Second, it examines the accuracy of different
models in predicting emotions based on these movements. The methodology
involves (1) extracting frames from video data, (2) using the PoseLandmarker
algorithm to obtain normalized 3D coordinates of key skeletal points, (3)
normalizing and truncating skeletal movements for consistency, and (4)
converting them into feature vectors. These vectors are then clustered and
used to train various models to determine their performance in emotion
recognition. The average linkage method proved most effective for cluster-
ing skeletal movements into the seven basic emotions. However, qualitative
analysis revealed challenges related to overlap and ambiguity in emotion
labeling. Among the models evaluated, the Support Vector Machine (SVM)
achieved the highest accuracy but exhibited moderate precision and recall,
indicating difficulty in handling class imbalances. In contrast, the Random
Forest model demonstrated more robust performance with the highest F1-
Score, effectively identifying true positive emotions.
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1 INTRODUCTION

The capability to accurately interpret emotions can significantly
impact various fields. For example, in the realm of assistive technolo-
gies, emotion-aware systems can be enhanced to be more empathetic
and adaptive for individuals with disabilities. In the healthcare field,
it can aid in the early diagnosis and monitoring of mental health
conditions, providing a deeper understanding of patient well-being.
Therefore, interpreting emotions is a pivotal task in the field of
human-computer interaction.

Traditional methods of emotion recognition, which often rely on
facial expressions, vocal intonations, or self-reported data, can be
limiting or intrusive. There is a possibility that people may not reveal
their emotions through facial expressions, as studied by Ekman et
al. [9]. Additionally, individuals may feign emotions to mislead the
observer. In such cases, cues from the experienced emotions can be
extracted from other sources like body language [10].

The aim of this research is to determine the accuracy of defining
emotions based on skeletal movements. To achieve this, the research
focuses on answering the following questions:
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o RQ1: How effectively do the skeletal movements extracted from
the EiLA dataset form clusters corresponding to the seven basic
emotions?

o RQ2: How accurately can different models predict emotions
using skeletal movements extracted from the EiLA dataset?

The rest of the paper is organized as follows: Section 2 discusses
the current state-of-the-art and describes technical background.
Section 3 presents the methodology. Section 4 describes the experi-
mental setup. Section 5 presents and describes the results. Section 6
analyzes and discusses the results, answers the research questions,
and suggests future work. Finally, Section 7 presents the conclusions.

2  SCIENTIFIC BACKGROUND
2.1 Related works

Emotion recognition based on skeletal movements is relatively unex-
plored compared to methods based on facial expressions. However,
the popularity of these approaches has increased in recent years.
Costa et al. [4] summarized examples of correlations between body
movements and emotions that were originally proposed by Darwin
[6]. Additionally, Wallbott et al. [25] conducted a study on body
language, specifically identifying behavioral cues related to body
movements and language from six professional actors.

There are also works focused on emotion recognition from skele-
tal movements. For instance, Sapinski et al. [20] analyzed motion
data captured under seven basic emotions using a Microsoft Kinect
v2 sensor. Their performance measurements on CNN, RNN, and
RNN-LSTM models resulted in an accuracy of 63%. Shichkina et al.
[24] studied the correlation between emotions and body posture
in a sitting position using a hardware-software system based on
a posturometric armchair, achieving an overall accuracy of over
90% with various methods. Shi et al. [23] proposed an attention-
based convolutional neural network and an attention-based fusion
method to analyze emotions from videos, utilizing audio signals,
skeletal data, and text information. Montepare et al. [19] identified
emotions such as sadness, anger, happiness, and pride from gait
information and found that specific cues could differentiate these
emotions. For instance, angry movements were more heavyfooted,
while sad movements had less arm swing comparing to the other
gaits. In another study he concluded that negative emotions, par-
ticularly sadness, were more accurately recognized [18]. A similar
study by Lima et al. [17] proposed the ST-Gait++ architecture to
recognize four emotions (Anger, Happiness, Neutral, and Sadness),
achieving an overall accuracy of 87.5%, which is an improvement
of approximately 5% over the state-of-the-art. Kumar et al. [16]
conducted a promising study using skeleton data obtained from a
Microsoft Kinect v2 and a motion trajectory computation scheme
using Fourier temporal features from the interpolation of skeleton
joints, resulting in an overall accuracy of 95.32%.
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However, some of these studies require additional hardware (e.g.,
Microsoft Kinect v2 or a posturometric armchair) to obtain raw point
cloud data, which can only be gathered under limited experimental
conditions. Additionally, they may require supplementary inputs
like voice or textual context to increase prediction accura@p[23
24. In the current research, an analysis of raw skeletal movement
data and its relation to primary emotions was proposed without
the need for additional hardware or input data. The dataset used
consists of video footage without audio signals from the TV show
MasterChef+ Bras{EiLA dataset).

2.2 Technical background
2.2.1 Pose Detection and Estimatfeor. pose estimation from
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videos, the PoseLandmarker was used. PoseLandmarker, developed
by Google, detects and estimates poses from images or videos, re-

turning normalized coordinates for each joint with estimated depth.
This tool extracts 3D skeletal data from video frames. The model
used isPoseLandmarker (Fulljth an input size of256 256 3,
returning 33 normalized points withGe~+q coordinates [1].

2.2.2 Clustering Analysildierarchical clustering is a method of
cluster analysis that builds a hierarchy of clusters, either agglom-
erative (bottom-up) or divisive (top-down). In this research, the

bottom-up approach is used based on the dataset size. Agglomera-

tive clustering helps analyze how well skeletal movements can be
grouped, providing insights into the natural clustering of di erent
emotions [13].

2.2.3 Classification AlgorithmSelecting appropriate classi cation
algorithms is critical for accurately and reliably predicting emo-
tions from 3D skeletal movements. Given the complexity of human
emotions and the nature of skeletal movement data, a thorough
comparison of di erent machine learning approaches is necessary.
This research compares the performance of Support Vector Ma-

chines (SVM), Random Forest (RF), and Neural Networks (NN) in a

multi-class classi cation setting.

Support Vector MachineSupport Vector Machines (SVM) is a
powerful supervised learning algorithm used for classi cation and
regression tasks. It works by nding the hyperplane that best sepa-
rates di erent classes in the feature space. For non-linear classi ca-
tion, SVM uses kernel functions (e.g., RBF, polynomial) to project
data into higher dimensions where linear separation is possible.
SVM is suitable for this task due to its robustness with smaller
datasets and its ability to handle multi-class classi cation [5, 22].

Random ForesRandom Forest is an ensemble learning method
that constructs multiple decision trees during training and merges
their results (either by averaging for regression or majority voting
for classi cation). It is known for its simplicity and e ectiveness in
handling various types of data. Random Forest has high accuracy
and robustness to over- tting due to the averaging of multiple
trees and can generalize well on smaller datasets, providing robust
predictions [11, 21].

Neural NetworkNeural Networks, especially deep learning mod-
els, are powerful tools for capturing complex patterns in data. They
consist of multiple layers of neurons where each layer extracts

Fig. 1. Methodology Overview

higher-level features from the input data. Despite the small dataset,
Neural Networks can be e ective with proper data augmentation
and regularization [2].

3 METHODOLOGY

The overall methodology is depicted in Figure 1. A detailed descrip-
tion of each step follows below.

3.1 Skeleton Tracking

Prior to skeleton extraction, each frame underwent pre-processing
steps including determining the boundary box for a person with
Person Idcropping the frame using this boundary box, resizing
the image, and applying the PoseLandmarker algorithm for pose
estimation, as illustrated in Figure 2.

For all videos provided in the EiLA Dataset, a total of 8087 frames
were extracted, with the PoseLandmarker algorithm applied to each
frame. The PoseLandmarker algorithm returns normalized detected
points in the format!Ge~<4, whereGand~ denote the coordinates
of the joint on the frame, and represents the estimated depth
(Figure 3). Normalized points mitigate the in uence of varying pose
sizes. The PoseLandmarker returns 33 points for each frame, which
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