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Input Data : x

Input Data

Non-time series data

:

Time series data

Video/
Voice

Article/
Values

Mixed-data

Machine Learning

Feature extraction
(Human knowledge)

~ e —

Classification

Deep Learning

Feature extraction & Classification

Function : f

i

ﬁtificial Intelligence

machine Learning

e |t is a ship.

Output

Output Data : y

Output Result

Non-time series data

J \
A

ANN

(ALY

Deep Learning
DNN CNN RNN
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N
Y

Al: f(x)=y

2wy oy

- r||

oo

Time series data

Motion/
Meaning

Abstract/
Forecast

: https://omnixri.blogspot.com/2019/05/ai.himl
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Artificial
Intelligence
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

3-2YOLO vin MA ( == Redmon et al., 2015)
YOLO QJu M, Mnu A g B GCA nMYu
Zt ¢ (unified detectiony A K M a Y
u oym W 5 QY 1 ° 0 n" A3 Qv *° y8
Z nY Kiuwnté A Y =CUrA 2u oy <l
YOLO m D> S*SA Y, Q35 QAMiBUO4 8BY I

13 QA Lév 93K p BYM YT Wy, sA-iwm

(confidence scor®) — i u y £ 0 " Bpz3 QA YWy
' Uon AK- <] YOLO —-iu ¢ 2:

8 £ £ "QQQdE RQEE Y (3-1)

Q *“BhXxnd A3 QY/ -iuw /t 0 éc4 *  p=z

ofof A € € "QQXQE I Z M ofd’ & 1 p YT AMI T

YORQ & TA e =L &¢M b p CY Ju 1 Y
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YOLO> n v A | o EW P QI \%
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3 GoogLeNet £ A (Szegedy et al., 201%) MBz 24 A W
U 29 7 Yi'n ° 0YOLO T via 1*1A (reduction layers)

3*3AA a" GooglLeNetHv in A Inception Y 3-4"Hy |

. ) )
s HEY

S x S grid on input Final detectins

Class probability map
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<
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. ah QQ m (3-3)
0 ~
RO @ch £ BRI 0 QI Q

YOLO v n ] % C® (sumsquared erroy £ £ 1 f e G A
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QA 7 WA Y vmn JX%CEwW .4 7 1Y £
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# Clusters

35YOLOv n k-means GCHAWf ¢ ~ A ( = Redmon and
Farhadi , 201§) 5 £ o I QYv i k=5W P | H AR

n" N +YH pA “en y o A ]I

c)(
P.
c}r :---- EEEEEEEEENEN -:
: b, :
: Iﬁ(ty) + b=o(t)+c,
ph: bh —le : b =U(ty)+c
] ]
: o(t,) : b,=p,e*
x " _ t,
: : b=p.e
3-6 YOLO 718 WK " 8 (> Redmon and Farhadi, 201,6)
TA - K > T OMi A Yuv i sigmoidt T
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YOLOTWYYOLOV2 o~ i 3 A M~ A

EY ¢ £A 2Y 1’ xv 5 QA AL T TwU A
NwY® ua n0pY, 'l Redmon and Farhadi(2018) p 2
YOLOV3W ¢ YOLOA 2YyoLovdy 3- z~ A Y
0" B B aA (backboneyY  YOLOvV2 M A
Darknet19B B D Darknet53, DarkNet53z X 524 A 175 Y
W I QY. 37'Hy | i Linetal (20163
(feature Pyramid network) ) K . MA o YvZ
"+ F E 5 Q A Y ¢ 0UH3 QA I QY. 3-8"H
y | YOLOV3"H YOLOV2MA =~ EYuoy k-means CJA a
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1x

2x

8x

8x

4%

Type

Filters Size Qutput

Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x128
Convolutional 32 1 x1

Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

Convolutional 128 3x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x1

Convolutional 256 3x3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x1

Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1 x1

Convolutional 1024 3x 3

Residual 8x8
Avgpool Global

Connected 1000

Softmax

3-7 DarkNet53

( = Redmon and Farhadi, 2018)

predict

predict

YOLO 3 YOLOV3 A

pYB YOLO

o

AN w

predict

I ( s Linetal, 2016)

Y' 1 YOLOAA OW™ Redmon Z "H

A 2L ~Hzr MYy

n va W Bochkovskiy et al. (2020) = CJA | YOLOA' M
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u 1’ XCUrA =Y p 2 YOLOv4, YOLOV4 '’ YOLOvV3 v i

DarkNett Yu € oA A A A Y™ p I
Q VA | Y¢euYYOLOv4A ~ 0 Ki v K A pCMe
oy n A £] QL I ¢ Xud a A
y A (neck networkd u, ~ oA Qo 3 Q
v n A (head networky YOLOv4T 0 YOLOvV3’ A

nv i DarkNet53T,Y 1, F 9 CSPNet(cross stage partial network)

CSPDarkNet58 CSPNefK 1o A "1 N RY ¢ £
A A o) n Y YOLOv4v in SPP(spatial pyramid
pooling) PAN(path aggregation netwolk)SPPCJA ° A LG

"HX Y PAN/ W FPNt B Y A q. F¢ Y
YOLOV4 A PANX P Y 4A TF wuiB>, WY
I Q .Y, 39Hy | LY’ A un’'Hin YOLOV3A Y Wo

5 QA *° N, Wop'H YYOLOV4AO~ I 3 d

q R R M3 QA *° "y v i
CSPDarkNet53 . SSP PANW i Hin YOLOV3A | Y

3-10"Hy |,
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g“ addition Q‘ concatenation

(a) PAN (a) Our modified PAN

3-9PAN | ( = Bochkovskiy etal., 2020)e A /v TF
Al YH 7/ q YOLOvY Bovi, W Al

Neck

Output

Al g e

‘ 76X76X256

e
SSP+PAN
3-10 YOLOV4 0 ~ 1 | Mu 0 v n CSPDarkNet53
y . SSP PANA Hin YOLOv3 | A

YOLOV4 pCvbLYYOLOVS M pvY, £ W7 ua YOLO
M> QAA Yua UCJOH Yoy i I QA z Ly

t ANRY39bYXu Q VY ° Gthubou@z n Yua

»T1 A nl | xQ Y YOLOVSEbL X Z 1 8A . Yvia oo
wP A = A Ju PyTorchw n YT 0 YOLOV4A " UB
oYu = YOLOvAT = <A 2]’ 0 YOLOv4T

RT Cu3 €wf v YW Fd:s “eée/b Y YOLO A

MY no A Y O @ A Y~ 1) J
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YOLOV5/ 1 d A nMY & 1 Ys TN M"H
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AV "~ &Jb, YOLOV5bF 935 y 'OY 7 YOLO
‘OB E & € b ° YvinACH L = 0Y, QO

30 1 i

€l

E AT .Y > Ny~ A Y
YYOLOVSB 4] O y GCOY = gy 0 =40
AmW "OYYOLOVSW ™ F ¢ D 379%A =L ¢ 1Y YOLOV5’
M F 3. t FocusA Yo~  ivndiny Wslicing)Y

W 3 11MHY L 4**3A My d 272F12A Ye

q t 608*608*3Y i y W L D

<

t Focus A i

304*304*12A Y L 324A T Y D 304*304*32A

<

3-11 YOLOV5 I ™M Focus v i iy W
kB A (= https://zhuanlan.zhihu.com/p/172121380
YOLOv6 O Lietal (2022) WY A €' YOLO3 ) |Y T 20
L e nY & np oy -4 AT L7 cot Y
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YOLOV6KK = %yY o 7 > A LIW] YOLOV6O ~ °

1 1 vy e P2 . B | A . A
2 X-EA Yi 942 RepVGG StylA EY p ¢ ° 0
: o (re-parameterized) CJA Y 1 A Muk AT
\a f -N a B A% Y . 2XB iA
EfficientRep Backbone RepPAN Neck Y 312Hy | °
o1 Y 0~ O RepBlock > Y’ 1 Y & RepBlock

t RelLU it A 3:3A ( MaY &yt RepConv( MbYn CO

n v  CPUH GPUp. 1 3 A ¥ nom A

2VYy A 1 ol £ > A BN a4 B, AX

.

<

YOLOV6Y B 3G 4 CSPStackRep W 0 ( MY Ot M 1*1AA

¢4 OZv RepVGGH RevConv 2 A YW BB A
Ya o AN A% |° U YOLOVAA
PAN | Y@ RepBlock 3 YOLOvV5 M"Hv # A CSRBlockY "
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@ : Element-wise add @ : Concatenation over channel dimension
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MS COCO Object Detection
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The performance of the model in different hyperparameters

0.01

0.001

0.0001

0.91/0.0005
0.92/0.000498 -
0.92/0.000499 -

0.92 /0.0005

Momentum / Weight decay

0.937/ 0.000498 -
0.937/0.000499 -
0.937 /0.0005

QL M LN A
A )

Loss in training process

—— learning rate = 0.01
-~ learning rate = 0.001
—— learning rate = 0.0001

325 £9 0
&y
0.16
0.14 H
0.12 4
£ 0.10 1
fe!
0.08
0.06
0.04 -
0.02 41,
0
326 £° N°

25 50 75 100

125 150 175 200

epochs

vt A (
rAED £ X
74

J L M y
Xitv1 13 T




3-4 £ d D0Q

341 £
A v i YOLOV? o CHAo b £Y 7
( A £ Q1 W v y EX o ] .
ny £ NVAK 4, YF4»? CAuBB £ €
q e Jbryv £ B oA u oyf H3 QA
_2Y L P73 £ A Y ¢ £A I Q)
£ Mé G 1 A YEHYK?D £ I QA
L3271 y £ A d Y EA 4d 1
A F~o t1Y ® £X NM u s I I 4 b
4 A TV 10 t M Yuoy 1 1551
1 X O A yYNn " q tkY £vx A I Q) Z
M® *7 oy EY~n gytt yM HBY & £°un 1 A
Il aYwm N E » A 1]lWp Q VA p A
VoCihnvYoy b £EY £ ° M=
a ] Yxi® b NM B~ 1
£ 1 Fi ® A oYbPK? £ I Q
A | 328 y £ 1° 11 A & YKdop £° ®
1 A F o c AT c 23 gl
UoWpeVYuoy= " c 2' BB 1 155117 YBX VA

75



® Y K £ 2A MAP  955%YZ K dK 4

D W YPrecision Recallnn £ 93.5% 90.6%/ Flm K 091 y £

A I QT Xi1Y X A 2, We'H Y v i YOLOV7
"Ho UA £7wmY A p A Vo Hd UA
b £EY £ Xi~ Yo b 1 A 1Y £A n° 3K

Total loss | ®)
0.16 - —
— tralnlng 0.03 K
0.14 - —— validation o= S
0.12 -
0.10 - ’ ‘
g 0.020
2 0.08 ©
0.06 -
0.04 A
0.02 A1 ‘
0.03
0 200 400 600 800 1000 foo (d)
epochs ol |
|
| —
(a) o 0 200 800 1000
3-27 b £ (4 b (@) £
} i . e w .
Y ;b)) £ 4ic) £53 Q 4;(d) £u

l.l‘

76



Validation result

1.0 A
o
e e
0.8 A
0.6 A
0.4 A
—— Precision
0.2 — Recall
' F1-Score
— mAP
6 260 460 6(I)0 S(IJO lOIOO
epochs
3-28 b £ ( & ) My £°1n°
1 A ® YXdop £ 1 A Fo~ ¢ 2Yuoyn
~qgB. A 1 v VA @ (MAP=95.5%)
3-4-2 £ Q D Q
CNwA Vouoy d N R VA £(
1551 )Y+ Xi K £ 0 NA 2V N
q £Yu £ X b nA Kr Y B £A
QY oyX i £ 0 oA 2l
® 32 vy b £ A ® O0.Y K £
2A K mAPxXd K 94%W o Y £ BA V

TQY" ® £hY = A L £ A Precisionb K  94%Y" &
£ n QA K T 9] £A RecallK Q 90%Y § £

€A b L E£EAFIm b® 6. Y y £° 1

-

77



® 0. oyT % YN XY ~'Ha K A 1 Ny £
b A ® XK Y £ 0E€ As ' > =0_ A
2Y o A b Gy SUP e nNR Yaz
bz Koy R As Ybg XX 7 Abv Y
! "=4D02WQEA n, € v X E€EQJLA b BX
53XWEA AY M1 vy €z Y £ To=
A =
£A DQWOY £ Xi" €. b p W)
£EuNa AYay, 6o 7y yP oHU n- Jy
1 MA b T puoynm b nj T Q A b
6H WE YHT Y A b . Mo nR Y Y
£ X1 A I QL £P o EH=a I HAE
p) b LvyvS M 1 |7 X X'Quoy n A b Y
€E£35 Q MAIHHES Q GE ° NMEWICA oY
3 € oy1® MNMf A h Y £P na =0. A
I QY. 3-29"HYy |
we Qd yYA -  GCHAu CNwA Vo
Y y € ¢ e€/by BB £ W e 3
ewo b £Y £A I ‘Qo. Y Qb y £
) VY € pn Ab | 0CuEE QLA
b X 9506 3 99%A AL GLE °



PAL Y GAE . n., Y Y 3" R AT CO a4' T

t a» Yo £ - u 4@+ R WY n 4
dWel y man A3 44 b EAKPH K A}
@ 3-2 b £ Q

Preci Rec al mA P Fiscor

& (Swi)m 92.5 83.6 91.2 0.88
(Su) f 89.6 78.3 88.0 0.84

g (SUp 95.3 89.7 94.3 0.92
y (Bananag 86.5 84.3 89.5 0.85
o NRJet) s 91.9 88.6 93.7 0.90
M2 (S ain 94.0 86.5 92.8 0.90
1 (Sail)boat 96.5 90.8 96.7 0.94
& (Rubbey 96.1 93.1 98.0 0.94
3(Dragoh 99.4 99.4 99.6 0.99

k€3 (Can)oe 97.9 98.6 99.2 0.98

% d 94.0 89.3 94.3 0.91

79



banagpaboat 0.96
22

Sietsk

S 7 jetski 0.60

jetski 0.94 i

3 . bananaboat 0.87
rg;i‘ban_ancboot ] 4\_‘%

jetski 0.96

v N MA b

80



i
th

A Wd .Y v W A » " uyp
QU GRA | % 5oYwe  WMx O, AMLA
i R nA Y App’ E
71 YB T mw. o U mm |~ “AA Y
Oou yuwd ADpeé w M ~ v A ] QE Q
HB g7 Yo A O vY>A & E® 3 E Y Tn
I = A NYY W 9 LenYwm XWN Wj~ WY 1
NMip A fHTXYE M H Y YA “n W
7 Y, 1Y, QXE EA a (W n AEEN o

Wo'H Y~ nvyA Y nA b
E q v , v YZULE M. 1YA E Ry

v o( 4 MYM) UL + h . RY £

. A T, RWuoy p Y " . E y
d& x X NY w Wvo uvip YAt Nv>

4-1-1 £

81



(transfer learnind)
"z vnoe LA EY
RTN™ A Lo nw

£ A £YZ I'Q K Y £ B¢ | ]l ()
"0 Cus T ple JAGLA b £
1 YV rvinb € w A £ W Y P B3
noA i Ql
"YA k% £1 YPb Vv i A3 €Y b
A b £ Wt EYFYd R P L+
2 v £X X1 t IR £EA YA nw° 1
> M A W Z EYnn Lt X'HhXvn £"H
A £Y" W Qf ¢ 7 A KR ud LY x "~ v
£EWo U IR £
via Nvan £A QW K £ 2A | mMAP
twm V Y Q § Vi £ M N A E£KWO° ®
B A QYc OA RK Xd>WeYhyxvn £
A £ GCOYTq 1 A FYhXvi £A q -
o cYUuoymX v £ B¢ B VA AYuoy X
A 2Y.  41°Hy ' Qv i £ A R £yl

82



mav A £ "~ WAVY z” PWA £ X4
dDWoA AYT v £uhX Al QJ
Validation result
0.8
0.6
a
<
£
0.4
0.2
— with pre-trained model
without pre-trained model
0.0
0 200 400 600 800 1000
epochs
41 E£qXva . A b £ P N Qwm |
Q v N A b £ Y £K B
A Q
i k% £hyx C QY+, XK 1 ¢
7 A NET | C ~pY £avi EY ¢ O
1Y £ A T €t CYv Eqr 9 £°
) A" pxiMe JAGWY ° "0 -€A 1L ~Y
WA A KR EAWIW Y nNvib . b
A E£YT £ T°Y T q €EEW
N A ] AEE N nA £BR
% £° XA Y Qquvan b £t



YA 8 £1 YNv i £W¢ £
Yoqr W5 A N M A R £ 1 YA N
p Eun - A KWxd. A I QY. IR
£1 o A ]
4-1-2 £
“ 0 £AWK QYA oW -
N Hhz K& YoucH & £)] £ yY £
1 A F oo t M Y 4Yu oy 1 10111 1
BX VA QYn "~ qg= v. Mo £A J3 o | "HX
y MY £° TXX3 QWuyugxu &£ A3 Q 4 wu 4y' ®

8. Y XiMa1zZ M, A JYuuwu 4yAEHL WY, 4-

2"Hy | b EA 4 O Y & @l - @
A0 5 1Y £z o.um 3 Q 1A 2]
£ e 1 A Kr & Y Q y £ I Qo. Y
, F oo c 2y QM § £ 2A

MAPK  93.6% Precision Recallb® 6. Yunt 91.2% 87.7% Filu
t 0.89v 43"Hy L Wo Qd A "H pACAYVY VF(

% W £ P Y £A Rul/ll & ntMYe g

MXi1™ Ma £A JY =8 A 2]

84



Lows of Dessrnding Bo

Total loss (k)
0.030
—— training porz]
0.028 - —— validation
0.026
I“‘D.UZH--
En.uzz-
0.020 1
0.018 4
{I] llﬁ[] Z‘(:_ID 3{IJD 460 SCIJB -:: (d}
epochs oy |
[:a} h I \‘«‘:—-ﬂ: v .:T“n
42 R £ Nn 4y o L (@)~(dyn t gy *°
4y3 Q4w w4l Q §y £ Q8. Y 1
Foo t1 JYuoyn - A 1 -4" Ma 3 ¢
Validation result
0.95 -
o WWW
0.80 A
0.75 A
0.70 A
—— Precision
065_ I Reca”
F1-Score
0.60 - —— MAP
0 100 200 300 400 500
epochs
4-3 kA £ n K T o] L Q vy £
1 A Foo c 2Y’ CMmll 1 1 YB B6. A



4-1-3 £ Q D Q

®41l y IR £ A QY Q y £A® 8. YK® €
ARG RWY | G A T Y £
A r mMAPK 905% + £ A PrecisiolP K Q4%2Y' & £ X

R WA Wi YZ QAK-<T YO X A n ] HXA

G MY £d ' =6_ A ® Y R T mH wé Y £

%%A HAY 3 0B Yk oA X WG Y £bp

cuyY, tA n3 + " gYoUYA m® £H
~z R MA Y Z2° & PA » bH N p W
A 2Y41a Z"» £t WAK RY = 1 £EA R
QA-i) Q y £ 0Z oA AP&. Y £

N MAPK  94.2%Y Precision RecallPu 1 K 92.6% 89.7%,

A Q b £ QT (MAP=94.3%Yy' & £
GOl &’ A MG N 4d9A Y 0 b V X
'=0_ A AL v A dUA KR £° no
1 KPRl
LY % £ 0 M A DQKOpY T
G Y £ - ° € A W Y'v B _,E H h €
ROY £V Z L £bN F4?d W® ~a Y 0Z~

86



87

N 1 A"+ YbPu N M A&
P MA b t mMraz £ n MRE GE AN
Y. 44HY L W QdAdYYA audn £ X1~
RUJUVA WY §y i - CHAU ’ AKpP Al
® 41 £ QL Q y £ WA 26 Y
nK 43¢eH
Precis Recal mA P Fiscor
C G 84.0% 78.8% 96.3% 0.81
3 G 88.4% 89.6% 94.3% 0.89
T G 82.9% 85.3% 88.6% 0.84
X G 86.6% 90.2% 92.2% 0.88
X G 93.4% 85.9% 93.4% 0.89
r G 74 %3 75 %3 74 Y8 0. 75
Zho 2.6% 8.7% 9.2% 0 91
X d 89.8% 86.4% 90.5% 0.88



i ST U,
jetski 0.88
grown‘mgS 0.89

-

“jetski 0,79

Z"E PA t WY V1 £ n " g AXKe
i
4-2 3 3  (DeepSORT)
3 3 O M 43 QAB Yo~ Et
o ° M> 9 (v w) 1¢4 "H BA3 Qxt
M3 oY Y M ¢év3 QA nqVvbp 643 QA
L. 3 S A= N° " N3z AY 45 y3Z
AAIDnYunt 03 Qq P._ 3 A DBT(detectionbased

88



tracking)Y 'H  TBD(trackingby-detectiony ] pP3 qg P. 3

A DFT(detectiorfree trackingy ~ 1 _ 3 301 Y R X
A3 Qp Hy4/]3 "Q 4AQRYDBT A ~ 3 CAAYV
1 IYMA3 QY C1 AQNY, 13> 0xvinAt DBT
AlcmuyY V. 3 3 but’ (online) (offline)Y
cA 3 " Y'H 5 A £ > A WyupG Yo
/T “ MAeée ¢ Wi g YW 1T MAS3 QY
4-6"HY | . BF Y172 1 b
(Luo,2021) . 1Y 3 3 Bz 2Q/ (object detectior®)

- o

"QJU  (objecttrackingf M E Y QU E MHv @ ACHA A "H

oA - AY W MAEéY3 QYY" 3 QA QY
3 3 gViASNwWA AW eM3 QA 1
dg:j;?;n E ini;\?aalir;:itiilun E
-_)é_, tr:lcl-?'\-lr-‘ng —)-/ Trajectory / E tr:lf;g —?/ Trajectory / E
DBT DFT
45 3 3 MADBT DFT A E ( = Luo,2014) DBT
A 03 QW P 3 YDFT A/ tNvia3 W
2 N
% 0| 0w 0> W @ | O Ow o= ® 6>
@@9 @@9 @@) sas @9‘@) @@-} @@; @@_} ae s @}@_}
. {‘\:Lﬂ\":la \a‘la “l /
{w [ : [} { b s oy o
b B o I vl ) el ey bl B bl
Online Offline
46 3 3 MXud’ ( = Luo,2014) > " v
noo> > C W P33 Q YL/ vl M™HX W P35



o AH pA QY aeds Q ‘T AMI Y
u tT¢ 353 Q ¢ A Y  pZ Mi TQA35 QY
VK Z t7 M43 QYuoy Z | 6 ACH A

MYy XN A& YT @& | A A \% R 3 QN

f oy C. A Aft iaQnvy

Bewley(2016) p ¢ . 3 3 ua, t SORT(simple online and
realtime tacking)A’ AYvnz i A dYun btk
‘A (Kalmanfilterfv . ©° A (Hungarian algorithrj)k A K
>»Q A Q PTMTQ A YQ Bz3s 'QAB wu o -

oY t0n41Hy d

MM, M v, M,

8 oM A A (4-1)

ZMoAR®Yy 3 "QAMI 8 @y *° A Y oA/ 7 > Q
B3 QA -u Y Qt ¢ Hy A3 QY vt |K

A Q@ 0A3 Q PTMQ A Yuoy T t+MQ A

17Vt ¢ A QYq COW L A3 Q8 Q %

5 QA P J0iLgvmn_ ©° AW P (data
associationy A 0¢ t ¢ M3 QAB (v K A

A p Q)Y t¢ 3 Qn Ad, =Y TV A § Wi

90



(loUyH 0 (euclidean distanc&)w™ p t ¢ e ¢ M XK LT

TA3 QYv o ud 3 54
SORT ABb Xi© p_ 3 YT qAOGXID (ID
switch)A Ny 3 Q zZ° 5 "QHyE 1 YK AV
0¢C t¢ A3 Q8 Y~tC A3 Qb t ~Nn°
MMY A XZ" A3 Qp ° Q B QY. 6o AK
B A3 Yuoy 4A A3 p LYy~ > A
5 QL

"I 'Y Wojke(2017) 0 SORT AY~ NQ t DeeSORTA 3
3 Yo~ f SORT A M3 Q "H MA ID
|, DeepSORTA SORT  AYv @K A B8 AW

5 QuY 1q F25 Qu A YWwoe ¢ t ¢ 3 "Qn

A osYWwYo BT £ A3 QAKX 1] DeepSORT . > L

5 QA , =1 YNviAa§f WaHT 0 W Yoqvia N

(mahalanobis distance) (motion distancey £ p T (appearance

metric) T (appearancdistanceY w K A~ Tt ¢ A

5 Q8 tC As QN AT (B 0) 7y ATR |

A K +£> L 3 QAT =Y e O ®> L BA3

Mt M3 QAK A L 0 i Q j QY v i
noo. Y. N 42"Hy :

91



Q°F 0 0y @, W 0y @ (4-2)
ZMQ & QA YT YO & i QA *T vy T
bz Mi 7 Luoy F9CqM = 1Y 95%-— g
A QY. N1 @ oy 10 DAL ~ 1 Bd A CNN
P ayY B, 93 QAT L 0é+ Q' X
cM T i Y P XK t ¢ k QAT 1L 0 Kk
N Q j QAT YW AT A (cosinesimilarity Y
N 4-3"HY :
QS WO 4P idgadn M Ao (4-3)
1Y 1 1. 4Ccq 1Y QO M4 1Y
®Zv3 QN AT D =R HYKnw L. ' Y DeepSORT
A > LZM T 53 Qex K 7 S35 T Y A -
A N 4-4"Hy
Gp, _Q° '@Q p _0QS '@ (4-4)
ZMQ 60 & YO 90 o Y/ ' ®F 11 o)
nlw > L 3 Qn AT <Y " p TRAZY3 QYo
3 'Q 1 p AID Y 3 A AY KW
SMA 43 Y CédM3 & A ID Y. 4-T"HY |



4-7 DeepSORT 3 3 Qy ( = Wojke, 2017) I

AKXKW C 9 MA 5 Q Yoo e A3 Q
Wo'H YDeepSORT AL¢ ° 3 3 Y 0 -

3 Yuo hk A & ©° AYT é+v3 Q > B =Y
3 MAawB u B & nm A J aoeyTR «
A3 QYw ' &£ An & Y MA_ M N° 3 | DeepSORT
ABb Xi" n°3 Q oy A M P_3 Y33

b _vnavnil CHAWyYyd. 3 oL A M ’
£Y DeepSORT AY 2KWU p YME&EGCM3 QA
B ngYK p YMEéCHM3 Q Y u ' ©
YAYW unl” A3 QW  1:Surf 22Swimé | 1 oM W
dYo X XE v Hep o( 4 AMYuoy
QKW "~ E " A= 1 YAt nv | P |

93



4-3 y 0] Q
N ALW T WE L P YAA ~
TXX 4 9¥K n A MY’ NLIWMY T U Ju
ne--"1 NiMw Yw E N W >k Y* NE
00 i 2K K n AE |t E A jY
Q Y yp A LE KXW
v B NAG W nvas Vv TXXE =
1] Yvsi 94K n., A [{M|
"YAnA A £EY"T £ nQL CHA
3 3 Yuoy A nYaw®g b u Yo
SMY £ p b Y. QF P GA E
v Y E ¥wn° yo M, ° £0° GA3 t
GE YZ~ b o NRui £ v A YW 4&E
Q v Y AD YT nNnR € 14 BY
v YAB YA n"mné¢ £ Q1 b

3 3 A QY KW
y E Y 7 Y DA
A anpi

tWIY 9 ’

94

L

€ An YW
v A W
48 yn "0



" A Y ¢ OA: Y YMu nJE
v Y E nun~ n oA y° A M(CIWI ML &)Yuoy
évME C A L ~ 2XAaLY MYMp CBE v

( NMHCO Y 55 "Q)Yuoy "Wwne yY YIE tX

o - — =2 o

X 7 ( vy B QKd>p E N M
” oy G Y 3 (Ua yo 3 v YT £V
u yzZ o Y. 1 YK Q E v A Y
W N ] LY w AE vy~ °
£ é ™ v AE yO MNMYuoy é-vE v

95



16:17:14

16:1./:19

16:17:29

. Siswinm

Tswindwirn 8 wimn
: sl L e

{§ e e ~ X

10swim

BEWirr 7 ESWim m«—
, VEswim

3:sw]?ﬁ56 34sw’rvrr;'('0 .‘35) ’5:swim(8, 2\5.) — =

TESWirn .
g - NOISWIML et e SRSl
gy o BiEswim

£E v y M| £ ¥ MA

v YO"no VE wuo VE v
A= 1

PbHbz > oY OV'|'|'"'° AE
4’ MYMYK edmWMY QE a&agq

K B Au oye A RAM| 41 m 3 3

96



¢ ~pYE 4 YMAE. A, T G+ PedmMu
Abv Y ° . £ .Q A D. uoy V Y
>E A nL £ " " E o] dmMg p RIYV
- QW 1" E  uoyfl Z p) o . uUm., "y
A WG E dmMGCe1 L pA ytWIY £ X
i B GE dWM> Lxt CBE Y QXp
o] Fool
N G E WIA QMYKOB ¢y O Y £X
B GE Yuoy C° @A IDJ, E O dmWMYuoy vy’
SNAMY 1+ £ufl B u? E L CH91 LYYA dmM
A GE Y pY ~Y 1 M A QKW Y £ C GE
A DB B Yul 4/ E q KM> A IDY. 4-9"HY |
® E£ul Of dMMAE Y £EW Y dmM> LAE
T A3 | Q £ N o . Y K R A
Q)
£ Adr dMME A4, K 3 3 ACHAX |
5> €. A3 35 hzA 'H nA DeepSORT AY' 1

97



Q9 Mé AB YU = " ] Q A3 ° MM yvY

£6 4yk3 Q >8 A Y- qo 4yep A3 Q J]»

4> A3 QL CMY, ~ A dmRMA G E | DeepSORT

Axs B WP Y o > YMA3 Q > M
A3 Qrxt  ¢v1 Y ¥ Z' N x TRYTOU hoouf
E¢AE Yuog X1 . AG vy A 8 3 QA
il Y EV - E dgmM> LAT Mo pzZTt" A3
QL

Wo'H Y £ -7 1 MA YT W

5> A 35 3 W Y 4yk3 Qf> 8 u oy oY AT

MY 4 NMA GE qruth AYvVy = £p
n OL" ®OW. 3 3 3>A AW YT B 43 QA
e U AU L3> A 3 3 B - " ¥ M= p
A3 QY. A A v QYA W, Q3 X AL 1Y
Ks n A3 W o] Foo

98



t=10s

- RRZHKPOEKIDEKE)

49 £ 4 MU AE I QL Q V3> AA 3
30N 4® MY MA3 Q
44§ N
£ H v A Ny
u KW w Ny 2 E X B, Y ~ \Y

99



> D 1Y 4 2 AB v Yp
T WS Y '"E A agYWT UJLA 1}
Ny A H A ’ £ 0 i 3 YKW
t Nv® 3™ Corva | B A Y Y /° Al
9> YvY K| BXE K n. A aY ~ . P 'H P
Y E A 75l
0AO0 - 3 YKW | - — JUHT W
a CJHAW p) ~ LineNotfy®O B 06 A Line'H e QU
2016 T pYLtCY 9 © o0 - ® AXYyYT "  nme u
v K Line Notify W al AE © Line Notify®d Y
Line Notify Y LineA i /b | W=Z7 & A ~ )]  Line Notify
) u D LY Line Notify"H w A U COLine “~ Yoyl W
fvan” | GYPXK Line a "
Line Notify” Wop Kunut ~ Cy © wT Wy a | Tt
P Y ~ ca © o ~ ® A Linen mY e ugrt

~

SAAm YBzdWHT  YlneNotfy WG | a d (access
token), & w” ot aAd Y P g Line Notify, O |
a du=se T f A nY pythory matlab n pdxy RA(t
n4A A N pt pythony° i b U>A N PuU 25H

(data packet) Line Notify" & VY2sB5MBz | a dwy A aY

100



1| Spe¢ams Y L a |7V & GAnm Y G |7 Kwt

YA no i 3 y B 4-10 "Hy Y
£ 3 ° . A WYuoy ° . nas ° N
M ypw] ~ CIB® Line Notify = " FoYpqo~© A
s MWH )Y mMe ¢A|la dj " Q@
la d A A N 3 Line Notify” & Y Line Notify
q Srtnms YR Line Vi B
y L 7 b (o} T3 By A W Q 4-11"Hy |
Line notify A0 ~ 3 ’ £Y
y N Y 72 t na 1+ " A ]
QR VYA Ao ~3 N K y 31 wWYp
Y. n1Y BPKFYT o BY B 3 7 nY
< A nl

101



BEBEEGMRERRHARE

sEEERR | | saEEmk Line notify
s B R BEEE |\
; N EESE—R
: B R X
BERR 5
1 EmELE Token
1 XTRe | | x
2. fFAER | RS
Line notify i
15] EE%% @ [FEEERSETRRRE) ARRA
BEEAE | BMEAE!
AEER | ® ‘
BRERNE = ==wat
4-10 T ¥ It
BlFarR=EaRnaE
@ LINE Notify
(EEEERETRERE] EER
ESZRE  #naanE! i
LINE Notify
411w | BV an 4] A n vy N K
¢ An pGA Y

102



dy Vv . Ay KOy

5-1 b Vo
A 0 UA b £ 1 Q8. Y ARK 420
oL £N Y KW P ( wmél
meEXtvE € NJd 1 73 A AY «+° uné QY
w oo > N MA bW Wy, o b AV Y
W wnidA b AL~ A "Ho U A b £ ]
fpst 33Yv énKué 310 30 Y1 N o A
t 25¥énx 25 L. 1Y £A I €0 A Y ®A
"Ho Y A b EY Vvioné "HO BA |
b £V 5 51"Hy Y £~ Q
M Mé G b T puwn’ o nA YT yY £ QN
YI]> £ 7 £A I Q ecM £ p WA b v
Fo-in Y £ 0 QA-1 <) n bV
Ay NA 24 tE NviYun - A vy N M,, Y
£t?2 YA 0 AYA AV Ay NMAEH b
v p'l s A 0 YuWw/ CA 2 VI
~ £A QYK W M P oA W
QX 10 h E PYWI W +woy > MM P
» A W Yuoy V b PALW OV 4

103



MAHePY WE Mdva L5547 A g M

yi R A b YL ul vy N p |
A r WA PY 3 )L~V NIMA X

i N ~BBYT" aA BzA H AT 10 b
MY A~AH A YY" E K NMH T YA

04/06/2023 16:22:53 : . HREERONBL 1T | BEk: 13 | @DR: 0| SUP: 2 | BEM: 1
bananaboat Jit:kn K EEEFEER: 1| EMA: O | EAAA: O | REEM: 0 | BAA: O

sup
swimgswimiswim .= Swim

(Bl A

sup

N

\.

<
ARER JYOL Ou7: e —
!iﬂﬁ AR =S

>t bV AYIOIY AM oy £ & b

A QY u oy Y . oW oA yO NHeP
5‘2 ¢ . V4

A "Ho 4 A ° £Y N Wy
’ 0 o A NyviaQu  CA 5 MK

104



<
<
<
3>
m
<
%

QKW u o nA 1

Y ¥ MMYK t I K "Qf u R Y ! T

3w Y MA E Y £ 2 TA oA £A
L ~Y £A u Y tv1Y (fpsikt- 31Ye n Kun ¢ 31
L. 1Y £V = I €0 A Y' ®A d 4A
’ £EY Vvinté 6 A 1
52 £V 1Y £ 39 " p
¥ M"HXY A E Wu b n 1Y ce E ¢ A Y
1 W iTMeCM3 Q@ YTMWE n &Yy v W wu
v Y XE vy 9 v (Y W WY £
v AE Wn ®Vy Yuoy Q VE v A= 1 | Z
- K RYP KO~ ACGhHOn  Yuoy § . "
A= 1 |~ u o QYK . “MmMm T A WY
Wy NAMN A W _ yu YMAHp
CYuoy V. LA ) T.ovamé . YKU
W N Vi A 1 AYAt ™ AD N
A 5l

105



5-2
pWu

5-3

y o

b A

o b

uvyx*
A

£V N
M MY u ’ _
8
‘ N
b £ €
Y W AV
b W Wy

vn p A GoOcearx y

XAAuYonuipx |

106

] £ 5 M
vy HePY w
R AV O
EY Z
b 1 N
W L~ uvs

. L GoOcearnky W

(" Jp Yy
y Xy A>
( YyM oY

S

C/\











































































































































































