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@ PROJENIN AMAGLARI

Trafik gozlem kameralarinda Canl video ak|§lar_|n|n gercek
derin 6grenme yontemleriyle zamanl olarak gelismis yapay
gercek zamanli video akisl zeka tekniklerikullanilarak

analizleri ile kotacul aktivite ve tespit edilebilmesi igin gerekli

olay tespitinin yapilabilmesi platform olusturulmasi

Derin 6grenme yontemleri ile yol
aginda trafik glvenligini riske atan
durumlarin otomatik olarak tespiti
ile karayolu/otoyol isletmecilerinin

olasi kazalari 6nleyici tedbirleri
hizli bir sekilde alabilmelerinin
saglanmasi

insan goziyle anlik tespiti
zor ve zaman alicl kétucul
aktivitelerin otomatik tespit
edilebilmesi

Farkli derin 6grenme
yontemlerinin test edilerek
literatlirdeki calismalardan

daha iyi sonug elde
edilebilmesine ¢alisiimasi

Ulusal kalkinma ve strateji
belgelerinde dncelik verilen
yapay zeka, blyuk veri, derin
6g8renme alanlarinda, yerli ve
milli drunlere
donusturulebilme kapasitesi
olan bir ¢6zim gelistiriimesi



TRAFIK GOZLEM KAMERALARINDA
VIDEO ANOMALI TESPITINiN FAYDALARI

Trafik g6zlem

Otoyol igletmecilerinin, Olasi olumsuz Video akislarindan Trafik kazalari ile kameralari yardimiyla
trafigin yonetiminden durumlarin (ikincil kétiicil durumlarin buna bagh elde edilen biytk
sorumlu yerel ve merkezi kazalar, yaya/hayvan tespit edilerek efektif 8liimlerin, yarali verinin analizi ile
y6énetimlerin karar vb. canhlilara zarar olay yénetimi sayilarinin ve maddi oper.a.svyonel
destek siireclerinindaha  verilmesivb.) 6nune yapiiabilmesi kayiplarin azalmasi verimlilige katki
etkin isletilebilmesi gecilebilmesi sunulmasi
v v v v
Trafikte kaybedilen Yakit tiiketiminde, sera Cevresel olumsuz saglik sorunlarmin
zamanin azaltiimasi gazi emisyonlarinda etkilerde azalma ve e
sayesinde is giicu disius kaydedilmesi ve kuresel iklim uygulanan tedavi
kaybinin ve dolayh ulke ekonomisine katki degisikligi A A S
maliyetlerin sunulmasi e ANEIn azalmasi ve iilke
onlenmesi g¢ozumune katki ekonomisine katki
saglanmasi sunulmasi



ULUSAL KAZANIM & PROJENIN ONEMI
Ulusal Kalkinma Planlari & Stratejik
Hedeflerle lliskisi

Ulastirma ve Ulusal Akilli Ulasim Mobilite Arag
11. Kalkinma Plani Altyapi Bakanllgul Sistemleri Stratejisi Teknolojileri Strateji 12. Kalkinma Plani
2019-2023 2019-2023 Stratejik Belgesi ve Yol Haritasi (2022) 2024-2028
Plani 2020-2023 Eylem Plan ' ©' haritas

vV v - v

2020-2023 Akilh Ulusal Yapay Zeka Yesil Mutabakat 2023 Sanayi ve

Sehirler Stratejisi ve Stratejisi (2021-2025) Eylem Plani (2021) Teknoloji Stratejisi
Eylem Plani

Ulusal Yapay Zeka
Stratejisi 2024-2025
Eylem Plani



&> LITERATUR CALISMALARI

CUHK UCSD Pedl [6) UCSD Ped2 [6] CUHK UCSD Pedl [6] UCSD Ped2 [6]
Avenue Avenue
[51 [5]
2015 Yanetal Two-Stream R- 79.6% 75.0% 91.7% 2018 Xu etal. ICN (Intra- N/A 82.0% 90.2%
ConvVAE frame Network)
3210 2016 Hasanetal  ConvAE 70.2% 81.0% 90.0% - 2018 Xuetal. SVM (Support N/A 94.1% 89.2%
2016 Zhangetal.  Method based NN 87.0% 91.0% Vector Machie)
on locality 2018 Wang et al. Tvif'o-stage 85.3% 77.8% 96.4%
sensitive (Hlsto.gra.m.s B
hashing filters thfe or%eu;a;ll on
- o o of optical tlow
- 2016 Colqueetal HOF (Histogram  N/A 72.7% 87.5% descriptor +
of Optical Flow) one-class SVM)
P[E0]Y 2017 Chong &Tay ST-AE 80.3% 89.9% 87.4% [[64] | 2018 Wangetal.  S2-VAE 87.6% 94.25% N/A
311 2017 Luetal ConvLSTM-AE  77.0% 75.5% 88.1% 2018 Liuetal. FFP (Future 85.1% 83.1% 95.4%
P[540 2017 Zhao etal. 3D-ConvAE 80.9% 92.3% 91.2% Frame
[[55] | 2017 Ionescuetal. Unmasking 80.6% 68.4% 82.2% Prediction)
2017 Luo et al. sRNN (Stacked 81.7% N/A 92,204 2019 Chuetal Sparse Coding 82.1% 90.6% 90.2%
RNN) Guided
. 8 Spatiotemporal
[56]" 2017 Sun&Liu GrowingGas N/A 93.8% 94.1% pe—
PN 2017 Luoetal. LSTM-AE 77% 75.5% 88.1% Learning (SCG-
[57] 2018 Leeetal. STAN 87.2% 82.1% 96.5% SF)
P[58]0 2018 Yangetal. ~ WCAE-LSTM 85.7% 85.1% 92.6% - 2019 Duman & OF-ConvAE- 89.5% 92.4% 92.9%
[[59] | 2018 Riberioetal. Conv-AE 77.2% 58.5% 84.7% Erdem LSTM
BBl 2018 Kiranctal.  CovnLSTM-AE  84% 74% 81% - 2019 Lietal U-Net, 84.5% 83.8% 96.5%
2018 Liuetal. Flownet + U- 85.1% 83.1% 95.4% oy BN
Net [16]Y 2019 Zhou etal. AnomalyNet 86.1% 83.5% 94.9%



<> LITERATUR CALISMALARI

CUHK UCSD Pedl [6] UCSD Ped2 [6] CUHK UCSD Ped1 [6] UCSD Ped2 [6]
Avenue Avenue
[51 . [5]
Song et al. GAN 89.2% 90.5% 90.7% 2020 Sunetal Adversarial 3D 88.9% 90.2% 91.1%
(Generative Autoencoder
skl 2020 Bansod & HoMM N/A 82.31% 94.16%
Lisinveid) Nandedkar (Histogram of
2019 Wuetal DeepOC (Deep 88.6% 83.5% 96.9% Magnitud d
One Class agnitude an
Neural Network) Momentum)
0, 0,
2019 Vuetal MLAD 52.82% 82.34% 99.21% 2020  Ganolratanaa DSTN (Deep 87.9% 98.5% 95.5%
(MultiLevel etal. Spatlotei.:npora.l
Anomaly Translation
Detector) Network based
2019 Gongetal. memAE 83.3% N/A 94.1% on GAN and
(memory- Edge Wrapping
augmented (EW))
autoencoder) 2020 Choetal. ITAE + NFs 85.8% N/A 97.3%
[[72] 2019 Yeetal AnoPCN 86.2% N/A 96.8% (el e
AP | ROnEnds | ANE A R 2 2020 Yuetal. VEC (Video 89.6% N/A 97.3%
Meunier (Appearance-
Motion Event .
Correspondence) Completion -
- 2019 Luetal. VAE + 85.78% 86.26% 96.06% Cloze Test)
Conv ST 2020 Dongetal.  Dual 84.9% N/A 95.6%
2020 Deepaketal. R-STAE 82% N/A 83% S
(Residual STAE discriminator-
using 3D based GAN
CONVLSTM) 2020 Lietal ST-CaAE 83.5% 90.5% 92.9%
[[761| 2020 Chenetal  U-Net 87.8% 89% 96.6% (Spatial-
2020 Nawaratneet ISTL 76.8% 75.2% 91.1%
al. (Incremental temporal
Spatiotemporal cascade
Learner) autoencoder)
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2020

2020

2021

2021

Yu et al.

Tang et al.

Zhou et al.

Luetal.
Park et al.

Chang et al.

Doshi &
Yilmaz

Saypadith &
Onoye

Samuel &
Cuzzolin

3D Wil
GAN and AE
CTH (Cloze test
helps)

IPR (Future
Frame
Prediction +
Reconstruction)
Attention-
Prediction
r-GAN

MNAD
(Memory-guided
Normality for
Anomaly
Detection)
CDDAE
(Clustering
Driven Deep
Autoencoder)
transfer learning
+ continual
learning
Multi-scale U-
Net (GAN-Deep
Generative
Network)
SVD-GAN
(Singular Value
Decomposition

GAN)

CUHK

LITERATUR CALISMALARI

UCSD Pedl [6]

UCSD Ped2 [6]

Avenue
[5]

N/A 95% 93%
89.6% N/A 97.3%
83.7% 82.6% 96.2%
86.0% 83.9% 96.0%
85.3% 83.7% 95.9%
88.5% N/A 97%

86% N/A 96.5%
89.6% N/A 97.8%
86.9% 85.3% 95.7%

89.82 % 73.26% 76.98%

2021

2022

2022
2022

2022

2023

Liu et al.

Cai et al.

Sabih &
Vishwalcarma

Guo et al.
Zhang et al.

Hao et al.

Sun et al.

HF2-VAD
(Hybrid
framework

that integrates
Flow
reconstruction +
Frame
prediction)
AMMC-Net
(Appearance-
Motion Memory
Consistency
Network)

CNN + Bi-
1.8TM
Self-training
NUFP (Non-
local U-Net
frame
prediction)
STCEN
(Spatiotemporal
consistency-
enhanced
network)
FTS-LSTM
(feature
trajectory—
smoothed

LSTM)

Avenue

[5]

91.1%

86.6%

N/A

86.6%
85.2%

86.6%

91.1%

UCSD Pedl [6]

N/A

N/A

94.8%

T4.7%
83.6%

82.5%

83.5%

UCSD Ped2 [6]

99.3%

96.6%

96.5%

88.1%
95.9%

96.9%

98.3%



<> LITERATUR CALISMALARI

CUHK UCSD Ped1 [6] UCSD Ped2 [6] CUHK UCSD Pedl1 [6] UCSD Ped2 [6]
Avenue Avenue
[51 [51
STD (spatio- 87.1% N/A 96.7% Taghinezha ~ MsMp-Net (Multi-Scale 89 838 97.6
. :;mlmfa:_ ; . dve Yazdi  Feature Memorization
1ssociation, -
[115) 2022 Guoctal. Sclf-training 86.6% 74.7% 88.1% sl I g D W)
. 2022 Zhangetal. NUFP (Non- 85.2% 83.6% 95.9% - 2023  Livd Double-Canny algorithm 859 - 959
local U-Net + Yolov4
frame
prediction) 2023  Aslam ve DeMAAE (Deep 834 90,7 96,2
2022 Hao et al. STCEN 86.6% 82.5% 96.9% Kolekar Multiplicative Attention-
l (Spatiotemporal . Based Autoencodel)
consistency-
enhanced 2023 Sophia ve PFPN-ADT (Panoptic - 9235 9423
network) . Chitra Feature Pyramid Network
2023 Sunetal FTS-LSTM 91.1% 83.5% 08.3% based Anomaly Detection
feature -
Erajectory— and Tracking)
smoothed 2023 Astrid vd. PseudoBound (Pseudo 87,10 - 98,44
- LST@ Anomaly-based Training)
2023 Lietal Multi-memory 84.34% N/A 96.75%
. video anomaly - 2023 Zhou vd. Memory-guided 87.6 = 97.8
detection Multilevel Embedding
algorithm
. 2023 Lietal. ACP-VAD 88.7% N/A 96.8% 2023 Zengvd. HSTGCNN (Hierarchical 87,51 83,39 97,73
(Adversarial Spatio-Temporal Graph
composite Convolutional Neural
prediction) Network)
2023 Wang ct al. STR-VAD 86.1% N/A 98.4%
. (spatio-temporal 2023 Sun ve Multi-timescale 92,8 - -
=i relationships) 549 Yang Trajectory Prediction
2023 Gayal & Patil HiS-Decp CNN 83.04% 74.73% 79.54%
yal (him‘-‘zli’c N (YOLOVS + DeepSort)
based 7 i i
o hunting - 2023  Zhang vd. Attention Mechanism 859 80,5 97.9
Sy o e 2023 Wang ve DSM-Net (Dual-Stream 88,6 - 983
tuned Deep- - Chen Memory Network)
C
=3 2024 Dilekve TL-FT-Based VAD 9841 100 100
Dener
2024  Niazvd. C3DN_AE Fusion 847 94.6 96,7
(Convolutional 3D
Autoencoder Fusion)



£ LITERATUR CALISMALARINDAN FARKI & MOTiIVASYON

[v

LiteratUr ¢alismalarinda video gbzlem
kameralarindan anomali tespitine

yonelik yapilan arastirmalarda, agirlikli
olarak kamuya acik kiyaslama veri
setleri kullanilmustir.

Bu veri setlerinde basari
performansini yukseltmek icin farkl
yontemlerden yararlaniimistir.

Gerc¢ek zamanliisleme icin uygun
video anomali tespit ydntemlerinde
eksiklik bulunmaktadir.

Literatlrde tespit dogrulugu ile
hesaplama karmasikligi arasindaki
dengeye fazla dikkat edilmemistir.




PROJE DETAYLARI




@ PROJENIN KAPSAMI

—< >— e
KMO guzergahindaki trafik gdzlem @ Literatur ¢alismalari ve 6rnek veri
, setleri g6z 6nunde

kamera goruntdlerini kullanarak _
bulundurularak proje

hibrit derin 6grenme
yantemleriyle canli video kapsamlnda kotucul aktivite
tespitine iliskin kapsamin

akislarinin analiz edilmesi, gercek I :
belirlenmesi

zamanl kéticil aktivite tespiti —~
TUBITAK TRUBA e-altyapisinda ticari bir GrGine donusturulebilmesi

farkh hibrit yéntemleri deneyere_k icin is birligi firsatlarinin
' akl.||l ulasim ve ak|II|.§eh|r olusturulmasi
projelerinde yararlanilabilecek
derin 6grenme tabanli yapay
zeka modeli gelistiriimesi,
basarisinin él¢ulmesi

Yerli teknoloji gelistirici firmalarla



an YONTEM

Hibrit Derin Ogrenme

Yapay Zeka

Bir bilgisayarin, bilgisayar Makine Ogrenmesi
kontrollii bir robotun veya biryazilimin Yapay zekanin bir altkiimesive
insan gdrevlerini yerine getirmesini bilgisayarlarin insanlar gibi Cok daha karmasik
ve insanlar gibi diistinmesini ogrenmesini ve davranmasini - ggrevleri gerceklestirebilen makine
saglama yontemi saglama bilimi 8grenmesinin alt kiimesi

Derin Ogrenme

1950°ler 1960’lar 1970'ler 1980'ler 1990°lar 2000'ler 2010'lar

Makine Ogrenmesi Yapay Sinir Aglari Derin Orenme




/o PLANLANAN CALISMALAR

Trafik gozlem kameralarinda goérunti
isleme tekniklerinin kullanilmasini konu
alan literatir calismalari gz ontinde
bulundurularak proje kapsaminda video
anomali tespitine iliskin cercevenin
olusturulmasi

Gelistirilecek modelin, yapay zeka
uygulamalari igin tasarlanmis, GPU
kartlara sahip makinalar Uzerinde
calistiriimasi

Gercek zamanli video akislarinin
analiz edilebilecegi platform, derin
6grenme yontemlerinin
gelistirilebilecegi, test edilebilecegi
gelistirme ortamlari olusturulmasi

GAN (Generative Adversarial Network),
GRU (Gated Recurrent Unit), LSTM (Long
Short Term Memory), MobileNet,
EfficientNet, YOLO (You Only Look Once),
Transfer Learning gibi derin 6grenme
teknikleri denenek daha iyi performans
sunan hibrit model ve ydntemler
gelistirilmesi

Trafik gzlem kameralarinda canli
video akisi analizi ve kétucul
aktivitelerin tespitinin yapilmasi

Literatlrde yaygin olarak tercih
edilen performans 6l¢cim
metrikleri (AUC, ROC egrisi,
Dogruluk vb.) kullanilarak
gelistirilen modelin basarisinin
Olctlmesi




jgi PROJE KAPSAMINDAKI iSLER

_ Yazilim ve sistem
lhtiyaca uygun donanim

Gerekli érnek veri setlerinin gereksinimlerinin kurulumlari,
ihtiyaclarinin tedarik edilerek tedarik edilmesi ve calisma icin yazilim gelistirme asamasina
gerekli yazilim ve sistem uygun hale getirilmesi gecilerek derin 68renme tabanli
bilesenlerinin kurulmasi canh video analiz yontemi
gelistirilmesi

R P o S

Ornek veri setleri ile testler Calisma performansinin

gerceklestirilerek iyilestirilmesi icin yapay

gelistirilen yéntemin zeka tabanh farkli hibrit
basarisi dlctlmesi yontemler denenmesi




-5 i PAKETLERI

Ornek Veri Setlerinin
Temini igin lzin
Sureglerinin
Baslatiimasi,
Yazilim ve Sistem J Verilerin Temini,

Gereksinimleri
Kurulumlari

) Hibrit Derin Modellerin Test
~ Veri Seti On Ogrenme Edilmesi ve Performans
Test Kamerasi Isleme Siregleri Modelleri Sonuglarin lyilestirme
Kurulumunun Geligtiriimesi Degerlendiriimesi
Tamamlanmasi,
TRUBA Platformu
Uzerinde Verilerin
Erigilebilir Hale
Getirilmesi




VIDEO GOZLEM KAMERALARINDA ANOMALI TESPITI

Girdi Videolan Veri : . Makina Orenmesi
i ) : L »  Ozellik Cikarimi = :
(Egitim Veri Seti) On Isleme & Algoritmasi
w
Girdi Videolar Veri . ) Egitilmis
i Seti —> A | » Ozellik Gik
(Test Veri Seti) On Isleme ezl el Ll ) Siniflandiric

l

Anomali Tespiti

h 4

Normal Kare

E ]

v

Anormal Kare




$o» KULLANILAN ARACLAR

, Python
Progr;ir:;la ma PyTorch |
1 Torchvision|
frans orme)

| ol
-

Tensorflow |

Kﬁtt’]phaneleﬁ Keras
Kullanilan Araglar . !

Scikit-learn

NumPy
OpenCV
Matplotlib

|
Pandas |
|
J
J

Geligtirme
Ortamlari TRUBA ‘

Jupyter NotebookJ
Visual Studio Codej




HEDEFLENEN CIKTILAR

Arastirmaci
Yetistirilmesine
Yonelik Ciktilar

Proje konusunu adresleyen Esma DILEKn
Doktora Tez ¢alismasi ile Ozgur TALIH'in
Yuksek Lisans Tez calismalarina katki
sunulmasi hedeflenmektedir.

o e e e e e P

LN

Gercek zamanli video
anomali tespiti yapabilen ve
trafik kontrol merkezlerinde

__________________________________________

Ekonomik/Ticari/Sosyal

Ciktilar kullanilan yerli yazilimlara
entegrasyonu mumkan bir
yapay zeka modeli

""""""""""""""""""""" \ gelistirilmesi
— Bilimsel/Akademik planlanmaktadir.
Canli video akislarinin analiz edilerek kotucdl Ciktilar Jl

aktivite tespitine imkan saglayacak bir yontem
gelistirilmesi, literattre katki sunmasi
hedeflenmektedir.

SCI indeksli bir makale ve bir konferans
bildirisi yayinlanmasi planlanmistir.




PROJE CIKTILARININ PAYLASIMI & YAYILIMI

Ulusal AUS
Uluslararasi Platformu

AUS Zirvesi AUS Turkiye
; Bulteni

-
AU
L] Turkiye

Webinari

GitHub

AUS Tirkiye & ¢ Proje
SUMMITS Web o Tanitim
Sitesi o ‘ Toplantisi
o




FF 1rafik gozlem videolarinin bilgisayar destekli
akillr sistemler ile analizi sayesinde, goruntuler
Uzerindeki degerlendirmelerde bilgisayar
kontrolu ve verilerin dogrulugunun artirilarak
insan kaynakli hata payinin azaltiimasi, ulke
ekonomisine katki saglanmasi

hedeflenmistir. ry




YURUTULEN CALISMALAR




IS PAKETI 1 (1-3 Ay)

Yazilim ve Sistem Gereksinimleri Kurulumlanr

Web sunucusunun
tedarik edilmesi,

gerekli yazilim ve
sistem bilesenlerinin
kurularak
yapilandiriimasi
TRU 2 orjtamlna erigim ’ TRUBA ortaminda 6rnek Al
igin gerekli kullanici/proje modeli olusturularak test
hesap bilgilerinin edinilmesi edilmesi

(Al) modeli gelistirebilmek icin
gerekli konfiglrasyon
ayarlarinin yapilmasi,

TRUBA ortaminda yapay zeka
katiphanelerin kurulumu




IS PAKETI 1 (1-3 Ay)
Yazilim ve Sistem Gereksinimleri Kurulumlari

13 OpenVPN Connection (TRUBA-genel)

Current State: Connecting

N ncaxerm

o X
et s o o Bon S s o
Sun Feb 18 15:08:55 2024 Note: Treating option -ncp-ciphers’as —data-ciphers’ (renamed in OpenVPN 2.5). kL ek T i e T 7 il _LC o) ¢
Sun Feb 18 15:08:55 2024 DEPRECATED OPTION: —cipher set to "AES-256-CBC” but missing in —data-ciphers ot *
Sun Feb 18 15:08:55 2024 OpenVPN 2.6.0 [git:v2 6.0/b5599466412dddb89] Windows-MSVC [S5L (OpenS5L)] Ny
Sun Feb 18 15:08:55 2024 Windows version 10.0 (Windows 10 or greater), amd64 executable o
Sun Feb 18 15:08:55 2024 library versions: Open5SL 3.0.7 1 Nov 2022, LZ0 2.10
(1) TRUBA-genel X ! MobaXterm
© Start local terminal
USEFI"IEI'HEZ |EdI|E-'k | | Find existing session or server name...
Password |........... | Recent sessions
B levrekl-172.16.7.1 (edil... B arf-ui-172.16.6.11 (edilek) BN barbunl-172.16.11.1 (e...
Save password >
5 [ ok | | cancel | =
VPN GUI 11.37.0.0/26.0

Disconnect | | Reconnect |

Please support subscrbing to the professional editon here: hitps://mabaxterm.mobatek.net
Hide




IS PAKETI 1 (1-3 Ay)
Kurulumlari

Yazilim ve Sistem Gereksinimleri

B leurek-172.16.7.1 (edilek)

o X

CI A A Y 2 &8 ¥ 0 X ©
Session  Servers  Tools  Games  Sessions  View spit  MultExec Tumneling Packages Settngs  Help Xserver  Exit _ m]
Qui nnect. [S7. lewrek1-172.16.7.1 (edliek) @
= ® By h @ X O
) ERRICIU W]+ ¢4 iiusisnsissinivinins USNGE whushbiibsnibithantimttistris " ~ E o]
L : 515 . ) ) : ] , )
an SE:;JQQE b‘agl ‘1 41\:1‘1 L B Sessions View Split MultExec Tunneling Packages Settings Help X server Exit
« Name e Number Quota(%)
~ Core-Hour Usage :edilek 0 hours &
L
Disk Quota .edﬂek
apptainer le Number Q {lek "
.cache «x»:t#xx:t#xxw»«x##xx»:txxw:t#x»:t#xx##xxww«xm«x»mxwmxxmxx#wx»w PR d . 'F
conda /miniconda3/envs/tf_gpu
canfig 4.2¢ conda install python=3.8 -y
ipynb_chedepoints 3 Build Cchannel
ipython ibgee_mutex conda_forge conda-forge
tx? openmp mutex 2_gnu conda-forge
o pypi @  pypl
v age metadata (repodata.json): done pypi_@ pPYpL
pki ronment: done pypil_8@ pypl
larity ) a - :
i £ B BTl £ Lo i pyhdgedlab_o conda-forge
argon2-cffi pyhdgedlab_o conda-forge
I‘WVE‘;I“DWM environment location: /truba/home/tbagi5i/miniconda3/envs/tf_gpu argen2-cffi-bindings pv39hc11eb140 conda-faorge
miniconda3 exf] 7 priad) arrow pyhd8edlab_a conda-forge
andemand - python=3.8 pvthedlab ¢} conda-forge
path (] pypL
peris vthedlqb ¢} conda-forge
Usktencorfion The following packages will be downloade Py E ge
bash_hitory PypL
bash_profile conda-forge
) bastrc pvthedlab ¢} conda-forge
) profie hgfeadld_a conda-forge
wmtjmmy pyha770c72_0 conda-forge
vinin
autharty The following packages will be UPDATED: mk L
¢ conda-forge

" Deneme. pynb

" Deneme VT.ipynty
= ilsvrc2012_wordnet_lemm
1) pytorch_test.py

I pytorch_test_job.err

&& Remote monitoring

[ Follow terminal folder

certifi conda-forge/noarch:: certifi-2623.11.1~ — pkgs/main/linux-64

Downloading and Extracting Packag

done
done

Preparing transaction:

UNREGISTERED VERSION - Please support MobaXterm by subscrbing to the professional edition here: https://mobaxterm.mobatek net

ertifi-2024.2.2-py38h06a4308_0

]
R Aonitoring

[ Follow terminal folder

cached property
cached_property
cachetool

UNREGISTERED VERSION - Please support MobaXterm by subscribing to the profassional edition here: http

pv38h;deecbd ¢}
hSeeelgb 7
hSeeelgb_7

h2531618 @8
h7b6447c_8
hseeelsb 8
hecad3es_ 8
hdgedlab 1
pyha770c72_1
pypT,7E|

//mobaxterm.mobatek.nat

conda-forge
conda-forge
pypi
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1 < C @  © Notsecure hitps//172.16.0.200/pun/sys/dashboard/batch_connect/sys/bc_jupyter/session.. & % @ B O O %

« C [ O Notsecure hitps//172.16.0.200/pun/sys/dashboard a O R O a% |

(OPEN
OpD

v ) My Interactive Sessions - Oper X+ - [u] X
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Yazilim ve Sistem Gereksinimleri Kurulumlanr

) My Interactive Sessions -Oper X _ Home x  +

> G m © Not secure

+//172.16.0.200/node/levrek154.yonetim/41083 /tree? @q

"~ Jupyter

File View Settings Help

™ Fles | © Running

Select items to perform actions on them,
-,/

) Name

O hellowerld

O = miniconda3

O = ondemand

O ™ path

O peris

O ™ yak-tensorflow

[J = VAD Folder

O ™ ViT_Folder

[0 (A Deneme_ViT.ipynb

O [ Denemeipynb

O O ilsvrc2012_wordnet_lemmas.txt
O O pytorch_test jober

O D pytorch _test job.info

O O pytorch_test job.out

O D pytorch_test job.slurm

O @ pytorch testpy

O O runner_keras_model_3.slurm
0 M santabarbara-bigjeg

O D submit-tensorflow-job.sh

S ——

#) My Interactive Sessions - Opern X | _ Home X @ Deneme X
> C m © Notsecure  htps//172.16.0.200/node/levrek154.yonetim/41083/notebooks/Deneme.ipynb

~Ju pyter Deneme Last Checkpoint: 10 days ago

File Edit View Run Kemel Settings Help
B + X0 O » = C » Code v

import tensorflow as tf
print('tf version: ')
print(tf.__version_)
tf version

2.5.0

twhich python
/truba/home /edilek /miniconda3/bin/python
import torch

# setting device on GPU if available, else CPU

device = torch.device('cuda® if torch.cuda.is_available() else 'cpu')
print('Using device:', device)

print()

#Additional Info when using cuda
if device.type == ‘cuda':
print(torch.cuds.get_device_name(@))
print('Memory Usage:')
print('Allocated: ", round(torch.cuda.memory_allocated(8)/1824++3,1), 'GB')
print('Cached , round(torch.cuda.memory_reserved(8)/1824+%3,1), 'GB')

Using device: cpu

= @
e E O O%
A

Not Trusted

Jupyterlab (7 &  tfgpuenw O

[23: | import torch
import torch.nn as nn

dev = torch.device{"cuda") if torch.cudas.is_svsilable() else torch.device("cpu™)
t1 = torch.randn(1,2)

t2 = torch.randn(1,2).to(dev)

print(tl) # tensor([[-0.2678, 1.8252]])

print(t2) # tensor([[ ©.5117, -3.6247]], device="cuda:8")
t1.to(dev)

orint(tl) # tensor([[-9.2678, 1.9252]])
print(tl.is_cuda) # False

t1 = t1.to(dev)

print(tl) # tensor([[-8.2678, 1.9252]], device='cuda:@°}
print(tl.is_cuda) # True

class M(nn.Module):
def __init_ (self):
super().__init_ ()
self.11 = nn.Linear(1,2)

def forward(self, x):
— —
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Yazilim ve Sistem Gereksinimleri Kurulumlanr

- MobaTextEditor

File Edit Search View Format  Encoding Syntax Special Tools

mOM™S e X = ok # & & Q C LR AR A1) DI
tf_print_gpu.py

1limport tensorflow as tf

2 print('tf version: ')

3 print(tf.__version__)

4

5 import os

6 0s.environ['TF_XLA_FLAGS'] = '--tf_xla_enable_xla_devices'

7

8 print("GPUs: ", len(tf.config.experimental.list_physical_devices('GPU"')))

9

10 from tensorflow.python.client import device_lib

11 print("Local Devices:", device_lib.list_local_devices())
12

13 print('GPU List: ')

14 print(tf.config.list_physical_devices('GPU'))

15

16 strategy = tf.distribute.MirroredStrategy()
17|

18 print("Number of devices: {}".format(strategy.num_replicas_in_sync))
19

20 import atexit

21 atexit.register(strategy._extended._collective_ops._pool.close)

22

C\Users\UB10709\AppData\Roaming\MobaXterm\slash\RemoteFil UNIX Python 22 lines

| 4 test_job.slurm - Notepad

File Edit Format View Help

#1/bin/bash

#SBATCH -A edilek

#SBATCH -p debug # Debug=15 dk, Short=4 saat, Midl=4 gun, Mid2=8 gun
#SBATCH -C barbun-cuda

#SBATCH -1 tf_test_job # Gonderilen isin ismi

#SBATCH -o tf_test_job.out # Ciktinin yazilacagi dosya adi
#SBATCH --error=tf_test_job.err # Hatanin yazilacagi dosya adi
#SBATCH -N 1 # Gorev kac node’'da calisacak?

#SBATCH -n 1 # Ayni gorevden kac adet calistirilacak?

#SBATCH -c 4 # her bir gorev icin kullanilacak cekirdek adedi, varsayilan=1
# is icin talep edilen toplam cekirdek adedi = n x ¢

#SBATCH --time=0@:82:00 #varsayilan sure 2dk
echo "SLURM_NODELIST $SLURM_NODELIST™
echo -n "Isin ¢alistigi sunucu:™

hostname

eche -n "Isin ¢alismaya basladigi saat:"
date

python tf_print_gpu.py

echo -n "Isin sonlandigi saat:"
date

scontrol show job $SLURM_JOB_ID »» tf_test_job.info
exit]

Unix (LF)

Ln 28, Col 3

100%
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Yazilim ve Sistem Gereksinimleri Kurulumlari

B levrek1-172.16.7.1 (edilek) — O ®
-* o~ L1
EH &R o BB Y B2 & F 0 X o
Session  Servers | Tools Games  Sessions  View split  MultExec Tunneling Packages Settings Help
Guick conned | tf test_job.out - Notepad
J— File Edit Format View Help
w 4T A o
— '| Ok, . 1 |SLURM_NODELIST barbun129
\C1) P 1 el ét EeriE Tl Isin calistigi sunucu:barbunl29.yonetim
= Name ~ (tf_gpu) B Isin ¢alismaya basladigi saat:Sun Feb 18 23:49:42 +83 2024
~conda tf version:
.cache 2.5.8
.apptainer N
[ viT _Folder GPUs: 2
12 VAD_test_job.py Local Devices: [name: "/device:CPU:@"
[#] vAD_Folder

device_type: "CPU"

memory_limit: 268435456

locality {

¥

incarnation: 181885861592718890897
, name: "/device:XLA_CPU:8"
device type: "XLA_CPU"

memory limit: 17179869184
locality {

« I tf_test_job.slurm

) tf_test_job.out

=] tf_test_job.info

J) tf_test_job.err

12 tf_print_gpu.py

B cubmit-tensorflow-job.sh

| santabarbara-big.jpg
«lrunner_keras_model_3.slurm
« | pytorch_test_job.slurm

7 pytorch_test_job.out

E pytorch_test_job.info

) pytorch_test_job.err

E pytorch_test.py

=] lsvrc2012_wordnet_lemmas. tct

[ Deneme VIT.ipvnb he

incarnation: 16871283598867633959

physical device_desc: "device: XLA_CPU device”
, name: "/device:XLA GPU:0"

device type: "XLA_GPU"

memory limit: 17179869184

BB Remote monitoring 1 1 {
- ocality

[ Follow terminal folder

incarnation: 2011516018267633585

UNREGISTERED VERSION - Please support MobaXterm by subscribing to the professional edition here: https://mobaxterm.

physical_device_desc: "device: XLA_GPU device"
, name: "/device:XLA_GPU:1"

device type: "XLA_GPU"

memory_limit: 17179869184

Taralditn T

Unix (LF)

Ln1, Col 1

100%
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Ornek Yapay Zeka Modeli Gelistirilmesi

~ My Interactive Sessions - Open X Z Home x4+ —
& 3 G [  © Notsecure itps//172.16.0.200/node/levrek] 54 yonetim/10633/tree? a % e B O &
~ jupyter
File | View Settings Help
New 8 Console
Open from Path... | R
) ) I Terminal w2
s v M Markdown File
E " @ Python File - Last Modified
e 5 menths sgo
D 18 hours sg0
5 months ago
Dawnloa 4manths ago
Save and Export Notsbook As... ' last year

N last month

2 months ago

10 days ago
Log Out 10 days ago
Shut Down 15 hours ago

S Y E—— 3 years ago

O [ pytorch_test_job.err 10 days ago
O D pytorch_test job.info 10 days ago
O D pytorch_test_job.out 10 days ago
O [ pytorch_test_job.slurm 10 days ago
O @ pytorch testpy 10 days ago
O [ runner_keras_model_3slurm last month
[ M santsbarbara-sigjpg 3 years ago
O D submit-tensorflow-jobsh last month
O A t print_gpupy last month
O [ tf test jober 11 hours age
O D t test jobinfo 11 hours ago
O D t_test jobout 11 hours age

“

v ) My Interactive Sescions - Open X Home X B pytorch_test X+

€« 32 C M © Not secure  hitps://172.16.0.200/node/levrek154.yonetim/10633/notebooks/pytorch_testipynb

"~ Jupyter pytorch test Last Checkpoint: 27 seconds ago

File Edit View Run Kemel Settings Help
B+ XD O » m C » Code v
import torch

import torcn.nn as nn

# setting device on GPU if available, else CPU

device = torch.device('cuda’ if torch.cuds.is_svailanle() else
print('Using device:*, device)

print()

#Additional Info when using cuda
if device.type == ‘cuda’:
print(torch. cuds.get_device_name(a))
print( Memory Usage: ')
print(*Allocated: ', round(torch.cuda.memory_allocated(0)/1024%43,1), 'G8*)
print('Cached:  *, round(torch.cuda.memory_reserved(9)/1824+%3,1), 'GB')

dev = torch.device("cuda”) if torch.cuda.is_available() else torch.device("cpu”)

Using device: cpu

# Bu ornek https://machinelearningmastery.com/pytorch-tutorial -develop-deep-Learning-models/ adresinden alinmstar.

# pytorch mlp for binary classification
from numpy import vstack

from pandas import read_csv

from sklearn.preprocessing import LabelEncoder
from sklearn.metrics import accuracy_score
from torch.utils.data import Dataset

from torch.utils.dsta import Dataloader
from torch.utils.dsta import random_split
from torch import Tensor

from torch.nn import Linear

from torch.nn import Relll

from torch.nn import Sigmoid

from torch.nn import Module

from torch.optin import SGD

from torch.nn import BCELoss

from torch.nn.init import kaiming uniform_
from torch.nn.init import xavier_uniform_

JupyterLab (7

Trusted

8 tgpucn O
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Ornek Yapay Zeka Modeli Gelistirilmesi

' MobaTextEditor

al

File Edit Search View Fformat Encoding Syntax  Special Tools
BOM e e X x * X RQOQEm »)désnTss0

priorch_testpy O

1 import torch
Zimport torch.nn a3 mn

4» setting device on GPU if available, else CPU

sdevice = torch.device('cuda’ if torch.cuda.is_available() else 'epu')
6 print('Using device:', device)

7 print()

;udmtwnal Info when using cuda
10 if device.type = 'cud

print(torch. “cuda. get_device_name(8))
12 print(’ n;mory Usage:"'

13 print('Allocated:’, round(torch.cuda.memory_allocated(0)/1024x%3,1), 'GB')
14 print(" Cached *, round(terch.cuda.memery_reserved(8)/1024%#3,1), 'GB')
15
16

17/dev = torch.device("cuda") if torch.cuda.is_available() else torch.device("cpu")
18

mlu Bu ornek https: //machinelearningmastery.com/pytorch-tutorial-develop-deep-learning-models/ adresinden alinmistir
20

21# pytorch mlp for bmary classification

22 from numpy import vsta

23 from pandas import read csv

24 from sklearn.preprocessing import LabelEncoder
25 From sklearn.metrics import accuracy_score

26 from torch.utils.data import Dataset

27 from torch.utils.data import Dataloader

28 from torch.utils.data import random_split

29 from torch import Tensor

30 from torch.nn import Linear

31 from torch.nn import Re

32 from torch.nn import Sigmoid

33 from torch.nn import Module

34 from torch.optin import SED

35 from torch.nn import BCELoss

36 from torch.nn.init import kaiming_uniform_

37 from torch.nn.init import xavier_uniforn_

40|# dataset definition
41/class CSVDataset(Dataset)

E pytorch_test_job.slurm - Notepad

File Edit Format View Help

#!/bin/bash

#SBATCH -A edilek

#SBATCH -p debug # Debug=15 dk

#SBATCH -C barbun-cuda

#SBATCH -] pytorch_test_job # Gonderilen isin ismi

#SBATCH -N 1 # Gorev kac node'da calisacak?

#SBATCH -n 1 # Ayni gorevden kac adet calistirilacak?
# is icin talep edilen toplam cekirdek adedi = n x ¢
#SBATCH --time=00:83:00 #varsayilan sure 2dk

echo "SLURM_NODELIST $SLURM_NODELIST"

echo -n "Isin ¢alistigi sunucu:™

hostname

echo -n "Isin calismaya basladigi saat:"”
date

python pytorch_test.py

echo -n "Isin sonlandigi saat:™
date

scontrol show job $SLURM_JOB_ID »» pytorch_test_job.info

exit

42 # load the dataset
43 def __init__(self, path):
44 # load the csv file as a dataframe
45 df = read_csv(path, header=Nene)
46 # store the inputs and outputs
47 B .values[:, :-1]
48 self.y = df.values(:, -1]
49 # ensure input data is floats
50 self. X - self.X.astype(' Floatsz® )
51 # label encode target and ensure the vaLues are floats
52 1f.y = LabelEnceder().fit transform(sel
53 L3
sa self.y - self.y.reshape((Llen(self.y), 1))
55
56 # number of rows in the dataset
57 def len (self):
c il UNIX_ Python 187 lines  Row #20 Col #1

Unix (LF)

#SBATCH -o pytorch_test_job.out # Ciktinin yazilacagi dosya adi
#SBATCH --error=pytorch_test_job.err # Hatanin yazilacagi dosya adi

#SBATCH -c 4 # her bir gorev icin kullanilacak cekirdek adedi, varsayilan=1

Ln 13, Col 21

100%
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B levrek1-172.16.7.1 (edilek) - ]
'Y - 1 -
E % % & & @ B Y B & F 0 X ©
Session  Servers Tools Games  Sessions View Split MultExec Tunneling Packages Settings Help ¥ server Exit
Quick connect @

T+ T0O A | = .
— - s WO AN / bubmtted batch job 1462790 ] pytorch test job.out - Notepad

truba/home/edilek/| Ml (tf _opu) -4.2% squeue File Edit

Format View Help

 hame ~ OBID PARTITION NAME ]u.]sEE: BLURM_NODELIST barbun129
J4F test job.sh . LR Isin calistigi sunucu:barbun129.yonetim
“H_test jen.slrm t) Isin calismaya basladigi saat:Mon Feb 19 11:27:48 +83 2024
o | tf_test_job.out

. Using device: cuda
tf_test_job.info t)

| tf_test_job.err

] tf_print_gpu.py

Bl submit-tensorfiow-job.sh
2| santabarbara-big.jpg Cached: 8.9 GB

I runner_keras_model_3.slurm train_dl size: 235 test_dl size: 116
. | pytorch_test_job.slurm ePth 8

Ep\rmrchfbest.py ZEE;:: ;

pytorch_test.ipynb epuch; 3

ilsvrc2012_wordnet_lemmas. bt

epoch: 4
Deneme_WiT.ipynb Accuracy: 8.784
Deneme.ipynb

Predicted: 0.776 (class=1)
Xautharity Isin sonlandigi saat:Mon Feb 19 11:29:14 +83 2824
viminfo

nuthnn hictrre

| Tesla P100-PCIE-16GB
Memory Usage:
Allocated: 8.0 GB

t)

(tf_gpu) -

)

E Remote monitoring

O Follow terminal folder

UNREGISTERED VERSION - Please support Mobakterm by subscribing to the professional edition here: https://mobaxterm.mobaf

Unix (LF)

Ln1, Coll

100%
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TRUBA Sisteminde Al Modeli Calistiriimasi is Akisi

M
8
£
E
H
]
@
]
2
3
E

H
E

Uygulama Gel

On Hazirhk

A

|

uru Yapilmasi ve Hesal

Olusturulmas)

TUBITAK tarafindan gerekli kentroller
yapildiktan sonra, kullamici ad)/5ifre
bilgilerinin dogrulanan s-posts
adresine gondarilmesi

|

Uzaktan TRUBA sistamine erigim igin
OPEN VPN ve Windows ilstim
Sisteminde MOBAXTERM
uygulamalaninin kuruimasi

|

TUBITAK tarafindan saglanan erigim
bilgileri ilz OPEN VPN ve
MOBAXTERM uygulamalaring girig
yapilarak uzak erigim ayarlannin
yapilmas [TRUBA ve ARF sistemi icin
2ym ayri oturum ayarlarnin yapimasi)

Python kedunun hazifanmas: |

Betik dosyasinin (.sh veya slurm
uzantih) hazirflanmas!

igin segilen kuyruga génderiimesi ve
kuyrukta bekleme durumunun takibi

I

igin gikbilannin gériintilenmesi

onDemand Araylzd
Kullanarak vapay Zeka

TRUBA Ortaminin

vapiandinimas

i imesi

°
3
H

|

)

Ev dizining Miniconda’nin indirilerek
kurulmasi

[

Conda'min (Mini

nda| temel (base)

ortamni etkinlegtirmek igingv
dizininde yer alan .bash_profile
i

Baslangi; ayarannin exkiniemesi igin
Linux komut satnindan gikag
{exit/logeut) yapilarak tekrar TRUBA
sistemine giri iimasi

interaktif uygulamalardan Jupyter
Notebook secilmesi ve kaynak tahsis
edilmesi

I

Jupyter Notebook'un baglatiimas: ‘

eni Bir note dosyas!

alugturulmasi veya meveut bi

notebook dosyasinin agiimast

Jupyter Notebook’ta Python kodlan ile
gelistirme yapilmasi, varsa hatalann
giderilmesi (veya gerekli paketlerin

Jupyter Notebook’ta Python kodlan ile
geligtirme yapilmasi ve test edilerek
kodds herhangi bir hata olmadiginin

teyit edilmesi
T

TRUBA'da Sanal Ortam

Kullanarak Galisma

OnDemand Arayizin

|

2

TRUBA'da sanal ortam olugturuimasi

Olusturulan sanal artsmin, her oturum
agilginda aktif edilmesi icin
.bash_profile d

duyulan kitdphanelerin/paketierin

Olusturulan sanal ortama, ihtiyac ‘
kurulmas:

Interaktif caligma icin Jupyter
Notabook kurulmasi

]

sisterninde Galigt

'
Hatasiz oldugu teyit edilen Python
kodlarinin .py uzantil bir dosya olarak
TRUBA sistemi sunucusuna

l

Betik dosyasinin [.sh veya slurm
uzantili) hazirlanmasi

!

Isin secilen kuyruga gBnderilmesi ve
kuyrukta bekleme durumunun takibi

I

| Isin giktilzannin gariintdlenmesi

- !
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TRUBA Sistemi Kullanim Kilavuzu Hazirlanmasi

1
1
1
1
1
1 .
: ICINDEKILER 65, KUYRUKTAKI BIR i§i IPTAL ETME 43
1 1. TRUBA HAKKINDA 6.6, PALAMUT SUNUCUSUNA GECIS YAPMA ]
1 .
1 2. ON HAZIRUKLARIN YAFILMASI 5 67.  KISAYOL OLUSTURMA, 44
1
1 21.  TRUBA ORTAMI ERISIM HESABI OLUSTURULMASI 5 68 SANAL ORTAMI KLONLAMA 44
H 2.2.  UZAKTAN ERISIM iCiN GEREKLI UYGULAMALARIN KURULMASI ... . _...._.§ £.9.  SANAL ORTAMI KALDIRMA. 44
1
: 221 OPEN VPN KURULUMU. & 6.10. SANAL ORTAMLARI LISTELEME. 45
: 222 WINDOWSTA MOBAXTERM KURULUMU 7 611 PYTHON VERSIYONUNU GORUNTULEME 45
TR U BA Si STE M | KU LLAN | M 3. TRUBA ORTAMI YAPILANDIRMAS! 10 612, SECILEN PYTHON VERSIYONUNDA PAKET GUNCELLEMI
34, EVDIiZiNINE MINICONDA KURULUMU. 10 613, SIKISTIRILMIS DOSYAYI ACMA 45
3.2, TRUBA'DA SANAL ORTAM KULLANARAK GALISMA 12 614,  DOSYA/KLASOR SIKISTIRMA. 45
KI LAVUZU 221, SANAL ORTAM OLUSTURULMASI 12 6.15.  JUPYTER NOTEBOOK'TA OTOMATIK TAMAMLAMA ... 45
322, SANALORTAMA KUTUPHANELERIN/PAKETLERIN KURULUMU... 16 6.16.  DIZINDEKI DOSYA SAVISINI DERENME 46
2.3.  TRUBA SISTEMINDE JUPYTER NOTEBOOK KURULUMU .o 18 6.17.  TRUBA VE ARF ARASINDA DOSYA AKTARIMI 46
3.4, ARF SISTEMINDE JUPYTER NOTEBOOK KULLAMIMI ... ... ... .75 6.18.  ARF SISTEMINDE OONDA ORTAMININ YUKLENMES] 16
4. UYGULAMA GELISTIRILMESI 6 615, ARF SISTEMINDE YER ALAN YAPAY ZEKA ARACLARININ LISTELENMES...
41, PYTHON KODUNUN HAZIRLANMAS! 2% 6.20.  KigiSEL PAKET KURULUMU 46
4.2 BETIK DOYASININ HAZIRLANMASI 28
v s 4.3.  igiN KUYRUGA GONDERILMES] -]
Tirk Ulusal Biilim  =Altyapisi i i A
4.4, SN CIKTILARININ GORUNTULENMES] 3
5. OPEN ONDEMAND ARAYUZUNU KULLANARAK YAPAY ZEKA MODELI GELISTIRILMESI . 32
5.1.  INTERAKTIF UYGULAMALARDAN JUPYTER NOTEBOOK'UN SEGILMESI VE KAYNAK TAHSI
EDILMES] 32
5.2, PYTHON KODUNUN JUPYTER NOTEBOOK KULLANARAK GELISTI|
5.3.  BETIK DOYASININ HAZIRLANMASI a7
54, i5IN KUYRUGA GONDERILMESI 32
5.5 iSiN GIKTILARININ GORUNTULENMES] 39
5.6, ARFKULLANICI (izOME BAGLANTI 40
6. PRATIK BILGILER 41
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IS PAKETI 2 (1-4 Ay)

J

Ornek veri setleri temini igin
izin sureclerinin yarutulmesi

s Paketi
2

Ornek Veri Setlerinin Temini icin izin Siireclerinin Baslatilmasi, Verilerin
' Temini, Test Kamerasi Kurulumunun Tamamlanmasi, TRUBA Platformu
Uzerinde Verilerin Erisilebilir Hale Getirilmesi

TRUBA platfomu lizerinde
ornek veri setlerinin
erisilebilir hale
getirilmesi




IS PAKETI 2 (1-4 Ay)
Ornek Veri Setlerinin Temini icin izin Siireclerinin Baslatilmasi, Verilerin

'[emini, Test Kamerasi Kurulumunun Tamamlanmasi, TRUBA Platformu
Uzerinde Verilerin Erisilebilir Hale Getirilmesi
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IS PAKETI 2 (1-4 Ay)
Ornek Veri Setlerinin Temini icin izin Siireclerinin Baglatilmasi, Verilerin

'[emini, Test Kamerasi Kurulumunun Tamamlanmasi, TRUBA Platformu
Uzerinde Verilerin Erisilebilir Hale Getirilmesi

Kamera Modeli: PELCO P2820L-ESR



iS PAKETI 2 (1-4 Ay)

Ornek Veri Setlerinin Temini icin izin Siireclerinin Baslatilmasi,
Verilerin Temini, Test Kamerasi Kurulumunun Tamamlanmasi, TRUBA
Platformu Uzerinde Verilerin Erisilebilir Hale Getirilmesi
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I$ PAKETI 3 (4-7 Ay)
~~ Veri Seti On Isleme Siirecleri

» Veri seti on igleme adimlarinda yapilan tim igler igin gelistirilen Python kodlan *
" dosyasina kaydedilmistir.
Tum veri seti on igleme adimlari, 3 farkli veri seti igin ayr1 ayri uygulanmigtir.

Kamera No:
50+150

Kamera No:
206+200

Kamera No:
132+800




= IS PAKETI 3 (4-7 Ay)
Veri Seti On isleme Siirecleri-Egitim Videolarinin islenmesi

Icinde sadece normal kareler bulunan Egitim videolarinin (.mp4 formatinda) her biri okunarak karelerine

ayrilmis ve ayri ayri klasorlere kopyalanmistir (Train).
Her bir kamera no (132+800, 206+200, 50+150) igin bu islem tekrarlanmistir,
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000003.jpg 26 024-01-05 21:14  edilek thag151 .
000004 jpg 25 2024-01-05 21:14  edilek thag151 .
I 000005, jpg 6 2024-01-05 21:14  ediek thag151 T




IS PAKETI 3 (4-7 Ay) _
Veri Seti On Isleme Surecleri-Egitim Videolarinin Islenmesi

W levrek1-172.16.7.1 (edile - o b
.2 o -3
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e Egitim icin secilen videolarin karelerinin ¢ikariimasi

e Karelerin 224x224 px olarak yeniden boyutlandiriimasi

e Karelerin gri tonlamaya donustlrilmesi ve numaralandirilarak 8-bit .jpg formatinda
dosya olarak TRUBA ortamina kaydedilmesi




IS PAKETI 3 (4-7 Ay)
=~ Veri Seti On isleme Siirecleri-Test Videolarinin islenmesi

Icinde normal & anomali kareler bulunan Test videolarinin (.mp4 formatinda) her biri okunarak

karelerine ayrilmis ve ayri ayri klasorlere kopyalanmistir (Test)
Her bir kamera no (132+800, 206+200, 50+150) icin bu islem tekrarlanmistir.
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[ | DURAN PAKET £ | ftru ha_scratc hitbag151/KMO Sample Dataset/Test/132+800/ v
[ TRAFIK KAZASI [ 1324800 Name miTO
- +* 0% Ol /I
[ YAVAS GIDEN ARAC [ 206+200 i
]_ ©ososiso | --- ftruba_scratch/tbag151/KMO_Sample_Dataset/Test/132+800/Test01/ v
Testdl
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) 5 000005.jpg 24 2024-01-05 21:43  edilek thag151 W




IS PAKETI 3 (4-7 Ay)

Veri Seti On isleme Siirecleri

Egitim /
VEULESY

Verilerin Karelerin Test veri

Gri tonlamaya

. Normalizasyon

etiketlenmesi cikanimasi donustiirme

setlerinin
olusturulmasi




IS PAKETI 3 (4-7 Ay)
Veri Seti On Isleme Surecleri

> Veri Etiketleme

> Test Veri Seti

}Validasyon Veri Seti

> Egitim Veri Seti

Egitim ve Test
videolarindaki
kareler (Train01,

Training_dataset Validation_dataset

Etiketlenmis tim
klasoru altinda klasoru altinda

kareler,

Train02, Test01, Training_dataset bulunan Normal ve f bulunan Normal ve Y
Test02, vb. klasori altinda Anomaly Anomaly

klasorlerde yer alan) Normal ve klasorlerindeki klasorlerindeki
Normal/Anomaly Anomaly olarak iki karelerden rasgele karelerden rasgele
olarak etiketlenerek ana sinifa %20’si secilerek %20’si segilerek

etiket bilgileri ayriimistir. Validation_dataset Test_dataset
observed.m olusturulmustur. olusturulmustur.
dosyasina

kaydedilmistir.




= IS PAKETI 3 (4-7 Ay)
7~ Veri Seti On isleme Suirecleri - Egitim/Validasyon/Test
Veri Setlerinin Olusturulmasi

Kamera No Etiketi
Normal 5.060 1.012 6.326

50+150 Anomali 10.944 2.189 548 13.681
Toplam 16.004 3.201 802 20.007

Normal 7.705 1.352 339 8.452
206+200 Anomali 9.914 1.791 448 11.195
Toplam 17.619 3.143 787 21.549

Normal 9.841 19.68 493 12.302
132+800 Anomali 2.892 579 145 3.616
Toplam 12.733 2.547 638 15.918



Setlerinin Olus

IS PAKETI 3 (4-7 Ay)
Veri Seti On isleme Siirecleri-Egitim/Validasyon/Test Veri

turulmasi
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- I$ PAKETI 3 (4-7 Ay)
im Veri Seti

Veri Seti On isleme Siirecleri-Egit
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IS PAKETI 3 (4-7 Ay)
Veri Seti On isleme Siirecleri-Test Veri Seti
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IS PAKETI 4 (7-15 Ay)
Hibrit Derin Ogrenme Modelleri Gelistirilmesi

— T~
o R

Girdi Video Kareleri Girdi Video Kareleri
(Egitim Veri Seti) (Test Veri Seti)
Veri On isleme Veri On isleme
r—-——— - - 1

| = |

: Video | Ozellik Gikarimi Ozellik Gikarimi

- Anomali i

: Tespitl : Hibrit Derin Ogrenme Modeli Egitimis Siniflandirici

-

Video Anomali Tespiti

Model Performansinin Analizi & Karsilastiriimasi




IS PAKETI 4 (7-15 Ay)
Hibrit Derin Ogrenme Modelleri Gelistirilmesi

Transfer Learning-Fine Tuning Based Video Anomaly
Detection (TL-FT Based VAD)
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IS PAKETI 4 (7-15 Ay)
Hibrit Derin Ogrenme Modelleri Gelistirilmesi
" TL-FT Based VAD / Temel Modeller (Keras Uygulamalari)

VGG16 VGG19 MobileNetV3Small il MobileNetV3Large

InceptionV3 EfficientNetBO EfficientNetB1 EfficientNetB2

EfficientNetV2B0

EfficientNetB6 EfficientNetB7

ResNet101V2 DenseNet 121 NASNetMobile NASNetLarge ConvNeXtTiny




IS PAKETI 4 (7-15 Ay)
Hibrit Derin Ogrenme Modelleri Gelistirilmesi
"7 TL-FT Based VAD - Kamera No:132+800
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Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (50+150)

Sy R Training L Prediction - sy A
Validation | Validation a Validation A Training Validation Prediction
Loss Accuracy S AGEITERY) HHE AUC Tlm:g;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

ConvNeXT 0,0006 0,9997 0,0096 0,9975 0,9982 0,9982 0,9982 0,9971 0,0329 0,0228 <0,0000 527 73 <0,0000
EfficientFormer 0,0003 1,0000 0,0099 0,9988 1,0000 0,9982 09991 0,9991 10,0183 0,0131 <0,0000 293 42 <0,0000
FasterViT 0,0042 0,9988 0,0279 0,9963 0,9964 0,9982 0,9973 0,9952 0,0236 0,0184 <0,0000 377 59 <0,0000

LeViT 0,0029 1,0000 0,0126 0,9975 0,9982 0,9982 0,9982 0,9971 0,0207 0,0200 <0,0000 332 64 <0,0000
MobileViT 0,0022 0,9997 0,0128 0,9988 1,0000 0,9982 09991 0,9991 10,0288 0,0266 <0,0000 461 85 <0,0000

SegFormer 0,0005 0,9997 0,0118 0,9988 1,0000 0,9982 09991 0,9991 10,0735 0,0525 <0,0000 1.176 168 <0,0000

SwinTransformer 0,0002 1,0000 0,0169 0,9988 1,0000 0,9982 0,9991 0,9991 10,0305 0,0219 <0,0000 488 70 <0,0000

SwinTransformerV

> 0,0006 1,0000 0,0122 0,9988 1,0000 0,9982 0,9991 0,9991 10,0647 0,0369 <0,0000 1.035 118 <0,0000
0,0027 0,9988 0,0261 0,9950 0,9945 0,9982 0,9964 0,9932 0,0649 0,0353 <0,0000 1.039 113 <0,0000

isionTransformer

0,0000 1,0000 0,0083 0,9988 1,0000 0,9982 0,9991 0,9991 0,2320 0,1250 <0,0000 3.713 400 <0,0000
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[]] Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (206+200)

S o Training S Prediction o N S )
Validation | Validation Test Loss | Test Accuracy AUC Time/Frame 'Valldatlon T . Training Time) Va!ldatlon Pr('edlctlon
Loss Accuracy (s) Time/Frame (s) (s) Time (s) Time (s)

0,0001 1,0000 0,0000 1,0000 1,0000 1,0000 1,0000 14,0000 0,0301 0,0226 <0,0000 530 71 <0,0000

EfficientFormer 0,0001 1,0000 0,0000 1,0000 1,0000 1,0000  1,0000 14,0000 0,0348 0,0350 <0,0000 614 110 <0,0000
FasterViT 0,0021 0,9994 0,0002 1,0000 1,0000 1,0000  1,0000 14,0000 0,0295 0,0235 <0,0000 520 74 <0,0000
0,0018 0,9997 0,0012 1,0000 1,0000 1,0000  1,0000 14,0000 0,039 0,0496 <0,0000 697 156 <0,0000

MobileViT 0,0097 0,9972 0,0090 0,9975 1,0000 0,9955 0,9978 (0,9978 0,0379 0,0369 <0,0000 668 116 <0,0000
SegFormer 0,0002 1,0000 0,0000 1,0000 1,0000 1,0000  1,0000 14,0000 0,0747 0,0897 <0,0000 1.317 282 <0,0000
SwinTransformer 0,0017 0,9994 0,0016 1,0000 1,0000 1,0000  1,0000 14,0000 0,0469 0,0455 <0,0000 826 143 <0,0000
SwinTransformerV 2] 0,9997 0,0002 1,0000 1,0000 1,0000 1,0000 14,0000 0,0639 0,0668 <0,0000 1.126 210 <0,0000
isionTransformer 0,0033 0,9991 0,0008 1,0000 1,0000 1,0000  1,0000 14,0000 0,0657 0,0363 <0,0000 1.158 114 <0,0000

iTHybrid 0,0046 0,9984 0,0112 0,9936 0,991 0,9978  0,9944 0,9930 0,2555 0,1696 <0,0000 4.501 533 <0,0000
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Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (132+800)

iy iy Training L Prediction . i s
Validation | Validation a Validation A Training Validation Prediction
Loss Accuracy UESE oSS || RS ACHIITELR) HHE AUC Tlm:i:;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

ConvNeXT 0,0004 1,0000 0,0014 0,9984 0,9932  1,0000 0,9966 0,9990 0,0432 0,0526 <0,0000 550 134 <0,0000
EfficientFormer 0,0011 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0360 0,0330 <0,0000 459 84 <0,0000

Faste 0,0025 0,9996 0,0046 0,9969 0,9864  1,0000 0,9932 0,9980 10,0197 0,0157 <0,0000 251 40 <0,0000
0,0340 0,9969 0,0222 0,9953 1,0000 0,9793 09895 0,9897 10,0158 0,0145 <0,0000 201 37 <0,0000

MobileViT 0,0097 0,9984 0,0026 1,0000 1,0000  1,0000 1,0000 41,0000 0,0300 0,0271 <0,0000 382 69 <0,0000

SegFormer 0,0007 0,9996 0,0001 1,0000 1,0000  1,0000 1,0000 11,0000 0,0659 0,0432 <0,0000 839 110 <0,0000
SwinTransform 0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0496 0,0440 <0,0000 631 112 <0,0000
SwinTransformerV
0,0003 1,0000 0,0001 1,0000 1,0000  1,0000 1,0000 1,0000 0,0433 0,0346 <0,0000 551 88 <0,0000
0,0016 0,9996 0,0001 1,0000 1,0000  1,0000 1,0000 1,0000 0,0320 0,0220 <0,0000 408 56 <0,0000

0,0028 0,9996 0,0000 1,0000 1,0000 1,0000 1,0000 1,0000 0,2413 0,170 <0,0000 3.072 298 <0,0000
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Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (CUHK Avenue)

S S Training SR Prediction o SR S
Validation | Validation Validation A Training Validation Prediction
Loss Accuracy TestLoss | TestAccuracy HHH AUC Tlmeei:;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

ConvNeXT 0,0189 0,9958 0,0309 0,9943 0,9662 0,9862 0,9761 0,9908 0,0431 0,0500 <0,0000 1.058 245 <0,0000
EfficientFormer 0,0278 0,9930 0,0605 0,9886 0,9517 0,9517 0,9517 0,9726 0,0199 0,0184 <0,0000 489 90 <0,0000
FasterViT 0,0682 0,9736 0,0817 0,9707 0,8303 0,9448 10,8839 0,9595 10,0750 0,0673 <0,0000 1.838 330 <0,0000
Le 0,1806 0,9536 0,1462 0,9438 0,7436  0,8000 10,7708 0,8815 10,0392 0,0410 <0,0000 960 201 <0,0000
MobileViT 0,0256 0,9914 0,0284 0,9910 0,9589  0,9655 0,9622 0,9800 0,0277 0,0324 <0,0000 680 159 <0,0000
SegFormer 0,0426 0,9885 0,0449 0,9829 0,9026  0,9586 0,9298 0,9724 0,0640 0,0663 0,0008 1.570 325 1,0000
SwinTransformer 0,0179 0,9946 0,0301 0,9910 0,9718 0,9517 0,917 0,9740 0,0358 0,0398 <0,0000 877 195 <0,0000

0,0369 0,9902 0,0582 0,9813 0,8812 0,9724 0,9246 0,9774 0,0539 0,0508 <0,0000 1.321 249 <0,0000

0,0222 0,9934 0,0538 0,9870 0,9388 0,9517 0,9452 0,9717 0,0645 0,0394 <0,0000 1.581 193 <0,0000

0,0250 0,9938 0,0371 0,9894 0,9714 0,9379 0,9544 0,9671 0,2292 0,1307 <0,0000 5.619 641 <0,0000
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Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (UCSD Ped1)

SR SR Training SR Prediction - N S S
Validation | Validation Test Loss | Test Accuracy AUC Time/Frame .Valldatlon Time/Frame Training Time) Va.lldatlon Pr?dlctlon
Loss Accuracy (s) Time/Frame (s) s) Time (s) Time (s)

ConvNeXT 0,0138 0,9952 0,0159 0,9964 1,0000 0,9877 09938 (0,9938 10,0305 0,0228 <0,0000 342 51 <0,0000

EfficientFormer 0,0323 0,9913 0,0129 0,9947 0,9877  0,9938 0,9908 0,9944 0,0139 0,0134 <0,0000 156 30 <0,0000
FasterViT 0,2043 0,9214 0,2407 0,9073 09583  0,7099 0,8156 0,8487  0,0640 0,0598 <0,0000 717 134 <0,0000
1,7662 0,8306 0,4006 0,7273 05159  0,9012 0,6562 0,7789 0,025 0,0152 <0,0000 252 34 <0,0000

MobileViT 0,0330 0,9922 0,0314 0,9875 0,9697 0,9877 09786 00,9876 0,0211 0,0170 <0,0000 236 38 <0,0000
0,0283 0,9887 0,0136 0,9929 0,9817  0,9938 09877 0,9932 0,0580 0,0411 <0,0000 650 92 <0,0000

inTransformer 0,0283 0,9909 0,0325 0,9911 09758  0,9938 0,9847 0,9919 0,034 0,0232 <0,0000 385 52 <0,0000
S St at A% 0,0368 0,9905 0,0240 0,9911 1,0000 0,9691 09843 0,9846 0,0455 0,0299 <0,0000 509 67 <0,0000
0,0250 0,9939 0,0147 0,9964 09938  0,9938 0,9938 0,9957 0,0750 0,0442 <0,0000 840 99 <0,0000

iTHybrid 0,0281 0,9909 0,0239 0,9893 0,9815  0,9815 0,9815 00,9870 0,2252 0,1000 <0,0000 2.522 224 <0,0000
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Performans lyilestirme
Fine-Tuning Pre-Trained Vision Transformers (UCSD Ped2)

Sy Sy Training I Prediction - S A
Validation | Validation . Validation ) Training Validation Prediction
Loss Accuracy TestLoss | TestAccuracy HHE AUC Tlm:g;’am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

ConvNeXT 0,0070 0,9974 0,0014 1,0000 1,0000 1,0000 1,0000 1,0000 0,0280 0,0137 <0,0000 102 10 <0,0000
EfficientFormer 0,0227 0,9937 0,0011 1,0000 1,0000  1,0000 1,0000 1,0000 0,0143 0,0137 <0,0000 52 10 <0,0000

Faste 0,0532 0,9885 0,0316 0,9891 1,0000 0,9697 09846 0,9848 0,0425 0,0356 <0,0000 155 26 <0,0000
0,0624 0,9814 0,0638 0,9836 0,9697 0,9697 0,9697 0,9763 0,0112 0,0137 <0,0000 41 10 <0,0000
MobileViT 0,0356 0,9909 0,0077 1,0000 1,0000  1,0000 1,0000 1,0000 0,0233 0,0178 <0,0000 85 13 <0,0000

SegFormer 0,0287 0,9961 0,0301 0,9945 1,0000 0,9848 0,9924 0,9924 10,0625 0,0466 <0,0000 228 34 <0,0000
SwinTransform 0,0233 0,9935 0,0081 0,9945 1,0000 0,9848 0,9924 0,9924 10,0359 0,0233 <0,0000 131 17 <0,0000
SwinTransformerV
0,0366 0,9942 0,0084 0,9945 1,0000 0,9848 0,9924 0,9924 10,0557 0,0438 <0,0000 203 32 <0,0000
0,0287 0,9942 0,0274 0,9946 1,0000 0,9848 0,9924 0,9925 10,0792 0,0493 <0,0000 289 36 <0,0000

0,0559 0,9922 0,0184 0,9945 1,0000 0,9849 0,9925 0,9924 0,2270 0,1096 <0,0000 828 80 <0,0000
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Performans lyilestirme
HybridCNNVIT (50+150)

S . Training S Prediction .. S .
Validation | Validation Test Loss | TestAccuracy A Time/Fram|_. Validation TR e Tr:alnlng Va.lldatlon Prgdlctlon
Loss Accuracy e (s) Time/Frame (s ©) Time (s) Time (s) Time (s)

0,0053 0,9988 0,0367 0,9975 0,9982 0,9982 0,9982 0,9971 10,0671 0,0556 <0,0000 1.074 178 <0,0000
ResNet50 0,0016 0,9997 0,0055 0,9975 0,9982 0,9982 09982 0,9971 0,0617 0,0547 <0,0000 988 175 <0,0000
Xception 0,0050 0,9982 0,0371 0,9938 0,9963 0,9945 0,9954 0,9933 0,0705 0,0565 <0,0000 1.128 181 <0,0000
InceptionV3 0,0002 1,0000 0,0348 0,9975 0,9982 0,9982 0,9982 0,9971 0,1375 0,1381 <0,0000 2.201 442 <0,0000
EfficientNetB0 0,0010 0,9997 0,0111 0,9988 1,0000 0,9982 0,9991 0,9991 10,0689 0,0590 <0,0000 1.102 189 <0,0000
EfficientNetV2S 0,0032 0,9997 0,0158 0,9975 0,9982 0,9982 09982 0,9971 0,0539 0,0419 <0,0000 863 134 <0,0000
MobileNetV3Small Rl 1,0000 0,0101 0,9988 1,0000 0,9982 0,9991 0,9991 10,0613 0,0562 <0,0000 981 180 <0,0000
DenseNet121 0,0000 1,0000 0,0101 0,9988 1,0000 0,9982 0,9991 0,9991 10,0502 0,0378 <0,0000 803 121 <0,0000
NASNetLarge 0,0006 0,9997 0,0060 0,9988 1,0000 0,9982 0,9991 0,9991 10,1317 0,0747 <0,0000 2.107 239 <0,0000

ConvNeXtTiny 0,0167 0,9940 0,0270 0,9913 1,0000 0,9872 0,9936 0,9936 10,0677 0,0465 <0,0000 1.084 149 <0,0000
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Performans lyilestirme
HybridCNNVIT (206+200)

e T Training S Prediction . T .
Validation | Validation n Validation A Training Validation Prediction
Loss Accuracy UGBS AGEITELRY) HHH AUC Tlm:i:;am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,1198 0,1247 0,0013 2.111 392 1,0000
ResNet50 0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0616 0,0547 <0,0000 1.085 172 <0,0000
Xception 0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 11,0000 0,0519 0,0382 <0,0000 914 120 <0,0000
InceptionV3 0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0618 0,0554 <0,0000 1.089 174 <0,0000
EfficientNetBO 0,0008 0,9997 0,0001 1,0000 1,0000  1,0000 1,0000 1,0000 0,0623 0,0538 <0,0000 1.098 169 <0,0000
EfficientNetV2S 0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,1267 0,1044 0,0025 2.232 328 2,0000
0,0001 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0611 0,0573 <0,0000 1.076 180 <0,0000
0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0539 0,0445 <0,0000 949 140 <0,0000
0,0000 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,2135 0,1444 0,0013 3.761 454 1,0000

ConvNeXtTiny 0,0001 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0901 0,0627 <0,0000 1.587 197 <0,0000
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Performans lyilestirme
HybridCNNVIT (132+800)

iy iy Training L Prediction . i s
Validation | Validation a Validation A Training Validation Prediction
Loss Accuracy UESE oSS || RS ACHIITELR) HHE AUC Tlm:i:;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

0,0003 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 41,0000 0,0665 0,0546 <0,0000 847 139 <0,0000
0,0011 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 11,0000 0,0446 0,0393 <0,0000 568 100 <0,0000
0,0001 1,0000 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0519 0,0393 <0,0000 661 100 <0,0000
0,0008 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0434 0,0353 <0,0000 553 90 <0,0000
0,0010 0,9996 0,0001 1,0000 1,0000  1,0000 1,0000 1,0000 0,0436 0,0357 <0,0000 555 91 <0,0000

EfficientNetV2S JE! 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,0502 0,0393 <0,0000 639 100 <0,0000

MobileNetV3Sm

all 0,0004 1,0000 0,0001 1,0000 1,0000 1,0000 1,0000 1,0000 0,0984 0,0805 <0,0000 1.253 205 <0,0000

DenseNet121 0,0010 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,1228 0,1249 0,0016 1.563 318 1,0000
NASNetLarge 0,0021 0,9996 0,0000 1,0000 1,0000  1,0000 1,0000 1,0000 0,2015 0,1249 0,0016 2.566 318 1,0000

0,0065 0,9980 0,0045 0,9984 0,9932 1,0000 0,9966 0,9990 0,1385 0,0982 <0,0000 1.764 250 <0,0000




IS PAKETI 6 (15-18 Ay)
Performans lyilestirme
HybridCNNVIT (CUHK Avenue)

S S Training SR Prediction o SR S
Validation | Validation 5 Validation A Training Validation Prediction
Loss Accuracy TestLoss | TestAccuracy HH AUC Tlmeei:;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

0,0233 0,9931 0,0334 0,9870 0,9640  0,9241 0,9437 0,9598 0,08380 0,0893 0,0008 2.157 438 1,0000
0,0301 0,9916 0,0354 0,9861 0,9211  0,9655 0,9428 0,9772 0,0819 0,0887 0,0008 2.007 435 1,0000
0,0284 0,9926 0,0329 0,9935 0,9724  0,9724 0,9724 0,9844 0,0835 0,0775 0,0024 2.047 380 3,0000
0,0214 0,9950 0,0291 0,9910 0,9467  0,9793 0,9627 0,9860 0,1164 0,1067 <0,0000 2.855 523 <0,0000
0,0256 0,9931 0,0275 0,9902 0,9586  0,9586 0,9586 0,9765 0,0728 0,0775 <0,0000 1.784 380 <0,0000

EfficientNetV2S BN 0,9930 0,0539 0,9894 0,9648 0,9448 0,9547 0,9701 10,0711 0,0732 <0,0000 1.743 359 <0,0000

MobileNetV3Sm

all 0,0436 0,9908 0,0538 0,9886 0,9580  0,9448 10,9514 0,9696 0,0689 0,0773 0,0008 1.690 379 1,0000

DenseNet121 0,0261 0,9944 0,0333 0,9919 0,9856  0,9448 0,9648 0,9715 10,0781 0,0855 <0,0000 1.915 419 <0,0000
NASNetLarge 0,0287 0,9940 0,0393 0,9927 09658 0,9724 0,9691 0,9839 10,1043 0,0514 <0,0000 2.557 252 <0,0000

0,0319 0,9910 0,0668 0,9845 0,9632  0,9034 0,9324 0,9494 0,0920 0,0857 <0,0000 2.257 420 <0,0000




IS PAKETI 6 (15-18 Ay)
Performans lyilestirme
HybridCNNVIT (UCSD Ped1)

S S Training SR Prediction o SR S
Validation | Validation 5 Validation A Training Validation Prediction
Loss Accuracy TestLoss | TestAccuracy HHH AUC Tlmeei:;'am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

0,0313 0,9917 0,0280 0,9768 0,9257 1,0000 10,9614 0,9837 0,0522 0,0402 <0,0000 585 90 <0,0000
0,0147 0,9957 0,0068 0,9947 0,9818  1,0000 0,9908 0,9962 0,0439 0,0353 <0,0000 492 79 <0,0000
0,0223 0,9939 0,0075 0,9947 0,9818  1,0000 0,9908 0,9962 0,0511 0,0366 <0,0000 572 82 <0,0000
0,0225 0,9935 0,0068 0,9929 0,9759  1,0000 0,9878 0,9950 0,0655 0,0514 <0,0000 734 115 <0,0000
0,0075 0,9970 0,0022 1,0000 0,0000 1,0000 1,0000 1,0000 0,0587 0,0464 <0,0000 657 104 <0,0000

EfficientNetV2S BEEY 0,9935 0,0252 0,9840 09581 09877 09726 0,9851 10,0505 0,0384 <0,0000 565 86 <0,0000

MobileNetV3Sm

all 0,0303 0,9874 0,0258 0,9929 0,9877 0,9877 0,9877 0,9913 0,0402 0,0353 <0,0000 450 79 <0,0000

DenseNet121 0,0321 0,9891 0,0138 0,9964 0,9938 09938 0,9938 0,9957 0,0493 0,0393 <0,0000 552 88 <0,0000
NASNetLarge 0,0303 0,9900 0,0221 0,9947 09818  1,0000 0,9908 0,9962 10,1201 0,0661 <0,0000 1.345 148 <0,0000

0,0487 0,9874 0,0685 0,9768 0,9357 09877 09610 0,9800 0,0814 0,0581 <0,0000 912 130 <0,0000




IS PAKETI 6 (15-18 Ay)
Performans lyilestirme
HybridCNNVIT (UCSD Ped2)

Sy Sy Training I Prediction - S A
Validation | Validation . Validation ) Training Validation Prediction
Loss Accuracy TestLoss | TestAccuracy H AUC Tlm:g;’am Time/Frame (s Tlme(/sF)rame Time (s) Time (s) Time (s)

VGG16 0,0099 0,9955 0,0141 0,9891 1,0000 0,9697 09846 0,9848 10,0631 0,0575 <0,0000 230 42 <0,0000

ResNet 0,0101 0,996 1 0,0035 1,0000 1,0000  1,0000 11,0000 1,0000 0,0573 0,0479 <0,0000 209 35 <0,0000
Xception 0,0159 0,996 1 0,0292 0,9945 1,0000 0,9848 0,9924 0,9924 10,0653 0,0534 <0,0000 238 39 <0,0000
InceptionV3 0,0219 0,9935 0,0089 0,9945 1,0000 09848 09924 0,9924 10,0787 0,0479 <0,0000 287 35 <0,0000

EfficientNetB0 0,0198 0,9961 0,0085 0,9945 1,0000 0,9848 0,9924 0,9924 0,0633 0,0493 <0,0000 231 36 <0,0000

EfficientNetV2S BEEE 0,9955 0,0026 1,0000 1,0000  1,0000 1,0000 1,0000 0,0672 0,0534 <0,0000 245 39 <0,0000

MobileNetV3Sm

all 0,1034 0,9589 0,0956 0,9672 0,9839 0,9242 09531 0,9578 0,0332 0,0274 <0,0000 121 20 <0,0000

DenseNet121 0,0180 0,9948 0,0014 1,0000 1,0000  1,0000 1,0000 1,0000 0,0472 0,0342 <0,0000 172 25 <0,0000
NASNetLarge 0,0241 0,9948 0,0436 0,9945 1,0000 0,9848 0,9924 0,9924 0,0990 0,0425 <0,0000 361 31 <0,0000

0,0135 0,996 1 0,0086 0,9945 1,0000 09848 0,9924 0,9924 10,0828 0,0589 <0,0000 302 43 <0,0000




1S PAKETI 6 (15-18 Ay)
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Abstract

Transformer is a kind of deep neural network that relies on the technique of self-attention and used initially in the
field of natural language processing. Scientists use transformer for computer vision (CV) applications because of
its good data representation capabilities. Transformer-based models yield similar perfformance or surpass other
network architectures, including convolutional and recurrent neural networks, in a variety of visual benchmarks.
In this work, we investigate the methods for video anomaly detection (VAD) using vision ransformer models in
the recent literature. The main topics we explore comprise vision transformers used in CV applications with a
special focus on VAD methods leveraging mansformer architecture. We also briefly present anomaly detection
methods based on wransformers. Additionally. we address the advantages, challenges and cument limitations of the
transformer architecture as well as potential solutions to address the technical challenges. In the concluding
section of this study, we offer avenues for further investigation conceming the use of vision ransformers in VAD
tasks.

Keywords Transformer - Video anomaly detection - Vision transformer - Anomaly detection - Computer vision
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[ SONUCLAR

Hibrit derin 6grenme yontemleri
kullanilarak gercek zamanli isleme
icin  uygun, tespit dogrulugu
yuksek video anomali tespit
yontemleri gelistirilmistir.

Proje konusunu adresleyen Esma DILEK'in
Doktora Tez calismasi ile Ozgiir TALIH'in
YUksek Lisans Tez calismalarina katki
sunulmustur.

_____________________________________
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Ulusal Yapay Zeka Stratejisi 2024-2025
Eylem Plani ve diger stratejik plan hedefleri
dogrultusunda, yapay zeka alaninda
yayinlanmistir, iki makale ise SCI akademik insan kaynagi ve bilgi birikiminin
indeksli dergilerde (tez, proje, yayin, etkinlik) olusturulmasi ve
degerlendirme asamasindadir, o — gelistirilmesi saglanmistir.

Yerli teknoloji gelistirici firmalarla is

birligi yapilarak ticari bir Grane

donusturulebilecek, trafik kontrol

merkezlerinde ¢alisan uygulamalarda

faydalanilabilecek bir yapay zeka

modeli gelistirilmistir.

Proje kapsaminda hazirlanan SCI
indeksli bir makale ile bir
konferans bildirisi
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