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Augment Oriented R-CNN for remote sensing object detection

Wang Leiyu Wang Zhengyong Chen Honggang He Xiaohai

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In recent years, research on remote sensing object detection has mainly focused on improving the
representation methods for bounding boxes, while overlooking the unique prior knowledge present in remote sensing
scenes. To further enhance the detection accuracy of two-stage models while maintaining inference complexity., this
paper presents improvements in feature representation and training strategies based on the feature extractor LSKNet
constructed with large kernel convolutions. First, the RFA module is introduced to extract scale-invariant contextual
information, alleviating the background noise introduced by LSK and enhancing the model's robustness to noise. Then,
the CS loss is proposed to implement a consistent supervision training strategy that reduces the semantic gap between
features of different scales, enabling the model to possess multi-scale capabilities while focusing more on small objects.
The proposed method achieves a single-scale result of 79.03% mAP,, on the large remote sensing image dataset
DOTA, demonstrating the effectiveness of the proposed approach with almost no increase in inference complexity.

Keywords: object detection;remote sensing images;small targets;residual feature augmentation;consistent supervision
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AR ICAE AO-RCNN f 4 B B Be A Bk T CS 70 32
SRR & 7 B8 S ) 20 SEREAT e A T o PR O A B
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2 XBRERSH

TEATT S 40 R T 0 S 0 HHE 4R R A S 0
B, SRIE K BTH B AO-RCNN 53454 1 RSI & [ K
AR AT AT LB LA M sE R . & s A 4 an el 5@
It S 5, SR IR 4R 1S vk 1 APk
2.1 EWEE

DN E/E S

AR SCHE JE ST R B A TR 5 DOTA-v1. 0 T4k
Brde i 77k . 2018 AR JF KA DOTA-vI. 0 Bl 4 2
T SR R B 2 — . H 5k R 4 BE R AE 800 X
800 £ 20 000X 20 000 &2 Z 6] . A & A [/ RUEE 7 18] AL JE
R HAR, DOTA-vL. 0425 2 806 3K A%, 188 282 4~
HE ) 31 FHE R SE B, AL HE LR 15 A 2. R AL
(plane,PL) ,# ¥k 3% (baseball diamond,BD) , #f % (bridge,
BR), [ 44 3% (ground track field, GTF), /M % 4= (small
vehicle,SV) , KA %4 (large vehicle, LV) , f5fifl (ship, SH) ,
M ¥k (tennis court, TC) , i Bk % (basketball court,BC),
i h B (storage tank,ST), £ 3K (soccer-ball field, SBF) ,
RJE & (roundabout, RA), ¥ # Charbor, HA) , ¥ ¥k it
(swinmming poll, SP) . H F+#l (helicopter, HC) . 3% i
ATk A SO 200 (9 25 i Ak #1808 48 . IF 4 1 2%
SR UESE FH TINS5 M AR T T 00, i a5 R 4R 28
F| DOTA P4k IR 55 5 3R A5 R0 A5 B2

A SCHEAE T 48 AR mAP;, (U HE 55 S0 AE (19
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BRRA N Pytorchl. 12,GPU M T HIiA CUDAT11. 3. 1,
Y5 T RN 4 32 {558 GeForce RTX3090,

SC¥ fff I MMRotate™™ 8 3k AE 42, BT A A
Backbone (ResNet50™” | LSK-S) # 7 ImageNet™" |+ £ 1t
300 $e P TN LR A B . Bl 1E =X I 25 0 5 R P i T K
SEENEE T T B RS RN WA ML BE £ 3 Fh BCHE 1 5ROy ik
AdamW AL AR L AL 28 A W 2%, 91146 2% > R K 0,000 1, 3
oA 0.9, B R 0. 05; L& 2 M A (1 024 X
1020 YIZRAEmY 12 %, BT A S5 30 B0H8 R AT AT A0 Ak A6l
AL A4S 5 12 SR AL SO
2.2 xfLbLEE

AT, A SCfE DOTA-v]. 0 8044 F I T ris
W 7 vk 5 I B S 1 3 R AR A 1 B A R DU R ) e
mEk 2 Pim., R 2 WETHNIING AP, R MPTA K

S mAP;, 4558, I H B O 45 54 51 8 B SR K1 £k
R R B i = R AR ic . 72 3& 2 F sl iy sk 2 1 B
FRAG vk b B2 11 B AO-RCNN Be#s B bie 2 1 3R 158
T 79.03% BB R EE mAP;, 455, £ mAP,, 54 b
3 BB T LSKNet-S, PKINet-S 0.89%. 0.64% ¥
mAP;,, fH5 5 E 2, AO-RCNN M *f T ek S 5 &
Kl #% PRINet-S,AUALIE AN T 0.7 M IS5, KRR &
THRMBIR . £ DOTA-v1. 0 MIRAE Y 15 NZH P, A 3
FTEAEZ N GTF.LV.TC.BC.SP.HC Fik#| T f&il; 78
2850 PL.SH.HA R3] T WAk ; 7285 BD.BR.SV.ST,
SBF.RA PR FHMA AP, 455, Wi 5 W, A& 3
I IEAE R 2505 ik B 05 R s kA XU B T T 4 o9 4%
SEATE R B 55 /8 B bR 58 1 K I 5 T R A skt % 3
R T JLAE R 2 T Oriented R-CNN HE 28 f 1 2k 3 1
SOTA J5 #% £ DOTA-v1.0 % 4 % & % Xt 45 3.
CADLA 23T Faster RCNN 4 H 4 e %% #E 2 5 1 (0 i
AR EIFFERE T Oriented R-CNN, H Il R7EE 3
B3

R2 EDOTA-VI. 0 BIEEFBRRENEFNXZETHINLE TR ER

Table 2 Comparison results of single-scale training and testing on DOTA-v1. 0 dataset

All categories in DOTA-v1. 0

i ‘ e AP
Py PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC
AO*-DETR 40.8 M 87.99 79.46 45.74 66.64 78.90 73.90 73.30 90.40 80.55 85.89 55.19 83.62 51.83 70.15 60.04 70.91
O*-DETR - 86.01 75.92 46.02 66.65 79.70 79.93 89.17 90.44 81.19 76.00 56.91 62.45 64.22 65.80 58.96 72.15
ARS-DETR 41.6 M 86.61 77.26 48.84 66.76 78.38 78.96 87.40 90.61 82.76 82.19 54.02 62.61 72.64 72.80 64.96 73.79
R3Det 41.9 M 89.00 75.60 46.64 67.09 76.18 73.40 79.02 90.88 78.62 84.88 59.00 61.16 63.65 62.39 37.94 69.70
Rotated FCOS 31.9M 88.52 77.54 47.06 63.78 80.42 80.50 87.34 90.39 77.83 84.13 55.45 65.84 66.02 72.77 49.17 72.45
S* Anet 38.5 M 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12
SASM 36.6 M 86.42 78.97 52.47 69.84 77.30 75.99 86.72 90.89 82.63 85.66 60.13 68.25 73.98 72.22 62.37 74.92
O-RepPoints 36.6 M 87.02 83.17 54.13 71.16 80.18 78.40 87.28 90.90 85.97 86.25 59.90 70.49 73.53 72.27 58.97 75.97
R3Det-GWD 41.9 M 88.82 82.94 55.63 72.75 78.52 83.10 87.46 90.21 86.36 85.44 64.70 61.41 73.46 76.94 ©57.38 76.34
R3Det-KLD 41.9 M 88.90 84.17 55.80 69.35 78.72 84.08 87.00 89.75 84.32 85.73 64.74 61.80 76.62 78.49 70.89 77.36
CenterMap 41.1 M 89.02 80.56 49.41 61.98 77.99 74.19 83.74 89.44 78.01 83.52 47.64 65.93 63.68 67.07 61.59 71.59
SCRDet 41.9 M 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61
Rotated Faster R-=CNN 41.1 M 89.40 81.81 47.28 67.44 73.96 73.12 85.03 90.90 85.15 84.90 56.60 64.77 64.70 70.28 62.22 73.17
Roi Trans 55.1 M 89.01 77.48 51.64 72.07 74.43 77.55 87.76 90.81 79.71 85.27 58.36 64.11 76.50 71.99 54.06 74.05
G. V. 41.1 M 89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02
ReDet 31.6 M 88.79 82.64 53.97 74.00 78.13 84.06 83.04 90.89 87.78 85.75 61.76 60.39 75.96 68.07 63.59 76.25
O-RCNN 41.1TM 89.46 82.12 54.78 70.86 78.93 83.00 83.20 90.90 87.50 84.68 63.97 67.69 74.94 68.84 52.28 75.87
OAN - 89.70 84.03 54.61 73.46 79.30 83.27 88.12 90.90 85.22 84.68 62.06 66.87 75.28 70.71 62.75 76.73
CADLA - 89.54 83.14 55.32 71.56 80.09 83.58 88.20 90.90 87.93 85.77 65.69 66.30 74.80 71.29 63.72 77.19
ARC 744 M 89.40 82.48 55.33 73.88 79.37 84.05 88.06 90.90 86.44 84.83 63.63 70.32 74.29 T71.91 65.43 77.35
LSKNet-S 31.0M 89.79 84.06 ©53.36 78.79 79.11 84.93 88.22 90.90 87.41 86.75 66.68 63.68 77.02 71.05 70.31 78.14
PKINet-S 30.8 M 89.72 84.20 55.81 77.63 80.25 84.45 88.12 90.88 87.57 86.07 66.86 70.23 77.47 73.62 62.94 78.39
AO-RCNN (A3)  31.5M 89.88 83.70 54.74 78.87 79.05 84.97 88.42 90.90 88.10 86.37 66.46 63.20 77.37 79.53 73.87 79.03
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Table 3 Comparison of sota methods based on Oriented R-CNN framework on the DOTA-v1. 0 dataset
ik All categories in DOTA-v1. 0 AP,
Backbone  PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC

O-RCNN R50 89.46 82.12 54.78 70.86 78.93 83.00 88.20 90.90 87.50 84.68 63.97 67.69 74.94 68.84 52.28 75.87
OAN R50  89.70 84.03 54.61 73.46 79.30 83.27 88.12 90.90 85.22 84.68 62.06 66.87 75.28 70.71 62.75 76.73
ARC R50  89.40 82.48 55.33 73.88 79.37 84.05 88.06 90.90 86.44 84.83 63.63 70.32 74.29 71.91 65.43 77.35
LSKNet-S LSK-S  89.79 84.06 ©53.36 78.79 79.11 84.93 88.22 90.90 87.41 86.75 66.68 63.68 77.02 71.05 70.31 78.14
PKINet-S PKINet-S 89.72 84.20 55.81 77.63 80.25 84.45 88.12 90.88 87.57 86.07 66.86 70.23 77.47 73.62 62.94 78.39
AO-RCNN (A3)  LSK-S  89.88 83.70 54.74 78.87 79.05 84.97 88.42 90.90 88.10 86.37 66.46 63.20 77.37 79.53 73.87 79.03

KT ik — 2 R R AR SO AR 55 /N BARAS I b Y 5
R, AN S W 2% 55 i $ 07 B iEAT T 2 ROB 900 FE
E AT A0 Ak B AG 25 ST Ak, il 6 s, Oriented R-
CNN BRGRFAE BT 26 7% B R AE 35 A 4k, BV A7 FE 38 0
T3 P R AE IR A 3K I Sl RS U2 R AIE T I 12 3% B 1 AR
P 3 B ERCFE N SCESL #7114 . Oriented R-CNN [ 11
GURRAER B T MR GURRAE 2800 15 1 | 9 HL 8 v R AiE
FRFEAHM AR, AR R - E, KA/ B s

(a) Oriented
R-CNN

(b) AOR-CNN
(ours)

&l 6

G I 7 TR 4 G 0 28R A O AN AR A7 AR R bR B T AR
AR SCAR R R T % 8 e T A RN B R s BRI
UL FE AT RSI A B F SCE B 5 7] i i i — 2ok 1
SRABLHRAR R TR R X I ) 5 L AR TRR R R AR A
fiE 278 CREAE 181 38 248 J5C 9 R AR TE S i 20 . it
AL CS SRS AR 1 B AR AN ] RBE T S 98 O SRR AiE 5 4
1R SRR Y B B AL . AR TTIE R T ARk
£ T A 1) 8L, 5383 /0N H A S 0L S o A I 9

R

0pti>ﬂiz,ed detection

Oriented R-CNN Fl AO-RCNN By 22 R EE 2% 51 457 iF T W0 Ak 5 46 T 5 SR m] Ak B (2 IR B R AE 5 o - 8 e AU AE)

Fig. 6 Multi-Scale feature and detection results visualization for Oriented R-CNN and AO-RCNN (left: low-level; right: high-level)

ARICH T AO R-CNN A B 55 7 DOTAvL. 0
RAE F AR Z R AL, W E 7 TR, T SRR 2R
By s A SCONRE S /D AR B B (e T
H AR A FEA IR D . BN, O T 8w 3 O ik A 8 R
SE ) G W0 5 S o o TR LR T 22 A S N B AR 04 O Rk
AT EET DOTA-v1. 0 384 rf 4 Sy PR X ) 46 0 3
S 0HE ) Bl 7 A BT B T 4R L A R O AR Ak FE AR SR R
AL BAR KR/ A AR5 BREAS R FL 45 3 5, F
AT TR AL, W 8 T, BT R O R AE 55/ B AR (i
SH.SV 8 LV) & 2= 5% BAr - B3RO .

2.3 HBLSEIS
J T 5 AO-RCNN 45 A8 i) 2 M, R S0 4

4 LSK-S.RFA #3 .CS % g 5] AF| Oriented R-CNN H
RITE AT A A B W AT T A A 28 A5 B AL S 56
DL R A I S HOR R S
HRNAARRBRA AL R., Wk 4 iR,
PL Oriennted R-CNN [ 8% & 25 RAE Winfi, R EWT
LSK-S TR RE THAEE . A5 0 % RFA.CS
P3| Oriented R-CNN BRI A, REA 3 33 £ i 450 A0 i W 75
MIE B PEAE R T 0. 83% I mAP,, 125, CS il i AR
B Z (8] ) ROBE M8 98 77 3k T 0. 43 % B9 mAP;, 3 25, 2%
T T A M, RN TURE S R E TR,
ANEBL e Z [ AR A AR MR, BT, A
WHAT TSRS A R M S5 . L R W RFA
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ZE® %%t Oriented R-CNN #9i% & B 1§ £ % B A7 #0 5f ok 5 21 )
F4 AO-RCNNiEITHZEREMIBELER
Table 4 Ablation results for AO-RCNN design method
Dk 20 A R mAP;, mAP,; mAP Param/M
Jo 75. 87 48. 38 46. 03 41. 14
LSK-S 78. 14 51. 62 48. 09 30. 98
O R-CNN
RFA 76. 70 49. 03 46. 33 42.92
CS 76. 30 48.91 46. 03 41. 14
RFA4CS 76. 69 49.73 46.78 56. 83
LSK-S+RFA 78. 46 50. 35 47.74 31.57
AO R-CNN(A )
LSK-S+CS 78. 42 51. 86 48.76 30. 98
LSK-S+RFA+CS 79.03 50. 97 48.13 31. 57
1 CS.LSK-S 1 RFA.LSK-S F1 CS #H & 20 & #H %+ F 3 4 ESEAER .

Ay T 0.82%.2.59% M1 2.55% (0 mAP,, ¥, &5,
T LSK-S.RFA.CS 3 M) AO-RCNN L 3.16%
B mAP;, B3R5 TRE M 79.03% 455, X TR
TR 5 B AR AT S, LR BT & A e 2 ) A9 0 1]

HR N BESHIREER, WK S Pion. T HT
REA w1 EE AN A8 B 38 5 A 9 3t A PR3 195 il AR SC i
B o as ey BYE S50 (0.1, 0.4, 0.7, (0.1, 0.3,
0.5).€0.1, 0.2, 0.3),

R5 AO-RONNEItAEMBESHIRER
Table 5 Hyperparameter results for AO-RCNN design method

AR Settings mAP;, mAP,; mAP
Jc — 75. 87 48.38 46. 03
0.1, 0.4, 0.7 76. 26 48.92 46. 65
RFA 0.1, 0.3, 0.5 76. 45 49. 07 46. 02
0.1, 0.2, 0.3 76. 70 49.03 46. 33
0. 50 75. 20 48. 46 45. 43
CS 0.25 76.17 49. 26 46. 47
0.125 76.29 48.90 46.03
0.1, 0.4, 0.7 78.12 51.58 47.57
LSK+RFA 0.1, 0.3, 0.5 77. 88 51. 46 47. 74
0.1, 0.2, 0.3 78. 46 50. 35 47. 74
0.1, 0.2, 0.3.0.25 77.80 51.78 48. 01
LSK+RFA+CS 0.1, 0.2, 0.3,0.125 78. 45 52.07 48. 63
0.1, 0.2, 0.3.,0.062 5 79. 03 50. 97 48.13
AKX 3 HSEILTWET R N RE 5 3 % w

M. THHE R F W RFA BLHAE 8/ RE R F 0.1,
0.2, 0.3) KB R ARKEBE, X AP & Ho . B, RRAE 4 7 3 T
JERHAETE LRI REA 7 A8 1Y T & 48 B2 1 SCRFE Rl 6 ok 5 1k
F B R BBk . b Ah A STt i B B K A9 A
F AN 0.50,0.25 Fl 0. 125 k5T CS MA ML EHR.
ST U A B O B AU ERAEL A /B, AT LA Sl B B A Al
MR, )G, &0t R EBSEE . A8 30 B 1E 1
B AR [ B 35 It Ak i 3t Ak B 0. 1, 0. 2, 0..3),CS $i
KPR BB LA E A K 0.062 5 B, AO-RCNN LS
3.16% MYMEZEIK AN T 79.03% AP, MR EI, BT T
KL B i E b Ao 0 A5 8 1y B R RS B 45

AL LSKNet 1B #4551 A RFA BEHURT CS
S HE T 4Rt — Al 2 Oriented R-CNN FY 12 J2% & 14 E 1)
HARK I 335 L B AO-RCNN,  H: 3L T4 AF 32 BCE T ™ 4%
LSK-S A A 356 £ K A% 25 T 26 BUR 3™ R K2 97, A x4
PRAL R AE Y 1R SOfF B FEUGHE T B Y RFA B, 22 fig
TREBBGIAE SRS TR k5,51 AT CSIEK
W i — 0T CS 1k 290K 22 RUBE R AE 4 7 38 Ul 2 i
L4 /NREE RlG TS R RO R R Z ) 1 1 L2 8B, AO-
RCNN Z54 T LSKNet B8 REA BH X IR (1 & 4
B DL Je CS SR A 2 RO FRAE LR 48 SVE M RIE A &
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