SEBHA UNIVERSITY CONFERENCE PROCEEDINGS, VOL.5 No. 4 2026

DOI: 10.51984/05vYTF47

Conference Proceeding homepage: http://www.sebhau.edu.ly/journal/CAS

L daalay ) yaipe @il g
Sebha University Conference Proceedings

4adl g A § Kinect yug4as Wi Aol gy daazee 4ea bl e 1oleiel LSTM 88 plaseiul &bl SIS pd| Cadias

¢ Rad Bages PAud yee Tl Lb
L) L comaalzedl psle mud cpplall S cLpww Zaaln®

Lt Lo ¢ £l Klg UL ole ood loglaall 40085 48 (L Zaals
Lot Lo el agle oud cboglaodl 2as 2 (Lo danl ©

A laedl o LS

adelod!

Geoall @latll

Syl Jealell
Sl Cagduas

Ly il A8, Julns

Ll 5 $ymll Jealdl ale] Slaphs § Aapedl Ll c¥lrall o Lydidl SE =)l Jiloes ol
Lyl Sl Cadiat] Aageall Baall SIS e datay 7 s sl ) Alyudl sda caug 2S
- Kinect 1ol Alasalgy dadly Ay § Laar o 2lSia bl plusiuwl; 2ibls 31y s o6,> )
« (Key points) &8 ) Lladl 7 seruwly «bled) pon cinias (o1 bie doaseiued! Lz el cdoss
ugsatll sl (ol ¥l anlge sl il Judan) qud Jeted ) Sbled) dssmis A ddlantly
5,SIA01 z3gas e daday zises el @i el way A4Syl Bl pasbasd) zlsral el )] 26Ls)
zosadl of @l cydal 4,40l 3S,ml) 2uta3ll cMludwdll Adlasd (LSTM) guadl 8pumb—2lishs
outiliad Aaaiye b ae (%91.20) Capivasll 485 cialy S (Sl Cagiiad § duz elol 3i> 7 add)
adloll Slld) 2o Jolazlly mueadll (e #3903l 8508 | s Les (Fl-score g Recall o Precision
0555 03 Likay Jas¥1 7 3Laidl 6T CONVLSTM 7 3505 ae &55Laatl M5y dslyull oy o LeS Bagamall
Aanl a5 Lo 529 lugdad ASY) Aaill—2ulSall z 3l &laa 3 piall 2adlell clilul) Aeedle ST
Lad Bleaadl updad e udy cbiledl Aads e el 7350l 5las

Human Motion Classification Using LSTM Based on Real-World Kinect Skeletal Data

Yaya Amo Ahmed, Omar A. Shiba, Hamouda Chantar

*aUniversity of Sebha, Faculty of Science, Department of Computer Science, Sebha, Libya
bUniversity of Sebha, Faculty of Information Technology, Department of Data Science & Artificial Intelegente, Sebha, Libya
CUniversity of Sebha, Faculty of Information Technology, Department of Computer Science, Sebha, Libya

Keywords:

ABSTRACT

Human Motion Analysis
Deep Learning

LSTM

Kinect

Motion Classification

Human motion analysis has become an important research area in physical rehabilitation applications
and intelligent systems. This study aims to develop a deep neural network—based model for
classifying human movements into correct and incorrect actions using skeletal data collected in a real-
world environment through a Microsoft Kinect sensor. The adopted methodology involved several
stages, including data collection, extraction of skeletal key points, preprocessing, and transforming
the data into a relative representation to reduce the effect of differences in subjects’ positions during
recording. In addition, temporal motion features were extracted. Subsequently, a model based on a
Long Short-Term Memory (LSTM) network was developed to process human motion time-series
sequences. The results demonstrated that the proposed model achieved good performance in motion
classification, reaching an accuracy of 91.20%, along with high Precision, Recall, and F1-score
values. This indicates the model’s ability to generalize and effectively handle limited real-world data.
Furthermore, the study showed through comparison with the ConvLSTM model that temporally
simpler models may be more suitable for small real-world datasets than more complex spatial—
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temporal architectures. This finding emphasizes the importance of selecting the appropriate model
based on the nature of the data rather than relying solely on architectural complexity
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