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Abstract: For the problems of low detection accuracy in complex backgrounds and diversity of target sizes in remote sensing ima-
ges, an improved YOLOv5-based algorithm for remote sensing image object detection is proposed, The ConvNeXt network is adopted
as the backbone network, CNN’s local features and Transformer’s global features are combined to overcome the limitations of pro-
cessing global contextual information and effectively capturing long-range dependencies for traditional CNNs, and achieve the effective
capture of global information. The SimAM attention mechanism is introduced to deduce the 3D attention weights of the feature maps
without increasing network parameters, enhancing the network stability and anti-interference ability Concurrently, centralized feature
pyramid (CFP) is used to capture the global long-range dependencies , local key region information in remote sensing images, novel

SIoU loss function, and Soft-SIoU-NMS non-maximum suppression metho, and further improve the real-time detection performance

of sensing images .

the proposed method improves 10. 6%, reaches, 94.2%.

Testing on the RSOD dataset, the results show that compared to the original network, the average precision of

Keywords: remote sensing images; object detection; YOLOv5; SimAM; CFP
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moid FRELFL G MAERMBTT R R (OFRRBILERE) .
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A+
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1 in ; -
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A= D) Q= 12)
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Hp, ARRMAERE (Angle cost) L. A NET
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JERIE (Shape cost) XM BREL. o 27 T0 I AE T L 52 AE
B L S 2 (B B BB . w, 227 T00I0 AE B S AE 19 T8 8 R
FEM 225 . 0 RIS 8.
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R RAE ] NMS & FF B i B4, 7 2% 1
WA B o o R B 2 A R HE . R 3 B AR 0 BRI .
T 24 R R U AE 515 2 B s 1 R DUAE ToU K+ BIEHT
IR AE B B e B A, & BUAH GBI TE S 1 B AR Bk TR A
MBI, H IR R84 X HE 5 HE 2 (8] () 67 & R AT &3
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H AR R AE M ] 5 % Soft-SIoU-NMS, A5 i NMS fig
% T 47 b figp R 7 3 JE PR S B R T ok AR R, AR ARG I B AR
ORI PS R R, BT B bR R 4% Y R AR
Soft-SIoU-NMS 3+ H AT (14) 1 (15 fiR,
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S FSIoUM.b) ) SoUM.b) = N, P
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N, 7R SloU Wl ., M RRS o mm WktE, f ()
FonE B R, o BUE 0.5,

3 XWERSSW
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AL G PR BE 2F S RE SR S T IR Y
PyTorch HE22, PyTorch & —/~JF i
) Python Hl#8 2% > B, 2— 1 TifE
TEETIHERS, W T R A ) R
#, PyTorch A%y 1. 10. 1, #ifeil
S K JH Python 3.9.13, #f {4 i% £ i
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YN i, SR I BEBLAS BE R BE SR (SGD, sto-
chastic gradient descent) Jl|Zx 200 epoch, #JUE¥ Rk E
0,01, FFR LA B RIS AR A= 2 R, EEA ep-
och J& , 42 2 SREEAIK 10 Vo LA bk G5 7 7E J5 011 25 00 72 P s
A Jry AR A A o 52 0 2 B Ik 2 ST A A DR HIE A R 7E ) 30 PR g
WeSRY [ IF BN 25 38 BB B2 B M B 2k o ik T O R I
ARSI I 52 2 Mk 25 % 08, KL R/ (BatehSize) 38
H 32, TAELFEEN (num _ workers) EH N S, EIZKE
IR 70 8 1F EAR s 84T, W B AR 15 G 3 A I 2k
W, BT R BRI B A (0 A B R AE 1 IR B R H A A
1155 ik B s rERE .

3.2 HE&K

AR SC A P A B 42 O RSOD B RS 4, % BUIR 4
T 2015 4 |y DR A & A T 18 8% AR H A s ) 04 A v 4L
Pt LA 976 SRIE A, 6 950 AT, A 4G KL 446 FK A
4993 A~SE ). il RE 165 5K I8 i 1 586 ALl LA HE
176 3K B Jv 180 A~ 52 49 F 8 3% 189 K Bl 191 A~ 58 il
RSOD ##i54E 2 PASCAL VOC ¥ 2UAE HHLVE . i 2 yolo
IR B 4550 PASCAL VOC #% U85 0 yolo #45K.
MR E 546 5K E R AE I ZRER . 137 R IE R MRy B e 48
A0 293 TR B AR I AE .

3.3 iEMiER

Y PFAL ConvN-Sim-YOLO [ 45 i) & J&& [& 1% B 5 16
MIPERE . BIACHE T T IR B 22 20 T 0 4% M R AT AN 1 S A~
BIERR . BSHEHIE (Precision), [ F (Recall), ¥y
EfER (AP) FFEH 25 AP (mean Average Precision,
mAP) . XAHIHHEMAKX 16) ~ (19 P,

S vi — TP
Precision = TP + FP (16)

0 JEE 25 P02 B P 1) R AR P R E O B PR AR AR 19 L
Bl o TP 7R FLEHE . RIS BH A 55000 Sy BHPE 9 56
FP BB BV AL T500 oA BH A P B0

TP

Rec‘all - m (17)

A 1 3 D) 2 7 T TE 9 9 BHAE AR AR o 42 AR B PR AE AR /Y
Fofil o s TP 3R BRI E . BIHE 30 BH A T A BH 1 4 %K
s FN R BBk . RIHs FCBH A B0 o 5 1 9 R

AP = L P (P (18)
11 FE (0,0, 1, ,1)

BEF SRR R (AP) (RSN 11 G5 k. B4
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