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1l 528216)

i B HMESGEARNELEREERDNEFRN P AR ENERL, AXET S
WK E R4 2% 8 X% /) (you only look once version 8 nano, YOLOv8n ) # & 3 4T 7 % #
£ C2f(Conv 2 fusion) B H # 5| N8 3 & 0 4 4 28 (Swin Transformer) 4 3 f1 £ R #r AT
BABK,RE TR AR R EAR ARG 38 T F 7 8 B & It (squared
distance intersection over union,SDIoU) 1 % i %, # 1 %t # 85 % F 7 5 F 34 w0 A b 89 46 1k
SHs E LTI E s, T SEN BRSNS, N EA%E X EARSATAN, X
1B D /N B AR B R Ky, 7E VisDrone 2019 #t3E % F 3 AT 5256, Bt B o AL 7 K 42 M B 45
7+ mAP@ 50 1 mAP@50: 95 b AR A AR % 75.8% f13.7%

Bkl YOLOV8n; E ARAS Il At

PEAEAR, TE AL R FH U H 4546 98, I E R
AASATIEERE PRBE I SO R R | H g A S i
2yt o AERTANROHZ —, i R
H R INTE S 2 U 4% T AR ], SR, idn
BRI 28098 5 2R A LU H AR/ 73 B8
FRARFER AL, R A A R TiE 2 Pk, EHR
TEMUAAEMR b, B FR2S ) ALY | [ 52 6 IR 25 1
GIFSaNSES AUETE e SE ity b | I il
FORERE . PRI, A PR A /I H A Ae: I 2 122 S
SN SE 1 SR I B 2 —

AESE N4 i /N B AR 2 RO 52 i AL 5 8
ARBA B BRI 2% ( small-target multi-scale you only
look once version 8 nano, SM-YOLOv8n) ;4 T /NH
FRIG5R 4784 (small object enhance pyramid, SOEP)
BRI | AR RS b 8] ) ] A28 8 45 BRI 2% 25
2 jt ( Conv 2 fusion-modulated deformable convolution
network version 2, C2f-MDCNv2) , {EAK IH i H 52 54 52
F¥H (complete intersection over union, CloU) 51 2k PR
B BUNF bR FE RS AN 5 A A

AR 2 ROESh IR A5 8 AR S B B Ml
#(multi-scale dynamic hybrid YOLOv8,MDH-YOLOv8)
FHAE 35 3 %% 38 I U (focal-efficient intersection over
union , Focal-EloU) fX & CloU, 5| A T/NHAREE H
1435 ( small-object attention enhancement, SAE) Fl{f%
AR A B S B (Conv 2 fusion-deform-
able convolution network, C2f DCN)#He AN T
BEXE/N H FR A I B/ H A5 L ARSI Sk (small-target
detection head ,STDH ) #He , {EASTH XS /Iy H FR A4S E
SHEREAT R, Nie % A L YOLOV8n Sy Sk, 73
/N EBRAGI 2 AR BR 40 5 AR AE , 5 1A R SRR AR
il 5 ( scale-sensitive feature fusion, SSFF) #HeJfi%
T R A5 R A P 4% (high-efficiency path aggrega-
tion network , HPANet) # f{ f# 45 5 & M 2% ( path ag-
gregation network , PANet) , A 8 F MK T S %4, 1
HPANet RS ERIEAR 1 BB 2 RO H RS A7 3
P o Al R Y R L I 3 2 e BB B
K63 %8 ( bi-directional dynamic improved YOLO, BDI-
YOLO) #5780, 38 1 IS 0L [ 44 fiF 4 7 34 I 4% ( bi-di-

O TUHEA 2024 4E R R E S RE 4 (2024ZDZX4152) BT H |
@ 33,1996 4 0, m g T ARG ; BFFE 07 1) THR AL ; E-mail :309709075@ qq. com,,

® WEEL ,E-mail ; atchessgd@ 163. com,
( Wk H 39 .2025 - 09 -01)

— 593 —



EHAMEI 2026 6 H 4536 & 556 1

rectional feature pyramid network , BiFPN ) Fl 5} 2560
3k (dynamic detection head, DyHead ) 3% 5 S: i £ B
RET IR 2R pR B N TR 25 CloU , fdi 455 AL 114
SRS B 2I{H ( mean average precision, mAP) @ 50 Fl1
mAP@ 50 : 95 53 AL TF3.8% F1 2. 7% . T B A%
NP B XSk [X 5k 35 AU 28 ) 45 ( region-convolu-
tional neural network, RCNN) , 5| A Transformer F1 7]
AT BT 25 6 4 JRON 28 IR R i T 4 B SR A
A RRE 4 35 Y 4% (feature pyramid network , FPN)
TRNAPRFFAESRIAE 1, SEH 25 R Bon, F K
Ji (average precision, AP) [ AP50 Fl1 AP75 43| #& F
2.6% 6.2% F12. 1% ,{HZ Bt MEE AR (frame
per second , FPS) AN KHAH . Wang %5 N N T —
FpIL T s 2 RO 1 AR L (efficient multi-scale at-
tention, EMA) (1 C21-E £5 44, DL =5 I 2% X 2 % 4]
B AN R R N A B A RE T B 52 e 4 R R 4
FHORE AR, AREZ %A HE YOLOVn Hhfifi
23 (8] R 5 45 R ( space-to-depth convolution , SPD-
Conv ) BRI HE 5 35 1 N 45 X 45 RUBE 47 1F 1) 4 B R
71,35 AZ REEE T EMA FlE 8058 I H (effi-
cient intersection over union, EIOU) # 2% pR %L, Budt )5
AL mAP @ 50 A T 4 . 48 ZALAE N X
YOLOV8 SRJH AT WOCHILL AN XU S 2584, 51 A BiF-
PN fill SR 522 L (point ToU, PloU) 25 2 it 4
I BRE AR =5 R 45 O R I RE ), (H S B0 25 R R B 4R
THWEFE LA PR . Sharshar 28 AN 456 KR ik
PEMEG B W 28 R T OB B /Y B PR A I HE 2R
FEXAA FG A A /N E ARSI [) 50, 368 5 3 i 52 56
AR S 25 R R V- S RG E IR 3 45. 7%
% RCNN $#£F+4.7% .

N Y LA RS A PG AGHIN r S B0 B i AR B2
FEEARRY DR A SGHAT T 3 Wikt , 2 soikan
Tk,

(1) &M T Sh o 1 AR 4 285 - DU Rl (Swin
Transformer-C2-fusion , ST-C2f) L H, 5] A T 514 4%
FHLH A HLHIF Swin Transformer' ! il B EHE T
XA EAE N H AR B R ESEIRE )

(2) 2 TSP J7 289 L (square distance in-
tersection over union,SDIoU) , i 33 5| A X} #F &
75 5 R L A LA R 52 T 1 B A E A
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FEFNE M AT ATORE i b e S A Aa R/ B,

(3) it 1T 248/ B Rkl sk (multi-dimension-
al small object detection head ,MD-Head ) , J{-fill A T 15
SCRFIERSTHR S BB AE Y BRI RE 7, A6
1 kRt
1.1 C2f &R

YOLOv8n (1% C2f R HAE Mt 411 5 19 /s B b Ak
PR RIUANBAR BEE T RFEUCERY SN, /N HARE)
FHIE(S B AL b e vh 2% BRI/ H bR
HIRBIBE A, C2f BYFRFIERE G SR Mg 7 AL FHAN [
R BRI G ARG 80, REEAMEE G KRB H
S BT UE R,z 2 R g S BCGRE T, AT
BR A T A R o B S M, S A TETE B A
Y serh C2f JR 45 5y 2 RIS (T30, TR ET
I 4 5C B A i DXk, S S0 8 ) G KRG B2 R
P A SCHE M T ST-C2f B 5 AT S 45 841
AL AT Swin Transformer Fi, B Z 42 & T X /NEH
P R AE S HL

T4 HOEE A IR R B K, Swin
Transformer FEER LT 11 4 i Y JE SR
WITSRRAE R BT, O ad 8 1 PR ML) B 5
2R/ LT UEE . XHE—2K, Swin Transformer 5
Ut nr LU R 7R AR C2f BEERAEA0 15 i 2 LA e
REREES FIAL,

RIS T — AN ARHER X =R,
Horb H Ry WoRE , C s gy, e i 8 R4
R3] X' W0 R SRR [R] I PR B AR O AR SRS
HEATIIE 73 H) 4 H 0 Ry R B AR 43 3 X7 A4 )R
FHIEST AR B X

X' =Conv(X) (1)
X,L :RHxWxC/Z (2)
X!G:RHXWXC/4 (3)

JRTR I SCRIRGR SR, 3 X 3 IR W] 7 B
B TTREIR R QAT T LU R 5 2 i 4
TRFHE S H AR ER AR AL, R 3 53 1 AL/ H AR
R ERAE AR BRE ST, 7 x 7 EINER EEATY
RIBEZ B S e 22l s R RHIE R G RE D)

2R3 %51 A Swin Transformer #5308, HE 0 H
TR PR IE R 53 S AN B 4 Jmy AR 1T A B
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T NS TR R T, DA 2 R AR O A
&, KR ARIER X R AR E & R
X, =RVVEn

X =SplitWin(X') =[X,, X,, -, X,]  (4)
A SplitWin () MR 43% H REL, n = HW/M

FEREAT FN RS WinA TR

WinA(X,) = SelfA(X.P,,X.P;, XP,) (5)
Horb s 1A R IS SelfA 4.

SelfA(Q, K ,V) =SoftmaX(Qf§)V (6)
X P, P P, SR BOE AR ; Q KV 25 AR
E3E AT P REH B AR B 3 A [l 2, 43 51 % iy A 1 A
P RO M RV AR I 5 d Ml B 4K ; Softmax () J&2—
PREL, FITH @ Fl K (1) SRR G5 SR e AL S ik 53 A
iR IAEIH 1k,

N T HRA R{E 8., Swin Transformer 5] A 1
SERSAL , R A AL 2l o A B AR AR 22 (]
R EHSNIE S

SW(Q, K, V) =WinA(S(Q), S(K), S(V))

(7)
ArpSW(O) Fom s 1AL, S () R P2,
T E AT BT T AL A B G A R SRR R A3
ST RS O SRR & 3R T A, 15 3
FRAEFE, i 1 s,

WA — EREHE — EESE

JRRRHES) 32 2RSS 32
3%3 TXT R B
SYULER ﬂﬁ?#*ﬂ E| &lﬁﬁ
FHEDF % 0F5
BIELE W OmE
AR I
Eﬂiﬁ“
BIWRE
JBIE
i AR

B 1 ST-C2f &#

1.2 Btk s

TEBAS B YNGR B vh, 458 2% eRBCRT DL B 4552 1)
RRDXE H AR 09 € A2k BE A3 2R Rl M. YOLOV8n
H RN R 45 A T 28 I EE (intersection over union,
ToU) 481 4 1 43 A1 £5 5. 1 2% ( distribution focal loss,
DFL)2 Ffi 2k R £, Horr, ToU #8125 L) CloU 4 4t
REREL, CIOU $1 RAIESS 18 1 280 F LL i Bl
bR HIA T RO b5 S AE A O s S L B
1o LU IR IS, , BRI T 4 [ M ot PR 2 2 TR P 22 5, DA
IAE B AR E AL B nEsf . A1, CloU TEMTHA RIS
R EB R IF AT, B2 CloU %
AR PO R B AN T v A D R M R
HAETE R A AR /N H bR, 15880 LIRS v S50
M, A T RGN B AR L R TE A
BE ARSCEE T SDIoU i i 5 | A X BE B 5
VIR AP SR w42 T 1 RS % 5 A A
PEPE, BRI TIUINAE FN B SCHELE 2 SR R
B WO MR L AL, 3
.

&+ d;
SDIoU =1 - IoU + +S8/4 +axv (8)
S, +S,
ANB
loU = -7 (9)
di = (2} —x))" + (3] = 91)° (10)
d5 = (% —x3)" + () —9)° (11)
oo (Y () (R
- A A + A A + A A +
X1 T X Yi =) Xy — X
yB_yA 2
2 2
(22 (12)
Yi =2
a =v/(1 —IoU + v + eps) (13)

4 W, wy |\

v = (?) . (arctan(m)— arctan(hB)) (14)
AP (o, 0) s (s 32) 5 (e, o)L (o, 90) 23l
HELSIHE A FNTUAE B 22 b A R4 T A A AR FR
S, KIS, 3 Sy B SEHE AN T AE ) T8I FR 5 esp Ry — >
AR /IR BRI R R

- HRAR A2, W 2 FR Y ToU /R B EL

FEXS 0 5 PRESGIA TRAGHEIN Sl T S A R4 2K R
B R A SCRs 22 ILAR R bR SR, FH B AR i
F3AF HES256: AR B 32 I HE (distance ToU, DIoU) ™ |
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xt, )

(xP,»P)

ANB

x3,%%)

(x5, %)

E2 IoU R=E

TNAL 22 I L ( weighted ToU, WIoU ) M 1 X 52 If:
Lt (generalized IoU, GloU ) 4L R AR R B A T
I (multi-path DIoU, MPDIoU ) 1" | 52 56 48 5. fin ¢ 1
NS

R1 KRS KL

S 86 25 TR 1, SDIoU 1612k B AT AE mAP@ 50
F mAP@ 50 : 95 2 PMEhr ] AL T H Al 2K pR
B, BMORE Rk R mAP@ 50 Ak,
7 0.353 3] 0. 354 [ N i 30, MPDIoU FY 3R BL#K
I (B4 9% J5 T SDIoU 4 0. 360; % T & ™ % Y
mAP@ 50 : 95%545,SDIoU LA 0. 210 (R, B i i
HoAtb B bR, FEA0UERA T SDIoU st A 5
1.3 S4/NERENk

PRI 5 YOLOVS 32222 1 [n] — M LR 1 B bRk
I, ARG ISk {9 SRARR AT — MR B AR T,
T AL BRI P9 25 30 b S T S 22 2, i
Hor I Sk sl LA 5 4342 4 AR 2 ROBERRIESS B, 23
BRI RSO RN B, XX — kR, A S %
BT 1 S HLH e — B AR Sk 1) 3h A 4G sk
W T — 240/ BAskil sk, IFml AT 15 SCREIE

1 B mAP@50  mAP@50 : 95 e WLE 3,
DloU 0.353 0.204 W UL 5] RERE AL G R R B RO 2240 B2
WioU 0.354 0.205 T4 Hbs, A& RSN AT 4 AT ANERUMNE
GloU 0.353 0.205 _ — N NN
M;:m . 0 156 0 200 B o Ao 30— | AR SCE R S T ) A T £ R
) ' | RROTE R HURD, i3 2 RS SR 760
- 0.360 0.210 TR AL R R e 780
N HFRRATEBEIEE KB ERER, %
CECR et R TR
RS R L Wﬁﬁ*ﬁ 1 — e —
4k g I
i EAE T ﬂitiﬁi
- 1
WiER wE (B s
| 1 SUISE W T
BIE ; | t
: 1 | ERME — SRR i BRZE
XGME TXTHAE 11Xk t !
® L — ]_ _______ _®__ 1 I ®

E 3 MD-Head Z#IE

JERN/IN B BRAN 25 5 v J2 o SRR 55, A6 DU
KR TR o1 TR -G AL, X w5 J2 0 SCRAE
7 RAEEAR TR0 A A A6 [, T AR 2
FROEH 5/ B AR A DG B 7 SUfE B (ande B % stk
FROUESE) o B, S RRAE AT B3 AR, i 2 i 5
JIALA] S BN ARE AR 1 rb 2338 8 A B 3 25 R fi
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XTI X = RO Fefe 5 i &, K%
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YT AR F AT B By > g K10 T R R
fi# o 3 AT B RIS 31 22 48 B RRAE 42
FIEPY NI S AT AR
Fo.(X)=F,(F,(F (X))) (15)
Ao F, O Rl =kt F () JF, () JF5 ()
93 RN 22 RUBE P i 42 IR B R B8 | T 2 P IR 42 B
BT R B LA K 33 7 SIS Bk o
FLOWgIAT 2 REEBNERE 7, 7T L Fe o4
WA [R] RUBE A REAIE
F\(X) = Nor(ReLU( Fy,,, (P,(X)®P; (X)®
PL(X)))) (16)
A, PO) FBaRESAL, F,, () BRERZEE,
ReLU( ) FREIEE , Nor () FonA— AL 3
TR Al G A R S 38 1o TRUAL 3 K i SR 1 L
FHIE S S ARHIE X SEF7 %55 38 0 0 B e 115
S X YT SCRBLRE | 25 i e A R Sim | H236 % ¥
PEAE T —4k, #1718 5| AR SR
Sim(x, y,c)=X(x, y,c)-S(x, y, c) (17)
F,(X) =BN(ReLU(F,, (XONor(Sim))))
(18)
AH:BN() FRIH—1L, X ONor ( Sim) R~ H—
Ak B S5 HE B R T X
B JE— AR Fy (), FEEX e 1 A B
TEHAT B 43 e, 38 5 5 A5 OB SCIX I (4n
NEFRFTAEALE) I 8 5 | 32 THRRAE A9
S . IZRHET XA R b N BAR G WU AT 55
WEBR IR, =T T3 T2 )R LR SRR AR L
il (AR A BE H 0 I B A )RR R X T
ANFHIE X, 3804 R P 4 Ak R 4 AR ik 1Y 2 [B) 48 B
PR EE N2 RSIHEE
Famre(X) = 5 >1< WZ 2, j,:) (19)

i=1 j=1

K. (4,7, ) FRTE (i, ) ME L TAEIER
RO ) £

W e RREE A TR AR e, AR L S A
R RS DE B A4 233 TRDASCER R . W, i 5 2 B
PR B 5 i ARRAE R4 T34 0 A T, S8 % S ik
DX 3l 4y 1 e A s DX Sk P 1

Fy(X) = XOF i (F oo (F s ) ) (20)
T Fopsmie Foom Figs () 23027 F & B ANAL
B 42 5 7 ¥t Ak s B B2 48 SR O 2

ié%io
2 ISR

2.1 LIOEESE

AHFFE R VisDrone 2019 $dfidis | 1% 84k
LR TENMASEAE 55 M8, A I ZRAE  BiEdE 5
IRAE 3 5y, BRI TAT AN BATE R
P ANACHAE 10 2R Bbr, B9k EUR BB
ibrid: Whas T H AR AL E A AR RSE R /NERE,
RGN 45 T AL PPAG R AL T AR IR

4, VisDrone 2019 #4545 38 19 2 FE 1
550 L EUGHEAE 5 T R RIR S DL
JEE AR RRAT T g R RS A
G RS ERET , M b 96 UF 5532 (R A 3 1k 5 8
PEPRAL T A S
2.2 XIWINE

AHGE B SR IR 3R 2 T

R2 ZHRE

28 A5

BIERG Windows10

CPU Intel Core 15-13600KF

GPU NVIDIA GeForce RTX 4060 Ti
RAM 16 GB

TR 2 I HESE PyTorch(2.1.1)

PFIREE Python(3.9.18)

CUDA CUDA(12.1)

2.3 HELXIG

N T B UEAS SCHE Y 3 ANtk A R, AR S
HEFE YOLOV8n 1E S B Lk Y i Fi} VisDrone 2019
Bl gl , B34 3 A~ ek | AT IEAS B4~ B v A5
RURI /N H AR PERE 52

&3 EBEBGERHRKR

205 FEETRY mAP@ 50 mAP@ 50 : 95 GFLOPS
A YOLOv8n 0.348 0.204 8.1
B A +ST-C2f 0.359 0.211 9.7
C A +SDIoU 0.360 0.210 8.1
D A+/NEFRKMN%  0.391 0.233 14.7
E D +ST-C2f+SDIoU  0.406 0.241 16.1

¥ :GFLOPS TR0 KR S8 H
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SEIGAE R N ST-C2f BGHS I mAP@ 50
I mAP@50 : 95 iK% 7 0.359 F10.211,2 MEFRY
T BRI 0. 348 F10.204, 24 SDIoU Jij FH 2] 45
IR, FAH CHE bRt A BT s, i FLA L i) &2 2% i O
WA, /N B ARSI Sk 1 BB i el i
R W, mAP@ 50 427+ % 0. 391,428 F+ T 4. 3%,
mAP@50 : 95 $27+% 0.233 2T+ 17 2.9% ., 43 4
B[] s feff FH RS, A8 Y mAP@ 50 Il mAP@ 50 : 95
YR E] T 0.406 F10.241 48T T 5.8% F13.7% ,
BRI R B T S A AR PR B, AN R T
AP,

R - FIE R 2

—=— pedestrian 0.371
4~ people 0.295
—¥— bicycle 0.090
—w— car0.766
—+— van 0.398
—— truck 0.328
tricycle 0.247
—=— awning-tricycle 0.123
bus 0.489
+— motor 0.378
— all classes 0.348 MAP@0.5

JIE

2.4 EgEERZXTEE

B 4 FES 53 BR T YOLOv8n #5874 F AR Aijff
UM I AT A M R VT AL M S A R
R (precision-recall , PR) [t £& /2 T , Witk 5 450 24 ) 4
— AR ZARAE TR A, XA R T ST-C2f AR
TRIE W] 43 B & B 4035 Fl 42 LA S MD-Head 1Y 3L
5 S AR EL D R VE T, A R0 0 T AR /N H
PRl HE B, A Il #-E {F B (recall-confidence,
RC) T 00 S e 1 A AL 1 4[] 52 i A5 8 1 A2 A 1
&L, SDIoU 3 2 % £ 5 251 5 5P Y AR e 29 o, 4l
/INEL A 8 2 55 T BEORS 7 |, 5 MDD -Head 19 2 R

ARl - B A 2k

—=— pedestrian

4~ people

—¥— bicycle

- car

—k- van

—¥%— truck
tricycle

—&— awning-tricycle
bus

+- motor

= all classes 0.55 at 0.000

4 YOLOvVSn EAE# %

Ff A - 4[4 i 26

—=— pedestrian 0.423
4~ people 0.344
~¥— bicycle 0.138
—w— car 0.799
- van 0.452
—#— truck 0.383
tricycle 0.306
& awning-tricycle 0.172
bus 0.592
+— motor 0.448
—— all classes 0.406 MAP@0.5

ARl - B A 2k

—=— pedestrian

4+~ people

—¥— bicycle

-w— car

0.8 - van

—#— truck
tricycle

& awning-tricycle
u

+— motor
= all classes 0.61 at 0.000

0.0 0.2 0.4 0.6 0.8 1.0
BIEHE

5 BEtRRBYAYIERE B 2k

JEIRRNTER T A/ B PR 7EAR EA5 B2 T A RE A &50R
B, T AR R B A ] SRAE 4 A B IXR] 2
TSR kX e e] A, e S AR RS R S
AR SZENCE R T, T A R /S H AR A
v f A 5 T A B
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K6~ 8 2 BlJE/R T YOLOv8n #5 #U l ig ift
JE AR BRI 25 1 LA B e sk X ] Dk
B, el JE AR Z2 A EARTION [ 25 10 T e Y
fERE, M HAEw R W, e BT Ir K6
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FREIN A “ truck0. 57 19 B AR SEPRARZE A “ car” , Bl 7
TGN ER s [RIRE A N MR 5, B 6 MbR%E
BARA RS H AT LA B2 2 4 “ motor” AR 4%, 1M 38
1l 8 FRZE AT, I A — 1 motor” F1 2 Fll— > bi-

R: w—l-! |pedestr|a
&= pt uesuiail 9.
- truck 0. 5 p

LI AN

__pedestrian

cycle” FRZ& | & 7 WKL X 2 A~ BARIERAAS H a2
R BXT i —2UE I T PERE Xt HE i 2538, ek
M JE AR A B g ARG AT L‘lﬁﬁﬁl‘%ﬁﬁ%’l‘ﬁﬁﬁ%j

pedestrian 0.3
6pedestrlan 0150 jian,0. 4;
npdncfrmn O 3

03

MO316 edestrlan 0.37526.ipg

“usSuivmotor 0,30 0. 45
v

pedes tRSfj.eftf'n 0. 3estrla

6 Ipedestrian 0.3y
- —_/pedestrian 0.4, el 5;
- yole pedestnan Gric

'pedes a OS;J‘

K Ud uc;ulla'n u.0
e €°“"‘"pedestr|a

[pedestrlan tng:

“i

AN |pdestr|an

Y] vﬁu I

B8

Ry 2 L AR B A Y P R B AR SRR A 5 H A
ST B YOLOV8n AR RIFEFTX] bL | B FILE Vis-

i—pedestrian;
g des‘”?[‘destrlan P9

ZSuian
aedestrlan,. pedestria

motorle

B RiRE

Drone 2019 £#l54E PRI 4 Frn, SCER 45 R
L] AR ) mAP@ 50 il mAP@ 50 : 95
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IKE] T 0.406 F1 0. 241, 763X 2 HiFg bR b # KM
FH AR H T 7EAS R (0 RG0Sk 38 T 22 R
REE SR ISR 1 SCRAAIE Al A b K 3 I AU ASE
P, FESHEEML 1.6 x10°,

F4 MLbxie

LT mAP@50 mAP@50:95 S%/ x 10°
YOLOv8n 0.348 0.204 3.00
SM-YOLOv8n"' 0.374 0.225 3.30
MDH-YOLOv8"™!  0.375 0.227 3.00
Nie 25 A\ 0.383 0.226 1.97
SRR A 0.406 0.241 4.70

3 % ik

EEXF YOLOv8n 578 7 T 11 FRIAZ A ) v A7 1)
PERBISI, A< SCM 3 A2k B2 wetE 8l ad f Ak
ST-C2f B P vit /N H bR R AR R AERE 7, 42 1 SDIoU
PO pRBCR T 320 R HE [T SRS B, IRk T 248N B
P 2k 3R AL RIS 3 B AR BAHERE T . SEHe s R
FeH | ek S BORERIZE VisDrone 2019 $UR4E P
e B EHT, Hd mAP@50 355 0. 406 , 8 Rk R
27+ 5.8% ,mAP@50 : 95 iK% 0.241,#27+3.7% .,
UL R BGH A BRI T A /N BARRHERR
B RS A L 1 [PTAE, Shy e AL A 55 4t T
AR FARTTE

7 2 WL A, M AT G AR ) 2 B
BRI FIrBa N, ARA| TR BIROR . H I, 5 2eAF
FEW IS W RORT Tt R R R
S A e

o
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Improved algorithm for aerial ground target detection based on YOLOv8n

Huang Cheng, Lin Shengzuo, Wu Jiandong
(Training Center, Guangdong Environmental Protection Engineering Vocational College, Foshan 510000 )
Abstract

To address the poor performance of traditional object detection algorithms in small object detection for aerial
images—attributed to challenges like low target resolution and complex backgrounds—this study proposes three key
improvements based on the YOLOv8n (you only look once version 8 nano) model. First, the Swin Transformer
module and multi-scale feature fusion technology are embedded into the original C2f ( conv 2 fusion) module, form-
ing an enhanced feature extraction unit that strengthens the model’ s capability to capture fine-grained features of
objects across different scales, particularly small ones. Second, a square distance intersection over union ( SDIoU)
loss function is developed; by integrating an optimization strategy that combines squared diagonal distance and aver-
age area ratio, this function effectively reduces bounding box regression errors, enabling more accurate localization
of small targets. Third, a multi-dimensional small object detection head is designed to analyze targets from seman-
tic, spatial, and scale dimensions, which significantly mitigates the missed detection of small objects in aerial
scenes. Comprehensive experiments were conducted on VisDrone 2019, a widely recognized benchmark dataset for
aerial object detection. The results demonstrate that the improved model achieves mAP @ 50 of 0. 406 and
mAP@50 : 95 of 0. 241, representing increases of 5. 8% and 3.7% , respectively, compared to the original YOLOv8n
model. This outcome validates that the proposed improvements effectively balance detection accuracy and efficiency
for small object detection in practical aerial scenarios.

Key words: YOLOv8n, object detection, aerial photography
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