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1.2 989 7% 94 A #d 975

Zhang et al.> 2018'd +=1- “Smoking Image Detection Based on Convolutional Neu
ral Networks”[1]oll4] &< o]v]A] EFE 21¥ Smoking Net S AQFstATE. ©]
292 GoogleNets 7|HFo = dto] FA o|n|A| o] EAE a4 & HA33 CN
N =2dolt} AEZ el 7|48ty RE(HOG+SVM, LBP+Adaboost 5)3 HIw S uf,
Aete 2L T =2 ASEe) H45S HF oW, AlexNet, GoogleNetd} 22 7]&
CNN 79t R Bits 43 Ass Uil 2o BuHr

Jonel R. Macalisang 2] 17312 “Eye-Smoker: A Machine Vision-Based Nose Infer

ence System of Cigarette Smoking Detection using Convolutional Neural Network”[2]°]l

A A A A1eS o187 FD BA AzEE ALSE o ATE 5 7
Wl FA4E DA AT BHo2 HolE MEE TEHI, Yoy dug
29 YOLOVS 29g S&dte] AFsar. a7 A3, A4s Axde Fa4 g

)

of ol Ea3AR AeS LIst= ZerE HuHAT
J. Tang & 20219 +=+ “Smoking Behavior Detection Based On Improved YOLO
v5s Algorithm”[3]ol A YOLOv5S]s &e]l&3 oln|x] A& A3 §4 39 &

A BHe AGAJG. ook 22 AL tide AAsE Aol 1Y, K-mea
ns P FH A2 g "BA ASe F7FskY YOLOvsS| s dalglgs e



24 B34 Agxs A FEAHATT TxPH.

Zhen Zhang ¢ %S “Research on Smoking Detection Based on Deep Learnin
g’ [4]o1 A Ed F9] v A Y F(attention mechanism) EEJ"”]' NAAE Ze HEL A«
esidual network)E 7|WtO 2 7} @AY EAS §FT W E(backbone) VI EQAE A

Attt A7 A A FA Holg MEE }J‘%PO% g4 d¥gS FPs)
A, 2 A} AekE o] Faster RCNN, SSD, YOLOvS & 7|¥ EHERT U
=2 AYEE 7S T ATl AjbE 2R Hi A S (mean Average
Precision)©= 86.32%° EE3t o, &2 £5& 5528 Y/= (f/s)% =i =

Y. Ma, J. Yang, Z. Li, Z. Mat “YOLO-Cigarette: An effective YOLO Network for
outdoor smoking Real-time Object Detection”[5]TollA 7]& YOLOvS UWE A F+
=5 MAsr] e wHer ME3dE 33t dgu|= ¥ EE(FSPP)Y UF &

b F9o WMAYZSMSAM)S &3 YOLO-Cigarette 2&-S Ao+l B wdo

b 24 HAEY Ag=E aF R Ao, nd gugE A ek
At EREE U2 &2 £5 3 =AY 43 23, YOLO-Cigarette
B 7|E RURET 48% U £ A%S ERoH, HZE AEdA 95%°] &

J. Lix “Study on Smoking and Telephone Behaviour Detection Based on Convolutio
nal Neural Network”[6] =&NA F&aFaNA FAH Ast Alg3 2L P&
AL dart e 4Ze 470 Fi, o} e ATz AAL 5 e d
ol MEE T3l CNN(HEw A4%) 2d 748 ALsdt g A<=
om Al EFd 2He wE Aoz, A9 YAAE FHetste 24 AA Edo] of
oA E EFdte RIS VWMo E JPHATY olF Tl FA P A AE
I 2E 54 dFe AT HEste Al2=Fe Ve RRE ST

C. Wang, T. Zheng, F. Sun, H. Liux= “A Smoking Detection Algorithm Based on I
mproved YOLOV5”[7]=&A Fdo] 5AH ZaoA 4 A9E AEsHA 1A
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J. Peng, C. Wang, Y. Li, H. Chen “Substation Personnel Smoking Detection Based
On GhostNetV2-YOLOV5”[8] &=&ollA WMAA A9 < P& AAe= 1A
317] $13F GhostNetV2-YOLOvS 7|8F €aig]E& Altatdth I €8] EF2 GhostN
etV2E B YEQARE F8st] do FIE FHA7]E A AN &A
7V 7FedtEE AAENT Ad A, Atd daglES 7€ YOLOvs ¢y FE
I HuFE W F mAP7E 2.58% FEFEIJOH, dF £+ 1Lel1H FFEHIJT o
B3 e FA A HEYZ FAAE 58 A5S RoFH, A4 H 8o

(IQ

<
i
i
2
af
=
o

Aditya ¢ 73712 “Smoking Detection using Deep Learning’
Ao A ShgE Y ¢aelEQl YOLOVSE AMgstd AHEsta &
A AHE =T AA EEL onAZE FAAE BAste Aol Ad
Aoz gAslE o], ARl FA(false positive)s E=UOZMN He5S A A HTH

£3, LAAe FA F@o] o4 Gl HNE 9FS nelstel, PN BF F

2 28E = dSS AEYOA AFEe 5 dFsig Ad 2, A== 94,
75%, AHEL 96%, BUEE 95.05%, AUCE 95.5%= 7]|=3tg o
2 FAE dolg AEJNA HZES Ay 96.74%2 EF AFE=ES ZAFY



Robert P. Lakatos ¢ 7% “A multimodal deep learning architecture for smokin
g detection with a small data approach”[10] =&olA, &4 #d ZH=E TFA|517]
sl AR shsE olm A B o] RES &3 HE|RY of7|HAE AcHe
o AFeA At HEHED HIHES Fule #dd myo] FrlxoA 23l

B8 gASE o o] ¥ AAYL AUk ojmx Az YEHAY} do] ®
9 WERY o/EA 2 ARFORA, H1ES ojux] HoHE FA FEY
4 9lon, dEvle] gEe Ea S H% BAAL F JE EF £2HL A

AEsF 9 9732 “HHd 7IES o] &3 FAolA 59 A9 A Z(Detection o
f Smoking Behavior in Images Using Deep Learning Technology)”’[11] &7 =&IA
AAZE AA &R 71€<Q] YOLOv8H AA] 4 RElQl ©3F F Z(OpenPose)S At
st FAAY P DA WHS AL T AFolAE I HelA

FaAst 9 P97k SAC) AED A% o5 FA YU WHSE P4 Ag
gozm = JHYL wolA Atk AT A, Akd mAe YA F
A PUE Hrh BAHOR VAT F U YFAYOH, AN FA 1%

X

§ 7heAe FAFHAL,
Wang, Z., Liu, Y., Lei, L. 52 “Smoking-YOLOVS: a novel smoking detection algo
rithm for chemical plant personnel”’[12]A7-oll4] YOLOv8 ¥ilg]&& 7NAlste] 313}
T4 Wold F4 AE AAskE e Adsdth A7 71¥ YOLOWS =
do] HsS FFAT7] s &4 F4E WloUv3Z thA|shal, Self-Distillation(SD)
AR wWAYUZS FE3IAT =3, AEFH 2Egol= g E(Neck) 7F& W

Ao ZM 8588%° AIATE B3R oM, o= 7|E YOLOv8 thHl °F 6.18%
FE AFolth. ozt A= srFAoNAY AARE FA AA Al=EH A&

o
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Al 2R A7E olg AT

21 AR A B BR

degold BA Qde 2 T AAE U 5 Utk ouA W BAlY s

15 dFst= o|v]A] EF(Image Classification)®} EAE 2SI 1 X 7}1A]
}etst= AA| 7R (Object Detection)o]Th. AA A= ©A @Y TA(One-Stage)
AL} o]z GA(Two-Stage) AIEE T+ET 4 Ut}

2A A (Two-Stage Detector) 212> =42 A& 2= FAQJA A FH(Lo
calization)ilP A9 F/FE = EfF(Classification) #AE 25t =23 02 A
g3t W2lolth o] Wale diEA dugF2ZE R-CNN, Fast R-CNN, 2 Fast

er R-CNN©o| it

1, YOLO(You Only Look Once)= ©lF|A| W EAjste= AA /9 1 AA
AAE & HY 3] AHEE o SFsteE @Y ©A A (One-Stage Detector) 2] o] T},
o] WAL ouAE & WY i AAE dSdthes HolA AAZE dBo] Holu

o 9 212 AA A JAE =48] a" oo

FSAF

= CPNDet
CenterNet
CornerNet FCOS SAPD
_ Anchor 7 i / 4
Free 2018 2019 2020 2021
VVJ Det HOG Det DPM
+AlexNet SSD Retina Net YOLOVS
R YoLov1 / yoLovz /[ yoLova YOLOVA4
2001 2006 2008 2012 /
One-stage -
2016 2017 2018 2019 2020 2021
i gnChgr SPPNet Faster RCNN FPN Libra RCNN
ase RCNN [ Fast RCNN Mask F\‘CZNN/C.ascade RCNN / Grid RCNN
Traditional Detection Methods Two-stage >

2014 2015 2016 2017 2018 2019 2021

Deep Learning based Detection Methods



2.2 FPN(Feature Pyramid Networks)

FPN(Feature Pyramid Networks)> TF43t =7]9] AAE S 02 gx]ste] 2d
Aes T fdl oF =AY EAWE &8t UES Aotk FPN2 AHA A
o2 AAE FA3= A 7]17F obY ™, Faster R-CNN, Mask R-CNN, YOLOv3 & T

F AA A= a3 A AEstes 5 FE712 ARSHT

FPN9| "3 2} E(Pyramid)'v= A E THE g2 SEAWE ST Fo}
Z5 ougth. 712 olv A AV|E B8] FA(resize)dte] EEShE W
2 AHgH Ao, o] 5 A7) 98] FPNO] A QtE lth FPNS 9] 2719
Al A (single-scale) ©|F|AZFE 54 #HolojoA EAYS F=3t Jgr|=
sh=dl, o] HH L AFeF] 3 29 o] (bottom-up pathway), 3F3F2] I 2~ 9] o] (top-down pat

=

T P
w S
IS

o

odh
o,

hway), 1831 =% <AZ(lateral connections) H2]S 53l o] FoZt}. o]& &3l FPN
< g 3719 AAE ¥ EHFHOE AT F Q)

(a) Featurized image pyramid (b) Single feature map
//' A - predict 7/ 4
A | B
» predict
L] 'y
(c) Pyramidal feature hierarchy (d) Feature Pyramid Network

% 2.2 FPN %2 3 g2 e] vja[14]
FaFA 3 29 o] (Bottom-up pathway)= Y& oW A ZHEH 284 ZrolR| = EAY

& Z23hE BAolth o] HAHNME ojnA Y AHEE WA FLA Y, GFF 2

9 AAE BAT A= AR LFE 0F 2ALe] SHWS YA W,
O~

2l ©l(top-down pathway)= 1 x 1 Z1E-F*d(convolution) A4+ A -3} A



d F£E 9E & oMl 2 A E Y (upsampling)dh= AF S AX ol & F3l 49 4
4 < o9 d¥E duste Ho AEd HRE B
npx|uko 2 =wkd A (lateral connections)= FAEHE EXR W vt=Z ol #lde

4 BlAl(element-wise addition) A4k Fall A& st FAolth. o] A4
= &3 44 =AM FEI AERI £3H dgr= SEA(P2, P3, P4, PS5,
AT = Aok ol#d FxRE e A7) AAE s o E HASE b

[r

2.3 AE2 A YIES Z(PANet, Path Aggregation Network)

2018 9€o A=Z A U E$ F(Path Aggregation Network)= COCO 2017 Challen
ge Instance Segmentation T3] 191 <} i vl %] &<5 glo] A A Ao A 29 &
2HA g a2 Mask R-CNN 7|HEo 2 Q1B 2 A T2 E o] A (Instance Segmentation)-<
A3 m2dolth[15]. FPN ¥ ot} 343k A2 YA (top-down pathway)oll F7F2 0 &
ak2) A2 ZAl(bottom-up pathway)S F7Fste] a9 el ®e] 91X ARE A4 Hd

sho}, ek AR JA A48 54 E%(Adaptive feature pooling) YOLO
v4ol A= AL8-F Z]Eo|th PANet 542 434 H=2 JA, B8 54 =9, ¢4

Figure 1. lllustration of our framework. (a) FPN backbone. (b) Bottom-up path augmentation. (c) Adaptive feature pooling. (d) Box
branch. (e) Fully-connected fusion. Note that we omit channel dimension of feature maps in (a) and (b) for brevity.

a9 2.3 A2 FAA Y EYA(PANet) T-%[15]



$GH AZ (A S A8 59 ARE 9 AW Ashs Ao J)E P
N-20] 100 o]0l (Layenol d AXA 49 M2 AgEE W FF 2 A

[( QNM b ROIAlign fet
— §>§> E P P B i NNS % :§ fe2
=t = g I
L / — _,ﬁ -7
08 24 A% AR JAA MEYA 1 25 ¥ BAXE 7S
A [15] 54 =% #AA[16]

mask

fc
] %’eshapc

conv4_fc convs_fe

a9 26 9A A2 g (fusion)S 7R w2~z o= B (branch)[15]

Ay 5 82 19 257 o] N2~N5 Z}7+e] 74 we]l RPN(Region Proposa
1 Network)Z A& (ROI Align)E A
T AAH3 7)o WEHE Hh(max)FAFC 2 U E A3t} o] Agtd WE A F
20} WA E oS3

4Hd FAAF 217 (Fully Connection Network) 7] AlextNet, VGGNet 5 ©] 1]

2~
ofo
ol
O
£
=
@)
=
=
o)
.
o
=
o
=
&
=
4
N’
i
o
o
o
O
=
=
@)
[l

_10_



A EFEAo] 3/ FHZ(Convolution layer)2} 73 AZ2 Z(Fully connected layer)Z -
Aed 7] SHAAAZF(FC Layer)E A AT 1 x1 &4 F 3 (Convolution la
F7Fet] UES A 725 EF @4y SoET A" UEY AT oA
A2 A3} (Fully-connected Fusion)< £+ A AAWFECN)F A A2 AS(FC)
£ 9 263 o] A AREEt FRO A FHEHIL F H W& v (mas

2.4 37 Hrxep YA =g FH
24.1 BA "=

7] B2 (Anchor Box)ol& d7 A= olu|z] ol A7 A& HI 5F
woloh Wulel me] o A AAEe] mgelth 4A wtaE AgIH o
3

A ZE o] A Fiel Ud Hx9 E840] FgEH

z7] 44 E &glold AxS wae A8l ozl dxe gz
FHAMTEEH e EHOR 015/\171”“1 EAE AAstE HHelth oA BE B
ol Mg dte 2AskE daolel AR

H
HOG ‘I'" 2 |
. 0 2
ACF, % ‘:.‘r,:/' o
iy b
KLT, P
Image patches Detect Classify

a9 2.7 €8fold A= WA [17]
B7A wrrE ARSI olu|A A EAS FEFSE7] AT £dold dEF HE
st B8-S ZA &Y 4 AT}, Faster R-CNN, RetinaNet, YOLOv23} Y
ot oA A HaTE AREEAT YAE v A w1 O

_11_



FE] 3] 7 (Regression)E 3tW BT w23 A3 SFaltHA EAE AL +
=

o 0o oo &

4 i
C_.lg“l'_l S .0

CNNoutput(i,) maps to Image(ij)

% 2.8 4A s A [17]

7] vtzo] A= UEHD S99 AAE A oA vA thgste] 2A
Aot o] #AF L ZE UESNZ S8 dial wtEdT. 1 A= AA ol Ao A
A Az FEl= xR A A AEZE APEH. 4 47 e FH2e 54
S5 Yety oS AR ma A EA AFe P BRE AFIT o
£ 50, & AAdA F Y A vt2E Agste AF, A 47 Has Y 9
2 08 A4 == %Eﬂéoﬂ g 5S s F Ao v 95

TEEHAY AA = 4-$, NMS(Non-Maximum Suppression) €id]&FS A&
st A E7F M =2 “—}# sttt @7 UmAE A AT o]F T3 FE

2.42 37 X (Anchor-Free) 2]
A olu A& AHE WA 3 A AHog YAE uH o R o Fdt=



WA A ze) £Ldide] Z 7o o} nigo] AYPslE YA e FHE
=1 g AFolle 284l gAY 239 f—ﬂ%"ﬂ el 7b = 3l

] Mzttt @e] Aok o ¥ Mt

Y= HIAA Aok =3 ARE Ao

AA =Har, g7 " =27]¢)

o2 2 A 3k (ground-truth) S

YA ZEgA e AA HAE Al A

FAE AH d=3IAY AA Y AAS Huh AAAHA sgstsE Whjolt). 47

Uk A2 A3 A = tIEA o2 FCOS[18] ®do] dEd 19 2113 Zo] 9]

rdo ER W (feature map)d] EE FA XA TG o] Ex objectoﬂ N
X2

| obdAIE Akt WA e AT 19 $ s 9
29 AAZA dupFe] ATRJAE AZ(Left), 9l(Top), £EZ(Right), o}
(Bottom)Z AT 4D vectors &Alol 3] 7 (Regression)$tF. FCNN(Fully connectio
ned Neural Network) B ElZ 57 W (Feature Map)] =& FJA v}t EF A 4(Classif
ication Score)®} 4D W Ef(Vector) [I, t, r, b]E dS3t= Aot F712 A 4|9
jate] St W FES 317] 93] FPN(Feature Pyramid Network)S |2 # o2 =9
sta, EAe A | Agd & dZF(Prediction)E°] 2 A 7HAH £ 9
= =

Al 77k dSute 887 98 “FA = E7](Centerness Branch)”E

Mo &
i3
i
N

ot
=
A

o
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19 2.9 FCOS AA A1 /Mg =[18]

Centerness(z A 5)= ¥ 294 H W3t spadA 7]ef Mo = 0~1 Alolo]
< Yet=d 54 1A (location)l| A 3|3 1 *](location)”} 43+ = (object)] F
ANA ] A”E AarstE @olth #7248 SAldA BlojdFR 194 02
2 ZastH H2Estes ¢ YEYIAA 53 T4 NMSO 7/ H<(clas

sification score)E 3t FZAo] ¥ HlEE Hxof JHFEXE WE ¢ JUT[19].
aPA EAe Hd ¥ (bounding box)E ZAAE W] 54 (object center)ol A

g gojxl fAolA SH fgEe] FFHEES EQth
g2 o7 =g B2 FuYl(CornerNet)> T Al T ) E(one-stage detector)
oA YREH O Z AR E = YA wtxE AAEIA &3 AA AA FAE T =
o7 Y= T AY JEZJIER ZAZH[20]. F Y
g3t FHA, st ZHE oA St AA vbed WaE YAE 20
Alolli= MS COCOIA 422%2] APE 243l 7|£9 dutA HHEE 5
S B9 AT YOLOv6 ~ YOLOvIO & #HT YOLO WA

gl HAlo] =}

X
ol
o}i
@
u
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min(/*,7*)  min(¢*,6*)
X
max (*,7*) ~ max (¢*,0*)

242 2.1 Centerness =21[19]

Centerness® =

1% 2.10 Centerness 713 [19]

N

5 Hé,‘%(BottleNeck) T

E-(Bottleneck) TZ& A+ 4174 (Convolutional Neural Network, CNN)oiA]
A4t BEE Fdststr] f8 54 dolojddA Ad FE =0l T 8= WA
o2 FARY. o] FxRe= A4 AdE HoSlHAE VES Y FFHE AT
T AEE HAEHAY. HE EE(Bottleneck block)2 ‘ZF2}F 47 (residual connection)’
& XEster, ole 489S A 9% tote AR, HES AV ZojHel o
g AT 5 e TUHHAE 248 ZAE g3t o] 3| dgo] A&Ho
2 o] Fojxith

N

a9

256-d

k.
( 1x1, 64
l relu

[ 3x3,6a__ |
1 relu

| 1x1, 256

Standard BottleNeck

a9 211 ez Ad(21]

_15_



2.6 37t ¥gtu|= E 7 (Spatial Pyramid Pooling)
SPP[22]+= H(Neck) ¥F O = om| A A7]o|u; Hl&ol AF#gle] 4 F(Convolut
ion layer) ¢ U}x|E} EA "W(feature map)eS LA E =719 18 =(Grid)Z T3
Hslslel v gH F7]19 Ed gk S(representation) S A A3 o AlFoE 2

RCNNoﬂ A ¢ A4 F(fully-connected layer)oll A 18 H =712l 57 9 (feature
map)°] B R3st7] wjEel, & DA =79 o|uAE dHsr] Al ol AE &
=(Wrapping) ¥+ AE27](Cropping)ste= A oA o|n| x| WF o} &4o] A3t
ds AstE olojd 4 ATk R-CNN¥ &, SPP= 4¥8H o|v|A Y A7]E WA

g d

0]

AR

3| g, R-CNN ©of 20007114 e

jo2 Atts Fdstr] HEd F57F =2t dxol sl
&=

ZAE s)Ast
48 Aolz2 @ Z27](Cropping),

=} ol
9 F(Wrapping) Z5S HolFa glom, FF 28 A%2 CNN 7=, A ol

SPP A|QFsh= FZFo|t}
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crop

image }-b crop / warp ~ conv layers —b{ fc layers i~>| output |

image }* conv layers ]rb spatial pyramid pooling *{ fc layers +| output |

a9 212 SPP M EH AT Fx A5 H< CNN Fxnn[22]

fully-connected layers (fcg. ficq)

f

fixed-length representation
A ... [ §  Ea—R. § =y |
o A ™
I . - - - - - ([ = A e e L Lo
# 16x236-d 'y 4x256-d $ 256-d
r_"("- .f'.‘. L _Tf./:. /
EZ X I T L r =
k] gpatial pyvramid pooling layer

feature maps of convs
{arbitrary size)

i convolutional layers
input image

a9 213 ¥ AgvE Y T F2E 7R UEYA[22]



2.7 CSPNet(Cross Stage Partial Network)

CSPNet(Cross Stage Partial Network)< 20191 11€] A3 tgteztsol 23
Atd ded B Fx2E A9 Fo3 FHE AMEFS £0lal AFEE E0
Zolty. E4 W& ¥ R g3te] 3 RES yEE BE23 HE go]o

AZ ols3th[24]. 5 WS B3t HEstr] wWZol] 7]& CNN o7 A 1
o Aitgel Ax YU AE 35 JHAH F&5 AR F4AE T B 22 A=
E 24T I8 2142 A WS F Y BE FE 9X EF (partial dense bl
ock)d} FE FHo] 11/1] o (partial transition layer)i L]-—‘T—_T’_ dE= AH oo dold

1=}
T
Fohe A 4§ o

Dense Block

Dense Layer 1 ! Dense Layer 2 Dense Layer &
X1 i X2 X3 Xg
7 N 4 F Py Mo P e
i 3 : ; ~ ; ~ / .
conv ¢ \  conv ¢ 8 conv ¢ e conwv ¢ A W e
i \ v, “ s ~ P - ty - =~
concaty, o concat®, ) concai~_ 7 concat “~_ i Iransition Layer
Y I = ‘- - g ~ i
j’:
. F-pes W £ e o
copy copy copy copy {iconv
T e, W I L=l F ————== - 40 o & W R

(a) DenseNet

Partial Dense Block
Dense Layver 2 Dense Layver &

b F ™ by B Fa -
' . s ~ ’ ~— A SR O R I S e,
5 conv g N conv # ~ conv ¢ -~ iy )

I 1 i ) . ’ . s S Partial Transition Laver
seconcaty . s concat '\ ¥ concat "~ 5 concat “«
, S T == - , = b — =

i / , : H
o i - .. 3 —— e Ny:!
: copy § 1 conv i

(b) Cross Stage Partial DLnsc‘\et

1% 2.14 DenseNetol] %83+ Cross Stage Partial Network [24]

2.8 Hl°|H 37 7]'H (Data Augmentation)
HeldolA o8 F4-& 7I1E HolE AlEE ®WEstd AEL HolHE A4
st 7leE, olF T3 RE9 st TlolEE SUMA7IAL thgRE el g o

b3l 58S FAFoEN A F(overfitting)= WA EFHE A& F AT =

[o
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@, dolE/t 255 Ageld o we Fd HolHE 44T & glol, nrk 4

ok

Holg 74 7I'HOe 2% o|uA 3% (Rotation), ©]& (Translation), 733}

¢ WA (Flipping), &Hth/Z4x(Scaling), A}Z7](Cropping), F+Z9 2 LRES 2k

+ WH =ZF(Random Cropping) 5°| ATk A WHE 7|H O == Y7](Brightness),

th H](Contrast), = (Saturation), 2 Z(Hue)E FA3tAU, Z# A E]®(Color Jittering)

< Tl olEd 245S FANAE =AY F Y EY, ko2 FUF VIHoEE
o

b

AL Bz BE wol=g olulAd] FAAT ZrksHs W, F2 olu Ao
A = AN HE AR FU8ke &2 5-FF 9] Z(Salt-and-Pepper Noise)

I "oy 4 7IHoEE F olnAE A G2 F8 AMEL oHAE
A= Y 2dMixup), F © A 22t wslste A= olmAE A
Aete A }\(CutMlx) ojmx] o] YRES H2A AAF o R 7tE= H ok (Cutou
t), FAE dFES A= WP o]#H o] (Random Erasing) 5°] UATh =, BA}
o] A(Mosaic)&= 2] °|P|AE Agal dtte] oJuAE RIEE 7| O &, YOLOv4
A AL 2AEHe] F aHE BYPon o]F YOLOvs 5 Tyt mdoA AsS
Soiststs o ARS-E AT

E)

A

1o

4

tlo dx

i
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Al 3 & YOLO

3.1 YOLO A& ®2]

FHz= YOLO 7]1&A< A B2 vy 29 313 o] dF o|uAE 448 X

448 A712 ZAsta FAF WH(Convolution Network) 0.2 53} *2]g & NMS (4]

Ao <A Non-maxium Suppression) &iLE]|F< ©]83t A= WA ot

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

2% 3.1 YOLO #A| A 2=Hl[25]

O 3249 49 oHAE S x S e AR e v 2 I8 E AdoA =
Ao TGl 7M1k Aol AAE FAStE 48 24 dvh vE9 42~ (Bounding
Box)#= T4 FHEA X Y, 7FEW), AlZH) Z7] F X<} 4l Z(Confidence Scor
e) TAE 7FA Yo HF(Score)= HHEHW HAVF EAE FY90E AYE Fa
A=A AA e £4 ZH2E & dSFsdeAE ekt 7 e Ae vk
Q akxe} AA) £A4 Feo e 418 E(Confidence)E F43taL ©]& 7FA AL ©
Ao A AAE ol Al Aok 'l Wz agje Aol e o 30719 @<=
AHEA AF 5709 O v /R @S v W o) T x, y#kd vked
29 Eo]l h ¢ YHl w, 3T AA g A= w2 Yol AAZE
FE) c2 FAE A F, 4 28 EA stud 27] 9 vied WAE oS3

]
[e)
=
[e)
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)= =N

14x14x1024 14x14x1024 1451411024

TxTx1024 PXT1024

Det
CR CR FCR FC Reshape
o e IR | =t
Tx7x30

0951 14701
a4mc 403

Tensor values interpretation

i tfrom 1 10 20)
e ————] [ ] 1x30

20 - numbar of clagses
Ciass ecore - P{ob) 2 class_i | obf in ba)

x - coordinate of bbox center inside cell ([0; 1] wrt grid cell size)
y - coordinate of bbox center inside cell ([0; 1] wrt grid cell size)
w - bbox width ([0; 1] wrt image)

h - bbox height ([0; 1] wrt image)

¢ - bbox confidence ~ P(obj in bbox2)

SR
\

1% 3.2 YOLO =22 [26]

dF 5o a28E B 209 ®A ved ®xE Zta S JHE e v 2070
PASCAL VOCd| ZE3tH B=2,C=20,S=722 SXSx(B*x5+C) 7 X7 x30
=9 "X (tensor)E ZHAl Aot 807 EFE 7Fl COCO Hi°olH AHE 7HA3tH
7 x7x90 HAE Zk=t} o]A& A S(Convolution Network)e 53l 8h<53lA
ot

a9d Z agjeAde] 2719 uied BtAE e BAolA thed Zo] skl
A el #=3 & AAVE FAAEHE A-9r DT YOLOY A= ol =g
FAAS A3ty A8 NMSS AREgTh ¥ 3.3 om[A|dlA] HAXZo] 7+ 1F
E Aol 2719 nied ¥tAE FolA A W& BT AAY v FE0] JHE
Eo W BaE FAo RN Y AA tiel uied HAE SHEA BAIY
T UEF 3 Foh NMSe F& @AY ZAAE /Mt T8 &4 FE Fole
b =%o] HE nxg dA otk YOLO 298 FU3 Ao s oz 7 nf

1 =
@ H2E dF5E F AoH, NMSE F5S A7ste b =+c] gu[27].

[>
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=i =

5= S grid on input Final detections

Class probability map
a9 3.3 YOLOv] Z+A] w24 [25]
3.2 YOLOvl &%

YOLOvI®] A|2Hl FxE= ABZAM 247, AW 9= 47, dAd4= 2=
TAE = 19 343 2t}

i |

I;h_— ' A 7 7 |:| i‘@
| ) A | 8 , X X,

3 w2 254 52 1024 oze 1024 4094 10
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Loyer  Conn. Layer
T xb432 Ix3x192 Tx1x128 12122567, Ix1x512 1.5 3x3x1024
Maxpool Layer  Maxpoel Layer Ix3Ix256 Ix3x512 Ix3x1024 3x3x1024
2x242 2x2-52 1x1x256 1x1x512 IxIx1024
Ix3x512 3x3x1024 3x3x102452
Maxpool Laysr  Maxpool Layer
2x252 2x242

a9 3.4 YOLOv] 7% [25]
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YOLO F+Z% FIA Al F&, W (Backbone), (Neck), 3| =(Head)d] Al FEOo
2 FAHET WE(Backbone)S O EHE EAWML FZ3E TS a1 o3
Al W2 o 2= Darknet-19, Darknet-53, CSPDarknet53, EfficientRep 5 ©| JUTh &
eck) HEANAN FE2H SRS AFst Aesto, g 2719 AAE a34=

ol
=5

Z

3 o)
80

S 3t} FPN(Feature Pyramid Network)[14], PANet(Path Aggregatio
n Network) £ FZx7} & &%t 3| =(Head)= F=% 54 W (Feature map)s
HE o g2 EA4 9 & e FEOE o] WA 5 Fdd AA EA4E &
E, AAle] ¥ 2Ftelae]), 1elar AAle] A3 HAE el s vl e s
o =3t thE A o Z+= YOLO Head (YOLOVS), Efficient Head (YOLOV6), Decou
pled Head (YOLOV7), Task-Aligned Head (YOLOV8) 5°] UTh

¢

3.3 4T
YOLOS| £4%4s 953 vtd ¥ 2(Bounding Box)7} A A 4k(Ground Truth)
3}, whe e AA} YEAel o @, o)

|3ste] @318 ZRFUL YOLO AAE &

Jut

g Ao AA 2

el
4 3249 &4 dE N &

b aa X S A — g P+ — 7y ]

i=07=0

s* B _ R
+ Z Z 1?;] (c; _Ci)z

i=0/=0

noabjz 2101)] C _C

170]:0

+Zl"”] Y (5le) — pile))

cEclasses

2] 32 YOLO®S] £43%+4=[25]

A WA B3 T oA e 7 utre] 9x 9 Re A7 SFE ZAs: AlA
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de A BAZF 2ATC BT BANA e A R A Fe B
J"T'L

75 Yet= -3t 159 (One-Hot E

3.4 YOLO YA}
3.4.1 YOLOv1
YOLOE 20161 649 27, "= gfxujo]A2oA I8 HAFERIA 2 sfedQly
8}3]29l CVPROIA =41 #l = (Joseph Redmon)©] =&[28]< I i g
G419l Mask R-CNNO| 7Z-9- opfg] Wetx 5fpse] A4eS Uehde o s
S AGEE BAFAA omR|of i A el FAZEA 8 T AATE

oK
3]

==

7

Hir

ry

Hshe 45fpsd] oS HAF3th GoogLeNet B F3FS ol 1x1 &4
o] At

oL
il
ofj

=

(Convolution Layer)& =3t Ad & =4 ALZFES =30

flr
A

3.4.2 YOLOvV2

2017 79 259, stejolel A /lHE CVPR201741A4 24 #=#2 YOLOS F
WA ARl YOL09000S Ex3T 71E9] 2070 AAlE AAYE YOLOvIET
22 w2 900070 o] AAE A FhTE

YOLOV29] AFEEAE WE O Darket-190] 2t R=2= H 1979 &4 F3(Conv
olutional layer)e} 57012] =¥ #lo]of(pooling layer)Z ©]Fo|A U= UEY Zo|T}.
1% 3.5 Darket-199] F+Z%0|T. Darket-19% 9 3+ E3(global average poolin
g)= AH&3IA S BRk oyt 1x1 FE(filter)E AHE3HA 3x3 FAu SHH(e
onvolution feature map)S ¥=3dt= WS ARESEa, Wl X] A3} 7] (batch normali

zation)= AF-83)| A4 A 7 SH(regularization) $+T}.
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Type Filters Size/Stride Output
Convolutional 32 3 %3 224 = 224
Maxpool 2 x 2/2 112 »x 112
Convolutional 64 3 X3 112> 112
Maxpool Dk 22 56 x 56
Convolutional 128 3 ®X3 56 = 56
Convolutional 64 3 "l 56 x 56
Convolutional 128 3 %3 56 = 56
Maxpool D 2/ 28 x 28
Convolutional 256 3 x3 28 = 28
Convolutional 128 1xI 28 x 28
Convolutional 256 3 %3 28 x 28
Maxpool 2 x 2/2 14 x 14
Convolutional 512 3 x 3 14 =< 14
Convolutional 256 1 %1 14 > 14
Convolutional 512 3 X3 14 =< 14
Convolutional 256 1. x 1 14 =< 14
Convolutional 512 3 x 3 14 = 14
Maxpool 2w/ 2 T 3T
Convolutional 1024 33 TxT
Convolutional 512 1 =1 T T
Convolutional 1024 3 x'3 Vil A
Convolutional 512 I i s A
Convolutional 1024 3 x 3 TxT
Convolutional 1000 e 1 T
Avgpool Global 1000
Softmax

7% 3.5 DARK-19 7+2%[29]

Tl Aol FEHEAT 19 3604 ol B FE F8 a9l 107t

27tz 443 A7, =Y g% FAEL ¥o=TH30].

YOLO YOLOv2

batch norm? v

hi-res classifier?
convolutional?
anchor boxes?

new network?
dimension priors?
location prediction?
passthrough?
multi-scale?

hi-res detector?

“ &
CHE R
LENRA
SRS AR
SENEN

o LS
LERAES R

AR T Ut SE SR NE NN

VOC2007 mAP | 634 |658 695 692 69.6 744 754 768

~1

9 3.6 YOLO1T} vl A%y 9¢1[26]
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3.4.3 YOLOV3

20183 YOLOv1, YOLOV2 FY A Al ZAl @l =#Joseph Redmon)©] YOLOv3[3
118 T3, o] 22 Darknet-53S ¥ E(backbone) .22 =3l oz 2
AY 57 YW(multi-scale feature map)S &8st Tt 379 AAE E&9Ho=

AEg 7 AESF AAEHMH. olHT Fx2= WE FE £5& AFste o 7198t
W, AAZ AA A dee vUs FEAH

Type Filters Size Qutput

Convolutional 32 3x3 256 x 256

Convolutional 64 3x3/2 128 x 128
—

Convolutional 32 1 x1
1x| Convolutional 64 3 x3 X
Residual 128 x 128
Convolutional 128 3x3/2 64 x 64 Y
Convolutional 64 1 x1
2x| Convolutional 128 3x3 i
Residual 64 x 64 WE|ght |ayer
Convolutional 256 3 x3/2 32 x 32
Convolutional 128 1 x 1 |
8x| Convolutional 256 3 x3 ]_- X) reil
Residual 32 x 32 y X
Convolutional 512 3x3/2 16 x 16
Convolutional 256 1 x 1 i
8x| Convolutional 512 3 x3 WE|ght |BVEI' ‘d t
Residual 16 x 16 Iaentity

Convolutional 1024 3 x3/2 8 x 8
Convolutional 512 1 x1
4x| Convolutional 1024 3 x 3

St Flx) +x

Connected 1000

Softmax

19 3.7 DarkNet-53 7+x%=[32] 1% 3.8 Residual Block #+%[21]

o= 2AY EA e wE glo]ojo] 52x52, 26x26, 13x13 7] Al 7}A o=
}z; 719 EAE aHH o2 HESIe Aol 5AHolt
AHEHE MR Y EQ I= Darknet-530.2 TAAEH Q)

g FE3e W FHe Bk

3_&
k=l
kr
fru
=
i)
&
J[m
o,

Darknet-53 7Zol&= 1% 3.84%8 Z2k E S (Residual Block)e] RHEX o] A3)e
o}, ZFzH(Residual) E52 rnlo]AZ A ER O] W3ESE Resnetol] A U 7Fdo =z 7}
SA| ZF(weight layen)E B33 ## FHsHA e X LS ke Fxo|th 3

e
Ju
rlo
N,
2
N
o
u
i
N
N
N
fo
o,
u
u
-
o
i p
v}

. ¥ 7dEZ(Main Path)y= YHHH
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o
R

AH Az BA3 sk, ¥iA A 3F3H(Batch Normalization)S 3l ZHe F=Z (S
kip Connection or Shortcut Connection)v YHS IHE ZFHOo=E Hdstes 7 E0]
o o] A= i WESZY o7l QoA = ARV E4HA & =1
AT}, Darknet-53°1 A1 2] Residual Block 754 849 1x1 §AF &2 Ad +
ojAY FAsE 4TS st 3x3 FHF TS FHAYJ EAHE FESE 9€e

sy,

oo

K
)

Darknet-53

.I CBL Res1 Resz Ress ’ ’@ :1;@
! T 2048

LT T el g et | o, SPP Block

SPP Block ~ * '
N 19e13x7048

Thi3i7 BT 130 B5E
Wezs i Vi i o

- 7:3:13:512

18 3.9 YOLOV3 t= 2AY A +x [29]

3.4.4 YOLOv4

20209 4¢ LA o] HEFH~T](Alexey Bochkovsky)”} YOLOv4S ®FESFATH
[32]. YOLOv4= ¥ E(Backbone) 2.2 CSPDarknet53, &(Neck) > 2 SPP(Spatial Pyrami
d Pooling), PAN, 3| =(Head)® YOLOv3 T Z& 93t =3 A= GPUNA &
Holl 33 Bag of freebies(3%F 7HY), Bag of Specials(Z=¥42 ) 7|¥ & A
AR g ol =UFEAT

A 7P (Bag of freebies)> T A d H&S F7HAA A

ek

A7 A

o



T MAdste e gudth 3/ 7bge] tEAR] G2 HlolE F7(data augm
CHolE S4Y FAL dY on A9 Y S Fo, AAE AA
& oA FHE olm Ao dis] o =
(Mosaic)2} 27| A& &&(Self-Adversarial Trai
ning) 7S E=Uste] 2l A5S

294 W(Bag of Specials)> F& H| &2 Z7ISHAR, AA A AE=E =27
FEE 7 Ae ) EEY A4 PEe
ns(CSP), Multiinput weighted residual connections (MiWRC), SPP-block 5] *&Ht}
[32].

fr
N
o
o
2
>
rlr
A
o
i

43T}, Cross-stage partial connectio

3.45 YOLOVS

YOLOv5E Ultralytics(Z E 22 g 2) 71 QoA 7= on F4 =5 glo] 2020
W 6ol FMEAT. YOLOVS 2= 19 3.103 o] IA A BFRo=Z Ys
ATH33]. WM E(Backbone)> ©|u| A ZHE EA W(Feature map)S F= o
2, o] HAoA AH&d AUl o7 A E FA-3 CSP-DarknetE A&t} CSP-
Darknet= CSPNet, BottleneckCSP, SPP(Spatial Pyramid Pooling)E Z2A%&3 o]t}

E(Neck) & WEy B AZAGE BEOF YOLOvSIIAE SPPF 18] New
CSP-PAN TZ7} AHEHET 3| E(Head)= HE =9 AHste FESE YOLOVS
M= YOLOV3 3= 22 AL&3ith

]__1:_ 1=IR=]
T O

ol
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\ _ I

(= — o] —] comzd |———] Predict
I i |

| Conv | | Conca[ 1 Conv |
!

| 3 | UpSaulpIe ‘ Concat ]
i

| Conv | (on\ _'5 |—-| Conv2d |—-| Predict
i

[ o
i T

| Conv | —bl Concat I | Conv | [
i |

| C3 | | UpSample J Concat | |
. f I .

I SPPF | I Conv | 3 ]—’{ Conv2d I—-l Predict
r f ‘

Backbone Neck ) YOLO Head

a9 3.10 YOLOvS F+%[33]

a4 311 C3 #+x2%[33]
3.4.6 YOLOv6(MT-YOLO)

W o] EQF vl Al 7F-A|(Meituan Vision Al Department)= =2 thd AEU
714 ¢l Meituan(M o] FehH 2] v JAF A5 (Vision Al) F-Alo|t}, o] AFEHL YOLO
Azke] s 7bE ol AT AA "A digFE YOLOve= st 20221 94
74 FNEARATH[34]. YOLOveE st=do] X3kl a&A4% 14 esS AU
g dZEAld Mg 9Y dA AA oA md FxE 253 QU MS €O

_29_



CO Dataset ol 4] WlX|vt= A3}, YOLOV6E YOLOVSETH -3k A% Byt

Z71M7 10914 28 3129 o] td Ar)e] Rl F837] 98 T
Mol Bgd AgtepvE st s MR ¥, g3 sfelBIE A dFew &
42 gAZY I =5 ALt 28].

| prcls.

{ |
! I
| e
1 Efficient
1 3 RepBlock _— H
| 0 ;| decoupled head L, reg,
' () Pou | by ~
I
I
: ©

| ls.
Efficient
RepBlock —T> M
decoupled head |

| [ Ly reg.
- Conv |
| Cony S
| : Efficient .
RepBlock —
1 o 1| decoupled head

_________________________________________

EfficientRep

Input—
pu Backbone

19 312 YOLOv6 =& Fx%[28]

20230l HHOJEH v3.0 HANAE v1.02] EH(Neck) 725 thAIg s o

A (BiC, Bi-directional Concatenation) &3} 97 X = ETH(AAT, Anchor-Aided Train
ing) A, A 27} ZF(self-distillation) A[35]3 & o}71E A M AeHS
o

Ao Z st At YA BRE THAAT) A F22 a849
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1x1 Conv

f
: RepB|PAN @ : Concatenation over channel dimension
|

St B4

4

6]

)

(2) RepBi-PAN (b) BiC Module (c) SimCSPSPPF Block

19 3.13 YOLOV6 v3.09] =(Neck)[37]

3.4.7 YOLOvV7

20229 7€, “YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-tim
e object detectors”[38]2= Al &F o] =wo] WREHUT. o] =A== YHEE GPU,
A Z|(Edge) GPU, Z2}-+-= GPU 3730 =& thakst »d %21 YOLOv7-X, YOL
Ov7-E6/D6, YOLOV7-EGE 5= &7fstal itk E3l AZE VEYS 72 E-ELA

N(Extended Efficient Layer Aggregation Networks)= =¢dle] =29 3h; 58 & &

_31_



¢ ¢ partial ¢ ¢ partial ¢ 2¢ partial 2c o oo
Expand cardinality

]
=| 3x3.2¢, 2¢,2
el

RN )
3x3,2¢.26,2

cross stage connection

| 3x3.2¢2¢,2
Shuffle cardinality

Stack in computational

cross stage connection
"
wa [
{5
L
cross stage connection

4

306,55 BE.Ee

Go.ac] Gas] ETe] I T ]
! ! L ) L i L L ! ! | Merge cardinality
Ixl, 4c. ¢ | | Ixl,4c, ¢ | | Ixl,4c.c | | < |

& 3 3
¢ [ dc

Stack in computational block

< C < C

(a) VoVNet [ 39 (b) CSPVoVNet [ 79 (c) ELAN (d) E-ELAN
1% 3.14 Extended Efficient Layer Aggregation T-3[38]
o] &= FNaA ol 7Nt BEll AA LT w2l (Concatenation-based mode)< Al

gstel HA Aol APW FEe =AS Pt A 2T AL 33T 5

Wi

43 &, AZL AEE gE = Jhol= g8 & (Coarse for auxiliary and fine
for lead loss) & =¥ 7}53 &4 7}(Trainable bag-of-freebies) A= 53] YOLOv7
& =do] wat ozt AT HS=F FE YOLOVS-XoH Hlws|A Ak}
geuE ¢ FaroE Ee R 8 S5 wEAY © $A4E AP(Average
Precision)= EF3 T YOLOv7 Bholoj 152 o539 2TH[39].
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10 k=1 =1 Small

Input

640 = 640

RepConv

!
1

I

i

i

I

1

!

I

I

|

I

|

i

m ImpConv Detect1 | !
k=1 =1 Medium \
103 i
i

l

i

I

|

i

|

i

l

I

|

|

i

I

i

ImpConv Detect2
do=1 =1 Large
””””” Overall Network Structure
Structure of Each Component
Conv

¥

L nu

(_mu
A 1 w1

ELEN2(Head)
Fa *Tﬁ".ﬁﬁﬁ]
(_ "

19 3.15 YOLO7 MEY = +2%[39]
3.4.8 YOLOvVS
YOLOvV8 20231 1€, YOLOVSE 7Sk vl= A4 3] A} Ultralyticsoll 4 & A] gk

a2 EA ZAET ofygt ETH(Segmentation), EZ F7(Pose Estimation), 2
(Tracking), #F(Classification) & T HIH HHFE& AYst= Aol EAolth. =

s EF9E FEHE AT A}%ZH M HolH S =ola At
YOLOv8S] Wi H1B O 7HA o7 YOLOvSY WMEy FUsH, €3 RELS C

w2
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P ololt]o][39]o] 7]HkS C2f REZ AIE AT C2f ZES YOLOv7S ELAN ©}
Ao 2ZH YOLOVSO]

olt]oj o A &&ete] 39} ELANS Adsle Cof BE
Agsts BAsAA o FE AAL
6> C3_X(YOLOVS)®F C2f(YOLOV8)S] =&

1
]

[ ConvModule ] fConvModula

X x> Darknet.

Bottleneck
4—[ Concat J
-
[ ConvModule ]
1

a)

a9 3.16 C3(YOLOvS) T+=<¢f C2f(YOLOVS) &7 Hlu[40]

YOLOvSY] o}718lx= 4=A % CSPDarknet53 ¥ 28 AL&3lH, o] TxE Y EY
39 A8 &A 3t AR E5E& /MAASIE FH F Gradient Flow(Z12o|E 558
E 4383t M E-E CSP(Cross-Stage Partial) 12-& =U3AT. 19 3.17+ YOLO
v8el A F2E Uehla or, g 72 AMF A2 YOLOvS oF7|9A &
Fo A FAE 4 Jrh[41].

YOLOV82] Neck& W& 9] 04

v

ANA 228 54 We WHsel tad 7
=z 7]1<&2] FPN(Feature Pyramid Network) T4l C2f
RES FEHV, o] RES ¥ +2o NEd 547 %o 79 W AN
= 4

2 54 e s Ao sl AA AR, AA A5,

1A mES g A% 9A ARE 4E
Z



MS COCO 2017 Hl°olH HMEE 7|Fo =
g olu R Z7|odlA 53.9%°] AP(E AEE)E 7|53, FUd 4Y Z7]ddA Y
OLOV52] 50.7%%F ¥lus] o 2 A4S 1
RT $H7 04 280 FPSS| A £5& AR TH33].

0_\3{4
A\
N
Z
iRy
B
<
o
=
o
<

o0
)

rlr
N
i
(e}
i)
(2
A
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YOLOvS ® Rangeking

Backbone Head voLovsHead

320x320x64x0

160%160x128xw

160%160x128xw.

BOXBOX2SBx

40x40%512xix(141)

A0x40%512% e

(Upsample 1] s
20x20%512xwxr
S «20%512
20x20x512xwx e | 20%20%512%w
20%20x512%wxr 20x208512xwxt [T

| 20%20x512% (1 41)
20x20x572xwx¢

heightxwidthxchannel

Backbone Head

9 3.17 YOLOV8-P5 U E S a7 %[36]
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3.4.9 YOLOVY
YOLOV9E 20249 29, ti9+2] Chien-Yao Wang 5 Al B A3xrt dwd A

AN AA "A md g, g2 St A EAsts AR EH EAE d3)st

71 98l Z=2a8% 7Hss Zedlo]d A X (Programmable Gradient Information) 7]
4 5439 tH43]. PGI= S5 FAoA 83 HRE §83F0= HESY A
goles &S Y, ol Fd Rd Adess A FET TYHJEE EA A
% |

A

(a) PAN [37] (b) RevCol |3] (c) Deep Supervision (d) Programable Gradient Information
717 318 PGL ¢ #¢ WES A 7=, WH[43]

YOLOV9-2 PGI®} &7 Generalized Efficient Layer Aggregation Network (GELAN)
TE2E =T AAZT AA FA AsolA 4EE EdE o] FUH. GELAN
2 7]¥&9] Efficient Layer Aggregation Network (ELAN)Z} Cross-Stage Partial Network
(CSPNet)9] A3l A3 &84 AT & MEHNAR, T3}, 8 &5, 19
A ASEE BF 133 HHskE Fxo|th. 53] GELANS ELANS| 1Y AE
ZAEE thH3etal, CSPNeto] 54 9 £ 7 e Addsted A4 AdS SolHA



T =2 4% fAFeEN mdo 84S IA FFIh
T3 YOLOV9-S MS COCO Hlo]E xﬂEoﬂH AHE% WX o325 AAstH, o] %

YOLO EFE°] vlaf oS 52 A4 &84S A543
92 YOLOv7 AFl Hl3l 42% A& AE}H]EH} 21% AL AAFo T FASE =
o] A =E AP, YOLOVIe Z-S YOLOVSxH T} 15% 22 vl2tu|E| ¢} 2
5% AL AdFgor ZAFIAMT APZF 1.7% FHE AS5S BHYT ol#d A3
+ YOLOv9e] thy mhe] A2 FFS AXNIASS ov| gt

v
[
ok
o
o
=
o
<

g
to

B TR I b A— b |
i transition 3 . h'ansman 1 H Iransit‘lon !
Y st 1 L sl W ] e W '
xn conv X"
any :
block I’ """"" 5
lI module |
1 1
ey & : ST 1--~ module !
‘ _'T‘E"_i"_“_"!_‘ conv ™| } - (optiona) }
[ concatenation J [ cuncateliation ] [ concatenation ] i[j partition j
1. IV i A 85
| transition | | framsition | { fransition |
(a) CSPNet [64] (b) ELAN |65] (¢) GELAN

a9 3.19 GELAN =9} CSPNet, ELAN ¥®]x[38]

(a) Input Image (b) PlainNet (¢) ResNet (d) CSPNet (e) GELAN

19 320 g UEY]IAA A4St 27 7HSA A3 [43]

3.4.10 YOLOV10

A g}t 8} 2 (Tsinghua University) 7% 2023 119 NeurIPS 2023 &3 7129
] “YOLOv10: Real-Time End-to-End Object Detection”®| 2= A FOoZ A2 A
g2 mds TR 44]. o] AFolAE YOLO BA o]zl Hwke] AX

_38_



g HEH 2l op7|ElA o] F8 A ARre TRl

YOLOv102] 9o (CSPNet(Cross Stage Partial Network)?] Fd¥ WS =3}
o, IHHUJE 35L& MAdste AL FES £ 2dY F848S =dh =3
E(Neck) TFA = PAN(Path Aggregation Network) Al&& X3t OF =AY
E49 ax4 &S 7HsstA st ol B udd A71Y AAE o A
gatA =AY = UAA HA

24 ol7]|gx ZWolA YOLOvIoS E&A4¥ FEm 319 Efol=ezE J)
Adstz] S8 A& TAle AA AgS £ 98l AF EF s =(igh
tweight classification head), F3F-A'd £ oA F % (spatial-channel decoupled do
wnsampling), 12]1 W F-71o]= EF AA|(rank-guided block design) 52| 7|&< A
g5l mdo] mlegluE] 4= FLOPs(Floating Point Operations), 12|31l A|A A|ZHE&
ol © ZIHstATh & 312 oldd &84 M 890 O 59E FAE dF
g W&e Eskar ATH[44].

3 3.1 YOLO10-S/M =2 a&4 714 [44]

#Model #Param FLOPs AP Latency
7] £ (base) 11.2/25.9 28.6/78.9 44.3/50.3 2.44/5.22
+EF = 9.9/23.2 23.5/67.7 44.2/50.2 2.39/5.07

O =Y 8.0/19.7 22.2/65.0 44.4/50.4 2.36/54.97
+5 5427 6.2/14.1 20.8/58.1 44.5/50.4 2.31/4.57

3} 29

o 1%
9‘15
rlr
b
i

ﬂllO r_‘r_ﬁ
2,
it
P,L
i)
1o
of
)
it
t
1,
il
_>‘J_f’
AU
)
o
fu
>
i)\
N
iy
o
iy,
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Dual Label Assignments Consistent Match. Metric
One-to-many Head

Re - e @ = 0.8
\ ;) I—)l égessmn : m@__ o
L’{ Classification D)

.3 i
! ! 1
I

Backbone PAN > m = s p®-lou(b,b)" :
| i
] 1
1 1

—Lb

Bl nconsisient
B Coasistent

Frequency

One-to-one Head

= Regression
Tlnpul Classification

LIXY]
(a) (b)
1% 3.21 YOLOVI0 € &% o]%F &F[44]
18 3219 (a) 1Y Ad=Fal=(end-to-end) AAIZF HAE DA s NM

3.5 YOLO =9 2°F
2 Aol AE YOLOS| Thrd MAEd sl 542 Wel Rekaran
# 32 YOLO MxE 54 2°F[29][45]
Hx Ax | AR | = (42) TLEA
2016.06 « CNN 7|4k, Feature Map F%
Joseph Redmon 5 49 , .
1 You Only Look Once: * Bounding Box -8
Unified, Real-Time Object Darknet-19 =3 4§
9 =271 AA A

Detection

_40_



A= [ AN | =2 ) Fat7

2016.12. *+ 9000 7o) A 2=
Joseph Redmon 5 2% e vl9 ©BA H
o ¥} A3F3HBatch Normalization)”]'] =
YOLO9000: « Darknet-53 =9 &
Better, Faster, Stronger o ThFE T 7]0] A 7R
- AR AR A A A DA
2018.4 o W5 DarkNet53
Joseph Redmon, Ali Farhadi / |, 2(Neck): FPN A&
Pl AN d e - AeaA A A A

e 3709 ¥-eq ¥~ (Bounding Box) & &

YOLOV3: An Incremental Im | AL 93] SPP-back A&

provement e GPU ol & AHE&x MAREATT AAYA 7Hs)
e T}= BE-F(Multilabel Classification)
2020.4

e v39 A3 g &% 7JA(CSPNet 2 -8)
o 2o A Z+A] 7§ A (PANet & &)
e GPU & 9] &3l v3 o] AIEE =9

Alexey Bochkovskiy,Chien-Ya
o Wang, Hong-Yuan Mark Li

a0

o doly F4rds =md FAS 93 2oz

(Mosaic) 74 71 A&

YOLOv4: Optimal Speed and

Accuracy of Object Detection

B} 3z

2020.5 e Ultralytics 9|4 PyTotch 7]®Fo.

= B3t
Ultralytics 3] A} e vATH] £} AT 2~4 H] A
o ZFFstnd A Yd(EurY, dXA)
E=EEEY S + CPU, GPU 5% A ¥

« AutoML 7% A&
o W& CSPDarknet53
¢ = (Neck): PANNet

github.com/ultralytics/yolov5
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Wz A= [ AA | EE(E) TQEA
2022.9.7 o St=9o] XsAl mEZHQ AAet 1T S
Chuyi Li ‘s 2E AYE FUACNA AE v A AA
== W QA E < Meituan)AH2] P D]
Al AFH-A

YOLOvV6 v3.0: A Full-Scale

« EfficientRep #3} Rep-PAN 9(Neck)= <]

6 o WX RepVGG & CSPRepStack
Reloading « E. RepPAN
YOLOv6: A Single-Stage e V59 £%9 AT =
Object Detection Framework |, = Z =(Pose) 24 7% =7}
for Industrial Applications
2022.6
Chien-Yao Wang & 3% Ta | * ¥+ EELAN
iwan » &(Neck) : PANNet
7 YOLOV7: Trainable bag-of-fre | VAE Jutow 5%
ebies sets new state-of-the-art o« ANZE AA AL 93 A D ~AYY A
for real-time object ol
detectors
2023.01
Ultralytics 3] A} o HH SOTA =d &
8 =ERE S, « A, B, T2 FH, FH/% 1=
github.com/ultralytics/ultralytic | H A Al 2] =Y
s
2023.2
Chien-Yao Wang £ 2%l S 3 = e
YOLOvV9:Learning What You * ELAN 3} CSPNet & A3 GELAN 72 Ah8
9 » Programmable Gradient Information (PGD 7Hd

Want to Learn
Using Programmable Gradient

Information

=

=9
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A= [ AA [ =2 (E2)

N
fo
i
o

10

2024.5

Ao Wang, Hui Chen, Lihao
Liu, Kai Chen, Zijia Lin, Jun
gong Han, Guiguang Ding /T

singhua University

YOLOvVI10: Real-Time End-to-
End Object Detection

* NMS-Free W43} Consistent Dual Assignment

2S5 &3] end-to-end AAZF TAE Vs

=
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A4 FYOLO Rd A% vw

Sh
411 97 43 &3
A3 27 Windows 64bit #1ol GPU AH8E 4 S+ H/W 4% YOLO 2d
< °ol8T F Ae HEW W =7 F golBgE TS AR 29
27 2 W@ td 2% a9 413 F 4.1 AABAT =3, AFE ZYE
gdata AsS vlastr] s WandB(Weights & Biases) ZHES AFESFAR T “Wan
?ﬁ]

shaL, Bokske, vl

¥ 4.1 7 H/IW 2 S/W
T At 2 M Y&
CPU Intel 19-9900KF 3.6GHz
RAM 32GB
oS Windows 11
Ht] o7l NVIDIA GeForce RTX 3090
SIW PyCharm (7} =, 0101)
OpenCV, PytQT5 ( S8 73 ghol B & 7])
Python 3.8 /Anaconda (7H‘?—-_]’°1°i 2 37)
CUDNN 8.1
MEdol 2 374 Python-3.10.5 / Anaconda
g8y golH g torch-1.13.1+cul16 CUDA:0

| NVIDIA-SMI 511.65 Driver Version: 511.65 CUDA Version: 11.6
e e L s +
TCC/WDDM | Bus-Id Disp.A | Volatile Uncorr. ECC |
Temp Perf Puwr:Usage/Capl| Memory-Usage | GPU-Util Compute M. |

@ NVIDIA GeForce ... WDDM | 00000000:01:00.0 On
73% 73C P2 344w / 350W | 2u251MiB / 2u576MiB Default
| N/A

a9 4.1 /ME3A GPU =gtoly 2 CUDA ¥

1) https://wandb.ai/
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4.1.2 Hjo]H A E

F9 A4S A% UYL SAEA7] Qs B 2=
Z-9(Roboflow) AFC]E22] &< HlolE| S Th&3dle] 2831t
g YOLO W =9 Ao Sk tlolE Al E(Dataset)ys HAd|sHAl Al L
o oA7|A &84 dHolE ME+= FH U o]E|(Train Data) 53077, A5 ©lo|H(Vali
dation Data) 270, B|Z~E T|o|E|(Test Data) 8140 %2 FAHo] il Full(Cigarette),
ALk (Person), &1 7](Smoke), A Gl (Vape) 47HA] S22 A o= o] QltH[46].

Aol A= 2R

g AolEt o

o2 i

§9

© Smoking_person Dataset

022-12-05 4:01pm

Popular Download Formats

YoLove YoLovs YoLovs YoLov7

Pascal VOC
YOLO Darknet S TFRecord

Other Formats

5658 Total Images

5658 Total Images

I8 43 F9 HolH AES olnA=

2) https://roboflow.com/
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<9 Try Pre-Trained Model

B Download Dataset
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CreateML JSON



4.2 st #A

YOLO MARE A5 ZolE Hlu B7isr] fls) ad &4 welH AMEES 7}
A WPsidar 2 R COCO HIolH AER AP St 7H5AE 7|Hte s
Z o] &<5(Transfer Learning) <=3 3}53 T}

YOLO WS4 REEL dutdo=w YES| =9 Zlolo yold wet e =
Z17F oA g zols oy tiAlR 7R FRE TEEH. ol
2d 37 <5 detrlEe 4E AAHAE T8 84 ZESith B AFolA
+ ZF YOLO WA A AFEHE= 5714 F8 RdS TR HAES 353

YOLOV5, YOLOv6, YOLOvS, YOLOv109] 74-¢-, B4 =7]&= n, s, m, |, xE& F&
Hm, 9kd, YOLOV9OlA = = F7]o met T, S, M, C, E®} 22 HA S A&}
o FE3k

Zt 2dlol F7|= A FY yoloviHARME (2 yamlol A A=, o]
ﬁJr%_‘oﬂ—E W ES T Zo](depth)9t Yl ol(widthy7} 35 o] Qlth. Zlo](depth)e] ko]
EeTs WE 28 vbE 35t SUbeH, gol(width)] #hol 5 4 (con

F7F SUVske shgEFo] ol dE E9 ol 03301 J[E Y
EYFY oy HlolE 1132 &9 A3 o]y, 0500 ARES oudit). YOL
d3 27 Zolel Ho] Aol ofd Z+z golojo 2 gk

version model depth width

n 0.33 0.25

V5.V6.V8 0.33 0.50

m 0.67 0.75

1 1.00 1.00

V5,V6,V8 X 1.33 1.25

V10 X 1.00 1.25
AA 58 HE S 20 TGS AR A BYsA BAT 23S
Wl ALY fFAT. R 224 7IEo 2 #olojet detuE, IHYIAE,



GFLOP(Giga Floating Point Operations Per Second)< T3} ZT}.
3 4.3 YOLO HA #olof, sepnle, ZHhHJE, GFLOPs

version model layer parameters gradients GFLOPs
n 262 2,509,244 2,509,228 7.2
S 262 9,123,740 9,123,724 24.0
V5 m 339 25,067,452 25,067,436 64.4
1 416 53,166,428 53,166,412 135.3
X 493 97,203,260 97,203,244 246.9
n 195 4,238,540 4,238,524 11.9
6 S 195 16,306,620 16,306,604 44.2
v m 295 25,858,636 25,858,620 79.1
X 351 173,024,908 173,024,892 611.2
V7 7 415 37,622,682 37,622,682 105.2
7x 467 70,835,306 70,835,306 188.9
n 225 3,011,628 3,011,612 8.2
S 225 11,137,148 11,137,132 28.7
A% m 295 25,858,636 25,858,620 79.1
1 365 43,632,924 43,632,924 165.4
X 365 68,156,460 68,156,444 258.1
t 917 2,006,188 2,006,172 7.9
S 917 7,288,956 7,288,940 27.4
V9 m 603 20,161,212 20,161,196 77.6
c 618 25,532,316 25,532,300 103.7
e 1,225 58,147,996 58,147,980 192.0
n 385 2,708,600 2,708,584 8.4
S 402 8,069,448 8,069,448 24.8
V10 m 498 16,488,760 16,488,744 64.0
1 628 25,771,496 25,771,480 127.2
X 668 31,662,584 31,662,568 171.0

stoldgefr = HAYE 7EA R AFlFi e HEE @S AHRSHA,

o 2o ALA WY HAEA Z7|EE(Early Stopping) = Fto] 25035 Joj7A|
2 e gl "3t 25032 A A &5 Al AMEH UG sho]H 3t
B o3 2o

_47_



¥ 4.4 YOLO A Ee]| 3}o] = me}n] € (Hyperparameters) A% 2k

Hyperparameters v5 v6 v7 v8 v9 v10
1r0 0.01 0.01 0.01 0.01 0.01 0.01
Irf 0.1 0.01 0.1 0.01 0.01 0.01
momentum 0.937 0.937 0.937 0.937 0.937 0.937
weight decay 0.0005 0.0005 0.0005 0.0005 0.0005 0.0005
warmup_epochs 3.0 3.0 3.0 3.0 3.0 3.0
warmup_momentum 0.8 0.8 0.8 0.8 0.8 0.8
box 0.05 7.5 0.05 7.5 7.5 7.5
cls 0.5 0.5 0.3 0.5 0.5 0.5
cls pw 1.0 N 1.0 N 1.0 N
obj 1.0 N 0.2 N 0.7 N
obj pw 1.0 N 3 N 1 N
iou_t 0.2 N 0.2 N 0.2 N
anchor t 4.0 N 4.0 N 5.0 N
fl_gamma 0.0 N 0.0 N 0.0 N
hsv_ h 0.015 0.015 0.015 0.015 0.015 0.015
hsv s 0.7 0.7 0.7 0.7 0.7 0.7
hsv v 0.4 0.4 0.4 0.4 0.4 0.4
degrees 0.0 0.0 0.0 0.0 0.0 0.0
translate 0.1 0.1 0.2 0.1 0.1 0.1
scale 0.5 0.9 0.5 0.9 0.9 0.9
shear 0.0 0.0 0.0 0.0 0.0 0.0
perspective 0.0 0.0 0.0 0.0 0.0 0.0
flipud 0.0 0.0 0.0 0.0 0.0 0.0
fliplr 0.5 0.5 0.5 0.5 0.5 0.5
mosaic 1.0 1.0 1.0 1.0 1.0 1.0
mixup 0.0 0.0 0.0 0.0 0.15 0.0
copy_paste 0.0 0.0 0.0 0.0 0.3 0.0
paste_in N N 0 N N N
loss_ota N N 1 N N N
dfl N 1.5 N 1.5 1.5 1.5
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(yolovB) E:\Pythonllork\yolov8_ultralytics>yolo task=detect mode=train model=yolov16x.pt imgsz=640 data=smoking_dataset_v8.yaml epochs=250 batch=16 name=yolov1@x
_p_smoking_250_3

New https://pypi.org/project/ultralytics/8.2.90 available @ Update with 'pip install -U ultralytics'

Ultralytics YOL0v8.2.52 # Python-3.18.5 torch-1.13.1+cull6 CUDA:® (NVIDIA GeForce RTX 309€, 24576MiB)

WARNING A Upgrade to torch»=2.0.0 for deterministic training.

t task=detect, mode=train, model=yolov10x.pt, data=smoking_dataset_v8.yaml, epochs=250, time=None, patience=100, batch=16, imgsz=648, save=True, s
ave_period=-1, cache=False, device=None, workers=8, project=None, name=yolov10x_p_smoking_250_3, exist_ok=False, pretrained=True, optimizer=auto, verbose=True
seed=0, deterministic=True, single_cls=False 6 rect=False, cos_lr=False, close_mosaic=10, resume=False, amp=True, fraction=1.0, profile=False, eze=N nulti
_scale=False, overlap_mask=True, mask_ratio=4 dropout=0.0, va , save_json=False, save_hybrid=False 6 conf=lone
, dnn=False, plots=True, source=None, vid_stride=1, stream_buffe ; ; r
nbed=None, show=False, save_frames=False, save_txt=False, save_con , save_crop=False, show_labels=True, shou_conf=True, rue, line wzdt
format=torchscript, keras=False, optimize=False, int8= i simplify=False, opset=None, workspace=4, nms=False, lr@=0.01, Lrf40. 61
37, weight_decay=0.0005, warmup_epochs=3.6, warmup_momentum= warmup_ 1, box=7.5, cls=0.5, dfl=1.5, pose=12.0, kobj=1.6, label_smoothing
, hsv_h=0.015, hsv_s=0.7, hsv_v=0.4, degrees=0.0, tra 1, scale=0.5, 0, perspective=0.0, flipud=0.0, fliplr=0.5, bgr=0., mosai
copy_paste=0.0, auto_augment=randaugment, erasing= I raction , cfg=None, tracker=botsort.yaml, save_dir=runs\detect\yolov
Overriding model.yaml nc=80 with nc=l

from
ik
=1
4
al
=1
Sl
=]
71

n  parans module arguments
1 2320 r .nn.modules.conv. Conv [3, 80,
1 115520 .nn.modules.conv. Conv [80, 160
3 136800 raly .nn.modules.block.C2f [160, 160,
1 461449 ra .nn.modules.conv.Conv [160, 320,
6 3281920 ultralytics.nn.modules.block.C2f [320, 320,
1 213120 ultralytics.nn.modules.block.SCDown [320, 648,
6 U66u160 ultralytics.nn.modules.block.C2fCIB [640, 6ue,
1 417920 ultralytics.nn.modules.block.SCDown [640, 6u@
-1 3 2712960 ultralytics.nn.modules.block.C2fCIB [640, 648,
-1 1 1025920 ultralyt .modules.block.SPPF [649, 640,
-1 1 1545920 ultralytics.nn.modules.block.PSA [640, 618

1

1

3

1

1

3

1

1

3

1

il

3

U EWN RS

=
=)

23] 0 torch.nn.modules.upsampling.Upsample [None, 2, 'nearest']
6] 0 ultralytics.nn.modules.conv.Concat [1
-1 3122560 ultralytics.nn.modules.block.C2fCIB [1280, 648, 3, True]
71 0 torch.nn.modules. upsampling.Upsample [None, 2, 'nearest'
4]
il
Sl
3]
=1
=1
[-1, 16]

[
SE G

® ultralytics.nn.modules.conv.Concat [1]
1948800 wultralytics.nn.modules.block.C2f [960, 320, 3]
922240 ultralytics.nn.modules.conv.Conv [320, 320, 3, 2]

0 ultlalvtxcs nn.modules.conv.Concat [1]
2917760 .modules.block.C2fCIB [960, 646, 3, True]
1417920 r .nn.nodules. block. SCDoun [640, 6u@, 3, 2]

0 ultralytics.nn.modules.conv.Concat

[1]
3122560 ultralytics.nn.modules.block.C2fCIB [1280, 640, 3, True]
[16, 19, 22] 1 4392744 ultralytics.nn.modules.head.v1@Detect [4, [326, 648, 648]
YOLOv1Ox summary: 688 layers, 31662584 parameters, 31662568 gradients, 171.0 GFLOPs

Transferred 1123/1135 items from pretrained weights
Start with 'tensorboard --legdir runs\detect\yolov10x_p_smo view at http://localhost:6806/
: Currently logged in as: csnam515. Use ‘wandb login —-relogin' to force relo
: wandb version €.17.9 is available! To upgrade, please run
$ pip install wandb —upgrade
: Tracking run with wandb version 8.16.6
: Run data is saved locall
¢ Run ‘wandb offline' to turn off sync‘ng
: Syncing run yolov1@x_p_smoking_2
View project at
View run at
Freezing layer 'model.23.dfLl.conv.weight'
running Automatic Mixed Precision (AMP) checks YOLOvSn. .
checks passed B
Scanning E:\AI-dataset\Smoking_person.v3i.yolov8\train\labels.cache... 5367 images, & backgrounds, ® corrupt: 100%|[NNENENENN 5307/5307 [00:00<7, ?it/s
Blur(p=0.01, blur_li 3, M), MedianBlur(p=0.01, blur_limit=(3, 7)), ToGray(p=0.61), CLAHE(p=0.01, clip_limit=(1, 4.0), tile_grid size=(8, 8)

)
Scanning E:\AI-dataset\Smoking_person.v3i.yolov\valid\labels.cache... 270 inages, @ backgrounds, 0 corrupt: 100%|INMMMMNNNNI 270/270 [60:00<?, 7it/s]
Plotting labels to runs\detect\yolov10x_p_smoking.250_3\labels.jp
too many indices for array: array is 0-dimensional, but 1 were in exed
'optimizer=auto' found, ignoring 'lr= G 01' and 'momentun=0.937' and determining best 'optimizer', 'lr@' and 'momentum' automatically...
SGD(1r=0.01, momentun= 0. 9) with parameter groups 185 weight(decay=0.0), 198 weight(decay=@.0005), 197 bias(decay=0.0)
model groph visualization added
Image sizes 640 train, 640 val
Using 8 dataloader workers
Logging results to runs\detect\yolov10x_p_smoking_250_3
Starting training for 250 epochs...

Epoch  GPU_mem box_loss cls_loss dfl_loss Instances Size
1/250 17.96 2.008 3.185 2.521 6u0: 1600% [NNNNNNINN| 332/332 [02:24<00:00, 2.30it/s]
Class Images Instances Box(P nAP50  mAP50-95): 100%| [NNMNNNNNNI 9/9 [00:03<00:00, 2.25it/s]
all 270 576 0.862 0. 0.53 0.361
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all 270 576

Epoch GPU_mem box_loss cls_loss Instances
250/250 17.6G 0.6338 0.2891 1.656 21
Class Images Instances Box(P R mAP58-95) : 100%|
all 276 576 0.873 0.67 0.u487

250 epochs completed in 9.314 hours.
Optimizer stripped from runs\detect\yolovlex_p_smoking_250\weights\last.pt, 64.1MB
Optimizer stripped from runs\detect\yolov1®x_p_smoking_250\weights\best.pt, 64.1MB

Validating runs\detect\yolov1®x_p_smoking_256\weights\best.pt...
Ultralytics YOLOv8.2.52 # Python-3.10.5 torch-1.13.1+cullé CUDA:0 (NVIDIA GeForce RTX 3090, 2U576MiB)
YOLOv10x summary (fused): 503 layers, 31591784 parameters, O gradients, 169.8 GFLOPs
Class Images Instances x(P R mAP50 mAP50-95): 100%| NN ©/9 [00:02<00:00, 3.83it/s]
all 270 576 e .746 e.77 0.499
Cigarette 257 263 0. 0.859 0.84u6 0.525
Person 239 271 0. .923 0.957 8.757
Smoke 35 36 [¢] E] 0.556 0.578 0.269
Vape 6 6 B.646 0.7 0.445
Speed: 0.2ms preprocess, 6.1lms inference, 8.8ms loss, 0.1lms postprocess per image
Results saved to runs\detect\yolov10x_p_smoking_2560

¢ Run history:

1r/pg®

Lr/pgl

1lr/pg2

metrics/mAP50(B)

metrics/mAP508-95(B)

metrics/precision(B)

metrics/recall(B)
model/GFLOPs _
model/parameters _

: model/speed_PyTorch(ms)
: train/box_loss
train/cls_loss
train/dfl_loss
val/box_loss

val/cls_loss

val/dfl_loss

: Run summary :
Lr/pg6 ©.60014
lr/pgl ©.00014
Lr/pg2 ©.88014
metrics/mAP50(B) ©.77835
metrics/mAP50-95(B) ©.49908
metrics/precision(B) ©.8343
metrics/recall(B) ©.7459
model/GFLOPs 171.0829
5| model/parameters 31662584
model/speed_PyTorch(ms) 14.322
train/box_loss ©.63376
train/cls_loss ©.28911
train/dfl_loss 1.65593
val/box_loss 2.31931
val/cls_loss 1.37598
val/dfl_loss 3.16755

Synced 5 W&B file(s), 23 media file(s), 5 artifact file(s) and @ other file(s)
: Find logs at:
Learn more at https:

19 45 S5 ¢85 2¥ 39

43 43 A
431 4% H7t =
4.3.1.1 L= (precision), A &S (recall)

=4 ZFA|(Object Detection) YalE]|Ee] o2 AUE-APE 34(PR curve, precision-recall)

I} H AUS(AP, average precision)Z® H7 k= 7o) Ik ol). A =(Precision)&F F2o]
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True2hal 5T Al 5 %—J_Xﬂi True?l AHHS] HIE& 9]U1'5‘}ft] AL LAZ True?! A
°l T

g & Zdo] True® <53 ¥IES UERITE F A3E= 4 41 22 4o= sddr:
L TP _ P
Pecision = TP+ Fp KRecall = TP TN

52 41 ABE, ADE T
4.3.1.2 F1-34(score)

F1- A G (score)= AEE} ANAE] 7FXE 47 054 B =3} 7S 9
3t & RdS Y] A A4 AxE AQs HAHSA7IEA 235t

A 880 Faxos xHsE ofgfe} 2},

Z

Ll
rir

Precision < Recall
Precision + Recall

F1.Score = 2 X

4] 4.2 F1 Score <4
4.3.1.3 PR =4l (precision-recall Curve)

PR < (Precision-Recall Curve) “d™ % (Precision)} A} & &(Recall) Alo]e] A
g FHACE XF AFE, Yo BEREE XSt F A& MY Ed
O|E Q3 (Trade-off)E UERHATE o] A& BElef 41F(confidence) #|ol wWE
Al Zk(threshold) ®3tE Wig o= =4 A R 45 Hristes o &89

R ZXoA 2 2% 9] mAL(, 1) Hel /e 2ddFE 22 45 /M7

i

R

)

g ools 12 AAES FABUAR AUETt e e E, di" 2do] &
et glo] AFF o2 FYTFE vt
4.3.1.4 AP(Average Precision), mAP(mean Average Precision)

AP(Average Precision)< Precision-Recall 2741 ol#fjo] HAS YU, 2d A%
g Brlete B AR gEH AXL mho] A% st £A4Z pokHr

™ = (Precision)2} A &d & (Recall)> EHO|E 2 3E(trade-off) HAO]EZ, AP ©]
JU=o AAEe F ARS THHCE BT 1gste 229 dss HUIgoh



mAP(mean Average Precision)= 2] F#l 2o ok APS] FHF#E ovsiy, tF
2 BF 2 2A 2d9 Ae B@rtel AHSEUT 4 S 20 tig APE ALt

3 & O HAE Hst mE FErd AA mdo A

oL
ofr
o
o\
D‘.,?_{i
o~
lo
u
o
L
r
O

4.3.1.5 TIoU(Intersection over Union)
IoU(Intersection over Union)= |5 F =t (predicted box)ot A FH H2(Gr

ound-truth box)2] 7 Xl(overlapping) ¥ ol HE&E L3t} loUs AHES $IAE 9

Zale Hwoln,

Area of Overlap
iQl) &

Area of Union

18 4.6 ToU 7HE =[47]

mAP@50-> IoU7} 0.5¢ wo mAPE 9 H|3th. mAP@50:95 TFFeE ToU UAIGE
(0.55E] 0.957FA)el Al 9] mAPE Het W& WAoo 2 o] Ae mde H5s o ¢
AstA BrVeA E

432 A3 A3 W3

ZF W 2l gk e AEE AR AT ® 450 FAEAT 4
22l YOLO ¥4 Github 4229} YOLOVS, YOLOV8E &7 H¥3 ultralytics 3] Al
A AlFgst= WHE AEFH o] 2(CLI, Command Line Interface)3-74 3 WY sle] %13

St
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E 45 FFA AR &2 FE 9H

YOLO version A2~ $ X (source location)
https://github.com/ultralytics/yolov5
https://github.com/ultralytics/ultralytics
https://github.com/WongKinYiu/yolov7.git
https://github.com/ultralytics/ultralytics
https://github.com/WongKinYiu/yolov9

10 https://github.com/ultralytics/ultralytics

O |0 |\ |

433 43 33 A%
HAEZ YOLOvV5OlA YOLOVIOZHA, 2+ A ol A slgte

—_

o q r2g
R x Rd7X 49 AREE O ES 2T YOLOVY wdro] tha
wAshd

El7
Be
A SHARE SEAR UrolA At E 46-% 411704 WEE
dH AEAE AR Ao mdEY dery F3 golo Fe T

Awtzl oz WA ol ety 7 2 2dds-2 Jgn AP Lo Fsta
o]r;]_

I3 YOLOv6 LED] 75
olfE AFHE dA oPiE}. =3
Ov-W6 & oz mdo] eyt
a2 eokot.

r{r

Sk Ay Fol AlxHeo] OEHE HUAdEH
YOLOv7 E¥ % YOLOv7-d6, YOLOvV7-e6e,YOL
Al B o] oy} wAYSte] Ay FoAe= FEA

—

3 4.6 YOLOVS A3 A3

model n S m | X
mAP@50 0.668 0.698 0.749 0.767 0.761
mAP@50:95 0.426 0.445 0.47 0.498 0.514
Precision 0.724 0.764 0.784 0.895 0.846
Recall 0.652 0.445 0.734 0.678 0.742
parameters 2,509,244 9,123,740 25,067,452 53,166,428 97,203,260
layers 262 262 339 416 493
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3 4.7 YOLOV6 &3 A=

model n S m 1 X
mAP@50 0.557 0.592 0.614 - 0.584
mAP@50:95 0.341 0.358 0.362 - 0.362
Precision 0.759 0.62 0.561 - 0.652
Recall 0.558 0.599 0.677 - 0.574
parameters 4,238,540 16,306,620 51,998,380 - 173,024,908
layers 195 195 273 351
¥ 4.8 YOLOV7 A3 A
model yolov7 yolov7-X
mAP@50 0.691 652
mAP@50:95 0.411 0.403
Precision 0.81 0.792
Recall 0.711 0.655
parameters 415 467
layers 37,622,682 70,835,306
¥ 4.9 YOLOV8 A& A3}
model n S m 1 X
mAP@50 0.713 0.778 0.772 0.764 0.781
mAP@50:95 0.458 0.477 0.502 0.525 0.515
Precision 0.685 0.804 0.861 0.82 0.842
Recall 0.752 0.766 0.744 0.726 0.787
parameters 3,011,628 11,137,148 25,858,636 43,632,924 68,156,460
layers 225 225 295 365 365
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¥ 4.10 YOLOV9 43¢ A=

model T S M C E
mAP@50 0.708 0.747 0.767 0.775 0.802
mAP@50:95 0.472 0.507 0.474 0.5 0.528
Precision 0.804 0.87 0.881 0.857 0.848
Recall 0.648 0.652 0.726 0.748 0.754
layers 917 917 603 384 1225
parameters 2,006,188 7,288,956  20,161212|  25322332| 58,147,996

¥ 4.11 YOLOv1O 2 ¢ A3

model n s m 1 X
mAP@50 0.631 0.647 0.779 0.795 0.770
mAP@50:95 0.418 0.419 0.481 0.509 0.499
Precision 0.709 0.724 0.809 0.873 0.834
Recall 0.574 0.592 0.724 0.754 0.746
parameters 2,708,600 8,069,448 16,488,744 25722536 31,662,584
layers 385 402 498 461 688

434 A9 A3 E
43.4.1 9= HAF

2 =%koen v,

s

|

7 YOLOVY e=d ¥ A %71 A37
o 19 479014 EXo] YOLOv9 eE= ol A= Cigarette 5 <*(Score)7} 4 RE2 0

ape 2% FAT ¥l RdoA = A X
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3412 v 2d ko] vty 4, mAP@S) M4

model parameters mAP@50
YOLOvVS m 25,047,532 0.749
YOLOvV8 m 25,842,076 0.772
YOLOV9 ¢ 25,322,332 0.775
YOLOvI0 | 25,722,536 0.795

metrics/mAP50(B)

— yolov9c yolov8m yolovsm

it W y ) N o | T
it M,*M,.’\/A,«AV/N NS M VA

os W
0.2

Ste
0 p

a9 4.8 gepr g7 B3k 297 mAP@S0 Hlw
4.3.4.3 &5 3 E(Confusion Matrix)
TEPEE s FHE: EF EANA 4 FUREE 2do Hes HUbste
o fEstt 18 495 AS5AEF L Yolov9 eRdy e Foll 43 Yolovl0
n2do g &5 dHolth. F = E=5F Persond Cigarette Z 2ol thafjA] =&
=

Aol Uttt Vape9t Smoke 2ol Tis|A Adso] @A HFE AT
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Confusion Matrix Normalized

Predicted
Smoke

Vape

und

backgro

Cigarette Person Smoke Vape background

True

19 4.9 Yolov9e(ZH) ¥ Yolov10n(-$-)

4.3.4.4 PR(precision-recall) =41

YOLOV9e =92
T A ARE
e fARRE A

E 3

T,

2Ele

, YOLOv10n

Precision-Recall Curve

10
—— Cigarette 0.856
Person 0.967
—— Smoke 0.705
—— Vape 0.680
08 —— all classes 0.802 MAP@0.5
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c
s
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Recall
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44 A3 E4
4.4.1 YOLO HZAEZLY mAP A5 ¥l
a9 411 A¥3 YOLO ¥ A

EIAS
oty Ao werE 57t 2 BUASE 4

ol FAEE
AP@50 7122 YOLOvWe Edo| 71 2 d5S @439en, 1 & YOLO

viOL =23 YOLOv8x Edo] wgtth YOLOven Bde 713 v HE5s 7|53}
Aok

Eolg kgt H& YOLOviox EEo] YOLOviol REdXt ¢ %o ddugHE
7HAAL dsolE 76, A A ow YA yewgt. o3 23+= YOL
Ovlo B A9 oF F7} 25002 FTwetA &AL, A AHeE 35 dlolH
o thdt 72 F(Overfitting) &2 QU3 LA FFo = F=Hr)

AN

version model mAP50 0.85
it 0.668
s 0.698
YOLOVS m 0.749 b
08 0.795
1
X
n
s
YOLOV6
m
X
7

=]

-1
B

=

o

@

s

0.767 773 0.781 0.779
0.775
0.761 et o - 077
0.761
0.557
0.749 0.747

0.592 075

0.614

0.584 0713 i)

0.691 0698
YOLOVT 7 0.601

0.652
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ABSTRACT

A Comparative Study on Smoking Detection Performance

of YOLO-based Deep Learning Models

Nam, Chun Shik
Department of Computer Engineering

Incheon National University

In modern society, many public places are designated as non-smoking areas, but due
to the lack of enforcement personnel and the uncooperative attitude of smokers, it is oft
en difficult to effectively control smoking behavior in non-smoking areas. To solve this
problem, a real-time smoking detection system using deep learning-based image processi
ng models can be developed to efficiently detect smoking behavior, provide warning me
ssages to prevent smoking in non-smoking areas, and contribute to preventing damage a
nd accidents caused by smoking in dangerous facilities.

Among many object detection deep learning models, the YOLO series of models has
been actively studied by researchers and industry practitioners due to its fast real-time d
etection and high accuracy. In this study, we compare and validate the performance of
various recent models from YOLOvS to YOLOv10 on smoking data to select the best
model according to the application situation. The experimental results show that the e m
odel of YOLOV9 has the highest performance in terms of mAP@50, and the x model o

f YOLOvVS has the best performance among the compared models despite having a smal
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1 number of parameters. In addition, the t model of YOLOVY is evaluated as a good ch
oice for lightweight models such as embedded environments because it simultaneously sa
tisfies a small number of parameters and high performance.

However, it was found that smoking detection performance depends not only on the
model structure but also on hyperparameter settings such as dataset composition, learning
rate, and batch size. Therefore, further experiments on large-scale, high-quality datasets a
nd under various conditions are needed to improve performance and draw objective conc
lusions.

We hope that the results of this research will contribute to solving social problems t
hrough the development of a smoking detection system and contribute to the developme
nt of image deep learning technology by providing useful data in the field of object det

ection.

Key Words : Deep Learning, Image Processing, Real-Time Object Recognition, Smoking

Detection, YOLO
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