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Abstract: Aimingat the problem of insufficient detection accuracy caused by large differences in target
scale and complex direction distribution in remote sensing image target detection, a detection network com-
bining background information and direction information was proposed. Firstly, aimed at the problem of
large differences in target scale, a Receptive Field Extending (RFE) module was designed. Different from
the traditional fixed receptive field or complex multi-branch structure, this module integrated multi-scale

background information through large kernel decomposition, dilated convolution, and parallel branch struc-
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ture design, and solved the problem of different background information requirements for different scale
targets without significantly increasing the amount of calculation. Secondly, aimed at the problem of com-
plex distribution of target directions, an Orientation Aware Cross Attention (OACA) module was de-
signed. Different from the existing attention mechanism convolution kernel shape, the module extracted di-
rectional texture information through horizontal and vertical separable convolution to prevent feature loss
and fracture; at the same time, a cross-attention mechanism was designed to suppress background noise
and enhance the interactivity of directional information. The experimental results show that the detection
accuracy of the proposed method on DOTA, HRSC2016 and DIOR-R datasets reaches 76.88%,
98.43% and 65.06% , respectively, which is 1.01%, 0.83% and 0. 76 % higher than that of the Orient-
ed R-CNN method, respectively, which further verifies the effectiveness of background information and di-
rection information collaboration.

Key words: remote sensing images; rotating object detection; receptive field extending; orientation

aware cross attention
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Wit T2 B P sk B8 (RFE) 5 77 10 J& A1 22 B
WS (OACA) , 5 i e 1% R H Ar A
Db RUBEE 22 5 K Il 43 A S 2% (W TR) R, 91 an 7
ﬁﬂﬂE(SH)'ﬁjcﬂZE%(IV)ﬁmﬁj\%ﬁi iR
50 T, REONet £ I B2 AR /% L I T AO2-
DETR, X KHiE T OACA 8 78 J7 [ J8AH A
ROVE s 72 “HL(PL) JFRIE 28 L H (RA) (/)N 42 5
(SV)EREF T REENT R T ,RFONet £

F1 AEARERBEPOBEETLE (DOTA)

Tab.1 Comparison of different models(DOTA)
Method Back-bone #PM £F G PL BD BR GTF % LV SH

EMO*# R-50 40.8 340  87.99  79.46  45.74  66.64  78.90  73.90  73.30
cM™! R-50 41.1 198 89.02  80.56  49.41  61.98  77.99  74.19  83.74
O’DETR"™ R-50 74.3 304  86.01  75.92  46.02  66.65  79.70  79.93  89.17
SCRDet? R-50 41.9  ——  89.98  80.65 52.09  68.36  68.36  60.32  72.41
R3Det " R-50 41.9 336 89.50  81.20  50.50  66.10  70.90  78.70  78.20
ARS"™ R-50 41.6 —— 86.97  75.56  48.32  69.20  77.92  77.94  87.69
SASM™! R-50 36.6 ——  86.42  78.97  52.47  69.84  77.30  75.99  86.72
G. V. R-50 41.1 198 89.64  85.00  52.26  77.34  73.01  73.14  86.82
ReDet R-50 31.6 54 89.21  80.03  47.88  69.73  82.05  83.33  88.63
RTM-R™ R-50 4.9 20.5 88.79  82.64  53.97 74.00  78.13  84.06  88.04
COBB"™ R-50 41.9 —— —— —— —— - —— —— ——
AO2™ R-50 74.3 304  89.27  84.97  56.67  74.89  78.87  82.73  87.35
R-50 38.5 198 89.11  82.84  48.37  71.11  78.11  78.39  87.25

S2ANet”
RFONet  26.9 168 89.62  83.60  50.63  71.63  78.46  80.43  89.24
R-50 55.1 200  89.01  77.48  51.64  72.07  74.43  77.55  87.76

RoiTrans
RFONet  46.9 168 89.46  80.57 49. 4 72.57  77.64  81.37  87.39
R-50 41.1 199 89.46  82.12  54.78  70.86  78.93  83.00  88.20

ORCNN'®
RFONet  32.9 167 89.94  82.74  54.97  72.94 79.86  85.38  89.63
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Tab.1 Comparison of different models(DOTA)

Method Back-bone  TC BC ST SBF RA HA SP HC mAP
EMO? R-50 90.40 80.55 85.89  55.19  63.62 51.83  70.15  60.04  70.91
cMP R-50 89.44 78.01 83.52 47.64  65.93  63.68 67.07 61.59  71.59
O’DETR™ R-50 90.44 81.19 76.00  56.91  62.45  64.22  65.80  58.96  72.15
SCRDet”! R-50 90.85 87.94 86.86  65.02  66.68  66.25  68.24  65.21  72.61
R3Det™” R-50 90.80 85.30 84.20 61.80  63.80  68.20  69.80  67.20  73.70
ARS™ R-50 90.50 77.31 82.86  60.28  64.58 74.88  71.76  66.62  74.16
SASM"! R-50 90.89 82.63 85.66  60.13  68.25  73.98  72.22  62.37  74.92
G. V.1 R-50 90.74 79.02 86.81  59.55  70.91  72.94  70.86  57.32  75.02
ReDet'® R-50 90.91 86.31 86.85  59.94  62.30  74.23  71.97  57.03  75.36
RTM-R™ R-50 90.89 87.78 85.75 61.76  60.39  75.96  68.07  63.59  76.25
COBB™” R-50 - —— —— —— —— —— — —— 76.52
A2 R-50 90.50 84.68 85.41  61.97  69.96  74.68  72.39  71.62  77.73
R-50 90.83 84.90 85.64  60.36  62.60  65.26  69.13  57.94  74.12

S2ANet”
RFONet 89.50 86.39  85.82 63.4  64.74  67.83  70.36  60.34  75.47
R-50 90.81 79.71 85.27 58.36  64.11  76.50  71.99  54.06  74.05

RoiTrans "
RFONet  90.51 82.90 85.62  64.98  70.17  71.70  72.34  58.72  75.69
R-50 90.90 87.50 84.68  63.97  67.69  74.94  68.84  52.28  75.87

ORCNN'®
RFONet  90.78 85.40 84.53  64.27  66.48  75.27  70.72  60.31  76.88

TEFE : R-50 7R ResNet-50, £L (4 14 (4 JIIDHL 2 7 1228 5 12 A6 T RS 52 HE 44 T 0 2 G2 &1 L399 ) v 7 D)

DUAS B2 B HEAE 55 — A, ixX 15 25 T RFE il & £
ROE ETFCHEE . BRItz oh, 18 BB ROR )5 1
RFONet % bt AO2-DETR AR KMLH. 1EZ
o (#P) 5B & (5F) WA oo b
RFONet 1y Z % & & 32.9 M, it & & N
167 GFLOPs; iii AO2-DETR (1% XF 1 {4 4> 51
74.3 M il 304 GFLOPs. RFONet () 1 1 & /2
JE AP REAY M AO2-DETR 19 54 % ,55% 72
G T TR REEMl, HEKZ T,
RFONet B9 25 2 {0 3ok I T 52 2 4 8 He ik it
RFE B 8038 i KA 4 7 K s F OACA Bk
AL RER"EEFL" R & Lk,
AO2-DETR 75 & 1 A6 K BE I (% 1 47 78 S it
PE L E A SCHY BTk 32 08 o R R A e, B
KsHEATE R, FHETSGEES M
5 B ) TAE 07 80tk | i v i &k ER B fr i Il
o H bR RS 22 5 KO 1) 43 AT A2 A% Y )

4.2.2 HRSC2016 ¥k # & 2 bb 52 I

W 2 iR, £ HRSC2016 B 4 E /9 %t 1
S R A REONet A5 8 3% B o (7% 46 300
PEBE BRI BB AT R B, 7E S B i,
RFONet {155 % B Ry 32. 87 M, A Fb $5c 305 1 7

R2 AEEEEHEE XL (HRSC2016)
Tab.2 Comparison of different models(HRSC2016)

Method HParams/M  mAP(07) mAP(12)
Roi Trans'" 55.1 89. 85 97. 37
G. V. 41.1 88. 20 ——
R3Det'" 41.9 89.26 96.01
S2ANet” 38.6 90. 17 95.01
ReDet* 31.6 90. 46 97.63
O-RCNN'® 41.1 90. 50 97. 60
Yao' —— 90. 50 98. 26
RFONet 32.87 90. 58 98.43
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R E N R BT R e A, 7RG
K5 BE |, RFONet 7 mAP (07) #l mAP (12) P Fif
VEMN bR e N B IO T O g R, 4 i) ik
90. 58% 1 98. 43% , 3 HAE 4 K Z 401 0 T i 3
e T HoAh J5 v o M bE T R) T A 3 4 2 X e 3k K
SF- 45 HE HE AT i 5% A9 583 Roi-Trans, mAP (07) 2
FT70.73% ,mAP(12)#&F T 1. 06% . M T
1K B 0 HE G 5 2R G2 352 O-RCNN ML GV
Fe i, mAP(07) 43 Bl 2 F+ 1 0. 08% F1 2.38%,
mAP(12)#&F+ 1 0. 83% . AH Lk T 2 ) 2 A1) e 4%
S5 78 R IR R I A N 78 R AIE (9 55 7 ReDet, mAP
(O 4T+ T 0.12%, mAP(12) £ F+ 7 0.80% .
A T B B 3 A9 Bk Yao, mAP(07) #£7F T
0.08% ,mAP(12)#2 7+ T 0.17% . [F B X F 5
W B I 9 2% R3Det A1 S2ANet, mAP (07) 43 3

BT 1.32% M1 0.41%, mAP (12) $2 7+ T
2.42% M 3.42%
4.2.3 DIOR-R % # % #7 b 52 %

g 86 UE A SC I RFONet A5 U it € 95 1, 76
FLA Bk B9 DIOR-R %4 48 1 47 17 % s
¥ . fn 3 B R, RFONet #6045 & 35 2] 1
65. 06 % , FH % T 2 M (%) 50 By B 56 Ui J7 15 Reti-
naNet-O(57.55% ) ,mAP & F+ 1 7. 51 % s M & T
W5 [ Bt 5L i FasterR-CNN-O(59. 54% ) , mAP 2
J+75.52% . MeAh,RFONet By M fEW AL T 33
1 & & BBk I g, A BT ROI-Trans
(63.87%) .O-RCNN(64.30%) ,mAP 43 5| 42 7}
T1.19%,0.76% . LA FY, TR 2GS
F14) e YA A S S S A 1) e B AR T A 28, AR SCH
i) RFONet 6 1 74 A 55 5 %

®3 TREEBHFEEISLE (DIOR-R)
Tab.3 A comparison of different models(DIOR-R)

Method RetinaNet-O™ Faster RCNN-O'” ROI-Trans" O-RCNN'™ RFONet
mAP/ % 57.55 59.54 63.87 64.3 65. 06

T £ -O SR A J5 1 R FH e e A

4.3 HELXIE
4.3.1 KEH»BAELHF RN

RFE 5 B v 8 B 43 5 26 BRI IR B2 B2 B T 4
B 4 TR /N 2 9 S 52 T AR LU 27 T R /N ) O gk
HWE. B/NREZENEREEEEED, &K
K IR AZ B 2o ) At B AR BT L 3R B 7
BF R 5,14, 18 F 27 AT 86 . AN K 4 PR,
3 A /0N 1 R 52 W S 2% S M ASE AR (1 G RS
)8 37 BF 58 ) 14 1), $2 1 19 REONet 7] LU BE =
S0 SUKE i M SE B H BRI AT 55 o [R) IR A X A
Hh 3 U KN 11 326 5 o B2 i 25 R A B2 B
ky T EEPE M E BR 09 20 BRRRAE T b, 32 B PR HUAL
HARFE N 13 505 B . BB KNS BURRE Al
T fE B BUR 4 5 5 B K K 2 5 B0 BUps
fiE 1 TR B 51 K o 19 T8 56 M5 8 B B 2 ) 2%
PR K& FEHES W SE B Z BB H
2 Y b =05k ="7d,= 30 ,BELE HFr
TR AE R 55 B 22 8 S8 R4 0 AU L 7E FPS
(B B0 it 850 1 mAP CF 3598 ) J 1 352 30 i 4
PERE .

x4 ERZIBMBRIZEFRN
Tab.4 Convolutional Kernel Decomposition and the Re-

ceptive Field Size

(/e],dl) (ks dz) RF FPS mAP/%
(3,1) (5,2) 5 33.7 76. 80
(5,1) (7,3) 14 33.4 76. 88
(5,1) (9,3) 18 31.7 76.83
(7,1) (9,4) 27 32.6 76.75

4.3.2 WARERE XD

R A B I AZ /N X T 4R R 0 T ) JER
THFERLEE, B/NYEER KSR L H bR
A 25 B AR AIF 58 i ] AL, A A8 K 1 A% A A 3K 1 )
B 251 A KR MR . Ol 4R R R i, 76 7R
JZ L 45 KA AR BUR JZ R 1E |, 76 T2 BE 5 /M 32 B
T SCRRAE . IE N3 5 0T /R , 36 BUZ 3 17 R )7 )
(17>11) # & I 1\ f & (11>17) a7 3k
0. 64%mAP Tt , Bl T )2 9 5 0 3R W 19 A 5%
P o[]S W7 24 S e R W0 i A RS kA A% R
A K, MR 21,19, 17, 15 ] 0 B i 45 0K
JE A 3 A
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x5 WHRERZKDMER £6 EHHEKAN
Tab.5 Strip Convolution Kernel Size Selection Tab.6 reduction _ratio size
Kernel Size #P/M FLOPs/G mAP/% Reduction ratio #P/M FLOPs/G mAP/%
(11,13.15,17)  32.88 166.97 75.85 2 34.38  170.74 76.90
4 32.89 167.08 76. 88
(17,15,13,11) 32.87 167.01 76.49
8 30. 64 160. 26 75.93
(19,17,15,13) 32.87 167.05 76.79
(21,19,17,15 32.88 167.09 76. 88 ™" " 2 N ISR
v 4 P R A, B8 1 e R 2 e
(23,21,19,17) 32.89 167.12 76.72 7%7%1%%@%
(21,17,13,9) 32.87 167.09 76. 68 4.3.4 RFE L5 OACA K3 R 4F A 5 #7
MR 7R, RS RFE 5 OACA #5He f By
4.3.3 R KA VR, BT T H A AS [ 20 & 5 20 09 30 5 50

Js 4 e 4 o 28 SUE 0 B B b O
25 14 LE ] X R B BE N T B K R Y
Wi o AT B E AR TR 46 L, I T [ A R
B AL4E 2,4 I8, W3R 6 BT 7R , /N e 4 [L B
SRBENE IR B B 22 00 1B A S, ETE B A 3 0
HPERESR THA BR . BRI e 44 b B AR 8> 13t
AELCHEEFENERFHEER TR, RE,

S 2k LW L BB H M R T, RFE BB )
K L OACA B = T 0.48% . X i RFE #2
Pty 22 ROE AR B B 8 M, 003 e 2 Rl R AiE Y
B M OACA I 5 T XF = RS L () 45 22 B b
K Al Ak R AE 38 5 55 A 6 e B 5 2 40 He b/
I, B “OACA+RFE” B &5t 4, KR4~ 2
BB O 2K RS B 4r B Gk B T 76.720,
76.88% ¥y TS AL 1Y RFE

%7 RFE# OACA B E1ERA S
Tab.7 RFE and OACA synergy analysis module

Backbone £#P/M FLOPs/G mAP/% CS MI
RFE 30. 38 158. 38 76.52 —— -
OACA 31. 81 163. 06 76.04 —— ——
OACA+RFE 34.62 172. 64 76.45 0.177 2 0.174
RFE+OACA 34.62 172. 64 76.72 0.003 1 0. 189
(RFE, OACA) 32.87 167. 25 76. 88 0.002 4 0.232

1 :OACA+RFE %R S8 OACA J5 RFE B H 7 20, RFE4+OACA [ # , (RFE, OACA) F /R I8 )5 =

ik — 2 4y B S ) i% 3 7 XX RFE 5
OACA BEHHME I 5 M, A SCHFFE T P A 455 B i
R AR B 1) A 4% 5% AH AL BE (Cosine Similarity
CS) 5 H {# B (Mutual Information, MI) ., %
B, “OACA+RFE"H B 7 U CSH K &
MIfH A, 2 B OACA #iH 5 RFE B8 4 1)
FEAE AL, A B AN D xS S8R
TS FE R B i JE I OAC A B He 32 U 75 1 £ 6L
M TSR, S 8US 2 RFE BB A SZ R
B D) Be & A= o€ . M E“RFE+OACA” Hi
B 7 S, CS B R A1 b B A5 B 22 0] 45 £iE AR T

S A MIUEM R BN EE T FEREL
AR M Z T, I B S A W] B S2 BT S A Y
CS{H (0.002 4) 5 fz = (1 MIE (0. 232) , ¥t B -
Y 3% 2 7 SUBE BE AR £F RFE 5 OACA f9 T RE il
DA S5 Ny .95 ) e (5 RO = N N
PLZE [ BT iR, RFE Fl OACA £ B 2 [i] 5% B IF Bk
&5t o
4.4 W

Kk Lan i 5 pros (GTARER EAE, Ours A
AR SO ) REFONet, Horp i (6 €6 4 6 () 1
2 15 P 43 o0 A 3R T R L A R R R o e T, R ] AL
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Fig. 5 Comparison of detection results between RFONet and mainstream algorithms
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Fig.6 Comparison of RFONet and ResNet detection heat maps
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Fig. 7 Detection results in specific scenarios
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