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A Real-Time Wildlife Roadkill Detection Approach
Using YOLOv8
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2 % A&AH ZASel =2 R QS TR REY At A7 A A AR dRHL QU &
T2 w2 T& IR QY oEEC] EEY A B& kil ok B AT 4 A g9 7149l
YOLOv8 ZEg &-8sto] | ofisE 257 AWE dEtsty] 95t AA @A AlAEE AMSt Roboflows

o]83 6%9] ZHH olmA| HolEE HAAF F, YOLOv8 EES h&AlA &8 A (mAP50: 0.986,
mAP50-95: 0.86)2 A3t &3, YOLOvS @ YOLOv7#9] Blw A3S B3 YOLOvEY 944 US55+
B A7 B /M BEEAAE B2 B4 46 BEo] 25 AlLL 748} of BB QP o]5-S A ¥
st Ae B2 9§k e AA9 wixo] F4a3% 7|2 ARE AFAt

FHO| : op35E, AA ¥R, 2=, AFAML, YOLOV8

Abstract Increasing urbanization and road development have led to severe wildlife roadkill incidents,
posing a significant social challenge. Especially in Korea, the high road density increases the exposure
of wildlife to roadkill risks. This study proposes a wildlife object detection system using the latest object
detection technology, YOLOVS, to mitigate domestic wildlife roadkill incidents. Using Roboflow for
preprocessing, six mammal species were selected and the YOLOv8 model was trained, achieving high
accuracy with mAP50 of 0.986 and mAP50-95 of 0.86. Comparative experiments with YOLOv5 and
YOLOv7 demonstrated the superior performance of YOLOv8. The proposed system effectively detects
animals even with protective coloration, contributing to the reduction of roadkill incidents and assisting
in the design and placement of ecological corridors and guide fences. This research provides an
important technological foundation for improving wildlife safety and maintaining ecological balance in

urbanized areas.

Key Words : Wild Animals; Object Detection; Roadkill; Traffic Accident; YOLOv8
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1. M2

AAE Y o]% X&H LAISRR} AiStE w7 A
Aol Y sEoE A2 ok ol2dt HHe
QU0 A% =2 Fdstar, Heskar HA P g

2 Algske dl oHRAIRANE, 11 3gollA BX] A}
A mh 5 QS| HOE 913t Al AHde Q191H A
o] P HA TRt oPYEE AAA7E AZsHA
AFLEIL QITH, 2. 53], =270 343 2 ofd
=9 AAA FAE 7K BE T d(biodiversity)
% e A(ecosystem) @0l FFAQ1 FF= HAL

o
&% 52O AE BAS dol A1) Q] A1 4%
AR L 9
o T Byt o}, IR 414 Eetonie}
AR £4 SR § Al BAZ olelx|a gtk

) 3+ E S (environmental protection)@} A&

[5]. FelA%E 20009 2HHRE Agd =4 G4
(low-carbon green growth)™} ‘A& 7F5%t &
(sustainable development) < WAY &4 S 9 A3
HA &9 878 A&HA Az feHol. 9] g

2 &% AA WG A FE Ado] gHoR
AP HA o559 AAA 7L wh2A] ARFA AL QUeh
o] A B4 wE WHo] AjtHe|, 2%
Z(Portugal)olth 18] A(Greece)?t -2 FARGE =&
WA 71 2710 v)8 =& Uik (road density)”} 9F
1.072 ¢ &2 Ho|t}(7]. olzfst 2 =& dUire
sk, BA], A olFdhe opdEEECIAl 2ELY
AL F7HAI7IH, ol= YA At A4 A<l
FAS vHITHS]. E3E 2 Al oREEY AiA
T AAE 2o RN A= ohgd Aoket AeA A
H]A(ecosystem services)?] 2FslE B8] 0 71THI].

A FHoA = 2= EAE 1] 9ol v=
2EH](guidance fence), AJE] S-=(ecological corridor)
T TFEE afrdEo] AAEIL 1oy, 7 BEY E/do]
U 32 Aol et 2eZ A mjdo] thEegE
BIAQ] S st o B2 ARk HlEo] &
S Y10, 11]. & S, Aot 22 5E2
A% B2 AAS o] Aoty YeiAe H4 1.8m
ool =2 SEE7F R/SHANL, ol dAHoR A
A9t FA H7E ofHE AdgelcH12l. E3E, HEA|

(wild boar)9] A¢ E712L A FS ol SEEHE
A 9 5= Slo] 7191 Bojo] Washy, A
ot 2 49 5= AH BEE &9l 5t ols
4= AR o]t FEO HAAL §A] o ARt
H|-go] @-rEH13]. mebs], B&%o]a A84Ql 2EE
Z A BQto] EAs] 94=al Stk

weha], 257 oS 95 H_TE agHola A&
Al WekE mhsh] s AREQIEUl(IoT; Internet
of Things) 71&¥ 58 Y& (computer vision) ¥
G A2 719 §¢o] Fatt Ao s Hea
AeH14, 15]. 10T 717l &2 FH) AXH AL 7}
w2k} A= o] oY EES] SAUS AARRIC R A
stal, o]F YHEYIE B Y Alagely 2470
Al SAH o8 A 4 SleHi6l 53], s
A S I A9 sl H8otH F3
EAE Hgotar A& gRste] 2R oA
AT 4 ITH17]. ol=eh B35 AARRE AR 9 {3

2] H]-8-S AotHAE B8%Q 2 JdY 235

o

d

o

=

r

71Hg 4 90w, SH Holgt opER ofF o
o 43 YA B4 A7) Fat AR B8E 4
D)

£ A4 olEgt viAolA 2E BAE apEos
astels WetogA, 241 ZF] ©Xl(object detection)
€<% YOLOv8 REg &-83t ofEE ©4 7|HES
IoFsFA} 3tk YOLO (You Only Look Once) 2@
2 AANZECE AAE AT 4= Qe 4T Shs(deep
learning) 7|¥Fe] @+ THA(single-stage) A ©A] &
yEEog, oA o] AHE g W] A7 FrgolA
HA] 9 ERels £ 7KL Stk YOLOv8 YOLO
Algzo] A HHOo R, o]d BIHE| | FAH &
S (accuracy)?t A8 &Z(speed)s AFHobH, B
gt A |A7E 7ot s AAEITH19]. YOLOv8
T2 =2 Hwol HAIZE A £xE Higos 2
= Alarg Aier] It 3 A olF E4of gk o
2] 7IA29] A gA] 9 A1 AAH P50 Aot

2 A= Roboflow[201E o]-85t tlolE 2hdEg(data
labeling)e &3l 214 #=3 Hlojg A& YOLOVS,
YOLOv7 2d#} vy @ B30 24 YOLOvS 2l
9] 48 HIstuA SrH21, 2210 YOLOvSe
YOLOv7 22 YOLO Alg29] o]d WA o&, ofn]
oot §8 EopllA I Asol dSE v glou,
YOLOv8S] 4 5ol AAl 2= ot AlAF
it 710 4= QIEAE B Yot vl A

1

> N ol
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TE YA °lF B3 YOLOV8 Edo] 3 F
o5 & sl

A G4 Axdold doht Andos B8
- QeAE Wik, 3HH0E, A kel
10T A28 B850l Aol obY5E B 4TS o

Agoza EHast 58S F3eta, A7 Y=
£ = 27 AL A E A B 7]ofstaat
23]

£ A9 F8 7]l v 2t} (1) YOLOV8 &
dS 83 9 F ol EHO Uzt o 7R &
A HA 7IHE AMFFo RN 7]Ee] 2EZ o]
s FET £ e *HE% AEHE Alsstt )
U opiEES £ 9 dlole A& T35t o]
£ 5o Bd9 452 4149}%}29&1 A @Al A9
g 7Fs/3ES £tk (3) YOLOvS, YOLOv7 et
9] A5 s B3 YOLOvV8 RE9o] 9448 9J5ot
o=ZH, FF =& S gt 7|1&3 7|9 kst
£ o ofupx|gitt. ol 2= AIYE £0|1, o5 E
o] Q=3 FeAY] H¥E A bl S8 dTS
o S ek

2 =79 UHA] F4L thg3t 2t 2304E o
9] ol24 WAL tF, A g@x nde] et
YOLO E&9] /iy 9 Fxof Falf Aggict. 3304
= A7 PHES A6 71&st, dold él Xﬁ%
2], B g5 g sl =olgitt. 4%olA=
T= AAEEL, YOLOVS HEllo] A5 = YOLO o
Az} vlw Bty upRete 2 sAoAE o] A2
< &S, S 2 FF AT UFe A

2. 0|28 H{ZH
£ oAl 2 A0 S AR B
A

YOLOV8 zgo] A o]%g} I $48e weHes
At 2 d5t9] 71eF 7Nk glstalzt ok

2.1 27| x| 7= gle|
AR YA Foldl olul A HH Q. el 4 £ 2
A AT 1 9N Hots] wolsie FEE HA
7149) 5 Bololc}, AH] AL AHEFY AEA, Bt
A2, o2 G4 BA 5 CloRt 3-8 HoplA] Fast
I3 ST UTH24L

A FA9] 271 M WA 7IASE(machine

learning)2 7I¥to.2 st o] Al7]ol= 4 571
(feature extractor)?l SIFT (Scale-Invariant Feature
Transform), HOG (Histogram of Oriented Gradients)
T 22 GaEE ARESte] ojn|R| oA foRgt &
A& F2o1, olg 54 E577(traditional classifier)
Q1 SVM (Support Vector Machine)o|\t QAFEA Lt
F(decision tree)s ol AAE EFFATH25]. o] 1
S SRAR] A g0 oY, 45
F9] A ) g Hloleg &8t H

ERELE

oll

st
Q1 AR A o] SAsHA = ATH26, 271.
A O] AA| A dE|ES 2 45 AW (deep
neural networks)& 7|§t0 & 31H, = 7}X] 9 FHT
wralol Al A (single-stage) EEI o]F A
(two-stage) @z FLEHTH28].
s @Y DA(single-stage) BE: A FAI9} HF
£ g W] A T4 FAlol gt ti®
Q] Hdlg= YOLO, SSD (Single Shot multibox
Detector), RetinaNet 5°] AtH29]. T A
Hdle wE A2 £t X“GO]Z]‘:' ERSE A
o] &A] FgwolA tha 5T 4= ok
e 0]F YA(two-stage) L& AA AL AHA|
SH YJY(region proposals)= A4t &, g
FAS AUsHA 7 2 FAok: F GAR olF
ojxIct. thaEAQl BE== R-CNN (Region-based
Convolutional Neural Networks) #A|€o] 31tk
0l °ol% oA a2 =2 HIeE AlFsHA
gAY Sx7F Adidor by wo] Stk

2.2 YOLO A2IX9| @37} YOLOVBS| 944
YOLO= AAIY A4 §A1E 7ot she dd &
Al WA AA 'A darglEelth. YOLOE °RAlE
J9E(grid® #3% &, ZF IEofA] vy BRA
(bounding box)2} slig AAS] 4lF%Z(confidence
score)E &= o7 FARIE YOLOS 9
E4L o|vAE g ¥ivt AHEHA A9 A2} F
FE BAl A&t Fo &, olof wet HE AY HE
2 9A% 2= 9}
YOLO Algj2= o8] HZo =R ] gkom, 7+ |
AL old WA IAE FHIIL F5S P ¢
o tpeFet 7o) o]FoiAet # 15 F3l YOLO Al
29 W IS Fheof] el 4 glow, ZF WAL
EA3 A v 2A YOLOv8Y] 94 o]
Sfgk &= SiTH22].

il
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{Table 1> YOLO series versions and key features

Version Year Key Features

Single neural network for

YOLOVI 2018 detection & classification

Introduction of anchor boxes,

YOLOv2 | 2017 batch normalization

Multi-scale predictions,

YOLOVS 2018 enhanced multi—class classification

CSPDarknet53 backbone,

YOLOv4 | 2020 Spatial Pyramid Pooling (SPP) module

PyTorch-based, various model sizes (small,

YOLOVS 2020 medium, and large)

Efficient layer aggregation,

YOLOv6 2022 optimized for speed and accuracy

New network architecture,

YOLOv7 2022 . A :
various optimization techniques

Latest architectural improvements,

YOLOv8 2023 more precise object detection & classification

Lightweight models,

YOLOV9 | 2024 -
efficient memory usage

Integrated optimization techniques,

YOLOv10 | 2024 ) ; A
customizable for various applications

YOLOv8Z YOLO Al2]29] 4l HH o= oA H
AEol vle] B FFE e A S8 AFT
o} & 7oA YOLOV8E THHCE thfE olf+=
ot 2k
o AT 4 YOLOVSS FAl A% sk 7S
Hgato] AA ©R]9] HF=E IA oAt
ol 2= dif A AHOA FEst oY E T
A& 7Fs3HA atod, Akl ool 23gF o= 7]of
S otk
o AAZE AP S 2E o AARR HAJZES
2 529 33U AAst AaE UEalof of
o2 w2 A 27 gFolh YOLOv8L
oY oA BEEA 22 AP $EF FAGHHA
T gexg BARt

o g HFst 9 Agsl: YOLOvES thefst sl
o] oM F&H o7 FAT = Y=F A
sl=lo] Qlo], AA| dXolx A& 7FsAol =
o} ole /A #E H§ A AL QMg
< Fol& d 7]ofgitt

o SHEA @ G014 YOLOVSS thst 2719 &

4g Algsto], Haof et A-et ndS et
Ith. ol tst opgEES] E43 34
IEY A2H 15 7FsoH gt

=
o)

r-bl’ ;

2.3 7I1E &9 Mt = A9l 7|0

oRIEE A x| EofoAE T YOLOVSE
|3+ o7} FE T Qlrh Kang2 YOLOvS Rd

ki3
=

HO_
=

o]gste] op¥EE HA 9 &7 RS Estalon,
A Aol AZH Aol ofd AA| &4 9] opdE
= oA E YR =2 855 gRlstart23l. g
A= 7189 oK EF HEQl EfficientDet,
EfficientNet, YOLOv4ET} 943t X452 Hol=
YOLOvV59] & AHE AAlste], o5 ER QIS 2
T AE offsks o 719 ¢ 32 Holsdl
T3 Kim 52 °Fds= Y WAE sl SsD
MobileNetsE 23Rt AAIZE BUEHY SHES 44
9 FEsIITH3 1] s A= 99.2%9] Bt AUEE
71=5}0l, 63.5%81.4%, 68.3%-89.3%2] 52 Hol
£ YOLOV29} Faster R-CNNEL} 953 452 94
Skoitt. o Bofl thgt Aol whgh A4 SSDet
MobileNets Zgo] th2 7HERT AAH =& 4

Tk o]t AFE-2 AAZE RYEH 2HoA g
A0 B84 ol o FFH AN o Bsta

SAHNA Y o Ao}l AT £LE FA|
WEA7)E dle AV k. 53], B 7Rl B E
ot g2 olAe &
7F49l 740l "asitt ESE Kang®] AT[23]014=
YOLOv5E &-8st9.ou, 41 ¥l YOLOv8O| H]
o Heteel Ae £ HollA FAE A7} ik

1o
ol
>,
o,
olr
9,
T
R
rlo
i
i—’ﬂ
=2
e}

3. g4 UH

rhu

B A2 Fig. 13} go] & 7ol 3t a7 iy
E(methodology)ell Hisf A5] Argetet. A= golH
o] A7 9 4, wlolE AAE 24, YOLOvS 2o
Sk % W7 EAE =I5, 74 dAolA ARgE =
o 71e] AdE o]fE gets] ARt olE F3f =4
S0l A9l AT BFdE L9 olsfstaL, A+
oA A2 JAIES HA et & ks Ttk

3.1 %7 HlOE MY W I

£ A7 FelA WASKE obg5E 2ud Au
e BT ol5UB2Y ATE 7O, A7) T
2] H5-g B SAo) 44T Eolelg Hges
o} ojule] el mEw, T 2= AuolA Y
HIZ7} &2 opEE F2 Table 291 .
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Al@}Hub @ robof

S

Image Data Labellng

C2F

Making Custom Data

<Step 1> <Step 2> i< Step 3>
k 7 < Backbone > < Head >
i z * Conv @ Real-Time Detection
! Roadkill
Conv

GPS-Based

Notification System
_ Before | @
X A [ Animal Emergency Detected ]
=5 | After
E%— Establishing Connection

with Veterinary Clinic

Automatic Palice
Calling System

[Fig. 1] System architecture

{Table 2) Top 10 most common roadkill mammals
in South Korea

Species Percentage (%)
Raccoon Dog 12.9
Chipmunk 12.8
Weasel 10.6
Water Deer 10.6
Red Squirrel 59
Korean Hare 1.8
Leopard Cat 1.7
Others 43.7
Total 100

£ AtollAl= Table 29] A3E whgsto], F4
ol #Ho] 7Fs¥ 4dF¥|(Raccoon Dog), W&
(Chipmunk), =AH|(Weasel), 12FJ(Water Deer),
A1 (Red Squirrel), ME7]|(Korean Hare)} o] 6
T ZARE WHoE AA %’7‘13 sttt o=
BT AROA RIE7E =2 F 5 G4 Hold &Rt
Bolgt TE= A3t Aol & oq:r“’ﬂ’ﬂ AL HlolE]
A& opiEEe 2 oS X ow AAd Ad4
3 715HY] dHlolg R, ohkt AlRFeF AH|(CCTV,
DSLR, AlM 7io=}t 5)E &8st A=A

3L op¥EES] ThURt 5 W AR S
2gokal glow, FHRe} oA Y P H o & FA
TES TTROEMN, AR ol A EBT 4= =
J 5 BAEE 80| wrgstad siyltt. oE
, & 3,000 IsidE JPG oRAR HgH Hlo]
A 7—. AAG 500 AH =] HlolE FH

BWOME FEG $5 FRAAOH, RE ofu|x

@f&

roh

v T Q |

1,92094 s SUsto] Hlole EQo| Ay
AR ol2g EH0% s, & HlolE AL A

o

SolE] BAR offek U4 oIFE o5 AzE
e sk 245k dels faskl 489 4
3.2 HOJE| MR 2 2puy
dele] X Hge A4 BA 2do] Yol M3

ARl YFE "AEE, AF5HA =AU £ Aol
A= glolg #H] Z&(data preparation platform)
¢l RoboflowE &&ste] Hlo|g AAE ZIFs}3ict.
Roboflows= oJu]] Hlo|gE §820g dre 3,
Axz, g £ e R, 44 97 B Sk
of Za3%t Hlole Al 5 T Ttisletal A3l
=t
Roboflow®] 8 7|5 ¥ €& 4L tha3 Ak
o tHojg 2= 9 T Al HubollA =33k o4
= Z5 Y94 HolHE Roboflowe] YEESH
2t Roboflow?e] A#ARl QIHH A 59
gt TlolElE E&AoE WT & SSiTh
+ tdogl 2hd7: Roboflow?] 2hdd =12 AL
sto] 7} oju]| Ao HRg WAE AAstar, AA9
FA(class)E Aottt ol Hdo] sh5%
= e A HlolEE AAH R EHloks o 2
S=Zol}.
o HolH 34 Bd9] dwtst H5 o171 Hs
olu|A] A, 7] 24, WY BY 59 4 7]
He 2-8stelt). ol thekdt EollA2] A4 &
A B2 Foke H 71995kl
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o dojg B3 HEHog o] gy HolH
A ok, A5, 371 %‘J%}OE 8:1:1 ¥l&=
FoITH33). ol HEo] st 7t I A b
ol§9] I FHoverfitting)S Aok, EEO
gutst 58& HSole Hl Sasith

o o Al A4 & HiE: RoboflowS &3l YOLOVS
A& RAW URL= A/dste] &l kol Hast
Hlolg A FHISHEE ol Sof thdet A
SR 2] SegE T 5= Sl

RoboﬂowJ ﬁgﬁ‘ﬂ tlolg #ejet AAe 7|5

83 1FA9 dolH AlZ A5}
7ﬂ ZH]“ x 31%\43‘11 thggt Hlole 574 7S 48
sto] o] Auist 58S I 4 ATk EFL
Roboflow?] &3t dlole £ 7|52 HE9 3’—]’@
& Aot sk 9 Hrl ] &S SHistet

< © 7105k

.
H

3.3 2 sk5
YOLOv8 e MdF 4AY(CNN; Convolutional
Neural Network)2 7|¥t0.& sh, o]u]z] o] 24X
£ "JA] A o 74]%94 AATS Zgeict
YOLOV8Y] %8 74 4% thew} 2ok
o X (backbone): °]u]| Rl EX(feature)& F
e Adge H:} YOLOv8Z Aﬂg}ﬂ ELACE
TXE M = =
2719 A= ‘\‘::BqﬁeL & e TES A Sl
¢ S|=(head): FEH SHE 7INtCR AA|9] 947
o SALE A5 YOLO8S] A== HE
2AY A5 B3l et 2719 AAE LS
A "HAT £ s A=A
e 97 "X (anchor boxes): YOLOv8S tifst =
719} Bl 9] PA BAE ARESIe] AA9 AXE
Al&3itt. BA BA= K-means €185 59
Hlo]E] Aloj BHA] AR ojEH, o] & Fof thefdt
Feiet 2719 AAE aEoE HAE 4 ok
£4 3~(loss function): YOLOv8S ZiA|9] 9
A, 294, AT 52 HAstelr] 93t theket
224 3kE ARRSle] mElo] 452 st} o]
£ 53l B2 A& HELE AGA FIRITh
YOLOv8L o]d wAEo] v|g] ¢ 741 EZst 414
T FRE Fo] glon, o= HE Awdk A FE]'Z]E
7Rs3HA gttt E3E, YOLOvSLS thafdt 23} 7|1
Agsto] Bdo] e H5E Aol e

P

i

olgiet F2H AL 2 ot AAHOIA A
2 A8 oMISE UAE el o aw o
st} B9 8% TS Table 37 2ol ARSI,

(Table 3) Hyperparameters used for model training

Hyperparameter Value
Epoch 100

Patience 30

Batch size 16

Image size 1920
Amp True

Dropout 0.1

o 35 I8: F 100 epoch B batch sizeE 16

el
o5 HAsto] Sh&Z FPslet. HAo] BpAT
A517] Y3 early stop 7159] patienceZ

3022, dropout2 0.12 A5}t o]+ Sk

£AHo] JfAEA] koW 27] FRE #

dlo] At} 5 AT

o ST dE: 22 AR EA] FeZ Eol7]
80 1,92094d2 J_OH*JEE olr|AE UL
th 22 EE AAY AR JEE HESH
HA A E "0“1'0}5 t] 7]ofgitt.

o HEY HH3E A A9 stEo] s HA
S| A5l AMP (Automatic Mixed Pre(3151on)—~
True= A7gsto], & 5 &4 Qlo] gk HE 8
Fotgitt. ol GPU HlEe] AH8-S agHos

#efote] Bdl o5 AR dE3ith

HT
ni
01)1

k& ﬁiﬂ~ EoH YOLOVS Eru o Mg

7]129] YOLOv5 ¥ YOLOv7 R2dx}9] H]

&of E— A1) 710 y3ks| st Foh 2d

& ol A TEE AT o Ret AA AA| A
Bl mEo] A8/4S HIOHH.

4.1 N5 XE 2M

299] 4% W 72 AYEE FHOR o|Rolz
o AgEs mdo] ARz gulaA a3t Age) v
22 R, ol AR B AAW] Al A




= B7lok= Hl 583 AFolr} & AFoA= A=
£ "% AlRslste] B7tsk] 918 €53 E(Confusion
Matrix), B+ FUE(mAP; mean Average Precision),
PR Curve (Precision-Recall Curve), R Curve
(Recall- Confidence Curve) 53 22 thfst H71A]
HE AREoF}. ESH Training and Validation Loss
T xE S Hdo] 5 Iofl A I go] WA=
A& 15

OSEF EAIA S5dE2 RE9 oS A} 4
Al FolES SHAURE H|wohe,
9] A4S AAH o2 Aok Eolth 253
g2 7+ o] A SYPAE, & o] d&H =
Uehe, 9] dizbiof fAst BrE2 4 2
Aokl disd HlES HojFEoh H|gile] FES
A% d5E BEE UEo], ol Bdf Zdo] ofd
FHAE tE AR A ERYeA 1S & Qlrh

mAPE o8 SiAc] 24 29 oS YL E F
dHog H@rists Axelth mAPE EAEE
Precision-Recall Curveg /et &, 1 34 o9
HAZ Aklolo] B ARERITE ol Rdo] Thefst
S 204 drkd AgeA AAE "6 RSt
A& §tdglith. mAP gto] 245 229 A4 x| ¢
5 0] ottt A Qulshd, ol Hdo] ot
I M E HH o8 AE3hE VERdL

dU = (Precision)= Hdo| HET A4 F HAR
SHEA HEE A9 HlE&S ou)git}. o= HHl9]

ALS UeUH, o= A4 88 Al 2979 7
W= o 71ofgteh v, AdERecal)> HARE &
Aotz AA 5 Hdo] SHtEA HES AAY HleZ
Uehdth o= HElo] False Negative B[S E0l&=
b 8% AR, 22 A& Bdo] A AHE &
A a1 HAsl= 5o HoldS ou]gitt

£ AFoA= PR Curved ol 29| gdwel A
AE 9] AAE AAHeR BAsta o] IA
2 ThFEE AN HEe] Js HEEE Hojgm, B
dlo] £ AAZLNA drkt AgstA AAE FAsk=
A& refe &= QM st ESE R Curves AlFE
AAGke] o AEE&Q WIS UEhfo], mdo] tieF
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{Table 4> Comparison of mAP performance

Model mAP@0.5 mAP@0.5-0.95
YOLOvb 0.96 0.78
YOLOv7 0.98 0.78
YOLOv8 0.986 0.86
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[Fig. 2] Confusion matrix for YOLOv5
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[Fig. 3] Confusion matrix for YOLOv7
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Background 0,03 0.00 0.00 0.00 0.08 0.00 0.00
Weassl 0.00 0.00 0.01

Chipmunk 0,00 0.00 0.00

5
Raccoon Dog 0.00 0.00 0.00 . 0.00 0.00 0.00 050
025
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0.00 000 0.00 0.00 000 017
KoreanHare 0,00 . 0.00 0.00 0.00 000 0.00
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[Fig. 4] Confusion matrix for YOLOv8

(Table 5) Comparative accuracy analysis of
YOLO models for various classes

Class YOLOv5 YOLOv7 YOLOwW8
Red Squirrel 0.98 0.96 0.97
Korean Hare 1.00 1.00 1.00
Water Deer 0.99 1.00 0.98
Raccoon Dog 1.00 1.00 1.00

Chipmunk 0.91 0.87 0.92

Weasel 1.00 0.95 1.00

Figs. 2 to 4, Table 59 AAE 253 24 23}
o 2, YOLOvS &S thE #H9
(YOLOv5, YOLOV7)¥} H|W3FS o] 3%t A5
TES SFH(Chipmunk)  Z#20)A
YOLOv82 0.929] &2 A& =, YOLOv59] 0.913
YOLOv79] 0.87& 57Fohs 249 e 23E H3
t}. ol YOLOv8O] Aldgt A &R0 Ak &2 A1
B& Ao, thket oA 5%t BR 52 9
Zohe $a%h Axoloh. 3t nE FHA i) I
HA L =S fAge 24, YOLOv8O] ZHZ <l
S4E 7 2EAS AT S ik

ol YOLOv8S 1k (Water Deer) S| 2004
YOLOv70l| Bla] ekt W2 HE=(0.98)5 7153t92
o, o= 7j4lo] WQ3t HRo=Z Bt o|T A%
Zolg B Zlo] E4sh] gl A9 7hset A Als
78S E8oto] nEo] oS A Al A5k, o
g FH2olM 9 e P A FAEQ A
Woks wAgh W vt Qlth34). A9 7hstt AEA5S
ol mdo] 9 57 FHjrolA W2 F5E HoleA
of gt B&E IS 4 9loH, ol Bl FF 1d 4

Lo AAHon AMstIA Bt

=3,

{Table 6) Comparison of PR curve, R curve, and FPS
performance metrics by YOLO model

Model PR Curve R Curve FPS
YOLOvb 0.979 0.98 0.60
YOLOv7 0.974 0.99 5.27
YOLOv8 0.986 0.99 0.1

ESE Table 6°fl A PR Curve (Figs. 5 to 7)2+
R Curve (Figs. 8 to 10) &4 A%, 5 a2 77
0.9863 0.999] #3tgkg 715319 B YOLO REEY
H|I A] YOLOv8 29| 953 A& 52 YSoIai
oJ7]4] Burasian-Red-Squirrel:= A%, Korean-Hare
2 HE7], elk® &, raccoone YF#, squirrel
2 o, weasel2 SAHE Quigith ol=Tt =2
= [oT N4 9] AAZE A4 914] & HUEH
of AR AJARITE.
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[Fig. 5] PR curve of YOLOv5
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[Fig. 6] PR curve of YOLOv7
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Precision-Recall Curve
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[Fig. 7] PR curve of YOLOv8

i Recall-Confidence Curve
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[Fig. 8] R curve of YOLOV5
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[Fig. 9] R curve of YOLOv7
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[Fig. 10] R curve of YOLOv8
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[Fig. 11] Training and validation loss trends
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[Fig. 12] Examples of actual detection results
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