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Abstract A target detection algorithm based on improved YOLOVS is proposed to address the issues of high-missed and
false-detection rates, inaccurate target positioning, and inability to accurately identify target categories in remote-sensing
image target detection algorithms. To improve the flexibility of the loss function of the model in gradient allocation and
adapt to various object shapes and sizes, a boundary box regression loss function is designed, which combines a
nonmonotonic focusing mechanism with geometric factors of the boundary box. To expand the receptive field of the model
and weaken the influence of the remote-sensing image background on the detection target, a residual global attention
mechanism is designed by combining global attention mechanism and residual blocks. To adapt the model to the
deformation and irregular arrangement of target objects in remote-sensing images, the C2f module in the YOLOvV8 model
is improved by incorporating deformable convolution and deformable region-of-interest pooling layers. Experimental
results show that on DOTA and RSOD datasets, mean average precision (mAP@0.5) of the improved YOLOvV8
algorithm reaches 72.1% and 94.6% , which are better than other mainstream algorithms. It improves the accuracy of
remote sensing image target detection and provides a new means for remote sensing image target detection.

Key words target detection; YOLOVS8; WloUj; global attention mechanism; deformable convolution
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Table 1 Ablation experiments

Method Type P/% R/% mAP@O0.5/%  FPS /(frame/s)
1 YOLOvS 75.5 66. 1 69.8 98
2 YOLOv8+DWIoU 75.8 65.9 70. 2 95
3 YOLOv8+ReGAM 74.9 66.7 70. 3 92
4 YOLOv8+C2f-DCN 76.1 66.5 71.0 81
5 YOLOv8+DWIoU+ReGAM 75.8 66.6 70.9 89
6 YOLOv8+DWIoU+ C2f-DCN 76.1 66.7 71.5 80
7 YOLOv8+ReGAM+C2{-DCN 75.9 66.6 71.3 78
8 YOLOV8+DWIoU+ReGAM+C2{-DCN 76.2 66. 8 72.1 77

K REBMESRFH2Y 0. 7 43 45, FPS BEAIRZY 6 frame/s; X 1L
Tk 2 577k 6 WL BRG] C2E-DONBEH S K 1
RIRTHA 0.3 7w, A MR THZY 0.8 1 70 1, F 1
W BESIEAR T2 1.3 1 53 43, FPS 29 R [ 15 frame/s;
Xt Tk 3 5 U7 S AL BERLS] A DWIoU J& |, 4
FERTHA 0.9 {43 ki, A AR FE AR AL - SR B2 H (8
$T-290.6 | 43 50, FPS 29 F [ 3 frame/s.  H1 &4 AT
L, T AR AR T Xor 1) £ R I 1 BE 24 B $2 71 L fH FPS
A BT B SRR D A SR S 0 25 AR A R |
Thot R, — o AR B RS T 0 2% A I

WS S AR, T $ O A T U S e
HABAE AL, BT T BT 4 B T R MR AR A I Y
AT S AR

g AIE R #E Y OLOvS 53 vk i A6 U #E 6 , i H FPS
M mAP@O. 5 1 5E 5 b5 , 4 H 5 32 i 575 Faster R-
CNN.SSD,YOLOv3,YOLOv4,YOLOvV5, YOLOVS
£ DOTA B 4L B H bR I 25 R 9017 5 o i, 25
FE 2 fi .

2 RIHEMSERTE DOTA Bil 4 L i vEfE X L
Table 2 Performance comparison of different network models

on DOTA dataset

Method FPS /(frame/s) mAP@O0.5 /%
Faster R-CNN 8 42

SSD 38 59.6
YOLOv3 18 68.2
YOLOv4 17 68.4
YOLOvS 38 69.4
YOLOv8 98 69.8
Improved YOLOVS 77 72.1

Iy HT 22 2 WA, B i YOLOVS #H # T Faster R-
CNN SSD #¥:7E PFS 5 ¥085 1 #4948 _E ¥4 0 g 42
T, JE R 7 T R-CNN B 3 A0 X6 HAth 58 7 78 4 AF 42 B0
26 B N R R R AT 2 ROEE R G, X AN ) RO Y
b A I 2 M 1 45 22 . SSD B3k R I &2 4 e 56 e Ok
DA [/ /N B s B2 > PR 1 K 5 A — Bt
K I &g 4 2 . o #F YOLOvVS M #8 F YOLOVS3,

YOLOV4.,YOLOV5,YOLOvS # il % S A7 — & 32 71,
TV YRGB Y 3R T 3. 9 A 4r a5 3. T H AT AL
2. TH S 2. 35 JRETET YOLOvV3 il 1)
DarkNet 28 #4 15X 5 1H , 55 587 (10 TR BE 2% > R4 A L
Ty R R G EAR . YOLOvVA R H %5 1] & F
B Ak (SPP) & fin i B pr R E S B, — o B L3t
TH#E HEX/NERM R RS, BT
YOLOVS5 & Il 5 2k # rh fifi H Anchor-Free #9775,
UEAE /I B ARG I 7 2 — 2B ik . YOLOVS 2R
THEREIMEE MW, e Bk E  FPS ik 3]
98 frame/s, FH ¢ HAth A5 AL A 1 2 O 3, (H B = XT B A8
Hbrp A 52 L AE 1. it YOLOVS 53 i - 1
KBS ¥ A 3k 2] 85. 3%, ML F HAh 55 %%, {0 FPS £
YOLOv8 A B W B AL, JE R AE T 5l A T B2 220 & H
I ETEW AL ARt T X k.

S iE— 25 B UE R E YOLOVS B vk iy 2 ke 1 |, i )
FPS 1 mAP@O.5 24 5 f& 5 br , o H 5 F W A/ &
Faster R-CNN, SSD . YOLOv3, YOLOv4, YOLOV5S,
YOLOv87E RSOD % #i 4 b ik — 2P iE A7 % b SE 56,
g 44 3 fr R

%£3 AR R4 B 7E RSOD B4 8 1 B AT 1

Table 3 Performance comparison of different network models

on RSOD dataset

Method FPS /(frame/s) mAP@O0.5 /%
Faster R-CNN 12 90.3
SSD 46 89.2
YOLOv3 33 84.7
YOLOv4 57 87.8
YOLOvV5 62 91.8
YOLOvS 137 93.4
Improved YOLOvVS 123 94. 6

i 3T Al 7E RSOD $#i 4 |, YOLOvV3 5 ik
Yook B Y R B¢ 22, i 83. 7% ; Faster R-CNN % 3
S WS BE 9 {E A ) 90.3% , fH FPS £ M & %, N
12 frame/s; YOLOvVS & ¥ FPS % #l & 1 , ik 7
137 frame/s, {H-F- 3RS BE (K T 202 YOLOvV8 59 5
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Mt YOLOVS 3 i FPS BEAX T YOLOvS 83k, {H PEAT EOWAT HE , 45 R 10 fras o /18 10(d) ~(f) ]
RE FE SR 5 94. 6 %6, 0 T Hofth 32 9 50k, e A e ik L, YOLOv3 X T/ H bR 5 HES % 4 H br i k2% w5, IR
YOLOvVSFL ik 7E 18 B G H Ak i oh 2L B R B ZE T YOLOV3 (6 I X 28 HAE 34 AN ) R BE (9 4 1iF

A H it YOLOVv8 Bk 5 YOLOvV3, YOLOVS, b i H bR, 5 B0 HORS B Hb b B ERGE SUE B
YOLOVS & i 78 DOT A B4 4 114 38 43 B 15 46 ) 5 SR i [ 10(g)~ (D) Al %0, YOLOVS (& 15 BE 1 & b 7+ (8

N\

BI10 AN RS BAG 28R o (a) ~ () SR AR5 (d) ~ (1) YOLOv3 KR 5 (g)~ (1) YOLOVS IR 5 (1)~ (1) YOLOVS K il %
Hs (m)~ (o) Bk YOLO VS K i 2k
Fig. 10 Detection effects of different models. (a)-(c) Original images; (d)—(f) detection effects of improved YOLOv3; (g)-(i) detection
effects of YOLOVS5; (j)—(i) detection effects of YOLOvVS8; (m)—(o) detection effects of improved YOLOvS8
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TR R AR, R TR YOLOVS R T2 R
R Sk 5 A N DI 2SR W E 7R A 3R I 5 O R 1Y
H s (il HAR SO K B bR ) B 78— B9 R . Hh
B 10() ~ (D) A5, YOLOvVS 8 ik % /N H 5 5 HE 51 4%
£ B AR Y R R 2 B S BRSO YOL OV R H T 46
JE U N A A C20BE AR C3 M, I H R A #8
AR A Sk %/ B AR 09 T BE B ek E . M
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5 4 o7

S H A R RS B AR T vk vk RE B et
YOLOvV8 5k o O i 455 780 B 4 b 38 07 45 o T R A R
SHEIIR AR X 1 JR PR b AR R RS B bR i T R
Wk % RS RENS S BRI R, &I
DWIoU 1 FHHE 5 2k oR U 5 Shy (o A5 750 358 45 14 348 o 4 75
P A5 82 B KR R AE 38 GE B GAM TE R L 5 5%
ZES MG A BT ER 22 1 B B A R0 /b 18 B IA
A5 SO T H A 08 5% M) 5 SR A AT AR T 48 B AR 4
FOALE R IR A RT AR T RS X Sk b )2 | T C2f
DCN B, DL I 78 8% B 5 b B A5 90 7K 19 T 22 A e
5 SR i B IR R v B AR HES R HLI 5 AR 0 5
a8, 7E DOTA #0484 F1 RSOD %4 48 |, s i
YOLOvV8 54k iy ~F ¥ 45 B 2 {E AH X T YOLOv8 ik
SRR TR 2. 3 A SR 1. 2 4 AN . A SE BRI b
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