SRR 2025 4F 5525 4% 45 12 ) By R 5 T # ISSN 1671—1815 §3
; " 2025, 25(12) : 05110-09 Science Technology and Engineering CN 11—4688/T Ch-. :

DOI; 10. 12404/j. issn. 1671-1815. 2403707
SRR R, £, . JET YOLOVS BYTE AL IEHSR A3/ N IR 5[ J]. Bl R 5 TR, 2025, 25(12) : 5110-5118.
Bai Junqing, Wang Mengting, Shen Shouting. Vehicle small target detection algorithm for UAV remote sensing images based on YOLOv5[ J].

Science Technology and Engineering, 2025, 25(12) : 5110-5118.

EF YOLOv5 B9 AW B B & ZF i
/BRI E &

R, TS TS
(PR 2ETTRNLERE, PE4E 710065)

i B ERARARAARESH FRENFAARTNEFRHE AT ERBR T EFTRE S, LB A8 KRG
AR — AP TR EF RS T R A B AR M Ak Ating-YOLO, & %8, & YOLOvS #) Neck & 51 N4+t B 47 89 47
S B K RS K HLBE R A AE ) T ZCIR A N A 0 a0 AR AR 5 3L K 1 C3 BESR F e split BRAEVAE A BAR A EAS B,
#t — % %A% Swin Transformer A3 32 38 242 86942 A &, RS | iBad B EAF ARG 4188 | 3 AR Mg B 04 ) o, 0 B A A3k
JE LABAL Fi # 4 4 (aerial universal autonomous inspection and recognition, AU-AIR) 4 #% %% £ 3&4E Atiny-YOLO A 69 A 20b
325 RAY : Atiny-YOLO Sk AR T AKX ik a9 AR EIR B T 29 2.9% . £ 2] 95.5% , #oinl ik LK 2] 234 Wi/s, iX
Bk RIGIET Atiny-YOLO H ik 42 i 2 5% B 69 ) B BE AL AS 45 K ha 42 7,

Fefki] % B E A% Swin Transformer; #4540 ; AU-AIR; Atiny-YOLO

Rk IS TPTS3; SCERERERD A

Vehicle Small Target Detection Algorithm for UAV Remote Sensing Images
Based on YOLOVS

BAI Jun-qing, WANG Meng-ting” , SHEN Shou-ting
(School of Computer Science, Xi’an Petroleum University, Xi’an 710065, China)

[ Abstract] Remote sensing images are characterized by diverse scales, dense arrangement and small target sizes, etc. Aiming at the
problem that there is much background noise in remote sensing images and vehicle targets are small and difficult to be acquired. A
vehicle target detection algorithm based on improved feature fusion method, Atiny-YOLO was proposed. Firstly, an additional detection
layer for small targets was introduced into the Neck layer of YOLOvS so as to generated a small target detection algorithm for drone
remote sensing images. Neck layer to introduce an additional detection layer for small targets, so as to generated a larger-scale feature
map and effectively identified the detailed features of small objects. Secondly, a split operation was added to the C3 module to reuse the
image feature information, and the Swin Transformer module was further optimized to improve the usage rate of the effective
information. Lastly, by improving the feature fusion channel, the detection accuracy was improved while the model parameters were
reducing the model parameters. The Atiny-YOLO algorithm was tested on the AU-AIR ( aerial universal autonomous inspection and
recognition) dataset. The experimental results show that the average detection accuracy of the Atiny-YOLO algorithm compared to the
baseline algorithm is improved by about 2. 9% . It reaches 95. 5% and the detection speed reaches 234 frames/s. These results verify
that the Atiny-YOLO algorithm meets the real-time performance while the model detection accuracy is greatly improved.
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TR A HA RG T 0 AR 5, B2 B R R T, P i@ & B g b
PRI O BHASH R E RE  ARAF HRA T ARG A A AR EAT ARSI Il A LR ARl TR SR
EEARI N A BEE . T EANRBEBIE BRI R AL, R RS20 Y A 7 PR R b S
RGP EE SR L MRS, SCned ARG RO AR A7 70 3% 25 57 5 1 IR R

s HEA . 2024-05-19; f&ITHEA . 20250128

E€WA . B A RRHAIE A TR 7050 H (2023-JC-YB-601 ) ; W5 L AT AHE IR S AL e BT A A M55 4ialk 35 H (23GXFW0077 ) 5 14 % 41
TS5 200 i R 1 0T H (2023-X-YKC-003)

F—1EHE . HRM(1983—) , L, DUK, MR e W B0z, H0rs R S0l R J7 . MLas 2> AN T B, E-mail : 13636804262 @
qq. com,

CEEEE . EAE(2000—) Lo, PUK IR RE S B SE A WRSE T 1) BARKEI . E-mail ;2570046402@ qq. com,,

¥ F5 M HE - www. stae. com. cn



2025,25(12)

EUG I, 5 3T YOLOVS 176 A LB IR G20 40/ F bR R B 5111

AL T ORE S W HARRR S AL 5 2 THtny
RSB R I P SRR A £ 45 X L
o TSR A0 B AR 35 5 /N B AR i A
AP, Koy 7E i R b 4250 H i w2
AILVMEER KN, 515 5RYXF TG BRI, ME DL 32
S TR R AN FRAE D

ZE5 E bR A I 5 T A 2 ) 4% 2O T
Fofr s LRI B 00 B3k AR BRI B A M AR U B A
DAL T Se PRI T A | AR 5 % X 2 e AE Hh () H
PRt AT iR, SR, T 4 BRI R B A il
SR R AR A I EE ] X it R S I P
K, ARFMEME LTS R-CNN (region-based convo-
lutional neural networks ) % %1 f R-CNN'*' | Fast
R-CNN"/ I Faster R-CNN'*' | #HZ T, BLE BLA
DA 1B BEAE B ST B, BRI AE — 1B Be N 58 1
H bR FE AL, o R R B AR R H
BB 4045 YOLO (you only look once) ™' Z& %1 Fil
SSD ( single shot multibox detector) "'’ £ %1,

VLA, Ry 1 fifp ke i R PTG v 4230 H A A6 DK
FEARAY Ia) @, rh Ah 2z BB X H An A I v #4647 T M
SRHCE, SCRR[ 11 ] 2 e YOLOV3 B9 4 ik 42 J R
2% A T B M 8 S e ] I 5 A B T e
TRGEINRS BE B AR R SN R SR, SCHR[ 12 ]
5 A SPP BLH 1k YOLOV3 %k, A i >R
4 % 8 15 16 £ T RAEXT T 2/ B AR5 B AU, 52
BT RIORS 5 B B 52 T, B YOLOV3 S 42 5
T 13.29% , i B B2 1K 5] 39FPS  HIE X T 2 N
/NEARBYR ISR AE . SCHR[ 13 ] %52 1 90 42 4
T AR 2 AT TIRADESE, A N 4% S 80
KR B, (B AREHBORS BEATI A R dd s . SCHR [ 14 ] 7
YOLOvS 5035 A C3Ghost A1 Ghost 3k | [F] i+ 7
Backbone JZ2H1 5| A CBAM ¥ & Sy He ™) P e
XF AR INAT: 55 v B AR R R IGRE ), SR 52 4
32 HEA K BB (CTOU Loss) 107 | AR 5 5 16 14 5
BORGRE . SCHR[ 17 18 251 5 B S YOLOVS 1)
23 () Ak 4 RSB S5 T 45 1 REIE 4 R
T34 T /N H AR R IR B2, SCHR[ 18 ]
SV IS AE BB R T T YOLOVSs Byl
REARE, SCBL T A0 22 B bR BRI, T 2 X AR A
IS PE A oK

BRI ETEAG DR B EERA T AN TR R B 4R
TH AR Z B RAE ALY Backbone I, BeA
7653 FIH] Backbone $& Y 22 R AFE &, [R] i) o5
JEAN ) RUBE R IE X Fil 5 5 R A 1Y BT R B8 1 [t
LG R RHERE B ITAR, IS8 1 /N HAR I RHEAR
B IeAh B EG rh  H A G R AR LB R

AP I, SR T R AT A0 305812 RE A% [) A Az 0 31) /]
R BARMIR IR Bw, Mgt H b ROE 193z 1L hg
It dE— R

BEXS IR, O 1 i e 0 0N B A 0 kS i
R L TR RS A8 T AT, 88 ) — b B TR AR 5 7 R 1Y
Kyl 759 Atiny-YOLO, 1E Neck /2P ER /N B ¥5#6
DU = RUBE ARG T 78 Ay D RUBE AGE i, i 5 17 %o /)
RO HFR57 2T BB 1, BEAR A4/ B A5 0 T 46 %%
HHE XY myC3 FEHEs 4 Backbone F1 head JZ H
C3 R FF it — A 5 Swin Transformer F) 3z 8. 3
FW/NE B R A2 XA myWinTR
SR PRAE S BRI 3 A v a8 B 0 7T R R R
SNSRI/ S S N AR N R U E R 1L
B JZ  RHRE T 0 ) 46 )= RS A T
PHEVUNERAE X 02 R ok 2 2 2 B TR R AR 5]
BT R, HA TG M 0 RRAE, A B T4 S H AR
PO RS BE

1 YOLOvS &5

YOLOvS J&—Ff B ARl A 44K T YOLO
IR R AL IFE 2 A kAT 1 ke A Ak
[Fl, YOLOVS LAHA 5 B9 PERE & A 2 19
& PR TE 2 A GUAE 2 Tz BN, A AT LA
SN WA A A i, A i E AT O, 3 AT AR S Bk
T 42 B 22 40 R e 15 i i W 4% T 5L 38 s 3T Y
AR, AN, YOLOVS 38 ¢ 8 F T 4l il
A7l ) 7 RS R R B R RO AR e T AR
FRRLER

YOLO F&F 3 21 v 19 #&  F B AR HUBIE 55 0
R—A~ BRI 30 i A R R R B
ARAFIFAE B As b | UG T A B R A AT SE PR
KM 78 22 B AT S A6 T 7 ¥ E BAR GE K
VT SFAE | 1) FH T 7 370 5 E Sfe AE LA 3% X 3
PRI XTGP 40 U7 Xof 5 28 1) %) A 238 sl T 1k
YOLOvS F8Y F 24045 5 MAEHETE

(1) BUR TR B, o AR UGS 2= 28 5k il ik 34
BRI RN 0 — 4k R A DU TS 22
BEAYLbHE

(2) FRAEFREL, TRAL 3 FIR 25 1 A5 i B A5 R
223 Backbone JZ , 2 M4 1] DL S0 M 4% A 4R
BURFIESR B

(3) FRMEE AL B, 7E Backbone JZ2 3L il I,
YOLOVS i b %S in— FR 50 4 PR T AL 2, B 4 1k
PIHEAT i — 20 A3 DABR I e SRR AR A L

(4) HFRAG M, 38 5 78RR AE B oz A7 465 A 4
1, YOLOvS W] LA [m] B fi 44 rh 24~ B A i 7 &

¥ F5 M HE - www. stae. com. cn



B R 5 TR

5112 Science Technology and Engineering

2025,25(12)

RS, R EUER o AN TR B A% I 78 B A%
| T 31 FHE ( bounding box ) FIAH N A2 IR
(5)JEab3E, 75 BARKIN 58 B , YOLOVS 2t
7285 Ab HL R andE A R AE 6] (NMS) |, PLZ
PrE S8 2 B FAHE 0% B BT B 1 FHE
YOLO Z G () RF 2 B TR AR B/ S5
T ER. 7 PR ARG ) T B 1 [ B SRR B v 1 A DK
B, Horh YOLOVS 454 T YOLOvV3-SPP #1 YOLOv4
B—Le e, ERe LA T HEE MR, e M
YOLOv5s 1E R 2/ B Anfe BSR4 7 5050

2 Atiny-YOLO #&#!

ESE BRI ik A% v, 5 A T A~ BT 22 B 2
L4 H by 8 BL7E [R] — R i, YOLOVS W25 1%
R AENTE T 6 — 250, 1 52 i 155 A i A )
R RE Bt — P R i B 1) 2 E A ) B3 3
Atiny-YOLO, %%, % Avizeid 4 % 8 f5 .16 £ .32
F5 R oRAESS 43 PR3 T 4 Fd & AS W] R 25 [l
SHNE S B R B, IFAE Neck JZ2iE 4T FEAE Al
B G5 T 200 22 RUBE H bs 1R U 8 77 ; 7E Back-
bone JZH1, Atiny-YOLO i} A 7 #2 H () myC3 1 my-
WinRT 8 H b myC3 #8845 BV E A 250t
PEUCHT S ARAEAF B, [0 )3 SRR (5 2, T my-
WinRT HEH I FI % pRECEOR | #F— 20 W5 5URF

i—» myC3 myC3

TR 2K RE J1, T #2 T 1 455 B X H b B9 B 11 BE
75 Atiny-YOLO 7 W 2% 2 (et L ib A5 7 98 3%, f
TS5 ey tH AT RE 8 5 00 4R RRAE B AT PR 4.
THIHGFRHE B S K IRZE B, XA DA 3L
HE RIS AR AL o A v i 3 2% 78 i o 25 AR
TR B 2 AN 5 B R 1R 4 R R
FIEEME, Atiny-YOLO #ERIZER AR 1 Fs
2.1 /MEIRGNE

T BRI/ B AR RRAEAE B A g
FE YOLOvSs 9 Neck )25 Hdfhn—~/N B a2
SRR LA 3 ARk, 23 1 R 20 x 20 (/NEAR) |
40 x40 (H HAR) 80 x80(/NHFR) , BAE 80 x80 |
JZHEI/N B AR 2 Ak &R i 160 x 160 Rt
M TR IR Neck W25 s %A 160 x 160 FY4FAEE], 75
FXF 80 x 80 MUARFIE I HEAT L oRAFEARE 160 x 160 1)
FEAE A, B R X AR Backbone 2 AU = )2
Wy SR T RS B R T TR A8 A AOR /N DR,
RFEA I I R AE P 3% () A S 0 2 i B s — Rl A%
A Head ZiHAT/E 2R FSFIRG AL FE . HHF Neck
EAR T ZAA R ROBE R AE 1 A RRAE X
ASTRI /I B RE p, , foF A 700 7 ARG 00 5 2 v BE 08 7 5
FAHREAE A I3 /N AR, A3/ N B SRR IR ] I
iRl Ez N OL7/E NN T T W SN E3R e e N N 7]
B EREES . /N HARRIZ AR 2 s,

 —

AL R A AR

—

DI e i

s

HOm—=Smo

Conv AR myC3 A SCRHE C3 #Edk ; Concat AR AR EL ; Upsample A - RAEEAHE ; myWinTR WA SCHCHE Transformer £ ;
SPPF JJy 2 1] 4 35 P th AR ; DETECT Al J2
1 Atiny-YOLO #E#145 4
Fig. 1  Atiny-YOLO model structure
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Table 3 Comparison of the performance of different models

Y P/% R/ % mAP@O0. 5/% mAP@0. 5-0.95/% Params/M  FPS/(i-s~")
SSD 92.3 78.2 74.1 47.8 24.1 212
Faster R-CNN 63.5 90. 8 76.5 49.5 15.7 73
EfficientDet-DO 75.3 85.0 71.2 46.7 3.9 29
MobileNet V3L 88.1 84.4 80.3 48.8 4.2 89
TPH-YOLOVS 91.0 83.7 89.5 32.1 45.4 208
YOLOVSs 9.3 91.9 92.6 59.5 7.0 352
YOLOv51 9.6 92.6 93.5 62.8 46.2 176
YOLOvSn 9.7 90. 4 93.2 55.1 1.8 256
YOLOv5x 95. 4 92.0 94.7 63.6 86.2 291
YOLOv6 9.5 93.0 94. 4 59.8 4.1 180
Atiny-YOLO 97.2 92.1 95.5 59.9 13.5 234
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Fig. 9 Faster R-CNN model detection results
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Fig. 10 YOLOvS5s model detection results
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Fig. 11 Atiny-YOLO model detection results
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