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Egzaminai 2023/2024 (I pusmetis)

Planas

Ivykdyta Bukleé

Gilieji neuroniniai tinklai
(2024 m. birzelio mén.)

Gilieji neuroniniai tinklai I$laikytas

(2024 m. birzelio mén.)

Dalyvavimas konferencijose 2023/2024 (II pusmetis)

Planas

Ivykdyta

Konferencijos tipas

Dalyvavimas The 16th International
Baltic Conference on Digital Business
and Intelligent Systems

(2024 birzelio 20 — liepos 3)

Algimantas Skuodis and Olga
Kurasova, Evaluation of Deep
Learning-Based Models for
Recognition of Skydiving
Formations, The 16th International
Baltic Conference on Digital
Business and Intelligent Systems,
2024 birzelio 20 — liepos 3

Tarptautiné
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Publikacijos 2023/2024 (II pusmetis)

Planas

Ivykdyta

Bukle

Publikacijos tipas

Communications in
Computer and
Information
Science, vol 2157.
Springer

Skuodis, A., Kurasova, O. (2024).
Evaluation of Deep Learning-Based
Models for Recognition of Skydiving
Formations. In: Lupeikiene, A., Ralyte,
J., Dzemyda, G. (eds) Digital Business
and Intelligent Systems. DB&IS 2024.
Communications in Computer and
Information Science, vol 2157. Springer,
Cham. https://doi.org/10.1007/978-3-
031-63543-4 14

Publikuota: 2024-05-23

Be cituojamumo
rodiklio
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Ty ri m q Masininio mokymosi metodai keliy asmeny

_ klno padeties sekimui realiuoju laiku.
objektas



Tikslas
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Sukurti masininio mokymosi metodg keliy
asmeny kino padeties sekimui realiuoju
laiku, skirtg kiino padéties sekimui ir tasky
SkaicCiavimui parasiuty sporto laisvojo kritimo
deriniy disciplinoje.
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Uzdaviniai

|Stirti modernius masininio mokymosi metodus, naudojamus keliy asmeny kino
padeéties sekimui realiuoju laiku.

Sukurti duomeny 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 parasSiuty sporto laisvojo kritimo deriniy disciplinoje.

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

Atlikti eksperimentinius tyrimus ir jvertinti pasitlytg metodg naudojant kitus
atvirus duomeny rinkinius, dazniausiai naudojamus keliy asmeny kiino padéties
identifikavimo metody vertinimui.



4 kilometrai

Laisvojo 10 tury / Suoliy

Kritimo 35 sekundés laisvojo kritimo

derinial 5-6 burty bldu istrauktos figtros
Viso 16 figury ir 22 blokai (2 figuros)
t.y., 60 skirtingy formacijy







P r O b I em a * 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



Experimentinis
duomeny rinkinys

» Pirmos SeSios figlros
(AiBiciDiElF)i

e 2946 vaizdal,
6 klasés,
Suvienodintas dydis,
Pasalintos Siukslés,
Padalinta 80/20.
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Pasirinktl modelial

* ResNet,
o EfficientViT,
« FastViT,
« ConvMixer.

Kodél Sie?




ResNet : =»
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https://arxiv.org/pdf/1512.03385.pdf

Class: A,B,C.... -MLP Head
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Visual Transformers

Transformer Encoder

3 4 5 6 7 {3

(VIT) :

An Image Is Worth 16x16 Words: Transformers For Image Recognition At Scale

Paskutiniu metu gerus rezultatus rodo transformeriy tinkly architekttra
paremti asmeny kino padéties atpazinimo ir sekimo metodai,

* Vieni jy naudoja konvoliucinius tinklus kaip pagrindg ir veliau
naudoja transformerius kuno daliy esminiy tasky susiejimuli,

* Antri, bando naudoti tiktai transformerius kiino padéciy atpazinimui,
* VIT - labai daug varianty (pvz ntps:/igithub.com/ucidrainsivit-pytorch),

* llgas mokymo laikas,

* Didelis parametry kiekis,

* Reikalauja didelio duomeny kiekio mokymams,

Todél pasirinkti EfficientViT ir FastViT:

f f f f f

Linear projection of flattened patches

Figure 3: Architecture of Vision Transformers (ViT).
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Figure 4: Transformer Encoder.



https://arxiv.org/pdf/2010.11929.pdf
https://arxiv.org/abs/2305.07027
https://arxiv.org/abs/2303.14189

ConvMixer

Patches Are All You Need?

CHETEN

Ar VIT geresni dél Transformeriy architektaros, ar,
IS dalies, dél skiauciy kaip jvesties panaudojimo ?

* Nebéra Transformeriy bloky,

« TaCiau pradiné jvestis kaip VIT - skiautémis,
» Toliau d kiekis ConvMixer bloky,

« Labai paprasta architekttra,

« Parametry maziau nei ViT,

» Rezultatai geresni nei ResNet-152 ar kai kuriy VIiT
modeliy*

(* pagal autoriy eksperimenty rezultatus )
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https://arxiv.org/pdf/2201.09792.pdf

Aplinka

https://mif.vu.lt/itwiki/hpc

VU HPC GPU telkinys,

 Kiekvienai uzduociai haudojami 2
GPU.



https://mif.vu.lt/itwiki/hpc

Augmentavimas

« Atsitiktinis (RandAugment),
« Stiprumas 9,

« Galima stiprumo sklaida 0.5,
« Augmentacijos - 2 is:

« 'AutoContrast’,'Equalize’,'Invert’,'Rotate’,'P
osterize','Solarize','SolarizeAdd','Color','Contr
ast','Brightness’,'Sharpness','ShearX','Shear
Y','TranslateXRel', Translate YRel'".

Magnitude: 9

Original ShearX

Magnitude: 17

ShearX AutoContrast

Magnitude: 28

Original ShearX AutoContrast

Figure 1. Example images augmented by RandAugment. In
these examples N=2 and three magnitudes are shown corre-
sponding to the optimal distortion magnitudes for ResNet-50,
EfficientNet-B5 and EfficientNet-B7, respectively. As the dis-
tortion magnitude increases, the strength of the augmentation in-
creases.

Saltinis: https://arxiv.org/pdf/1909.13719v2.pdf



Model ResNet50 ConvMixer EfficientViT ConvMixer

153620 mO 1024 20
Pretrained FALSE FALSE TRUE TRUE
Parameters 23,520,326 50,098,182 2,157,594 23,364,614
Accuracy of
class A 0.4390 0.8415 0.9390 0.9634
u class B 0.1129 0:4358 0.8548 0.9839
R e Z u I t at al class C  0.6471  0.2857  0.8908 0.9832
class D 0.4286 0.7959 0.7653 0.9082
class E 0.5600 0.7800 0.9400 0.9700
class F 0.1527 0.7939 0.8550 0.9924
F'1 score 0.3778 0.6415 0.8731 0.9677
+ Perkélimo mokymo atveju paimti (weighted)

modeliai pries tai apmokyti ImageNet-

1k, Model
« ConvMixer_h_d kur h skiaucCiy gylis

ResNet50 FastViT ConvMixer ConvMixer
~_ma36 153620 768 32

ir d ConvMixer bloky kiekis, Pretrained TRUE  TRUE  TRUE  TRUE

- FastVit-MA36, MA36 Zymi Parameters 23,520,326 42,858,306 50,098,182 20,345,862

Accuracy of

variantg su didesne jterpiniy dimensija,

» EfficientViT-MO, MO architektiros
variantas (ziaréti autoriy darba).

class A 0.9634 0.9756 0.9634 0.9756
class B 0.9677 0.9839 1.0000 1.0000
class C 0.9748 0.9832 1.0000 0.9916

class D 0.9184 0.9286 0.9286 0.9592
class E 0.9700 0.9600 0.9900 0.9900
class F 1.0000 0.9924 0.9924 1.0000

F1 score 0.9678 0.9712 0.9797 0.9865

(weighted)




Kuno daliy
ir Zmoniy
atpazinimo
modeliy
bandymal

» Pasirinkti modeliai:
* YOLOvV8n-pose
 YOLOVS8n
* YOLOV8x-pose-640
« DETR-ResNet-50




Vilniaus
https://youtu.be/fPjFh2v--Mk universitetas

YOLOv8n



https://youtu.be/fPjFh2v--Mk
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Rezultatal

Table 4: Proportion of frames with the lowest confidence levels of 0.50, 0.75, and 0.90 for detecting 4
and 3 human bodies

File Environment Total Confidence  Frames Proportion Frames Proportion
Frames Threshhold (> 3 bodies) (= 3 bodies) (= 4 bodies) (= 4 bodies)

1.mp4 Indoor 290 0.5 252 0.87 204 0.70

0.75 218 0.75 150 0.52

0.9 151 0.52 85 0.29
2.mpd  Outdoor 450 0.5 449 1.00 447 0.99

0.75 448 1.00 441 0.98

0.9 441 0.98 401 0.89
3.mp4 Indoor 450 0.5 442 0.98 414 0.92

0.75 431 0.96 369 0.82

0.9 392 0.87 256 0.57
4d.mpd Outdoor 443 0.5 397 0.90 334 0.75

0.75 322 0.73 198 0.45

0.9 191 0.43 70 0.16
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Rezultatal

Table 5: Average proportion of frames across all selected video files where three (or more) and four
(or more) bodies were detected with corresponding confidence thresholds

Confidence  Average proportion of frames Average proportion of frames

Threshhold (= 3 bodies) (> 4 bodies)
0.5 0.93 0.84
0.75 0.86 0.69

0.9 0.7 0.48




Isvados

« Galima pasiekti gana aukstg klasifikavimo rezultatg naudojant standartinius
vaizdy klasifikavimui skirtus modelius (6 klasiy atveju),

» Perkélimo mokymas stipriai pagerina rezultatg (pvz ResNet nuo 0.4 iki 0.9),

« ConvMixer pasieké geresn| rezultatg su mazesniu parametry kiekiu nei VIT ir
ResNet modelial,

» Pasirinktuose vaizdo jrasuose standartiniai YOLOv8n ir YOLOv8n-pose
modeliai sunkial atpazjsta zmones ir jy kiino dalis.

« Pasirinktuose vaizdo jrasuose standartinis transformeriy architekttira paremtas
DETR-ResNet-50 modelis atpazjsta trijy ar daugiau zmoniy kdinus su
klasifikavimo jverCiu >=0.9 vidutiniskai 70% vaizdo kadry.

« Pasirinktuose vaizdo jrasuose standartinis transformeriy architekttira paremtas
DETR-ResNet-50 modelis atpazjsta keturiy ar daugiau zmoniy kinus su
klasifikavimo jvercCiu >=0.9 vidutiniskai 48% vaizdo kadry.



Tolimesni darbal

« Eksperimentai su didesniu klasiy kiekiu (viso yra
60),

* Nauji modelial, jvertinti ConvMixer modelio
panaudojimo galimybe vaizdy segmentavimui ir
spartesniam formacijy identifikavimui,

* Pradéti ruosti publikacijg j zurnalg su citavimo
rodikliu.
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Saltiniai

. Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, and Neil
Houlsby. Animage is Worth 16x16 Words: Transformers for Image Recognition at Scale, June 2021.
arXiv:2010.11929 [cs]. URL.: http://arxiv.org/abs/2010.11929

. Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun. Deep Residual Learning for Image Recognition,
December 2015. arXiv:1512.03385 [cs]. URL: http://arxiv.org/abs/1512.03385

. Xinyu Liu, Houwen Peng, Ningxin Zheng, Yuging Yang, Han Hu, and Yixuan Yuan. EfficientViT: Memory
Efficient Vision Transformer with Cascaded Group Attention, May 2023. arXiv:2305.07027 [cs]. URL:
http://arxiv.org/abs/2305.07027

. Asher Trockman and J. Zico Kolter. Patches Are All You Need?, January 2022. arXiv:2201.09792 [cs]. URL:
http://arxiv.org/abs/2201.09792

. Pavan Kumar Anasosalu Vasu, James Gabriel, Jeff Zhu, Oncel Tuzel, and Anurag Ranjan. FastViT: A Fast
Hybrid Vision Transformer using Structural Reparameterization, August 2023. arXiv:2303.14189 [cs]. URL.:
http://arxiv.org/abs/2303.14189

. Phil Wang. lucidrains/vit-pytorch, February 2024. original-date: 2020-10-03T22:47:24Z. URL.
https://github.com/lucidrains/vit-pytorch
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Klausimaui?
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