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Abstract

In view of problems such as objects are interfered by complex background, objects are small and densely distributed,
objects are multi-scale and their directions are random in high resolution remote sensing image data, an object detection
algorithm for high resolution remote sensing image based on improved YOLOv8 was proposed. Firstly, dynamic snake
convolution was incorporated to make the algorithm detect objects with different scales and directions better; Secondly,
in order to enable the algorithm to capture the global context information in the image with complex background, iRMB
was combined with Shift-Wise convolution. Attention-based Intra-scale feature interaction was used. Bi-directional
feature pyramid network and semantics and detail infusion module were combined as the algorithm's feature fusion
network. An improved efficient decoupled detection head was designed. Finally, combining NWD and WIoU loss

functions, a new loss function NWD-WIoU was designed to accelerate the convergence speed of algorithm detection
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and improve the detection performance of the algorithm for small objects. Experimental results on three public remote

sensing image object detection datasets show that the high resolution remote sensing image detection algorithm based on

improved YOLOVS performs better than other mainstream high resolution remote sensing image detection algorithms.
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HIECH . N BREnlE, AP RRHE—
T 2 7] P P50 RE

PR EFR TR
P= L ( 11 ) 3 5 :ﬁiﬂ;qﬁ
TP +FP ) RRRSSS
T e UE AR SCHE A S TR ET NN RS
TP ] . N

RN (12) AT A RO A e, AR

PLYOLOVS SN AR SC s 56 i S of 503, 7

1 DOTA F1 RSOD % 41 £ & 3t 17 Ak S 56

AszOP(R)d(R) (13 gppmps. 2.
R1 7EDOTAEIEE CHVMRISIIG
LhgEmsE PEN AR
NWD-WIoU AIFI  SDI-BiFPN  EDetect C2{ DSC C2{IS  Param/M FLOPS FPS/(f's))  mAP
11.13 28.5x 107 282.4 73.18%
N 11.13 28.5x 107 289.1 73.72%
~ N 10.58 27.7x10° 196.8 73.94%
N N N/ 7.18 25.5% 10" 157.1 74.22%
~ N N N 7.35 24.2x10° 166.5 74.37%
~ N N ~ ~ 3.36 24.7x10° 146.3 74.65%
~ ~ N ~ ~ ~ 8.22 24.4x10° 135.1 74.97%
2 TERSOD HiEEE FHVHANSIIG
LhfEfE TN TRAR
NWD-WIoU  AIFI  SDI-BiFPN  EDetect C2{.DSC  C2f IS  Param/M FLOPS FPS/(f's))  mAP

11.13 28.4 x 10° 305.2 77.38%
~ 11.13 28.4 % 10° 311.8 77.67%
~ N 10.58 27.7x10° 216.2 78.711%
~ N N 7.18 25.5% 10" 188.5 77.68%
N N ~ N 7.35 24.1x 10" 169.8 80.34%
~ ~ ~ ~ ~ 8.36 24.36 x 10° 156.7 80.56%
~ N ~ ~ ~ N/ 8.21 24.3%x 10" 149.3 82.73%
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M LATDA%N, 7 DOTA $di % L
SR R, AR — A
mAP #H —E MR . SRR YOLOVS
7EDOTA %4 % LA L YOLOvS, H FPS

&3 fEDOTAKUES EARRAEFMENISEAIEEEHINLL

Ak Param FLOPS FPS/(fs')  mAP
Faster R-CNN  136.9x10°  804.8x 10" 38 67.33%
SSD 2548 10°  357.6x10° 59.7 64.92%
Retinanet 36.62x 10°  431.2x10° 44.9 66.51%
YOLOV3 61.57x10°  154.8x 10" 40.8 71.62%
YOLOV5s 9.12x10%  23.9x10° 222.9 72.92%
YOLOv6s 16.3x10° 44 % 10° 199.3 72.59%
YOLOv7-tiny ~ 6.05x 10° 13.1x10° 169.5 71.85%
YOLOvV7 36.56x 10°  103.4x 10° 97.1 74.49%
YOLOv8s 11.13x10°  285x10° 277.4 73.18%
RT-DETR 20.1x10°  583x10° 62.5 72.15%
YOLOvVY 1559%10°  67.5%10° 104.2 74.38%
MCHE YOLOVS  8.22x 10° 24.4 x10° 135.1 74.97%

R4 FERSOD HUEE E AR BEAMIMNSEIEAERINTE

B Param FLOPS FPS/(f's7')  mAP
YOLOvV5s 9.11x10°  238x10’ 342.6 73.54%
YOLOv6s 423x10°  11.8x10° 427.6 74.98%

YOLOv7—tiny 6.02x 10° 13x10Y 79.4 76.51%
YOLOV7 36.50x 10° 103.2x 107 55.2 80.43%
YOLOvVSs 11.13x10° 284 x10° 305.2 77.38%

RT-DETR 19.88 x 10° 57x10° 58.2 80.39%
YOLOvVY 1558 x10°  67.5%10° 31.7 77.92%
MR YOLOVS 821x10°  24.3x10’ 149.3 82.73%

5 FEDIORHUEE EAEEFMINEEIEREAINLL

R Param FLOPS  FPS/(fs™') mAP
YOLOv5s 9.2x10° 23.9x%10° 351.3 85.37%
YOLOv6s 16.3x10%  44.1x10° 3455 86.65%

YOLOv7—tiny 6.06x10°  13.2x10° 208.2 80.99%
YOLOV7 36.58 x 10°  103.5x 10° 1015 87.65%
YOLOvS8s 11.13x10°  285x10° 302.8 86.76%

RT-DETR 19.89x10°  57x 10’ 59.8 86.06%
YOLOvY 156x10°  67.6x10° 101 87.78%
MO YOLOVS 837x10°  24.7x10° 139.8 88.38%
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P 1473 /s BT, mAP AT
1.79%. Param /> 7 2.91x10°, FLOPS
BT 4.1%x10%,

M2 A4, 7 RSOD %4 4 [ #9H
AbscIe R, BTN SDI-BIiFPN Ak
LG mAP FFET 1.03%, HEMA
NWD-WioU ., AIFI., Edetect, C2f_DSC
1 C2f_IS 7, mAP¥IHFrigs, o504
7 0.29%. 1.04%. 2.66%. 0.22% Fl
2.17%, W& mAPIAE| T 82.73%., it)E
A YOLOvV8 #E RSOD %{ #i& £ 7 FPS J% />
155.9 f/s HJIE ¥ N mAP & F T 5.35%,
Param 5 FLOPS 73 34> 17 2.92 x 10°
4.1x10%,

3.6 ¥tELsCIg

R T BE— I E M iE YOLOvVS [k
fE, fEDOTA#RE B HSHATERM
H AR A 8 vk 3T X e, Param.,
FLOPS., mAP. FPS #§Fr il 532 1 68,
W3,

HFE3TH, AR YOLOVE 7R
DOTA %4 & I #) mAP kT YOLOvV7,
RT-DETR 1 YOLOvY, It 4h, B[
YOLOv8 ] Param, FLOPS it /N F
YOLOv7, RT-DETR #l YOLOv9, I
FPSWMLTiE =%, Hift—F % 7t
YOLOvV8 {4 &t Fmr 174k

R T — SR 3k YOLOVS 75 &
o3 3 R R R E ARSI T T R SR
R4 RSOD . DIOR %24k ¥l H S
MG EFE A B ARSI E R BT e, W T
ZERHI N4 FEFTR

HFEAFFS AL, HEk YOLOVS 1y
mAP [ YOLOv7 43 7l 2 2.3% 1 0.73%.
H i@k YOLOvVS [ Param U . YOLOv7—-
tiny £ 2.31 x 10°, FLOPS{ . YOLOv7-
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tiny 2 11.5x 10, L YOLOvHE£ 0.8 x 10,
VAR E, Bt YOLOvS fy i gE It T 5
fb 9% H AR VL, HFPS REHH I
YOLOv5, YOLOv6 fl YOLOvS #f b NP,
ELATS I 2 S N B A ) B30 ) 75 5K

3.7 AT#RILITELIA TR

AT HE B UL R R B A YOLOVS

REOLT YOLOVS, AL DOTA #4fidk
WHC3 KB, ] YOLOvS 5 M it iy
YOLOV8 Wi A3 43 B EAT H A, A%
AR 14 7R

XL 14 55— 47 5 WK I R R AR IR
F9HE A &6 4> 7T 4, 2CHE A9 YOLOVS |1 LA
A REP YOLOVS FEA I 32 2 2R &= A5
B BRI A A R, X 14 58
AT E K B R bR IR A R 4 AT A

(a) JEIE R

R

[boseball=gdiamond 0.87
-

(b) T YOLOVSA I 5 4y

baseball-diomond 0.91

baseboll~diomond 0.92

baseball=diomond 0.9)

m\lhomoﬂd 0.93

SPPEIEES SRR S

baseball-diamand 0.9)

() A G RTY OLOVS AR 5 4

@14 7EDOTAHUREE = YOLOVS FElis YOLOVS BFFE NI Rtk iR
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HI, YOLOv8 fER I K& A B M/ B R
A8 AR A B R B YK A, o HE
YOLOv8 Al PAFe 43 #lifili 4k b T 30 (5 BT
WA N B AR, A RO T Bk
R /N H BRI R A A X e 14 i
J& — A7 J5 W 5K R 722 3 A A T
A1, BRI YOLOVS H EE YOLOVS fi 463l
F& M 0.87. 0.91 43 B #2 7+ %] T 0.93
F10.92,

4 EFiE

B0 e R E R B iR B 2R
T4, BiRE/NEEE M. B2 RE
By m BEALEE A8, ASCH T BT
YOLOVS8 [ 1 43 78 & B 5 H AR Al 59
R BEINAIFIE S, & iF T C2f_IS,
C2F_DSC. SDI-BiFPN, EDetect 3£ 4 4
FEHLLE NWD-WIoU #14k sR%L, JEAF 34
= R E G AR R LA TSLIe, SLIS g
RN, ke YOLOVS B i/ H kR
B gE, AU T RSt
YOLOv8 7546l 5 47 8 K 5 B AR 9 F
RO Bt

R M HEH YOLOVS 5 RT-DETR .
YOLOV7. YOLOv9 %5 & 5 gk iy B A7 A8 il
BN, HERWEE., BRI
SERE T T I R A, (B FPS 3/
HFEL, R2AH, GHRM— RS
S B YOLOVS [ FPS A8 /N fift v
ZIR, A JE B AR R A A e et
YOLOv8 @y FPS b, FJ 55 &L FH 75 18 2
AR A HE YOLOVS By 5 it | 32 H — A3
(2 B A T 1 o A ek A /N TR
1% WL S AE v FPS Ik B A R
W 2 K 2 20 4 e o8 o R R G A A 4 5
B I8 FH A 75 5K
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