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Keliy asmeny kiino padéties sekimas realiuoju laiku taikant masininio
mokymosi metodus

Doktorantlros pradzios/pabaigos metai: 2022-2026
Studijy metai: 2025/2026 pirmas pusmetis

Doktorantas: Algimantas Skuodis
Vadovas: Olga Kurasova, prof. Dr



Studijy planas ir jo vykdymo suvestine

Studiju metai | Egzaminai
Planas Ivykdyta
1(2022/2023) 2 2
11 (2023/2024) |2 2
1T (2024/2025)
IV (2025/2026)
IS viso: 4 4
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Studijuy metai Dalyvavimas konferencijose Publikacijos
Tarptautinése Nacionalinése Su citav. rodikliu Be citav. rodiklio
Planas Ivykdyta Planas Ivykdyta Planas | Ivykdyta Buklé | Planas | Ivykdyta | Buklé
1(2022/2023)
11 (2023/2024) 1 1 1 1 | Publi
kuota
111 (2024/2025) 1 1 Iteikta
1V (2025/2026) 1 1 1
IS viso: 2 1 1 2 1 1
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Egzaminai 2025/2026 (I pusmetis)

Planas

Ivykdyta

Buklé

Dalyvavimas konferencijose 2025/2026 (I pusmetis)

Planas

Ivykdyta

Konferencijos tipas

21st International Conference on
Computer Vision Theory and
Applications (VISAPP 2026)
2026 kovo 9 - kovo 11, Bilbao,
Ispanija

Ispanija

Algimantas Skuodis and Olga Kurasova, Deep
Learning-Based Models for Recognition of
Skydiving Formations, 21st International
Conference on Computer Vision Theory and
Applications, 2026 kovo 9 - kovo 11, Bilbao,

Tarptautiné

Publikacijos 2025/2026 (I pusmetis)

Planas Ivykdyta

Buklé

Publikacijos tipas
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Ty ri m q Masininio mokymosi metodai keliy asmeny

. ktino padeties sekimui realiuoju laiku.
objektas
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Sukurti masininio mokymosi metodg keliy
asmeny kino padeéties sekimui realiuoju

Tikslas laiku, skirtg kano padeéties sekimui ir tasky
SkaiCiavimui parasiuty sporto laisvojo kritimo
deriniy disciplinoje.
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Uzdaviniai
« [Stirti modernius masininio mokymosi metodus, naudojamus keliy asmeny kino
padéties sekimui realiuoju laiku.

« Sukurti duomenuy rinkinj, skirtg masininio mokymosi metody, skirty keliy asmeny
kino padéties sekimui realiuoju laiku parasiuty sporto laisvojo kritimo deriniy
disciplinoje, vertinimui.

« Pasidlyti masininio mokymosi metodg, tinkamg keliy asmeny kino padéties
sekimui realiuoju laiku parasiuty sporto laisvojo kritimo deriniy disciplinoje.

 Atlikti eksperimentinius tyrimus ir jvertinti pasiidlytg metodg naudojant sukurtg
duomeny rinkinj.

 Atlikti eksperimentinius tyrimus ir jvertinti pasitlytg metodg naudojant kitus

atvirus duomeny rinkinius, dazniausiai naudojamus keliy asmeny ktno padéties
identifikavimo metody vertinimui.
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4 Kilometrai

Laisvojo 10 tury / Suoliy

kritimo 35 sekundés laisvojo kritimo

deriniai 5-6 burty badu istrauktos figlros
Viso 16 figury ir 22 blokai (2 figuros)
t.y., 60 skirtingy formacijy







P rOblema * Néra galimybés matyti preliminary rezultatg gyvai




Kuriamas duomeny rinkinys

« 12 varzyby (2019-2022)
* 60 formacijy (figdry)
» 26 436 kadrai

Competition Rounds Teams
Airspace2022 10 36
Eloy2022 10 25
Tanay2021 6 13
Eloy2019 10 20
FlyspotOpen2021 10 6
FlyspotOpen2022 10 11
DIPC2021 10 6
USPANationals2022 10 12
SwissNationals2022 8 3
USPANationals2022Advanced 10 15
1STDITC2021 10 7
AbhuDhabiFirstOpen2022 6 4
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Experimentinis
duomeny rinkinys

HL DAL
i

WL

* Mokymo/validavimo:

o Pirmos SeSios
figlros
(A,B,C,D,E,F),

o 1753 vaizdai,

o 6 klasés,

o Suvienodintas dydis,

o Pasalintos Siukslés,

o Padalinta 80/20.

e Testinis:

o 60 vaizdy, po 10
kiekvienai figurai.




Dviejy etapy metodas

« Kino tasky detektorius (1),

« Formacijy klasifikatorius (2). &4 hnome . et Filly conneciad
annotated with pretrained on dataset of 6 neural network
human body —» skydiving g » classes | » for keypoint

keypoints dataset : (train/valitest) ----» classification
(trainval) OR |
: e
. Distance b Formation
1813 images YOLO pose ; dataset of 6 ' | | skydiving class
of 6 classes (A-F) — keypoint ~  ------- R classes | : detection
(train/valftest) detection 5 (train/valitest) + | ( classification )
5 g ' '
. o -
Step 1 : | =, 8
5 Wrist distance L/
[] - Dataset — > da;aset - i [ Predicted )
- asses '
[] - Model _ | class
vIssil ln’V ln t \ /
| | -Action Sem—— e 4
L - J
Step 2
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Dviejy etapy metodas

« K3 klasifikuosime ?

o Koordinatés, atstumai, »
. . . images :

prasmingi atstumai. B oy 348 YOLO pose Keypoint Fully connected
human body > pretrainedon | » Oatasetof6 | » neural network

keypoints skydiving - classes for keypoint
(t?gimval) dataset | (train/val/test) 7==-» classification

OR R

1813 images YOLO pose : S— i | |z Formation
0f 6 classes (A-F) —» keypoint ~ |------- !-OR--» datasetof6 | . | skydwmg class

(train/valitest) detection classes : detection
: (train/valitest) + | ( classification )

k - J OR : l
Step 1 : A
E Wrist distance -
[] - Dataset — > da;aset - i [ Predicted )
[_| - Model S |\ class
— invaltest \ /
[ - Action (WaR) "
L J
b &
Step 2
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Dviejy etapy metodas

« Kaip klasifikuosime ?
o Klasikiniai MM metodal
(PyCaret paieska),
o FCNN (Optuna paiesSka).

an%g:g?m YOLO pose Keypoint Fully connected
h pretrained on dataset of 6 neural network
uman body —» o ot i 1 ity SXEEEEEE :
keypoints skydiving : Qasses for k(_eypognt
(trainval) dataset | (train/valftest) 7==-» classification
OR R
1813 images YOLO pose : Morssspl P! Sk: s
of 6 classes (A-F)—»  keypoint  F------- +-OR--» e SRR detec?‘on
(train/valitest) detection : . : GO
: (train/val/test) + | ( classification )
L - OR 5 l
Step 1 : ! . 1
E Wrist distance L/
[] - Dataset — » datasetof6 | i [ Predicted )
[] - Model Chnnas class |
|—<‘ _ACSon (train/val/test) /,.r-
L J
ELJ
Step 2
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Nuoroda j video universitetas

YOLOv8n



https://youtu.be/fPjFh2v--Mk
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YOLO Pose apmokymas

64 pavyzdziai, 15 klino daliy. Nereikia detaliy.

No. Keypoint No. Keypoint

1 Head 9 Right hip

2 Neck 10 Right knee
3 Right shoulder 11 Right ankle
4 Right elbow 12 Left hip

5 Right wrist 13 Left knee

6 Left shoulder 14 Leflt ankle
7 Left elbow 15 Chest

8 Left wrist
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YOLO Pose apmokymas _—

Y OUGIRGse pretrained on 64 skydiving samples niversitetas

person 0.84on (.81
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Nuoroda j video.


https://youtu.be/Nyi7aNmGQ5c?si=3RTgeqHBsRT4rhRp

Koordinaciy klasifikavimas

Vilniaus
Table 5: Two-step approach, keypoint-based classification results, LightGBM classifier universitetas
Class Validation Data Test Data
Precision Recall F1-Score Precision Recall F1-Score

A 0.67 0.61 0.64 0.67 0.61 (.64

B 0.46 .44 0.45 (.46 0.44 (.45

C (.52 0.49 .50 (.52 0.49 (.50

D (.54 0.46 (.50 (.54 (.46 (.50

E (.45 0.51 0.48 0.45 (.51 (.48

F (.51 (.59 .55 (.51 (.59 (.55

Accuracy 0.52 (.52

Macro Avg (.52 (.52 .52 (.52 (.52 ).52

Weighted Avg (.52 .52 0.52 (.52 .52 (.52

Table 8: Two-step approach, keypoint-based classification results, FCNN classifier

Validation Data Test Data
Class
Precision Recall F1-Score Precision Recall Fl1-Score

A (.69 ().05 0.61 (.62 ().50) (.70
B (.61 (.42 ().50) ().60) (.30 (.40
C ().70) (.82 0.76 ().88 (.70 (.78
D (.55 (.63 (.59 (.67 ().80) 0.73
E ().H& 0.67 .62 ().54 (.70 .61
F (.66 (.66 (.66 0.67 (.60 (.63
Accuracy 0.63 0.65
Macro Avg (.63 (.62 (.62 (.66 (.65 (.64
Weighted Avg (.63 (.63 .62 ().66 (.65 (.64
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Atstumuy klasifikavimas

Vilniaus
Table 6: Two-step approach, distance-based classification results, CatBoost Classifier univerSitetas
Class Validation Data Test Data
Precision Recall F1-Score Precision Recall F1-Score

A (.92 ().94 (.93 0.77 1.00 (.87

B ().88 ().88 (.85 1.00 (.50 (0.67

C (.92 (.95 (.94 1.00 ().80) (0.89

D ().86 (.89 (.88 ().88 0.70 0.7

E ().82 ().82 (.82 (.60 (.90 (.72

F (.97 (.90 (.93 (0.91 1.00 (.95

Accuracy (.90 (.82

Macro Avg ().90) ().90) (.90 ().86 (.82 (.81

Weighted Avg ().910) ().90) (.90 ().86 (.82 (.81

Table 9: Two-step approach, distance-based classification results, FCNN classifier

Validation Data Test Data
Class
Precision Recall F1-Score Precision Recall F1-Score

A (.96 (0.90 (0.93 (.91 1.00 (.95
B (.92 ().95 0.93 ().80 ().80) (.80
C ().85 .95 0.89 ().89 (.80 (.34
D (.88 (.91 (.90 1.00 (.90 (.95
E (.96 ().88 (.92 (.91 1.00 (.95
F (.93 (.90 (.91 1.00 1.00 1.00
Accuracy 0.91 (.92
Macro Avg (.92 .91 0.91 .92 .92 ().92
Weighted Avg .91 .91 0.91 .92 .92 ().92

19/30



Prasmingu atstumuy klasifikavimas

Table 7: Two-step approach, wrist distance-based classification results, CatBoost Classifier

Class Validation Data Test Data
Precision Recall F1-Score Precision Recall F1-Score

A (.96 (.96 (.96 1.00 1.00 1.00
B ().90) .93 (.92 ().90 ().90 (.90
C ().90) ().95 .94 ().90 ().90 (.90
D (.85 .79 (.51 (.82 (.90 (.36
E ().84 (.82 .83 (.89 ().80 (.84
F (.95 (.90 (.93 1.00 1.00 1.00
Accuracy (.90 (.92
Macro Avg ().90) ().90 (.90 (.92 .92 (.92
Weighted Avg ().90) ().90 (.90 (.92 .92 (.92

Vilniaus

universitetas

Table 10: Two-step approach, wrist distance-based classification results, FCNN classifier

Validation Data Test Data
Class
Precision Recall F1-Score Precision Recall F1-Score

A (.94 .96 (.95 .91 1.00) (.95
B .95 .95 (.94 ().82 (.90 (.36
C ().88 .95 (.90 1.00 (.50 (.39
D ().89 (.89 .89 1.00 1.00 1.00
E ().89 (.89 .89 1.00 1.00 1.00
F (.97 ().89 .93 1.00 1.00 1.00
Accuracy .92 .95
Macro Avg (.92 .92 .92 ().95 .95 (.95
Weighted Avg (.92 .92 .92 ().95 .95 (.95
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Rezultaty palyginimas

Table 11: Comparison of weighted F1-scores across classification approaches

Vilniaus

universitetas

Approach Formation classifier Weighted F1-score
Validation  Test
Two-step (keypoint-based) Light GBM 0.52 0.52
Two-step (keypoint-based) FCNN 0.62 0.64
Two-step (distance-based) CatBoost 0.90 0.82
Two-step (distance-based) FCNN 0.91 0.92
Two-step (wrist distance-based) CatBoost 0.90 0.92
Two-step (wrist distance-based) FCNN 0.92 0.95
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i Ar galime interpretuoti formacjg kaip grafg
O kalp.Su ir taikyti GNN modelius?
grafais?

22/30



Vilniaus
universitetas

23/30



Modelio paieska

PaieSka tarp 576 galimy modelio
varianty (grid search),

Pagrindinis pozymis - kiino dalies
koordinates:

o Auksciausias rezultatas,
klasifikavimo tikslumas 0.7464,

Truksta pozymiy?
o Papildomi pozymiai - asmens id
ir kiino dalies id,

o AukScCiausias rezultatas, klasifik
avimo tikslumas 0.8148.

Vilniaus

universitetas
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Modelio paieska

Grafas nera jungus!

Apjunkime grafus krastinémis nuo
riesy iki kity kdno daliy:
o AuksCiausas rezultatas,
tikslumas 0.9383,

o Papildomas geriausio
modelio apmokymas,
rezultatas 0.9430,

Ar galime apmokyti rasti prasmingas
krastines?

Ankstesniuose tyrimuose geriausig
rezultatg parodeé atstumy pozymiai!

Vilniaus

Muiti-person Keypoint Graph

universitetas

Person 0
Person 1
Person 2
Person 3

25/30



Rezul
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taty palyginimas

Table 19: Summary ol [ormation classilication results. All experiments use generalconv layer type.

# 1 pre 1 mp 1 post Stage Agg Epochs Val Acc Test Acc
1 2 & 2 skipsum  add 2000 ().7464 0.7200
Dataset: Node: (z, y), skeleton edges, 4 disconnected persons

2 | & 2 stack add 2000 (.8148 0.8200
Dataset: Node: (person id, kp id, x, y), skeleton edges, 4 disconnected persons

5 2 & 3 stack max 2000 (0.9430 0.9200
Dataset: Node: (person id, kp id, x, y), wrist cross-person edges, 3 seeds

§ 2 & 3 stack max 2000 (.9231 0.9700

Dataset: Node

> (person id, kp id, z, y), wrist cross-person edges | euclidean edge distance, 3 seeds
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Isvados

* Vien koordinacCiy naudojimas klasifikavimas néra pakankamas.
 Prasmingy kino daliy naudojimas gali pagerinti klasifikavimorezult
atg.

« Atstumy panaudojimas klasifikavimui yra tinkama strategija siekiant
auksto klasifikavimo rezultato. Tg patvirtina skirtingos strategijos
antrame klasifikavimo etape.

* Dviejy etapy metodas yra tinkama strategija figtry klasifikavimui ir
gali bati naudojamas kino padéties sekimui ir tasky skaiCiavimui
parasiuty sporto laisvojo kritimo deriniy disciplinoje.
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Tolimesni darbai

» Apibendrinti tyrimus ir pateikti publikacijg j zurnalg Clarivate Web of Science
duomeny bazéje su citavimo rodikliu.

* Disertacijos rengimas.
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Klausimai?
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