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—FhdE YOLOVS [ 52 B Anr il 5. 1 Bk 2 A 4 31— DI Al (segmentvénything model, SAM):
MobileSAM [ & i #4112y YOLOVS HF T4, Bt 4 2t 05 JRBERAE, R FHBEALG /I B AR AR 2R,
IR 2 AL RS J7, SE9RTE R FME 5 ISR 4 E ORI SEATRIISL 37y, #E47 T B A it $R e TR S
3@ SRR S A 2 2 ARSI 2k LSCD (lightweight scalable shared convolutional detection head) LAV&/> S %= Al
LIRS, DRAF R RS 2 1 (3] I PR Y 2 80 . 5 )=, (6 13— Ak 7 Wasserstein 55 (normalized Gaussian
Wasserstein distance, NWD) 45125, $87F/)N H KK MRS 1. FT4R2VETE VisDrone-DET2019 48 4 [t /IN H A7 H R
Fis BEAT A [ R AR R 46 YOLOVSs B A5 A TH; ML T J5ifG YOLOVSs #1%, mAPS0 328 T 3.2%, ik ] 41.4%,
HZHEWAD T 33.9%. 7 DOTA v1.0 3454 L, mAPS0 A% 48.8%, 17t T 8%, R HIZHA KU iz {Lfg
KR LN 5, HAREN; YOLOVS; 22 814k; H—1k i Wasserstein i 25; MobileSAM; LSCD
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Lightweight UAV Aerial Target Detection Based on Improved YOLOvVS
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Abstract: Target detection from a UAV perspective often faces challenges such as small object size, severe occlusion,
and significant scale variation, which result in missed and false detections. Moreover, constrained by the limited
computational capacity of UAV platforms, achieving real-time detection with both high accuracy and lightweight
deployment remains difficult. To address these challenges, a lightweight version of YOLOVS is proposed. The image
encoder of MobileSAM, a Iightweight adaptation of the segment anything model (SAM), is integrated as the backbone
network, enabling effective extraction of multi-scale features, improved detection efficiency for small targets, and
enhanced generalization across diverse tasks and datasets. A lightweight detection head, termed lightweight scalable
shared convolutional detection head (LSCD), is proposed. Based on shared convolution and adaptive feature scaling,
LSCD reduces the parameter count and computational overhead while maintaining detection accuracy. In addition, the
normalized Gaussian Wasserstein distance (NWD) loss is employed to further improve detection performance on small
objects. Experimental results on the VisDrone-DET2019 dataset demonstrate that the proposed algorithm significantly

enhances both precision and recall for small targets compared to the original YOLOv8s model. The mAPS50 is increased
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by 3.2%, reaching 41.4%, while the number of parameters is reduced by 33.9%. On the DOTA v1.0 dataset, the proposed

model achieves a mAP50 of 48.8%, representing an 8% improvement, indicating strong generalization capability.

Key words: UAV acrial perspective; target detection; YOLOVS; lightweight; normalized Gaussian Wasserstein distance
(NWD); MobileSAM; lightweight scalable shared convolutional detection head (LSCD)

BEEBERAR, migER. B CIEEEARIK
J&, & AWl (unmanned aerial vehicle, UAV) B, R15F] T
VIR R, HEB) T AR 2SS B, 0k E VA
AR Aoy, BTG T REERSAR
SRy, B ARk I ARAE AT AR BRI A% 0 5
H, ORI SZ BT 7T 10 5. H FRA I A 55 2 R )
R GRS IBiRiRR A=

T H PRI BOR 32 S T 4 R AR TS,
B A0S SR bR TR R ] 25 40451, FE AR PR
F, BT Tt B A Rl B AT, 5 5 4R 8
HWERT, BTtk bR A4 T S, E A
DUVKS BN 25 AR

WEAE TR 7 ST BOR G, B2 T B AR 2 M 4% (CNN)
SORSR T SallN = A7 ES W i ;50 =/ W = B vy oL RS
NP R IS B (two-stage) FHHLEY B (one-stage)
Jrid. XM BT L R-CNNPY R 51040 3%, A48 i idk
J& i) Fast R-CNN'A1 Faster R-CNN!, X 2850y i A4
FS A TG AE X5 LR AT 43 R B U, S 3 vk AN SR
T, BT XU B 77 1 (R v 55 5 2 R 2 v, A D0 T 52 A 6
B8, D ANE & S M ERE E 1 TS AT S5 AH EE
2R, B B U592 A YOLO (you only look once)™

Z%11F1 SSD (single shot multibox detector)" . 4. |

RITVFAN T — IR ET A& 3% (forward propagation, FP) H[I
AT )25 e A AR 0 58 B 540 26, B Rl P e . 52
B4 35 1 5 1B A0 e, A YOLO R BUBEE, 26
4 P85 5 Pk i 2 ) ST A O B4, S AN I Sk
MR 25 b, 7 SN P AR U M B 7 T SR T

SRTTT, 7ETE AHLCHE 50, 1 T Sk B BS MO
ST, WA P AELE A% /N B AR A — MR RS/ L 4
R RS L e 7 5 1, 66 45 LA vk o L
S AT A R, /N B RRRI 1 B A TE AL AR
It 2 —.

SExE /N B ARK I L, S5 AU R T % R
FRIE SR B H LM-fem AR A 18005 & JA< R S-ECA,
MR MR T YOLOVS 7645 GE 3B 77 T8 2%
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RE, T T /N HARGE /7. s i%54 \'"YE SPPF (spatial
pyramid pooling fast) BE G VRN TR AT 73
SRR ML LI AR R TH AR, 2
BRI T kN AR R G 720 i L AT, X5 O
FERE M, B ERE LS T H AR R R
SRR, K& AT B SRR R TR
SN B AR TR 50 65 77, (LR -t £ 7S T 368 S 399 A
M 7 AR R R R AN 3. Wang 25 NPT
YOLOV8 HyM £ Hfix N 1 /Iy H bR il 4544 (small target
detection structure, STC), HIR$E = 1/ B skl ae /7,
HEFER T T SHENREE N, FECHE R
B SRS N UM R A 3 77 (self-attention) AL
)R ) Sk 5 4 JER e 0 Sk, B s 7RI 2 B RRE R IR
Re T, fRO TR 5 R i), B T/ B AR AT DU e
73, (B[R B AN o]t Gt ol B 1 S ECE A K3, R
B UL T EE /N B B 1) @SN R, (B ERAN ]
WEG I OR T R R B AN R R IR PR, 7 2 E
SRR AN R, o |
BEXHH S B R A PR A IRy % 2 TR R
R b 1 T 0, DI E RS RS FE 1 0
JR B USRI PEAS, S5 1132 1 T #01 MobileNet!" "),
ShiffleNet! 71 GhostNet!" V24 it 2% 5 44 45 1), K Fi
TIREE BRI L) B B BB AR R A AR U [ 451, B
SRFEAR 7 TH S &, (H A 238 U A7 IR E M T B A
TR B, 1K — AR TH R B A I 2 1) I gk 5 22
KU, Wang %5 N K YOLOVS (4 T 4% %5 4
& MobileNetV3, J45& 4 [ £/ H bR sl =, A
MR EN TR RS TR S b s AT
Liu 2 NPOEH T 444 EdgeYOLO (IHESY, iZHE 42 %
T R R R L A A Sk B g, LR
RS Tih S EAE &, NS IE B ANLE & B
B AR AR UE ARSI Lee 25 AN PUHE H 38 T8 B2 () )2
H & MW B # (layer-adaptive magnitude-based pruning,
LAMP) 5k, Z 5518 IS 51N B & MR BT+ 7 %L,
ARG TR TR I BRI T B SR A R
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SRR, T AR N B RR R IURG FE, 8 R R
F 2 RO RFAE SR IR 75 0 WL 55 7 322, X R AR e Y
SEASTINBE 77, AR BN T THR R A BRI Y 24, e
IBAT . AR, REAY % B D S R
RS TR, {HIX T BRI 5545 AR/ H AR g R 5
RE 77, sk MRS FE. DR, e AHUAL AR H A e il 47
AR KL 28], T ff v DA b Il {1, AR SC43#r45 H BA
T .

(1) % & 5] X\ MobileSAM [ B4 4 it 2% 2 & T
Z&rh, MobileSAM I B gt 28 40 % [T i) ¥ tH AL
1k, B8 ab B 22 b A2 2% 3 55 O R AR IR R 22 RUBE
RRAE, AT 5 B S A A U B AR O B, i 34
o R AR R KRR I 2, R IRBF iz A BE T, ST

Ja AT T RESE N 22 REAL (R B 0 A, B R AEAS [ 55

AL LRI

(2) Wit T H A K%L, 51 N NWD (normalized
Gaussian Wasserstein'distancey') Wk, FETH/N B brAs
HEJ.

(3) xR S 4y, Wit 7R EE T LR AR
H 3 B ARFAE 4 i) 42 2 AR I Sk LSCD (lightweight
shared convolutional detection head) LAJ/> 2% & fil
HITH.

1 YOLOVS Hikfii/

YOLOVS 5& YOLO F 41 7 487 (1) H brar il 152 41,
H Ultralytics [F1BA T 2023 45 1 A, B D#
THRS DUV B8 I3 B 2 FEAL IO R B R SR BB e T
YOLO 2 & $ 1 i, AHEHIN (Input). F=F M 4%

(Backbone). ##FM 4% (Neck) RISk (Head) iX 4 4%

B, I3 T AS [F) R0 2% 8 5 98 BEAR AL T S LA
(n/s/m/l/x) FRIARETRY, DAST-npenil il B A0 55 08 R 10 75 oK.

IR T8 /5 YOLOVS [ i1 1, 1640 N
B, 38 3T Mosaic 30 R 42 B 2 (1 i bk, 9 LS
FE RSE @ RGO RERLE LA [F) 4N 2 SR 4R 0
TAER]. T M4 IET DarkNet53 258 LS K
FRAEFREL, 54 EANRA I C3 BB AL T C2f,
Cof A T AR ZEEINSE M, 2SH B 115 B
A% 3 132 7. SPPF B b i >k F 75 (8] 6 - B 1l Ak
(spatial pyramid pooling) £¢ R, RERSLEA R RUEE F 4
IURAAIE. XM 22 ROBE M AL 77 20 ASE 45 9 2 BE 0% B B b 4l
PEBNAF RS HARKAE S, AT $2 mds 0 14 R, e 2
FEALFAN[F] R /N H ARIN

=|‘ Detect

[ Upsample | [ Conv J i i
L] ¥ | i
[ c2f }—»{ Concat | | i
: gl a
Concat ] [_Cof :

Upsample

Concat ek
SRR 2% caf

1 YOLOVS Mg 4EH)

B (Neck) W24 47 510 RFAE B BEAT FoRFE, 45
# FPN (feature pyramid network)”'fll PAN (path
aggregation network)"” R fill & M T W 4% 3R A5 1A R
fiE, F=& 2 M RZRE UE BAENAE B, b2 BT
T T RASER N B AR e

K Sk R T R 2k (decoupled-head) 4544, K53
MBI SS 73 85, B 1 AR IUDKS 25 (=] ik o i Sk B 25
3 AN RST & S FORRAE B, FH DA IAS [F) K /N H A,

\l,

1
2 MobileSAM-YOLO #&%1

%fXﬂ‘ﬁﬁﬁ‘vEﬁBE‘%%T sk o ANLEE N E
AR 77 P P MG, BTG K, 30  25 1) L, AR C
TEYOLOVSs (¥ 2fili |, 42 7 MobileSAM-YOLO #
A B i E K MobileSAM [ S S i 24 A HT Y
Mg, Bt AR BRI sk, 1 ET A A
Wasserstein #7125 (normalized Gaussian Wasserstein loss),
P i B AL /0N ARG DU X 285 12 A% ) B 8 A G 1] 2
Fis.
2.1 MobileSAM El{&4nH525

MobileSAM 1) B8 4 i 2% /& — Fh 5+ W5 Trans-
former (ViT) H1 H B &= s G mIL e, HE
T RHAE A I 25, B4 sm KR IE R R BE 1, 7T LU &K
H I I HE U B ARIRRE, & S DIkS B2, HLREIE R
AR S ME RS &, B iz k. MobileSAM
(B AE YR 73 F— VIR (segment anything model,
SAM)P!, HAHUFEF AN 3 FaR.
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4-|C0nv_Reg|—-| Scale

]

r [ [
1
Toput H Conv_GN
! il Hor
1
1
MobileSAM ||| (Upsample ] [ Conv ]
image !
encoder b Cif — Coilcat]
(ViT-tiny)
[ Concat | ([ cor } ' COI;‘;*IGN

1

I 1

| Upsample i

| e i

: (Conv] 1!

1 [l

| 1

I 1

! i

SPPF }— »(Concat) || Hik
| i
BTR% L HE Car_ e OGN
]

4-|Conv_ch|——| Scale |

P

3 SAM FEAJE R

SAM & B E G gmiD 4 (ViT-H) 7£ SA-1B %
PEAE (0.7 1100 55K MG 10 AZHE D) KA T )1
45 (pre-trained) $EHU 4 JRRFAE, BE J5 A H B B R A0 3
FRAE s A Ay B A

AHMEF H, VIT-H 754 R IERR I, /N B AR5

A LA R BT P ERBUE O, R R |

ZARHEE S B YOLOVS [FE T b, A 2uh i
RSB T/ F bR e, (B T ViT-H
M2 EIL R T 632M, M LA EFEHE 200 AHLI S 5
VB2 IR R 2h i b PRIk, A% SCHR R R LAY
SAM——MobileSAM, H4mt #4544 5 4R 1 VIT-H £k
HNTE/NHT ViT-tiny, A% 5K AT 16 /Z Transformer 4593
26 2, BEMEREIILM 16 NERE] 4 4, B2 )ZE
HEFE M 1280 BRAKE] 256, Z 52 M 640M [4 2 5.78M;
Z Y 2L H 73 445 F (grouped convolution) 48 #
FREGIR, FFTIN T shASMbiE = LS, k> 7 FLOPs
.8 TR SAM AT 2 1) ViT-Tiny 4mtd s
H, MobileSAM i it fif #1111 78 18 (decoupled know-
ledge distillation, KD)* £ ¥ SAM [FIHFEFRIERE ST, tn
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K 4 . ‘

FORME ST 5 1 G 1 S R R, 14 56y v
W UM (Teacher) £ Fl1 <245 (Student) 455 7 uity 1) i
B4 1115, 1F1 MObilcSAM R FH 45 b B RS S0 14 %
R (0 ) 25 R IR 2 0, VR O (SAM)
ORI 52 (L1152 AL A8 (MobileSAM) [AI4T5 4%, 4R
Vi I 2 2 A G R 8 (L R A A R 3%
BASE S 90 1 43 04T 45 . SR PR s 7 24 Bl 4 i 4 T
AL G 58 5 A0 58 1 2 o 5%, WA VI 4552 2 9F
LA AIE 4 0 52 (1 26 U5 PR R 2 FEAT 45 (A B
T 82) [F4, B (R A AR S 77 Ak, AT (% 59
U IR

MobileSAM % KR T SAM 223 B[ % R
BRERI/S HARAN 15 5., B85 45 ROt 3 8/ H AR 104
WAL S35 [ R R 8 A, AR AR TE AR
& L e e e
2.2 YOLOVS 4% 7E SLER A st

ASCHR M T — AT SRS B [ R A 4
R B A I 2k LSCD (lightweight shared scalable
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convolutional detection head), & 7 SZINA R S H &
5 1 B RAS ST 2 BT AT TR B S 5 A A L %5 T

(GN]

LN

RISk R 2 AR L ST 0 % S S
7, BPEL S BT, AEANAr S AW A 353 AR T 0
ﬁ%ﬁaﬁﬁ@ﬂ%ﬁ&ﬁ%%%@%%ﬁ%%%
U EEITIEICE DG ¢ N

A ISk R, 7 W 4455 55
TTATR 04 T BT FFBY. LSCD 3R FA S 22 2 75 5,
HE 6 TR, W2, el R AE I P3. P4 A PS 4Bl
17 1x1 [ Conv_GN HJ#:AE. BRI 6(a) Fin: B4
HHAT 131 MAEFRAE, B T4 )9 —1k (group norma-
lization, GN)™*, f5¢ J 8L ¥037% bR % Miish #4754 . IX
RO T A P10 380300 0 45 L 7 i — 25 4 380
IR A, [0 5 B e VR 5 4 3 L
Mish! )/ 9 #0355 B %, Miish 56K BERIZ A M B 0 £1

ViT B4 gmh5 a5

II'I\

/4 MobileSAM E@ﬁe’ﬁ%%mﬂ%i’t%‘ ( -

AR, 5 5 G B 5 e A 2025,
-

S K S A A T R S R T
.
T (T3E)

G IR IR
iRt

3 SR R
AR

Y ‘ o

Con Con
33 25 fef Coma |"-
123 |—
Conv Conv
I 2 o comd f+feanc

Conv
3x3

S M coma i
©
25 P coman fooma

@ ©

25 fo S o comae |"-
%]
5\

Conv
3x3

Conv
3x3

Conv

3x3 Conv2d

ey L

Group

Y
1
1
Conv2d normalization Mish |-.i

Conv_GN 1x1

DEConv_GN

33
|
(b)—-l DEConv |——| G |——| Mish |—>E
]

!

)

Kl 6 LSCD L5 A4 5k

&, L—PHHMRERIEST 2 33 1
DEConv_GN L= EMEAE, a1 6(b) Fros: B ei#kiT
3x3 [f] DEConv &R #AE, #5147 49— 1k GN, &
Je [E) A 3 R BR B Mish #HAT 8 . e, DEConv

(detail enhanced convolution)™ L — Fft At fi% 18 55 241 5 Jk
HIP AR AT, AT 5 S 3 2 R IR AUE &,
DEConv i@ 5l N O ZES B MEESSH,
HEDBRAKZ 0 BIRX 4 M E B BIG
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S ATE B (WA AE R (3R, Aok, DEConv
¥ 4 A BRUR 1 AEES R IAT B T RHERR
U, SR 5 ¥ SRR (V)RS A 74 B N 75 2 DEConv (1%
H k%84 BT DEConv A DA [ B 2% FE AR AT R = 47 15
B, DASE 7 A 42 G (R AR E RO VEARRRAE, M T £
e 4 AR AE 1 B DEConv 45 K B 01 7 s,
ERERNEZ, T HE S NMERZ TR RIS
T BRI 0 I i B AR T B, AR MR AE LT, BT
CAFIFH R F R SRR DR AT A
[F [ 22 A 426 AU 6 AR IR R S0 N AT 26 AR AR 15 31
FR 4 H BEAT AN AR, 8- BT DALE S A7 B E oK X st
BRUZARDN, 15 83— ARG, 2B~

IR ) e 285 . Kk DEConv R S Z 8L ER,

FEVNZRH BOE L 2N AT B R 7 2 3 5 AR IEROR,
AR 00 AT AN £E S 5] A 48 o 20 o) BRI AL SR AT
LRI, ﬁﬁ)ﬁﬂ%ﬁ%%ﬂ‘li%ﬁbn LERAS AT 170 1%
6 o (10 55 RO AL, R IHT B R SN —
PRUERT 3x3 BRUR, AITLEARPE TR BE A5 00 T 52
TR R A L.

7 72 EE % K2
S AR 5B DER

HIBER

EH S @

DEConv

K7 DEConv £5#J &

bt 5, £33~ DEConv_GN L EHE 45153
FR A H AR AIE 23 0 i N B AN 73 S Conv_Reg 73 37
DT MAE [E] U3, Conv_Cls #7157 H 454335, #J5, Scale 2
X Conv_Reg JZ (I HHEATA4R L, %2 € XL T —/ A%
> 4 TR - FH R 328 T 25 1R 8 A HH AR A B I ARRAE RN,
BT RE U8 B AS H B J5 BB, X It e T
THCDU AR (9 [0 )=, AT 7 DI 5 ik R H 2 v T T AE v
e,

156 4 AR 5% Software TechniquesAlgorithm

R T A RN A A I 0 R R R R I A
WY 2% BE R T R — e 5 SR At & )H — 4 (batch
normalization, BN) AP, il o 4 4 N B s e 2
IEALBRAE IEZS oA, $&TH T B s A ) BBURR R, AT i
P36 A I RE IS A RO AE WX 2% AL 3R SR, BN A 2L
PRI 35 52 B &K /N I 2. 5 ) 2 A /N R 1 1 O
T, fitE A Re s T U 4 R R ZE S N, s
M AR PR RE. R T v IR /N IE — A RUR [ 5
M, LSCD K] T 41JH—4k (GN) E#s YOLOVS £k
FATH BN. GN 15 BN A, GN KA @it 4 4L 75
AL AT VA A, TR 7 R KA
T s S, RS ST PR, B/
HESLAR A8 B (R 5 P 3% OB AR B T4
TR P AT S RN T o A, R b B T SRR R
b fE 1. GN 1EREANIBIE H N T EIE AT 2, A R0k
TR GN FIH— i R =R (1) B,
xX—t
GN(x) = T (1)
Horb, xR HBINERE, R AN T M, 6252
BANHNIFRE R RIT 2, e — MR/ E SR kB 1k
SrEERE. BARSRUL, BEE —NERAIN,C H W]
FEAE x, For NGEREARS S R/, CAIEIESL, H
FIW e A 4ERE, 150, MliER» RGAH, BHAC/G
AN, 2R 5T A R G4 T -k
SCRR[32] 0 SEG2RBH, 75 28 R[] V4T 55 r ikt fi
Fil GN 22 SERBOR AR BETR IS 19 77 47, [HIE GN WSk
T L i M S 75 5 LR 432K 07 T (69 MRS BT BA, A T
R SR T T B SR Sk MBS R %, GN Bk
# % 2] LSCD KT A B2, 45 DEConv_GN
AT Conv_GN. BEHGH AU 7B AL LRI SR S,
A TR IRS
LSCD @ jd KRRk fil &35 7 I 25030 =, A 3oz
TR TR, SRR 2 RO REAE I8 40 B
RS, AESAESIRME T F EMFHEE R, SIEE
3.4.2 TSI A, LSCD AL 7E 445 4 VisDrone-
DET2019 = mAP50 54T 1 0.5%, tHHE T 1 0.7
FLOPs, 245 N T %1 81%. VisDrone-DET2019 #§
AT 260000 4~ H bR, mAPS0 #27F 0.5% &
EH RN 29 1300 ANRAL B Ax, 3 HIX P2 7E
ZHE T 81% HITEOL T IR1S I, X Bk E B A R4
SR BT T 4 5.3 %, ML T HAh R BT
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i H AR SN A

RIS ek 25 B I [ B RG JEE 2 OR T JRE S R R R
B, LSCD {EF#AI% 81% SHCRIIFRIIETE T 0.5% H)
R B2, A I H 12 A5 R A

2.3 JA—1L=HT Wasserstein 15155 iR 2§

YOLOvS A ERIA [ FIAR [2] V3453 2% e 2008 CToU
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ST R AL, v T L B AR T 0, RO T AE
5 HSHE A B/ NN TR (K0 A R I BE . w R h 2 )
S T HE (1% 58 FE AN w3 B2, wet R et oy Sl AR 3R L SIEAE )
FEE AN AR, AR ER /N B bR B T P 2 8] 1P
HHEBN, IoU NI RS (A0 CloU. GIoU™) Al fig
2> tH I i), i 8 Fros.

- A
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i & :
4nB ng| 14N B| unc
foU= 10 g, 067U~ MU ¢ 008 1oU=" =088 —loU= [y =072
(a) /NRUE Hbr (b) KREEH R

K8 K/NEFREIAE IoU XL
[f X5 K H ARES, TUNAE BRI C 5 HSHE 4 (1) ToU
A K (M 0.88 FEZ 0.72), (X T-/N HAR3K i, ToU
SRR JLAME ZR 5 00 5 1T = AE AR K AR 4K (AL 0.67
B 22 0.08). IXFE 2> T BB FEAEIX LU L T AT BE 22T 2K,
SEUAA A
IR, A S0 FEK B 1 CloU 452k A % ) — 1k

f= 7 Wasserstein F 2 (normalized Gaussian Wasserstein

distance, NWD)"*! 5 CloU [ AR [H] ) /&, NWD ]
FH 320 5HE 4 5 7 43 A, v BRI 28 53 A [A] Y] Wasserstein
FEES, 345805 5/ B AR BN NWD i85 i 2.

51 B SR A, wa Rl AR D 5
HE A B DEFERNRE, (cxa,cyn) 90 ARKR. T 54 FHAE
B BT A N, o)

WA
— 0
=| € =| 4 6
lu [ cyA :|$ g 0 h124 ( )
v

2 I E B AHE 2 (1] El’LWasserstem #2319
— Ak, IR, g Mlias NASRE B 155 RER I, ot
B3 Ao cyp) . FH LTI A3 H 25 157 4 4 Ny FINp 2 17
Wasserstein Fi 5 J9:

2
wa ha|' wp hB
CxA,CyA,777 > |€xB,CyB,—5~ 5 2
2

(7
B, HEAT I — 1k, RIATA5 2 S 2 8] AR AL

=g
| WA(N4.Np)

C

W3 (N4, Np) =

NWD(Na,Np) = exp| — (3)

Soeh, H A C S EGUR T BN , R SEBRR T —
BB AR A1 R A PSS R DA B
%T%ﬁ%:TuﬁﬁNWDb%mmXﬁ
\ Lywp = 1-N WD(NA,NB) )

s NWD (AR 382E T, B T HE 15 2L9HE 2
[ 5 B X4, NWD 17344 i 4 (7 A POt P £
B, T SR TR AE N B AR T RS A b 5 T
[P . B Ah, NWD 1 JiRE i R A5 1 R RS,
S U Ml 2 R AR A R R 9 9 S
W, 7E %/ BARRIIE S, NWD A T 16551
ToU J3: A5 5680 1) S M T VR RS P

3 SEISE R 55T

S 4 BIAE I B s 85 B AT, 43 972 VisDrone-
DET2019"° %11 DOTA v1.0%7, fif 2 3= 8 F Sk 36 11E A 3¢
DI B, Ja R BRI Iz A
3.1 LIWIME

AT 64 7 Ubuntu 20.04.5 LTS #:1E &
g, BRI BT IR 1 Fios.
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K1 SEIOIRE i, A SO TR B 30 UF BT 5 BRIz A .

ﬁj’:?éﬁ Ubuni%(:ﬁfji LTS 33 VRt
Python 3810 AHEFCRAN T B bn ks I A A 28 MUk 4R AR, A8
CubA 11.8 FHREHFE (precision, P). [ (recall, R) A4 -1
ggg Intel(R) x}:;)égosgﬁiﬁzszv CPU Fi§1fi%: (mean average precision 50, mAP50) i G5 AL
Wiz 48 GB Tor WIKS B2 5 A EW S AR Y A2 B A 28O, 7R S
PyTorch 200 TR T V% IS5 B (FLOPs). Z8& (parameters)

3.2 HiE&E LA AR

K Fil VisDrone-DET2019 Fil DOTA v1.0 AA 5L
USEAE/ TS

VisDrone-DET2019 %445 i K4 K %% AISKYEYE
HIBACEE. (05 7 10 BMUial A T i Hbx, G IR 1E
% EAT N DAL BATES RES 9, o Biw
UNF 16x16 1B F) 15 LB R 12%, M/~ BHAs N T
32x32 B8 F) I 5 LE LR 18 45%. Al 2 A AT
AR, /N HRRRG & B ik T 7% il 65%. %%k
E/TE DO B/ NSV S {1 AN bR R v L 3 % 9T

DOTA v1.0 4 4 52 H G K 2% 2018 SR AT
LR G B b v T R O R A 4R 2
£ B AE MR AT G R B bR R A AR B R, T B AR
iR RBEARA K BL K /)N H bR 35 4R 43 1 46 1] 7
DOTA v1.0 7 2 806 sk fiifa &, &k BB R~ 7E
800x800-4000x4000 14 7 2 [H], REEEFEIM &G 7 MK
HURIAE RS8N RS H bR 2 2 3k M L35 % KRUEH

! (model size) i FPS (frames per second) {7
EEE#MLF \
KR (P) E?afﬁﬁﬁ%ﬁéﬁﬂ%jjﬁ*ﬁﬁﬂi* 54

b A IE S R AP & B, 7 2R (R) MU $6 78
1 925 9 T SRAOREACER, R 1 S TE K R A T
OB . mAPSO %7 7E BUAE 15 70 S AE B 52 9 b
(IoU) BIME A 0.5 B, Fr K035k 2 (AP) 1-F33
fH. FLOPs. Z 3. WIECRIBL AL /N U A T VP4 52
RITHRE TR B 2V DL A7 i 2 8] 75 oK.
34 LWERSHH
341 AFEHHESEX LS

AR B AR S gk B A R, 3% ERORR AR
I H PRI R AT X L, R 2 FIR 3 BoR T AE
0K, REEEEA VisDrone-DET2019 1 DOTA
v1.0 FrxFEb 45 5. #E VisDrone-DET2019 ¥i#E4E I,
ASCHEH ) MobileSAM-YOLO *ﬁh\%ﬁf@*ﬁﬂ%ﬂ%
R 0 S O R UK 1 5 1, 9 80 41.4%, mAPS0 45
PRA AT T 25.0%, 23.6%-+8. 2% Fil 2.7%.

%2 AFEPAE VisDrone-DET2019 i&%&%hﬁ’]ﬁth%& (%)
P mAP50 A
ik Ped Peo Bic Car Van Truck Tri Awn Bus Mot all P R
YOLOV5s 40.1 324 11.1 73.1 36.1 27.3 19.2 9.8 45.4 38.5 33.1 45.1 32.8
YOLOX-s 39.1 33.2 11.8 72.1 372 29.2 17.3 9.7 46.1 39.5 33.5 35.6 40.6
YOLOv8s 43.4 33.9 13.9 79.7 455 37.1 27 15.6 59.7 447 40.1 52.1 38.9
YOLOv10s 43.6 343 (138 "85 46.2 375 27.6 15.4 60.3 46 40.3 50.6 37.5
Ours 454 3 358"  16.1 79.4 44.9 36.8 30.2 17.5 60 45.6 41.4 58.6 42.3
%3 AFEEEAE DOTA v1.0 R4 EAxT S (%)
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Sk Pla Sh Sto Bad Ten Bas Gro Har Bri Lar  Sma Hel Rou Soc Swi all P R
YOLOv5s 658 555 279 396 888 379 338 672 63 753 553 289 129 332 33 441 688 356
YOLOX-s 70.1 56.1 304 402 875 386 336 674 67 755 586 332 13.6 354 35 455 692 3638
YOLOv8s 70.1 563 28.7 422 91.6 382 346 669 67 776 543 309 126 35 329 452 701 414
YOLOv10s 732 572 292 421 912 356 332 701 7.1 792 545 321 13.1 363 348 459 72.1 432
Ours 734 623 324 453 915 403 334 699 152 719 64.6 329 202 362 347 48.8 80.2 552

M 2 7] LLE H, MobileSAM-YOLO {45 P A1
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WA, RE R HEEE. 4T Ay BITEZS/N
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# 5 VisDrone-DET2019 % # 5 il S 6
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- - — — 112 28.6 40.1 133
N v — — 88 38.2 40.8 243
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N N — W 8.8 38.2 40.2 243
— — A N 94 259 ¢ | 403 145
— N AN AN 74 356 - 414 250
F.6 \DOTAWI.0 ZHiH 516
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Wit 5 MITE VisDrone-DET2019 - 4 il
A LA 1, MobileSAM Al LSCD W% 46 &, MobileSAM
PRELI A AR AEAN N B AR 19220 LSCD 7 — 25 (4
GERLEr, R G TRIBEIF AR T 2508k mAPSO 4275
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