Computer Science and Application T+EHLR}2E 5 R, 2024, 14(5), 137-146 Hans Y
Published Online May 2024 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.145122

EFASF-WIoU-YOLOVSHI L AHAIAE &%
Hfrt s x

BOE
SN ASE P HAR A B T TR, S0 5tk

ks HiH: 20244F4H25H; FAHHEM: 202445 H23H; kA HM: 20244F5431H

H E

XN TANMBEGRNZ B &, &3C_E T —FE T 2 YOLOVS I B 5k W 8%
ASF-WIoU-YOLOVS, B 5, ZEYOLOVSHIEEAZE M) |, I\ —FhiE & R E /5B A HLH (Attentional Scale
Sequence Fusion-ASF), L] R XA [F R RAHE B AT RS, AT SRTR BB I (0 BB AE, 3R EBUH
BEE. FERNFEER. )5, NRARPFHTEGE, 5| AWise-loUHLH], ZHLHIEIT B &R
BENERHFRS BRI REENSEE, NTH—PREEENRUEE. SREREH, &
VisDrone#(#E4£ I, AICHTIREIE L YOLOVBEIE KIS FIME EmAPSORF T 2.0%, HEIEFETL AN
HE®R EEEERRRNEE.

XA
H*ﬁﬁﬁﬁj\lﬂy YOLOvVS, E%RE}??‘J%@\%; Wise-loU

Multi-Object Detection Algorithm for UAV
Aerial Images Based on ASF-WIoU-YOLOvS

Bo Yin

Department of Mechanical and Electronic Engineering, GuiZhou Communications Polytechnic, Guiyang
GuiZhou

Received: Apr. 25", 2024; accepted: May 23™, 2024; published: May 31%, 2024

Abstract

For the problem of multi-object detection in UAV aerial images, this paper presents an improved
YOLOv8 object detection algorithm named ASF-WIoU-YOLOvVS. Firstly, on the infrastructure of
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YOLOvVS, an attention-scale sequence fusion mechanism (Attentional Scale Sequence Fusion-ASF)
is added, which can integrate feature maps at different scales, so as to obtain better image features
and extract richer and more accurate feature information. Then, the loss function is improved by
using the Wise-loU mechanism, which improves the flexibility and robustness of target detection
by adaptively adjusting the weight coefficients. Wise-loU can further improve the detection accu-
racy of the algorithm. The experimental results show that the average accuracy of the proposed
algorithm is 2.0% higher than the YOLOv8 algorithm, which has higher detection accuracy on
aerial images of UAV.
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1. 5|15

BEE T AMAEARRZEZ R RE, T AN LSRG R s, GRS Sl e Bl X s ), e
2N HTEAT S T[] BT AU BRI B ARRr 2 e AL — AN EZRN, E R A4
W R EEETER, GETSHN . Sasdk. faR XA R 5] 5 52 9¢ X 5513 2 7 1 [2] -

TR 2 21 (1) B ARSI SR — M T 7 A2 DL R-CNIN AR 3R 1) B Bt (two-stage) & I 77 12 R LA
YOLO R4 A —B B (one-stage) il 77 v2: « BB BT 1R AE B HR R RS2 U 5 2 A8 i X 382 HX (Region
Proposal) %%, FEATHEARM KRG e RIE, ARERMEF A XG4 M 4% (Region based Convolu-
tional Neural Network, R-CNN) [3]. R [X 345 F 1122 [ 4% (Fast Region based Convolutional Neural Net-
work, Fast R-CNN) [4]. B bR [X 45 35 A 4l £ % 2% (Faster Region based Convolutional Neural Network, Faster
RCNN) [5]c —Bir Bl 77 92 A e T4 0§ BRCRFAOE 31 85 5 00 2 0 R FAE RN B 2 — MR I I 7,
REMFFRAEFILA SSD RYIHIL[61F1 YOLO RFNFIL[7].

JUEFET IR BE S S Bkl 4 B¢ TIREFRIRCR, AT AN B ekl bR IAE. BTk
AW BT B R =B, BRA RS, Z2RE. DB B 5E RN0HE BER R R, 8
3 H Rl RS FEAS AR iy STHR[BTN 1 78 70 R AT WG AN LD A EUR HAR 3 T — MR Rl
1) B AR R, @A E B T YOLOV2 ik, #m T HAEMA NS ErtERe. STR[91IT T
— PTG, A 2 [ B A R O ) B R, $e e T iR B AL RS
PIRTIRSFE o O 1 SE 474 58 O AR B 2 HFRkill, 3 JLAE SR I FHTT 5 K2 #R 24T YOLO &
FN BRI o £ SCHR[10] 7, B 584 % YOLOVS B4 1AL, #4241 CloU #4#ty Focal EloU,
WS 2B R AR R P S ST R R [ VDA A o 1T SCRR[ L]0 3 T HR A e AL G /s B AR AR I
RO . @ E YOLOVT Mg fin N\ SPPFS 4 FE AR EL . i fb i 2 sk B UL & 5] N CBAM {3 /)
BUHRIAETFBL, 280/ B AR R UK BEAS 21 1 B8 88 Tt SR, IXRE M SOt S 80 T 48 2514 1Y)
Bk, fESCER[12]F, [RIFER T 8Emont /s BARI AR IR GE /1, BEFiE % YOLOVT M4 iEAT 1 ki,
BT B ITHT/AN NS E, JE5INTER IS X LR R sTie s 7 S A RS B, (H
AR AR IG N T SRR, 1R TR IS EE, JRn 724
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T YOLO RANFIERIPGE A JE, YOLOVS SiEAE H ARk il 45k £ 4 e Bl 3 Rk RE, DR e xot
TN B 1 2 B AR ) 851, A SCEE YOLOVS [k 3t mt k4T ook, Wy 2 N B 4 & WL
(ASF) [13]f@EAF] YOLOVS &k, DL 5E L8 %) 2N A R Fh A R RS AT B AR R ge f1, A4ahsIN
Wise-loU HL#[14], BT E &N RN E RS, 3P m Sk R RS g .

2. RXEEFR
2.1. BEmgssl

ASCHEH T — PP T 2tk yolov8 12 H ARG IS ASF-YOLVS, ZH M 3= BALRE = K.
TS BB e (Backbone) A5 AE s b (Neck) Hrili i H(Detect) = ANEE4M K, WFE 1 Fiac.
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Figure 1. Network structure of the proposed algorithm
B 1. AR BEERIM G LR

1EFE 1 Fizn i) ASF-YOLOVS kM4 4544 m, Conv. C2f. SPPF. Concat 1 Detect fbR i /F ififE
F1YOLOV8 —#¥, {ESA A £ 5] . SSFF-YOLOV8 i) 2 TR AU Backbone 59A%H T
YOLOVS [t] CSPDarkNet £5#4; HRFAEASRIEH(Neck) W4T T EHT BT, FERAE Neck #i4IIAT TFE.
SSFF il CPAM #idlk, Mot TFE B E/ERALE W 2 fin, SSFF fil CPAM ARHRTE 2.2 F5 A1 2.3 F1E4H1L
BH; AR B (Detect) R A T F1 YOLOV8 —HE (1 = AMAREA ISk, 43 51 FRAS IR B AR A HFR AN H AR

AR SCHIT G 5 7E Neck 3#57

(1) ASSCAE TFE BLRATIGIN 1 Conv BEHR, AL —ANME R INSREFIEE B MR & B, 58 =/ MEH
JEEIT B Conv BLER K S50 TFE BRI = AN RER AR RS —, i # )5 8u4ab 3

(2) ACH c2f + Conv B E ASF 532 HL CSP #ibk, 3= 35K /& CSP bk B F 12 C3 4544
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(YOLOV5 Sy H ), ASCH C2f 508 C3 i, W LAMGINM L Efe, &&fbitasaE, St aEEn L
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(3) AL CPAM BB fr i H EL 3230 AAGI JZ (B Head 543 11 8% L1 () Detect), ANFE-[a) I [ 5 )2 4%
A5 S, MAE ASF 5L HTH CPAM BLH (1 5 Eab &4k 4k m) T I 2454, 25 Head #6110 HIF
A Detecte AL RS FRAS T NS IR A, RORIEAC TigF &, 1 Hab Re R RRARG = RS L . 1X
PN EE R & CPAM HEH 1% H s Al 2 il N 245 BAN LR 5 S BEE BRE
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Figure 2. TFE modular structure
& 2. TFE RIRERH

TFE BRI 2 fos, BRMEEERZN TRR. By D= RERRHE B E B TS
KREFFAER] large Kk A Conv BEHL, T K AFE DownSampling #E A1 Conv 18 f5 7E Concat
RS 5 AN AN SR G, o DownSampling BEHCR FH BN RAE 7730 SRtk Maxpooling #1135
At Avgpooling. R FHRRE B £t — /M58 Conv BEER ELR2ml &, /NS A AE FIK IR i 5 AR
Conv fiH, FRFE UpSampling BEELAIE L Conv B fm it ATl &, o FoRAE T sON SRl AR (7 1
TFE U AS AR B R AE S B TR, AR G AN A RSE B RIS IR, e
SRR /N B bR E BRI AR

2.2. REFFHFHERR SRR (SSFF)

SSFF BRI anIE 3 Fr, EIEZE/ER K 2 A RGN 4R s 20E U6 BT &
SSFF BLbA =AM, 20 A% TR AN REERPRAIE R, =AM B2 AT A B S 2R [ A RS
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Figure 3. SSFF modular structure
3. SSFF 1=k
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2.3 BEFERIER(CPAM)

CPAM HEERFILERIUNIE 4 FTzw, C /45 P 0 20 N 2% 45 K (5 TE 13 2 J1 M 4% Channel attention networks
A B VE &SI 4 Position attention networks. CPAM BEEA F AN Inputl A1 Input2, b Inputl Sk E
TFE %, Input2 K SSFF BLH K4 .
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[ 4. CPAM 1RIREEH

{ZIEE Z /1M %% Channel attention networks & X} &5 18 % H 42 J5 353t 4. Avgpooling, %8 f5 481t
1d (%R ConvaD LRI Bt Sigmoid Bidk, )5 5%t ConviD M1 Sigmoid bk i 32 B AR e .
{EIETE 7 W% AT UG S5 T8 2 () A ELVE A A B . AL B VE R /14 Position attention networks JEi {5 &
I g AT Input2 BT HEE RN, 57 O A SO EAT AL B (Pw A Ph 3%, o Pw 3%
FERUM 4 11 %5 A5 B, Ph SCESSRIUN S R B E),  Seidid “Fi4ith ik Avgpooling, 2R/ X\ Concat 15
Pult TPt 2 523 EHR Conv Ak, 1E Split BEHGIEAT (518 X5 5 oM 2% S i, 40 380 R 4 Sigmoid
BLHLE 1 Position attention networks ()% AAHFE, 15 305> SR I, PIAN % i H P AH 315 21 Position
attention networks [¥J%i i Output.
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Figure 5. Schematic diagram of Wise-loU
5. Wise-loU 7r = E
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WIloUvl FTH5EA XU R FiR:

Lot = Rwiou Liou 1)
Ruiou = €xp (X_ th) +(y_*ygt) (2
(Wg +H?)

Horr,  x Ay BEHE 0 mARAR,  x Ay RoR FARHER) R s ARKR - W T H | 2R3 /)N L B 14 52
A Ryoy NI N 7B Ry 7 A BASSRIER I, AW, AT H MR B (A 2 ik
bR * FORILERTE).

3. ITAXWSERIH
3.1. SUIHIEEE
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Figure 6. Dataset images
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3.2. {HEsCIE
TR B S SRIGIEA S AR MERE, BRRI SIS SR 1 s,

Table 1. Experimental parameters
=1 TEEH

ZH 4 ZHH
YIGEE F 6471
IS UESE I A 548
WS A 1610

epoch 100
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Figure 7. Training procedure of the proposed algorithm
B 7. AXFrREERMIIZGIEIE

N T BRAEA SR EERIMERE, FRATM T IE RS, TEAHFIMSEIR A E ISR, 2 Bk R EGHIE T
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Figure 8. Algorithm performance comparison (mAP50)
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Figure 9. Testing situation of the proposed algorithm
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