%44 % % 6 H/2024 &£ 3 B/ SR

K EHRIK

B TR A Hi 2H Y 3 K

PR AT 100 H Az N

1,2 3 1,2% vn 1,2 >~ 1,2 1,2
IRGY,AAY, HELY, TEF Y A
"M R B TR KRR I R KRR S 2 & HoR MR AT H Pl Y195 B At 210044
“H R B TR R A b BE, TLTR B A 210044

FE B RHE A 1T B AR TR AR I R B, 53 T — N 3 T 2 Rotated RPN (1 2%, 5 R AE 5 2 AL, 38 32 i A A 1)
A R B AR X B A R AEBR T T I 3 G TR N S A R R A S ) R G Sk A i 45 A Ak T R
e W ok 4 ZE AN R AT 55 7 5 FRAE R — B0 3R P AR T BRI, SEaG 45 R AR I i s B n] DL SR £ 2 H AR A R DR
B M T REAE Rotated RPN, iZ AR 7E Dior-R E0Ha 45 LORS BEHE T 4. 95% , 78 HRSC2016 £ 48 LA 2+ 11. 75%

eSS 4t

mESES TP391.4 MERERE A

1 5 =

23 B R A 1) E AR A I 15 K 45 5 1) 6 2 1
TR 4 iy ARG DA RS, 45 A A B b I AE L H AR
LA K A B Y AR TR R A R AT RGA S AE A
FHATE AR A & B R R A, Ik, IR R B
o ) 5 A HE B A A0F 5T R SO R G B 0 T S

B304 A0 B AR I B R R R R S A AR
FIGAH L B A /N B AR R R A A H bR RT A 22 K7
S A i A I M S, DT R TR A P B L A TR 2
> 7 RS I 2 A B B S, AT T T 22 0 ok 5K
PR S PG R i BRI A X 3 SRR R 5 1) H B AG
MFEZE  FFAM-YOLO" F F 9% 1 1 73 1 ML ff ok 12
TG /N AR EAS B /D E LR XE B, FFC-
SSD" 2R FH 43 41 R I ARAF T A58 B REAR R SF 40 A,
TI R A & Bk 22 ROBE R AIE il A A5 B 3 a8 R iE $2 B BE
71 Suresh 2R FH B 7T O HRBOA [7) B RRAE SRS
MR8 42 A7 1% B G A9 5 b R R AE S E AR E AT DC R .
Xu &5 T 348 ToU 1B b BEAS 4 i SR W, 5 1 — i 3
T T o0 A B bR 2 A R W ol v i JRk a7 B R R Ok
JE R TS W = R B BE RS . Nan % AR
AR SIHUE, A AE B AR 6 i R X3, $2 T 455 7
) G 0 B o

Ay T 3 SRR R I AR AN, H AR G 1) 45
St ARG ) HE ME LA A AR TR E bR, 5 BOR A Y
R DU PE BB 22 B o X 3 Bk R A 17 B b K 0 HE 2 £
RS A R T R 4% DEG AN SR 3658 /N H 5 119

B A B ARG BT RRAEE AL MR

DOI: 10.3788/A0S5230957

SUBERAE 2R T o Ak 2 o B sk R 1 B (5 B, %
TF A I8 I R AR AR e 4 - 55 X RRAE R AT 4R B, Zhao %
3 1 T L A0 R AE S AR e | T AR A AR ) 3%
A LR T A 5 | A A T AR e, X TROMIL A R AE
ranfb Vi % . Yang &8 FH 43 %10 I 45 of 45 5 46 0 A5
BB T E MR, AT LR N AR B HEAE . Ding
SEUTE RPN B Bt HUZE KT T AE | 2 J5 50 8L 3 2o %
e ) 4 1 S B KO i e AE E R A ) R AE L SRS
A T 5% 06 HE F 35 BORE 5 X I 4 A0E , %o e 6 HE 1k 47 (o]
o R T i P A I T A R PR AY R i M R I )
B, Yang S8 HE AR w0 B R 1T A [ 4k
Zhang 55 EF X H BR E 7 ) ULE T A SERE 2R AT
b, [ 52 (R AE 4 2 85 b B 5 9 J2 B A RPN R 4%
fiff R TR X6 AN ] )2 A 3 8 Tm) L, O T ke 3 TR R 4
T 54 R ) B, L SR 2 RO R SERE 5L
TR S AU, I8 AS TR RS P L o fefi B 1) 55
SRR ARSI . Ma % A9 Rotated RPN &1 i
FrAE JEAE WK HESERE B A f B 2 800 A T AE BR
TE , HLHE A BT 3 0 1 A U

AR ST [ 3 S R A ) B AR A AT 45 e E
IR0 oF 328 B A 18] b A 0 B A F ) R —
BT R AE T 4L A AL B AL B9 A 1) A AR A
TR BN H bR AR A M DL BB 1), B T
FEAE AL R AE 4 A S5 AT R UE 4R AR A A 8 1
BF X A 1) RE bR T A AR 4 I A AR R ), B3 A
T IO T 8 A R B, 2 iR AR O o 2k 51 R ARG 4R
AR KRR o X ARG Sk 7 A P 8 R H AR AE AR B

Wi B . 2023-05-10; &E HHE: 2023-05-30; RABHA: 2023-06-27; MEELZBH: 2023-07-10

E&WH: ERAKP7EE61971229)
EEMEE . “yguo@nuist.edu.cn

0628001-1


https://dx.doi.org/10.3788/AOS230957
mailto:E-mail:yguo@nuist.edu.cn
mailto:E-mail:yguo@nuist.edu.cn

I A B AN — B0 ), BT A f i T A Ik, DX o3
[ 010 2 K e i B9 AN TR R A B2 T AR TR 5 o T
T Rotated RPN A5 84 i 3 of b AT L1k , 52 3 45
F W], Wi i AR R A AT 1) 3 RO SR L A ARG DU A JEE 1
BT

2 PFR-Rotate f& 7l

2.1 E I Rotated RPN ## &

Rotated RPN J§ AR S £ X SCA & 0 £ 4 %),
T 4b BT 1) A T 1R SCAR K IAE 55 o B R IENR
H bRk AT 55 1 D470, AN 25 3500 H 5 GE Bk EHE A
M {E %, Rotated RPN FE TAEAW A DRI T
RRPN 3% — [ 2% 25 44, X AP 4544 0T DLl RPN B2 2B 1%
A 1] S H5 0 TN AE | DA T 5 00 AE B 50 A A ) B
Fr, R BHR THE A B B 52) 8 T BEAS RRPN K2R AR

a4 % F 6 H1/2024 £ 3 B/HEER

AT T 7 1o 1) TSOAE B S5 SRR AE 1A PR AT i Ak 4
1T RROI. Rotated RPN J& 7£ — By B K i 455 7 (1) Bk
filh b AT B it B AR AR T A 1 R

Rotated RPN 7£ 2% % B KHME A 10 H A K AT 55
HORE A A SR TE A ) () AT BB AE T - 1) 3 BRI 4R
W ) H bR B K 48 AE HE LR B SE 4, Rotated
RPN il F #0915 45 & T W 4% DL R 4R AE 4 5 55 ) 4% %) 4
A1 %5 A5 0 /N B A5 O T BER 8 5, 3 BB R TG ¥k X BT AT
/I B bR KS HE 2 07 5 2) Rotated RPN 78 4 > 4% & F A48 %
Z A0 B RO AE (R SR ME LSRR BT A M, H R
S B 5 3) Rotated RPN i FH 14 38 FH A6 I Sk %
S RANENE AT 55 # A fF — R WA % I8 2N R T 55 B
T AR AN — B0 o A SCER R L B[R] B, 7 Rotated
RPN 9 3 fiff & i 47t b o #F | $2 i PFR-Rotate
R

Conv
feature map

RROI pooling

1 Rotated RPN # {AHE 4t
Fig. 1 Framework of Rotated RPN

Rotate , B A48 Y 38 58 1 A [a) ]S 45 ik 22 [8] B B Ab
P S TH T RERLAY K I BE 77 . PFR-Rotate #8425 44 40
K2R .

N T G i 3 R A 1] B bR A TR /DN B AR R A
ROVHFHPIBR  H b E 2E R, B3t T — M T
o E EE 2R A T RS A 1) R A A B PFR-

PA-head

>
> ’ cls
> reg

2 PFR-Rotate #1454
Fig. 2 Framework of PFR-Rotate

2.2 ETHAEAMNBIEEFERR
1 SRR /N B AR UL R %8 4R A EL 5 o o
B LA, 5 BORFAEME LR B, 52 e G I 1 fE o 38 T A

R AIE 4 5 B AR B B B BN R R Z [ B R, H
FEAREE XS /I H AR A9 45 Ak £ BOR BOA 28088 it , TN 1k £ %X
e R AP AR /D FHARAO NG B0 R ISR AN . A

0628001-2



4435 6 H1/2024 &£ 3 B/HEEIR

Jom s A YRR A B HCRE 7 DA B k% 4R /N B AR G A I
fE, 4 ) FR-FPN 8 | 70 RR1E 4 7 35 B R 2 FR
L H AR Sy B ) 3 4

F RS A3 5 73+ 55— BB 73 2 LR AR AZ 0 A5
Yoo B4, X AR B AT 8 1 R 98 e SR
i, B R FEA reshape B 1IX CHI CX IR (CHE
FRURZ 300 3 850) JF AT A AILRA L 75 B108 1Y Rl 45 E 8] AH
Kt E R AER . reshape ¥ 4 45 # 40 E 3 R
reshape AJ DL 3G IRRAIE 4538 18 2 8] 19 OCI0E 1, PR IF 5 22
T 7 fi 6% fifT FH T Ry 7 3 8 R B ARRRIE(S B . RS,
i SRR R bR AR 3 #E AT T, A T softmax X
AR IA—4b . 8 T ORIERRIEE B 0 52 30 )

IR HRAEAE 15 BAN FEIE A 245 B Br . 26 88 0 2 4
MEE AT 3 — B 3 b SR A A% T A8 B A 21 9 45
255 R S 3 R AE AR A B R R (R A A R
) DX (A SRS B R A 45 R . FREEER AT LASE 2>
R FH R AT P 00 3 SR L 7R DRI R RS2 B 14 [ I
FrBUD R R [ 4 D AR B 2 B B 5 A R

P:{ reshape I—»output

z
=1
=
fock
N < =
Q
;f\AT
<€
Y
»N

[E13  reshape # B2 #4 [&]

Fig. 3 Framework of reshape model

|prediction modiile

I ‘ >R

1XC &y 4, content
. R EA encoder |
£
? CX1

channel
Ccompressor |
—

— A

reassembly module

y

T content-aware

P4 Rk AR (FR) S5 [

Fig. 4 Framework of feature recombination model

2.3 ETHMTEENNEINXIEERER

W UL B A ) HE E R opencv GE i K E X
B’ O\SHE LS openey F#on ik TAEE XA
2, TE W S A B R A s R K R Il A K
Ko Kl FmRke LRKLS X e f b iess f
EL T A W 4 IE R R IR R X B, &
T EAME— o N\SHOE ORI S A B R 2 3T
S A2 4 T B R AR K R, Rotated RPNA T
A X S I S () B, AR AR BB A B A A 2
£ FIUIARE , (E T30 et DR a4 K, L AR A 0 A S
6 e Jo5t 1) T A7 15 0

AR SO Rk A P O A R ke e A A, T
LAY 35 AT 8 36 7R T ok vh A B AL TP L ) A
e n . EEHE R 6 S B0k E S, o oy TR
TEHESMEFETE () PO A5 A B w3 R i e AE Ah R 4R
T 14 58 FE AR BE, Aa AR 38 7 5 6 HE TH A5 5 32 46 B
Fo A AR RS i RS SOE A 5 BR .

R 64805 38 o (D) 35T DL 2] e ik
HE 4 4T85 AR AR (0,05, 05, 00) o

\ ke

Yy

BIS I RS s ik
Fig. 5 Midpoint offset definition method

2
o (1)

9

h
9y+2)+(_Aa, O)

|
vz=(1'+w,y)+<O,A,8)

|

|

x—z;,y)—Q—(O,—Aﬂ)

0628001-3



ATT-ORPN i #2 40 /% 6 fr /s o % & 2] 18 B H Ax
HEAE 26 7R AS B 2 (4 10) R0, AF RPN BB 4 £ iy il FH A 3
N VE B I LR R S H AR RN e 1. A IS N
B WL R 2 4 T AT BRI , — A A H IS
N4 Ak f1 e AL, ) — 4 Xl H Conv-+FBNH-

D\

adaptive

feature map

& 44 3% F 6 H1/2024 &£ 3 B/HEEIR
siReLU R FEAE MR T A [F B ALEE o 2 J5 XA 1) A A7
Y B 5 ARAS A M HE B KR o ATT-ORPN A] LU fi
TR ULAT 1) A 8 7R ¥ A7 A 1 45 R B In) L, O HL 3R T
KRS B o BeAh, 8 T A ATT-ORPN A, 2 SC
W T RROI Align.

AN

f"\ ‘fv\ +|Conv+BN+ encode decods k]
Conv+BN+ K 7 "LsiRelU > —p . e e
B siReLU | ¥ @) .
pan
AV e
A
......... A @---mmmmmm——:

&6 ATT-ORPN i 2 &l
Fig. 6 Flow chart of ATT-ORPN

2.4 BUFEBEHEN KRR

UL PR ARG S 2R Y, 23 2 A [l A G A R
e BT AN AT 55 22 18] B 75 R AR ) 22 S 1 T AR
Ab B 2 AT 55 I, RS X 2 Rk H AR AR AL £ HKCRE 1 A
A EURAIE 22 S PR AR TN BE T R R R . o RAE S
(14 5T R B AE H AR AR B, 5 20 SO AE 9 A R M
SN TRE WAL T [ DR AT 55 R O TE H AR A B X,
PRI X N R AE R OG> T . A SCHE AR AR I
BT R BT T SO S S Al TE RO R
ISk, 73 2 AT o Wi N7 A 4 J Rp A, Ak 2 IR R
L [ UA 03 SO T T SRR AR 00 A A A G B e

DX [T U3 A 2 R o XU S A T T T ARG Sk 45 A
miE 7 HioR .

A ARAS T Sk BEBRAT P A0 30, A SO ad =5
(3 6 g A3 A T A5 7 9K A9 45 48 23 ) 8 T AS [ )
M) JS7 BRI, Ao T T 3 T ML AT L — 2 A R 5 T
ANTAME 55 B 5 B AN R ARAE o 202800 3200 T 16 56 i o
DX 3 AR Ry 7 28 B9 M 30 P 980 e R, BRSO T
0] o o 7 DX IR ol A AR S T s B DX B8 [ A 5
F1%9 52 FR T 400 ) R A T R A I Sk A A — 2P
S8 BUR AR A 5 IR AR e Ak, DR IR ik {5 5 7 A58 1 Ak Bt
ANEKR

—>
channel \
"\ attention H D
— . I — S v ’
cls
feature
> \ ctltlang}el =<"> r<"> '\\
attention > . k. ’
L
spatial l_’ i
attention g

FL7 Wy SO T Sk S5 4 1

Fig. 7 Structure diagram of double polarization attention head

2.5 il&KRE

H AT, H b6 0 A 80 5 1 2 st 0 )1 2k S £
FSGD Jrik, — M Sk F 5 — 1 epoch AL, 5 2
TE 5630 4 1 B 55 A0 2% TR 14 epoch KT A S fi 4 b R
AL . (HAE G100 SGD Jr ik I 2k B B RU A7 A Jmy FR M
22 W Bl 3 B AR A 10 1 B DX, A SOl SWA Y259
m FE SGD SR BRI 2 17, B i SGD ik
AN 2k Z2 4> epoch 15 21X R AL EE 25 [8) 1 A B3 9 2>

N T 5 SR, 4 ) — A T B A A 2 SR A
T T T 2 A4 SWA I SGD BLA
0 A

3 SEEEIRE

3.1 HiESE
Dior-R i 42" il 6 At Tolb K 2Fwh 22 R4 T
2022 4F$E MY, B 23463 1 1% F 190288 A4~ H s 52 i 21

0628001-4



a4 F 6 H1/2024 £ 3 B/HEER

B, A A 20 4200 KHL(APL) WL (APO) (BEBR
Y (BF) Bk (BC) (Hr 22 (BR) (Ml 4 (CH) 7K 30
(DAM) | 5 A IR 55 X (ETS) | il 2y B 0 2% 0
(ESA) . @ /R KBk (GF) .M (GTF) . #k 0
(HA) 3222 H (OP) My R (SH) WA EH (STA) fi i
H#(STO) MBI (TC) KEH(TS) EFHVE) FX
E(WM) . TGS RAEWAR, BGR R
22 SRR I H B B 0 S I AR AL PE FI2E 9 2R
T B R 22 AT 1 T R 0 K B

HRSC2016 %4 4 th 75 46 Tk K2 F 2016 4F &
A, AR R SFE Bl A 300~1500 pixel, Il 254 56 UE 4
AN 4 43 i A 436 I R (AL 46 1207 S FEAS) (181
e PR (A G 541 A FEAS ) A 444 g R (0 45 1228 4~
A ), HRSC2016 5 Dior-R %4 5 — F¢ 4l A [ b
A A, R HRSC2016 % 45 H A7 — 4~ K 2K (H I
H AR R 22 7 5K, 35 56 T 405 o 5, PRt mT A
FHAEA SCRERY ()2 AL S5

3.2 EWigE

AR 5245 B F mmrotate HE SR, SCK B  Python
3.8.Pytorch 1. 7.0, torchvision 0. 7. 0, batch size i 2,
T 0.9, A HE R BN 0. 0005, Fr A7 52 5 1
K Resnet50 R T W45, L 50 % B HE 2R b 1L 5
B R AE N B diE 5 F Br . 7E Dior-R 8095 4 1l 4
124> epoch, % 2] RPN A E B B R 0. 001, LA EIZH 9
114> epoch JF 2 2 2 43 i) T B 2] 1X 10 f 1X
107, £ HRSC2016 ¥4 £ 1 Il %k 40 4> epoch, % )
)R 0.005. B {4 % % 4 Intel® Core™ i9-
10900X CPU NVIDIA RTX3080Ti ¥ .
3.3 HELLIE

FPN 2 ¢ & 45 B AU B bR FRAE 32 B 2L Sl & 1Y)
Al 7 R PR RE A B BRI . O T R IEA/E FPN
W2 51 ARFE B 20 A B (9 A R, 78 Dior-R #0485 1
X FPN & T — 417 fil S5 50, ¥ reshape 8 AR @A
SPP.CBAM ZEi e S 25 B an 56 1 o, Hovp /3@

# 1 FPN i fil 52 5
Table 1 Comparison of FPN ablation experimental results

Baseline SPP  CBAM  SE  Carafe reshape FR mAP /%  mAP variation /%  Recall /%  f/(frame-s ")

N 59. 54 — —

NG N, 62. 26 A2.72 71.07 56. 6

N N, N, 62.32 £2.78 71.11 54.3

N/ N, 62.42 +2.88 71.29 56.7

N, N/ N 62.49 A2.95 71.31 51.9

J J 62.77 43.23 70.18 56. 6

N N, N 62. 86 43.32 70. 35 55.3
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Table 2 Comparison of polarization function ablation experimental results
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Table 3 Ablation experiment for value selection about 7 in Eq. (4)

PadE L E T — 41 Al SC 5, L Rotated RPN fE &
TERTRY 3 i) el T ol 2 A 25 308 20 B i 7 R o X 4% 1

Models  y=5  y=10 =15  7=20 HEAT 2%, SCH0 S5 N2 4 R L b/ R B A
mAP /% 62.13 62. 37 62.58 62.55 R
4 RIS RS
Table 4 Comparison of ablation experimental results
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Table 5 Comparison of precision of different network models on Dior-R dataset unit: %

Model  RetinaNer0™ Lol Clding = ROl Transformer™  AOPG'™  PFR-Rotate 1 RO
RPN Vertex'” (ms)
APL 61.49 62.79 65. 35 63.34 62.39 64.25 64.54
APO 28.52 26.8 28.87 37.88 37.79 39.78 41.2
BF 73.57 71.72 74.96 71.78 71.62 73.39 75.5
BC 81.17 80.91 81.33 87.53 87.63 82.13 83.55
BR 23.98 34.2 33.88 40.68 40.9 40.98 41.69
CH 72.54 72.57 74.31 72.6 72.47 73.89 75. 54
DAM 19.94 18.95 19. 58 26. 86 31.08 29.98 31.35
ETS 72.39 66.45 70.72 78.71 65.42 70.91 73.02
ESA 58.2 65.75 64.7 68. 09 77.99 77.56 78.82
GF 69. 25 66.63 72.3 68.96 73.2 79.18 79.4
GTF 79.54 79.24 78.68 82.74 81.94 81.66 83.55
HA 32.14 34.95 34.22 47.71 42.32 37.39 40.19
op 44.87 48.79 74. 64 55.61 54.45 50. 62 53. 56
SH 77.71 81.14 80.22 81.21 81.17 82.18 83.38
STA 67.57 64.34 69. 26 78.23 72.69 76.24 78.21
STO 61.09 71.21 61.13 70. 26 71.31 72.68 74.56
TC 81.46 81.44 81.49 81.61 81.49 81.53 82.05
TS 47.33 47.31 44.76 54.86 60. 04 57.52 58.75
VE 38.01 50. 46 47.71 43.27 52.38 50. 57 51. 64
WM 60. 24 65.21 65. 04 65.52 69.99 67.51 69. 64
mAP 57.55 59.54 60.06 63.87 64.41 64.49 65.97
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Table 6 Comparison of directional and directed labeling results of Dior-R dataset

Directional labeling

Directed labeling

Model Backbone mAP /% Model Backbone mAP /%
SSD™" VGG16 58.6 Retinanet-O"" Resnet50 57.55
YOLO V3™ Darknet53 57.1 Rotated RPN Resnet50 59. 54
Cascade R-CNN"" Resnet50 60.5 Gliding Vertex'™" Resnet50 60. 06
SA-Cascade™” Resnet50 62.1 PRF-Rotate Resnet50 64. 49
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Table 7 Comparison of test results of different network models on HRSC2016 dataset

Model Backbone mAP(07) /% mAP(12) /%
RetinaNet-O"* Resnet101 89.18 95.21
Rotated RPN Resnet50 79.08 85. 64

Gliding Vertex'™" Resnet101 88.20 —
ROI Transformer'" Resnet101 86. 20 —
S?A-Net'™! Resnet101 90. 17 95.01
AOPG! Resnet101 90. 34 96. 22
Oriented R-CNN'™/ Resnet50 90. 40 96. 50
Oriented RepPoints"™” Resnet50 90. 38 97.26
AFO-RPN™ Resnet101 90. 45 —
PFR-Rotate Resnetb0 90. 83 97.35
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Oriented Object Detection in Remote Sensing Images Based on Feature

Recombination

Wang Youwei”, Guo Ying"”, Shao Xiangying"*, Wang Jiyu'?, Bao Zhengwei"”

'Jiangsu Collaborative Innovation Center of Atmospheric Environment and Equipment Technology, Nanjing

University of Information Science & Technology, Nanjing 210044, Jiangsu, China;
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Abstract

Objective

Object detection of optical remote sensing images is the process of providing a given optical remote sensing

image dataset with object positioning frame, object category, and confidence by model processing, and it is an important

task in remote sensing image processing and has practical significance in both civil and military fields. In the civil field, it

can be employed to analyze the situations of airport flights and ships in ports and thus facilitate timely adjustment and avoid
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congestion. In the military field, enemies’ military deployment is analyzed by the photographed images, and feasible plans
are made to ensure successful military operations. Therefore, object detection of remote sensing images has research
significance and application prospect. Compared with the traditional detection algorithms, the detection method based on
the convolutional neural network has become the mainstream object detection of remote sensing images. The method
based on deep learning can yield better accuracy than the traditional object detection methods of visible light remote sensing
images, and it is unnecessary to manually design rules, which has a relatively unified standard and enhances the model
robustness. However, there are still many defects in introducing the object detection model dealing with natural images
directly into remote sensing tasks. Starting from the oriented object detection difficulties of remote sensing, we design an
oriented object detection algorithm for optical remote sensing images to improve the feature extraction and feature

recognition ability of multi-scale and multi-directional remote sensing small targets in complex backgrounds.

Methods Aiming at the poor performance of general algorithms for remote sensing oriented object detection, we propose
an oriented object detection model based on SWA training strategy and feature recombination. The model is optimized
based on the Rotated RPN algorithm. On the one hand, the feature recombination mechanism is introduced to make the
model focus on effective features, which can reduce unnecessary computing resources and improve the model accuracy. On
the other hand, based on RPN, the rotating RPN is introduced, and the position and angle parameters are regressed by the
midpoint offset method to generate high-quality directed candidate frames. For the required feature inconsistency between
classification and regression tasks, a polarized attention detector is employed, and the training strategy is improved.
Meanwhile, the model is trained by cyclic mode to alleviate the problem that the traditional training strategy will converge
to the boundary region of the optimal solution.

Specifically, we conduct the following improvements based on Rotated RPN. 1) Given the problems in the object
detection tasks of remote sensing images, such as a large number of small targets, a large proportion of background, and a
large change in target size, the feature pyramid can not extract effective information during extracting and fusing features,
which degrades detection performance. Therefore, we consider making changes in the feature pyramid to strengthen the
feature extraction ability of the feature pyramid and the ability to fully fuse information of various sizes. Additionally, the
reshape module is designed and integrated into the Carafe model as a deep horizontal connection of FPN. 2) To solve the
problems of angle discontinuity and edge order exchange in the critical angle of the common directed box representation,
we introduce the midpoint offset method to define the directed box. An adaptive attention module is designed in front of the
suggested area generation module to enhance the ability of effective feature representation and further strengthen the ability
of feature extraction and characterization. 3) The features required for the classification task should have the same response
to different angles, which is because the focus of the classification task should be on the target itself. Thus, it should be
highly responsive to the effective information inside the prediction frame, while the features required for the regression task
should be sensitive to the angle change. Meanwhile, more attention should be paid to the boundary area of the target and
less attention is to the information inside the prediction frame for realizing accurate angle and position prediction and
reducing interference. Therefore, to avoid feature interference between different tasks and extract key features, we
introduce a polarization attention module to the shared convolution layer at the front end of the dual-branch detector and
adopt different response functions to distinguish the representation ability of different features. The classification head and
regression head employ an activation function and an inhibition function respectively. 4) In view of the limitation that the
traditional training strategy may converge to the boundary region of the optimal solution, we introduce the SWA cyclic
training strategy, obtain the corresponding weights by adopting the SGD method to train more epochs, and average these

results to acquire results closest to the optimal solution.

Results and Discussions To verify the algorithm performance, we select two remote sensing oriented annotation datasets
Dior-R and HRSC2016 to compare the algorithm performance. Several typical one-stage and two-stage oriented object
detection models are selected and compared with this model. On the Dior-R dataset, our algorithm yields the best accuracy
of 64.49%, 4.95% higher than that of the benchmark model (Table 5). On the HRSC2016 dataset, the proposed
algorithm achieves the best accuracy of 90.83% , which is 11.75% higher than that of the benchmark model (Table 7).
Additionally, we analyze the performance improvement after introducing the feature recombination module, focus shift
method, adaptive attention module, polarized attention detector, and SWA training strategy respectively. The
experimental results show that the algorithm has sound detection performance for remote sensing oriented objects in

complex backgrounds.

Conclusions To improve the detection performance of oriented objects in remote sensing images, we propose an oriented
object detection model based on feature recombination and polarized attention. The experimental results show that the

algorithm can effectively detect oriented objects in remote sensing images, and has good performance in all kinds of scenes.

Key words remote sensing; oriented object detection; deep learning; feature recombination; polarized attention
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