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PUNIT T, B2 AT AL R B B 2 I3, M 45 U SR B2t 8 PR . 5 )5U0R YOLO v8 REAUAH LL , i g A5 0 - 24y A ) K5 2
E3.67 M EA S . 5 YOLO v5 . YOLO v7 YOLO v10 Faster R — CNN SSD 25 ) i b 235 S 56 0 | 7 SC 45 H A 8 4k fig o
Mol KSR B TRIRE IR NN RLAE ST Ze I EREE T B Rt T B AR S 5
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Obstacle Detection Method for Southern Farmlands Based on
Improved YOLO v8 Model

XU Lihong'? HE Yaping' JIANG Linhua' LI Zhulin> HU Lingxi' LONG Wei'
(1. School of Information Engineering, Huzhou University, Huzhou 313000, China
2. College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China)

Abstract. Obstacle detection is one of the key technologies for enabling autonomous operation of
unmanned agricultural machinery. To address obstacle detection in the complex environments of
unstructured farmland in southern China, a dataset of obstacles in such farmlands was collected and
annotated , and data diversity was enhanced through data augmentation techniques. Based on the YOLO v8
model, the Shuffle Attention mechanism was introduced into the C2f module, proposing an improved
C2f —ATT module to enhance feature representation. Simultaneously, a convolutional neural network
building block was used to replace some conventional modules, forming the YO — STNet model. The
enhanced intersection over union ( EloU) loss function was adopted to replace the original loss function,
balancing the decreased convergence speed caused by increased model complexity. Experimental results
showed that the proposed model exhibited significant advantages in detection accuracy, particularly in
small object detection and blurred object recognition, while network convergence speed was also markedly
accelerated. Compared with the original YOLO v8 model, the improved model achieved a 3.67
percentage points increase in average detection accuracy. Comparative results with models such as YOLO
vS, YOLO v7, YOLO v10, Faster R — CNN, and SSD demonstrated that the proposed model offered
superior performance and higher precision. The findings can provide important technical reference and
practical support for autonomous obstacle avoidance of unmanned agricultural machinery in complex
farmland environments.

Key words: obstacle detection; deep learning; YOLO v8; C2f — ATT module; southern farmland;

autonomous obstacle avoidance
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Wi A N T e REE W I8k ) 25 BT R T
KB E AR R R A BR AR A B 3 A 4%
DA AR T B RS WA I A R A O S B
Te NARMLH 8] {3222 4 ARl i) H 2, S R
RN FR S S B A BRI, AR 32 ke B AR AL AR
B,

R, A T R A D B R i A% 26 A% R 2 1 B
B AT W A S, F R AL 5L T o s 2
SRR G 2 R, BT L RER A0 T7 1 E 2K
RO A2 2 R IR G R . WL R T Ty
I S i PR b SO R, 3 G SRR AR, S BB TS
Wy s B A I kR R A S B
3 A 1 A5 L AR G R g Wy BEBS B AR H B 5 i 8
AR AH 5 WA B 52 2% i IR 1 o e 1) At R ) 1 G
IS TG R, oAl AR Bl 4y D7 ik Tl e B A R
A B A BCHE D 35, 4 e A RS B2 5 8 e L AR T 2
B A FH BRI 20 A 28 5000 A e S il 1 R %, S
IPE 5 R RN I BE T i R 82 T, AR Z T, o
For i A BAT {7 AR AT A IR | PR 5 3 1 P
SR AR H, UGS A AR AR HIL AT T B

Wik 42— F ik YOLO v3 — tiny'™' H
T A A, 7E 32 0 2% 5| A B 2 A5 B L i oy A A
R PERE , 52 B0 1 FH B AT R AL ) A 5 U
{H B 5 9CRE A R K Ji A A 9% 5 1 O B LA I AR
e, IF Hazor kil 3 5 08 RS, %0 T 7 /B
AR LAl A A B TP 22, B A ) e ] T RAL S 1T
i 0 B RE N R AT R — Bl I
Mask R — CNN 45 5 i 3F 25 14 1k 4 B [ g 49 552 431 )
a7 E S R A NG| M EE N 1 R 7 L P
ResNet — 50 5% 2% W 2% Jy FERiE 25 (8] 13 & /7 (Spatial
attention, SA) | A5k 22 4544, i A B 5 46 T R 35 1k
BRAE | IR 5] A R] 28 25 5 ( Deformable convolution,
DCN) | 3 5 I A i B8 5, 39 RS2 BT, 4 oy 15 0 45
PEo BBERLEL T JE A ML A BE X T 7E M T AR R AL
AR A G . o AHLIL A A 245 A i,
117 b T T AE A ALAE W3k 7 A7 4 2, 4 TS5 BT
75 BRI

BEXT LA b IR) R, A 5 4t — A Rl T A Pl
il 54 KB A SIE YOLO v8 #E#1 (YO — STNet) ,
S5 Ml R B R O AR S5 R Ak A LS R A ) B 4 L
b VE B ML RS 42 TEXE /N H RS 09 R AR 4 I, [
F AR AP A R X 455K e Bk 490 1 A 0 S 2, e
Je B UL 2 R B L % figk e A A 2 JRE R v Ok 1 i
ST [ 0L, Sy B ek 0 s ME U R A S

il

1 HiERE

1.1 E&&ERF

TEHBERF IR 2N A 7 1 DAS5 BB R IR @ S
TR R A 1 TR ot it T 1 A AR 0k
TR, KB SENE 1 PR,

1 RealSense D455 1 5 B MIHL
Fig. 1 Intel ® RealSense™ depth camera D455

®1 BHEISH

Tab.1 Camera parameters

S B/ =
Yi#e/mW 360
A Ik A 0v9782
B G HER/ (BE < BR) 1 280 x 800
FEWmA M () 86 x57( +3)
KA R/ He 30
B A % i 75 =X USB3. 0

1.2 HERESKE

A ) PRI B8 H0 4 SR 4R b 5553 31 Oy g T
e o DXTHT RV 1 P 00 T DL R 5% B X R AR BT A 1Y
SEUTEG o Bl R DT R AR 2 PR

xk2 REFE

Tab.2 Data collection plan
KR BER/E il ik
I K 520 VIQEERE I - Wl X i |
(5PN 430 I REL A, TR0y B AR P £
EAN 450 T2z RN 5k i Wi
i R 600 FRIE R RAEMA G £
W5 370 lERA R TN R R/ NER T ¢
PN 800 WSk

18 3 S SE U5 R0 4, B R 7 AR 5 R A A
Hh B R A AT O3 A LR R T P RS )
B39 T R A4 5 BB AG 2 R, DR OR R M X
J& TR 7 I, S R A e R I R A 2K
5 A< HL (Machinery) (B A (Tree) | B ZE AT (Pole)
N (Person)4 2, ACHL AL 15 B AL 4 Hr AL I3k
BL G FPHILEE , I ELAE WSO B 95 78 W3R AL 2 s A i o
ZRULHRAR K, R AT BB 1E1R
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IPAEAN DI R AREE T R B ) 5, £
TG G IR R 5 G 5 2 RALIEE S 1 0
MBI AR 3 PR B AR RN IA] 2 7R

x3 EBRYHEE
Tab.3 Obstacle data

FH Bl 2/
Person 1814
Tree 4 149
Pole 2 736
Machinery 1 754

B2 R R b

Fig.2  Obstacle image example

1.3 HBEEHE

i FH B R i T B Labellmg %of SR 48 8118 14
BB MY EAT BRI . X T SR, H RS TE AN T
O DX A A ok 2 R I B A i g AR A X AR
TR U R PE o X5 T SRR, DU AR U RS AR
DA, A GRS AN T, LA DR ASE B 2 o] B 2R 40K, £
BRIV 2 42 HLERFF AR TE W R AR T HAZ O IX
S, B L AT F AR 43, it A ik 24 3 7 R 4R, L
S T TE S 5o () F BEARAE . e B AR R 1L
1] 9: VBRI 43 S N ZRBe Al A, B i s B DL I 3

FURFEAR ZREEAR B Bl A -, 2 B0 2%
B b i L A L. WPk A A,
R B 3E 5w 4 58 (Mosaic ) (IR & 8 5 (Mixup) | BEAL
. 31 ( Random perspective ) DL K B 4 i 35 ( HSV
augment ) 4 i J5 ¥ X0 B AT h5R X BodE 5 AT
P38, DL e 1 R R 4 i Z R E S iz A g

2 WRFE
2.1 YOLO v8 f&#y

YOLO v8 J& i Ultralytics JF % 19 76 B b Ko 0 451
S 01— S ROV B 2 SR BRI AE YOLO R

- ,. - - |
b

@ik

(b) HLEAT
B3 A2 AT 5 0 AR bR R 15
Fig.3  Annotation example of poles and trees

1 [y s RRAS B Al b, 5L T R D RE AN R R, i —
2K 7D} 6 | En R LT U S SRS U S E 73l INESE
Oy BB S R AR, KA OHARE
15 2R F 85 B B Jmy 78 0 4% ( CSPNet) £F0 2 1 M 4%, i
1o 53 B B R R A R JBOHS 5L BT BT 55 0 ik S R TR By
B, DT S5 B e A R AE Rk o R L 3 3 N
B R ] K-means 55325 11 580 fe AR 5l ROSE, 42 8 /)
H AR DU RS B2 . 38 51 A 2 RUE RRIE R & (Feature
pyramid networks, FPN) £t f4 . YOLO v8 7 {& 4% % 4n
4 FR o

4 YOLO v8 7 {5t
Fig.4 3D model diagram of YOLO v8

2.2 Shuffle Attention i¥ = 514 %I

Shuffle Attention( SA) & HHLH ZIEHREMW
TR 450, T LUAE 1] B0 b 4 A 3 A (6] A5 B 5 3
I o K ACRRAIE 18] 90 8 0 4 By O 24 T AR
A, It — 200 g 2 A0 3, — Aok SO TR IGE
BRI, 5 — AW TR = EE S . &EH
2 FER A IF AR LR R b 2R
BRCRET . SA TR IHLEDRS EEIE S frs .

0 T8 3 T ) SEIT I, R R R R GAP +
Scale + Sigmoid 41 &, 7F %5 [H] ¥ & J7 SE 8 7 1, >R H
GroupNorm ( GN) %t X,, e RV Jf £ 4b B 45 5] 25
HZmE RS ER, b € il i B, H O FRAE E
e, WORRHE R TE , G v - H A KRR 7()
HEATHE SR . Z 5K 2 R 145 R concat | — 15
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Channel attention

Feature
Grouping

Feature
Grouping

D Spatial attention l:l
5 SA R S5y
Fig.5 SA attention mechanism structure

FEE X = [ X, X, ]eRY"MN
2.3 SPD - Conv ¥ &t

YOLO v8 #i %! Conv Module ff #:FH)Z ( Conv) .
BT —4k (BN) A1 SiLU #0715 sR2C4H ik, B CBS &
P, T $E URFE . YOLO v8 Sy 1 4K 45 B PR i 43 1iE
PRBGAJE R AL KO 2 W AR, FE R Ak 32 AT,
IR R AT 7w, H A RZITIRE R,
ARG B 7 AR 5 4 Al A B /N B 0540 2 2 BURRAE
YRR VR R AT IR R AR BR R L/ B A
Yy, DRIEC R 1 B i X /N B B 0 ) R R 272 > L (] SPD —
Conv £ PP URFAE . SPD — Conv 41K 6 fT7R .

ALK ER

&l 6 SPD — Conv fH R & &
Fig.6  SPD — Conv module schematic

2.4 EloU 5k iREL

a5 A 22 3f [t ( Enhanced intersection over
union, EToU ) J& — Rl 5t (1 H b A6 i 437 25 o8 8K, B 7E
DAY 8] 5P BE , 45 1) 2 7 b B H AR g 07 [7) 5 I
R W FLH . B R AL 5852 L (Intersection
over union, ToU) 41 2k By £ il I, &1 % ToU £7 7E 1y 7]
RO (Gt 9 2 R X i B X8 UM R R ) HEAT
WAk & T % . 0 YOLO v8 [ 4 i 451 2k R Bl &t %o
B FE AR, LA B B0t A R AT 2% e 419 0 A
SN o Ay bR WS B2, T ELoU 451 2K BR Ei0R 4 Jit
A R BRI

EloU AL SCTEAE i 323 L, 38 W7 L AR AE #14 £iL
B AR . RIS H FRAE R T HE B AR 2D, EToU 4K
SR BESR LA ROME B2, 38 THA BN 2RO ik ok T RS
I8 S B T I 0] R H B BT BN — ), R A BN H
b K ARTE B AR B HA S 2% H bR, PERE AL
2.5 i YOLO v8 #&#Y

] YOLO v8 f o F i £ 4 38U 1 1 )
2 B — M T RS TR I HLHI B YO — STNet [

2% B iR JC AR L T AR 2 AR v 0 B 5 40 4G RS R
P A B ELSE Y R 7 A A A A AR P O RO
Yy R BOR R O G BT S B R TR 22 | B A
/B R N NI Siia SNk AR UL 7S

U C2-ATT
Conv || Bottleneck Bottleneck

ey T Lo g Attention Attention
i Conv :: i X

I

i

i
Conyv ————> Concat —> Conv —

| Layerl |
U N L o e s e e e 2 e = e

,,,,,,,,,,

F””L”"‘:} : Conv — Conv2d 3
SPD-Conv || C2f 4[: :|"Debéct !
V it A > Conv — Conv2d |

iLayerZ : T
2 —:r§—> Cot:cat SPD—
________ l_ ________‘;: Upsample Cony
G i i A ¢ |
i . C2f —{Concat | |
:Layerfi ! v iy A |
I I > : Concat l

> Convy — Conv2d 3
‘[ :|—>Deteet i
v > Conv — Conv2d !

i Layerd |

: Conv — Conv2d 3
{ :|—>Deteut J
> Conv — Conv2d Head

K7 Wik YOLO v8 R4y

Fig.7 Improve YOLO v8 model architecture

1E Layer2 DA &z Neck #43fl A SPD — Conv; #H [t
Ji i A R %7 1 0 i A TR 1Y) 25 ) 4 B 5 46y
TREEHE L, NTIE AN 2 2R A5 2 A9 17 B0 35 iR AE ]
WEEE i f A% e 0 KB BUR AL BRAE h i 5 B R 2K
TR BR B Z M Ak B A5 B, kT 4 IR 4 B R R
R iwG BE = OCH 2, A IR SA R Ry C2f
B AT RS, Bt C2f — ATT B, 3f-4d 7 YOLO
v8 R IE S AR R 1) Layer3 H1 Layerd , JE St 2 J5 1)
P A ) L A AR (9% R IR i BROASE e ol A R X,
W UG b /N H bR BB R AR 2 ICRE ) B o . HLK
Al AL E W E T R,

3 BEREHMH

3.1 AKREE

#3155 4 Intel (R) Xeon(R) CPU E5 —2698
v4 @ 2.20 GHz,80 GB P 7. NVIDIA Corporation
GA100 ( A100 PCle 40 GB) & ., %4 ¥ 55 3 T
Linux ¥:/F & 4t , 4% #2115 5 S0 Python 3.8, CUDA fj
A K 12.8,PyTorch 2.3.0,
3.2 #HELTMER

i A 1 R ( Precision, P) . 73 [0 % ( Recall, R)
VL M- #4088 )& ( Average precision, AP) S #4085 & 1y
{H ( mean Average Precision, mAP) /£ & iF # 48 #x .
ToU J2& % fili 7 M 4 5 & 5 A & & 72 B 19 48 4,
mAP50 %7524 ToU Sk 0. 5 fif f) - 350K5 B 45 10 .
3.3 HiIEmAEER

P BUE S Z REE Sz ALRE T, R R AL
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Tab.4 Data augmentation result %

BT XKW WWE | AEE | mAPSO
Person 96. 41 85.63
Tree 82.24 58.32

- 85.43
Pole 70. 32 77.26
Machinery 94.51 74.35
Person 98. 46 96. 12
Tree 88.89 78.61

vV 93.28
Pole 94. 67 79. 15
Machinery 99. 42 98.93

T - RARARRIM T &, VIR RN T %, TR,
3. FEARIFENMEIEREF
HEUEA ) C2f BB Rl A SA V5 7 R R 2% 45
TAPEBE A 52 W), 5 T B o I 28 A6 T8, 7 [0 2 45 4 AN [
(7 ERE C2f BEHLRL & SA TE B 1, WL XS BERLRT JEE |
RIS PERSE I IR 45 R NSRS P o
RS FENNBEERER

Tab.5 Attention position selection %

fi%  Layerl Layer2 Layer3 Layer4 mAP50
1 - - - - 93.38

2 VvV - - - 93.38
3 - Vv - - 93. 62
4 - - Vv - 95. 63
5 - - Vv 95. 65
6 - - vV Vv 95. 85
7 vV vV \ Vv 95.85

SE  ( Squeeze-and-excitation ), SA, CBAM
( Convolutional block attention module ) 345 & FH 89 1
B, Horh SE AP 1 51 A GE 1 T AL
Xof AN [) 388 T ) P R AT AR, DA T 48 iR 0 2 5%k O
BEERAE 1 223K B8 7. CBAM Ml 8 73 3 2
[E] 3 B 45 G 3 i 2 A0 Y B B B ORI il i
B AT AR . SA BEHCR T IS 5 9
Wit , I H[A) kA7 3 0 5 A () 0 A ) R 48 S Rl
B o BN A TR B A AR S5 SR N 6 IR .

F6 ETENEREEER

Tab.6 Result of attention selection %
R VR ES PERCIRS mAP50
SE 93.82 89.33 94.71
SA 93.88 92.31 95.85
CBAM 92. 84 88. 44 94. 33

4§ SECBAM £ #& J+ 14 fig 7 I 3= 2L AR AR %
H O EARBIRI G A SA F ARCR T 4F, AHEF SE
CBAM mAP50 4 B4 7} 1. 14 1. 52 A~ H 4 A,
3.5 5 YOLO v8 # &Lt

SR SA EE S5 YOLO v8 [ R4 $2 Bk B

RS, LA e A TR xk A T e /D e 0 0 B0 SRR RS L, O
B A AR B S o X B 1 f4 9 R ik £
AT XF 2% S Bt 9y A M A JRE B 3R T BT, B DR A
RGN X He A0 181 8 Fr 7 o BR R AR BORG B 58 4 [l
mAPS0 X o i iR 45 R B I 52 T, HG o0 R R H
FREOIRBIRT BE , 205l 42 71 8. 46 5. 27 A1 70 A, B AR
T 3. 67 N i o WA EE RE , dieak A Y
XTI ARG, LS ) B AR A TR 23

®7 REBEBSKE YOLO v8 MELKIG 4R
Tab.7 Experimental results between original model

and improved YOLO v8 model %

I 24 B KW K AR PERE mAPSO
Person 98. 46 96. 12 96. 21
Tree 88.89  78.61 86. 14

YOLO v8 93.28
Pole 94.67 79.15 91.01
Machinery 99.42  98.93  99.21
Person 99. 13 97.22 98.91
Tree 95.24  93.41 94. 60

YO — STNet 96. 95
Pole 96.66  95.23  96.28

Machinery 99.87 98.17 99.82

K Z RG> T 1% & /B,
W& IR B H AR, 2 KB 9 b/ B AR & 43
4 52.6% (Person) \71. 3% ( Tree) .75. 3% ( Pole) Fl
61.2% (Machinery) ,,

YO — STNet £ 8 % 11 45 b5 2 L T YOLO v8 £
R, TE RGP I AT 55 ey, O AR ARG A 3 R A [
ESORTE T 5 SO =R I A oaai MR INOE 3PN
N RS BE Ay 3R 8. 46 5.2 N H M. B
PRA T, ik R mAPS0 3k #1] 96.95% , A L J5 1
BRI 5 3. 67 N 434

LR R W], 5l A C2f - ATT Bl 5%
ARBTG5 7 % /N B bR R
BT PR A R AR SR ICBE 7, W) I 3 A7 R 1 X AN W)
ZE0 B AR BOR |, S B 2% Ak T 35 B R4 ) A
IR/ SRV IO 27y
3.6 AENRBIEE MR

hy H A R A R A5UR, B YOLO v5 . YOLO v7,
YOLO v10 % H A A i) 485 8 3 47 %F lil . i 35 8
AR, A YO — STNet #5588 47 H A A I, X 1w 75
e M AR B b 4 28 UL BE A% 90 46 DU mAPS0 3k )
96.95% , FE.F YOLO v5.YOLO v7 . YOLO v10 43
W3 T 8.09,.2.28.2.79 4~ H 4 S, 5 Faster
R — CNN SSD &5 H A6 0 A5 4 AR L 28 3t I Bk ,

M 8 A A, it YO — STNet #5284 15 A [ 3¢
ol B 0 A U AT 55 v 4 v B A Bl B A .
i, X AR AL B, R il I8 5] 99. 87 % , 4 [n] Rk F|
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Tab.8 Comparison of experimental results across

different models

(b) YOLO v8f& AL

e

() YO-STNetR MR
P8 i A R 5 AR R AG I S8R X L

Fig.8 Comparison of detection performance between improved and original model

%

o 245 15 74 B3] i HEE FHRE mAPSO
Person 98.46 96.12  96.21
Tree 88.89 78.61 86.14
YOLO v8 93.28
Pole 94.67 79.15 91.01
Machinery 99.42  98.93  99.21
Person 99.13 97.22  98.91
Tree 95.24  93.41 94. 60
YO — STNet 96.95
Pole 96.66  95.23  96.28
Machinery 99.87  98.17  99.82
Person 99.55 85.55 98.44
Tree 88.42  68.48 86.99
YOLO v5 88. 86
Pole 93.22 74.32 88.15
Machinery 98.57  95.83  98.44
Person 98.44  97.22  96.92
Tree 88.16 93.41 86.18
YOLO v7 94. 67
Pole 97.52 95.23  95.58
Machinery 99.99  99.98  99.99
Person 91.42 93.76 97.11
Tree 92.83 85.03 94.30
YOLO v10 94.16
Pole 85.53 75.93  86.42
Machinery 96.65  95.04  98.81
Person 95.05 71.64  94.66
Tree 86.03 41.67  78.00
Faster R — CNN 82. 04
Pole 62.21  42.65 59.69
Machinery 97.35  63.64  95.53
Person 99.21 61.88  90.45
Tree 88.17 37.16 61.10
SSD 76.56
Pole 91.94 18.87 59.94
Machinery 98.99  64.90 94.78
Person 98.01 95.23 98.31
YOLO v8 + Tree 93.43  83.92 93.33
94. 67
EfficientViT Pole 84.88  78.91 87.54
Machinery 99.20  99.11  99.51

98. 17% , it i T HAUWRIAL , b — 20 BodiE T A< 3¢ C2f —
ATT RN B A e e 1 X 4 TH 45 4iE 42 g )
A 2
3.7 HRMRARBRERE S

N BAIE SA TS AL (SPD — Conv 45 U Bk Bl ik
ROR X YOLO v8 KR g 47 31 Al ik 45, {2
B O SRS B S A O BB REPEAN R AR L &R AN
9 P,

x9 HEKEER
Tab.9 Result of ablation test

SA SPD — Conv ES v mAP50/%
- - 3.15 x 107 93.28
- vV 3.15 x 107 95. 85
v - 3.05 x 107 93.28
vV v 3.21 x107 96.95

MF 9 mIFE H, SA TR JIHLEI A SPD — Conv 45
FRB X e LRI PERE A B TR B T AR . R
1A SA 1 SPD — Conv BLHAE LU, i 1f A L SF- 3
KRS (E N 93.28% , 455 A SPD — Conv i,
mAP50 27+ % 95. 85% , 3R Wl A S A ol M5 B &
e B RRAE VR BE DL K 4R TR 1 44R 5 BE ) U T
RO W SA TEAHLRIR I TER EE S BT
R 4 ) s, AT 2050KG o 7 SR 25 0 SR . 24 TR
BFEIA SA 1 2 I3 HLHI A1 SPD — Conv BIHL i, #5271
mAP50 iK% 96. 95% , A F I A fl P A K 5
S5 PERRIR T % . R W] SA R SPD — Conv
P B R BA Y BE 6% O [R) 0 A0 A8 B X J AR
R A T B T, AT il 25 2 e A 1 ) R A M

i ERTR R 25 R T R T SA A
JIHLHIFL SPD — Conv 45 FRHL7E 2L #F YOLO v8 5 7Y
AR AR R IRTE s B bR ke
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187

T AE T PRI T OGS4
4 #Hig

(DR T — Mk # i YOLO v8 KEHI (YO —
STNet) , L4 T fift T pig 77 -1 45 A4 1 A TH 2 358 1) i 1
Py ey I 1) 50 30 3 | AP A B 5 TR o ) B
LSS BT X T H SR B 5 R AR )
R BEAR I

(2)% SA R AR C2f BLth 4T T AL,
it T C2f - ATT Bk, I8 Hoift A YOLO v8 il
(1) Layer3 Hl Layerd , &b 35§ 1 BB AE /)N H A5 45 ik

PRHC R,

(3)7F Layer2 DA M Neck #5453, @t A SPD — Conv
B, AR LT A6 4 AR B 3% 07 5 R AR
F1% 2 ) A J35 B 4 by R B A4 3, 6 R & R A5 Y T 4
THEI TR R T A ROk e TR G K
BRI AL B AR i 5 B R 2% R B 1 B8 22 10 Ak &

2N

EPoNe)
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