U

v dw d' Aad % a v d'
HERPRINE ] ﬂQ!!ﬁ’lzuﬂﬂaﬂﬁﬁl‘iﬁﬂﬂ’Jﬂiﬂﬂﬁﬂﬂ?ﬁ%‘iﬂﬂiuﬁa1ﬂ!!ﬁafiﬂu1
INDIVIDUAL AND OBJECT IDENTIFICATIONS FROM THE

COPIOUS AMOUNTS OF CCTV RECORDS

Nsan Tugan
J5310e5A D UVIYWT

a d ~
AINIal Yyl

a ¢ : LY a v A
ByatnusiiuaiuvilsvesmsanmmunangasiByaiainssumansiadio
a A a dJ a d
MUIBIAINIINABNNAADS AMZIAINIINA AN
agNAl U ag NI MNA NN INUNNINIANIZ

UmsAnu 2563



a I

Ysantnusilnsany 2563
NMAIFIAINTTUADUNUADS

A I'4 o = Y Y o
AULIINITUATAT 4011 UNA TU TaINIZIDUNANNINUNHITAIANTLL
d‘ ] dyqz d‘ ag 9 a) U dl
309 MItFInquazyananaulaninialendensastlalurarsnvasnin

INDIVIDUAL AND OBJECT IDENTIFICATIONS FROM THE COPIOUS

AMOUNTS OF CCTV RECORDS

Yo o
RN
LY} v R
1w lsan lugaw THAUNANYI 60010912
2. WO IFTNYTA 1DUVTYNT - SHAINANY 60010916

3. wwdngal Yoyl SHAINANEI 60010986

¢\ / d’ )
219136N1/3AM1

1Y @ J.
(WA.DATIAY 'Jslﬁgfq]W\TH)



U

' dw d' ad 1'% a
IARNINE ] ﬂt}!!ﬂguﬂﬂﬂ‘nET‘M1%%1ﬂ?ﬂi@ﬂﬂ@ﬁ?ﬁﬂﬁﬂﬂalﬂﬁa]ﬂ
1A
UHAINN
werlsay  lugaw 60010912
WBIFIINOIA  TDIIYNT 60010916
wednsal Yyl 60010986

o o 7 s
NF.OATLAY ’Jﬂﬁ%{]WQH E]’liﬂiimlﬁﬂkl’l

Un3dnmT 2563

UNAALD

P
a K v 1

an A g A A ' & o = s ~ T aa
'JﬂIf) ﬂmﬂumimuaamwuﬂumiuu‘ﬂﬂmegmimchmmﬂmu AVIDYNLBU ’)ﬂI'ﬁ)
) o = J o o A U o 1 A ~
iﬂﬂﬂﬁ'ﬁ)\??ﬂﬂ‘iﬂﬂ Gﬁﬂlﬂuﬂﬂﬂ‘imﬁWﬂi}jﬂﬁWNﬁﬂi“]fiuﬂﬁ@niﬁ@ﬂ')@i]ﬁN‘] nIgnnIynnan
Y2 A t2 2 Aqyy ) =y Ay v Yy
ﬁucli]]lﬂ %QN!WQﬂWimNWﬂNWﬂiuﬂﬂ@ﬂi%ﬂlﬂyﬁﬁﬂﬂﬂa@ﬂﬂﬁﬂiﬂﬂ mumuiummmmgﬁm
v v o ' o [ 1 o ] 4 A Ad 4 [
Ny ?’Nﬁ’mEINLWG!ﬂTiﬂ!“V]!ﬂUL’]JHGUTJ@Q LY Lﬂﬂﬂﬁm'ﬂx‘]i%tﬂ@ﬂﬁllﬂﬂiﬁfﬂi%ﬁﬁﬂ AN
a -4 Yy Y Y A 1 Y o v w A A Y A A
INANANIIU hlﬂllﬁﬂﬁuWVl%WﬂWﬁ)ﬂ”]I?hﬂllﬂiﬁ@Mﬂ?ﬁ\?ﬂulWﬂ‘ﬂﬁlzﬂuW1ﬁ1H’iﬂ HIvyAnNaNnNe
1 o w 1 [ 35 = 9 Y] I ax 9 a
MAABDNINITNIANNA ﬁaﬁ%WﬂuuEﬂ\‘ihlﬂwEJTL!“Hﬁﬂ;ﬁTHIﬂﬂlﬂuﬁﬂi@iﬂﬂﬂﬁ@ﬂ?ﬂ%ﬁﬂﬂﬂ?ﬂiu
A ¥ Ayve = aas A o R o v v v N 3
YIIUUU T]hlﬂlluﬂﬂjﬂI’E’)ﬂuﬂuﬂ\‘iﬁﬂ‘ﬂﬂlZGU'ENﬂuiﬁJhlﬂ%1ﬂﬂaﬁ]ﬁ’)ﬁﬂiﬂﬂﬂa1ﬂﬂllﬁa\i N3N
v =) 9 9 Y N o 1A
UDINTATYLON NIDITNNNNTADNBUAIY I@EJﬂuiWEJhl@me‘iﬂWﬂIﬂﬂﬂJaﬂBﬂ!&ﬂuﬂ@ aIu
A 2 a A o QY Y W Ao, v v a a Y a
IBRISGIGRN ‘1/1111’7&]TWL!1%@153%@]@\1@]13\11’Hﬂa@\n\’ﬁ]3ﬂ@1uﬂilﬁﬂ!1ﬂalﬂﬂ\1 LAZATUNN
aa A @ v 9y [ ! = Yo w 9 Y Ao
'JﬂI’O“VIﬁJaﬂ‘]&Jm%@]ﬁﬂﬂﬂlﬂi']ﬂﬂu@\‘]ﬂﬁTJ “’]5\‘]@]’E’Ni“]fﬂWﬁQGU’ENL%WWuTVI%TH'JUN']ﬂGlUﬂTWﬂiJﬁ']
) ax v o Aao o q Yq ¥ 1y
AUTIY ﬂ1ﬂ'JﬂT’E]ﬂﬁﬂﬂ’]ﬁﬁ]ﬁﬂﬂﬂhﬁ]ﬂnuh?ﬂ ‘Vlﬂﬁﬁlslﬂfliﬂlmgﬂ3W81ﬂﬁuﬂﬂaﬂ1ﬂ1uﬂ1ﬁﬂ1ﬂﬁ1
< 91 a4 Yy Y KR yya 0 w o Y
VUNTSTNWURNBDIVIA EﬂTﬂ°lj'f§llu‘1’i"I‘1/]ﬂ'(,’11'31]WGUNSB]‘L! ﬂ\‘l‘lﬂLﬁuﬂ’)1ﬂﬁ1ﬂﬂlﬂl’€)\1ﬁiyﬁ?ﬂ\1ﬂﬁ'}’l L!ﬁ$klﬂ

a 1 dyw dl an 1 d' d' 9 d'
Anlnsesny myvsriagnaulaludalennvaurasnu melslumsammyananauls

o Ay A ° aay Ay Y ) v =
ANANHUSNADINIT (NDAATSYTLIA uazmmummmiammﬁlﬂumiﬂuwﬂwaﬂm BN

=

[ 4 { 3 a A Y a
naansues Isunsuiag Idoenin vxidluadlid Teignansenumatenadil nazaelu
an = A 1 gﬂ = o Ya Ay Y = A 25
0 Teaziyananaulvognieluiiy ez 1nIa lonaosau luaounsn Uszeznanduas
A v o YA A 9 ' ' 9 9 Ao o Y
elmsihamvesdinnentos g1y mind1599 azansnihan ldednazain

3 2
LASIIALTIVU
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ABSTRACT

Video is considered one of the most imperative tools for recording many incidents. For
instance, CCTV camera can be deployed to track suspect in many cases in the past. One of the
most tragic events is sabotaged explosive at Ratchaprasong joint whilst police had been
inspecting throughout the entire recorded videos. The amount is so prolific that utilizing merely
the human willpower was not sufficient and not effective enough to trace suspect characteristics
afterwards. Noticeably, the perpetrator in question, for example, wore yellow shirt, and hence, a
great clue to trace. Nonetheless, such tasks still are nowhere near success to inspect person
holding the conditions we had from the copious amounts of data as we discussed. We, therefore,
make this project in hope to help authorities investigate the crimes and bring justice back to

peaceful community.
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.
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HLS (Hue Lightness Saturation) (4% HSV (Hue Saturation Value) G?}Qﬁlujﬂﬁﬁﬂuﬁ’%ﬁ ule
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YOLO SSD
Precision 0.96 0.52
Recall 0.63 0.69
F1-Score 0.76 0.59
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