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Abstract: Remote sensing objects have large scale differences. In order to solve the problems that they
are prone to lead to difficulties in fine granularity multi-scale feature extraction and weak prediction part of
effective representation under complex background interference, a multi-scale remote sensing object detec-
tion method (MFC) for multivariate feature extraction and characterization optimization based on the idea
of anchor-free is proposed. In the feature extraction part, a multivariate feature extraction module (MFE)
is designed to mine multi-scale features at the fine granularity level, expand the receptive field through
grouping operation and cross group connection, enhance the combination effect of multiple feature scales,
and further strengthen the focus on small objects by combining context information; The deep and shallow

features are fully integrated by the deep layer aggregation structure to obtain a more comprehensive feature
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expression. In the prediction part, a characterization optimization strategy (COS) is proposed, which uses

elliptical mapping to optimize tags to adapt to remote sensing targets with large aspect ratio. And a Coordi-

nate-Pixel attention is designed to focus on multi-scale object channels, positions and pixel information, re-

duce complex background interference, and make effective information prominent. Ablation and contrast

experiments were conducted on DIOR, HRRSD and RSOD datasets. The experimental results showed
that the mAP of MFC model reached 70.9%, 90.2% and 96.9% respectively, which was superior to

most existing methods. It effectively improved the problems of false detection and missing detection, and

had strong adaptability and robustness.

Key words: remote sensing of multi-scale targets; anchor-free; multivariate feature; characterization opti-

mization; attention
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Fig. 7 Some examples images from DIOR dataset
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Tab.1 Performance comparison of different algorithms on DIOR dataset

Faster Mask . Retina- . ., CBD-  Corner- ) VR

RONN! R.CNN YOLOx Net'® PANet CSFF — Net'™ Baseline MEC
D1 54.0 53.9 72.5 53.3 60. 2 57.2 54.2 58. 8 78.1 87.4x*
D2 74.5 76.6 76.3 77.0 72.0 79.6 77.0 84. 2% 71.2 83.6
D3 63.3 63.2 74.1 69. 3 70.6 70.1 71.5 72.0 72.6 74. 3*
D4 80. 7 80.9 77.4 85.0 80.5 87.4 87.1 80. 8 87.1 87. 8%
D5 44.8 40. 2 40.8 44. 1 43.6 46. 1 44.6 46. 4 38.8 47. 2%
D6 72.5 72.5 70.5 73.2 72.3 76.6 75.4 75.3 75.3 77. 3%
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Tab.1 Performance comparison of different algorithms on DIOR dataset

Faster Mask ., Retina- P ., CBD-  Corner- R
RONNT  R.CNN YOLOx Net'® PANet CSFF L Netl® Baseline MEC
D7 60.0 60.4 53.1 62.4 61.4 62.7 63.5 64. 3* 51.4 54.5
D8 75.6 76.3 55.6 78.6 72.1 82. 6% 76.2 81.6 62.3 78.1
D9 62.3 62.5 57.2 62.8 66.7 73.2 65.3 76. 3* 60.0 67.8
D10 76.0 76.0 77.5 78.6 72.0 78.2 79.3 79.5 75.3 80. 5*
D11 76.8 75.9 73.3 76.6 73.4 81. 6% 79.5 79.5 74.0 76.6
D12 46.4 46.5 48.2 49.9 45.3 50.7 47.5 26.1 51.3 54. 3*
D13 57.2 57.4 53.7 59.6 56.9 59.5 59.3 60. 6 55.8 61. 5%
D14 71.8 71.8 83.9 71.1 71.7 73.3 69.1 37.6 84.7 87.4x
D15 68.3 68.3 62.2 68.4 70.4 63.4 69.7 70. 7% 56.2 65.3
D16 53.8 53.7 61.4 45.8 62.0 58.5 64.3 45.2 68.9 72. 6%
D17 81.1 81.0 86.3 81.3 80.9 85.9 84.5 84.0 86.3 88. 2%
D18 59.5 62.3 61.4 55.2 57.0 61.9 59.4 57.1 53.4 62. 4
D19 43.1 43.0 47.3 44.4 47.2 42.9 44.7 43.0 45.1 47. 9%
D20 81.2 81.0 84.5 85.5 84.5 86.9 83.1 75.9 75.7 87. 2%
mAP/% 4 65.1 65.2 65.9 66. 1 66.1 68.0 67.8 64.9 66.2 70. 9%
FPS 4 11.2 12.9 33.2 16.4 14.5 — — 26.7 30.5 28.1
FLOPsy 38.7G  38.4G 11.4 G 25.2G  26.9G — — 12.8G 12.5G 12.7G
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Fig. 8 Experiential results of our proposed method (shown on the down) and Baseline(shown on the up) on DIOR dataset



% 16 1]

U, 55 - 22 JURRAIE B2 S SR AR A Ak i g 22 RUBE H A G il 2475

HEF RE AR — 1 228 B AR, 7E PR IE — € K T 42
FH A [ BF B G st ORI A AR 7 SR A
Bl rpe, 6 S BT B SR HE S B RBL AR EH AR
B IE T DA BE g O W 3 4R TR I AE (Y B %
[T o RN AE T Sk BT dE AL, AT B R BT 1R R
F W R I 37 5 F L AR SOk B R I RCR 4
R0 Y B AR BT B OK > T e
o R ], S 3R B A ST i AT A AR R
REZAZ HEAES 5 TIHEE REEX &
TR 22 RUBE b i B A 52 ), A5 21 58 SR RS 7 A sz DU
iy i1 o
3.4 HRRSDHEIEEXWS S

HRRSD ¥4 4 5 (8 53 7 4] 40 18 9 fr 7R ) J2
2019 4 vy [ B 27 BE K 2 K A 1) R REE i =5 i Jek
4R A 21 758 I i R AL 29 55 740
AN EHIFEA  BGR2 B] 5 R AE 0. 15 m 3] 1. 2 m
ZJa] , ] SFAE 800X 800 Z 4 000X 4 000 2 [H]

R AE R SEM 13 Y H AR R id A
HI1-H13, 20 %k CHL AR AR Al B k37 )
BRIy iRk WY b0 R ORE T FEB
T RIS O 5423 Hob R s 1 W 2255
H AR 2 B R AR T 22 &7, 23129 7 957
AMYNGRAEAS 29 5 BRI R FE AR B 29. 4%, 5
T I 2% X H A 4 S0 A A ECTT AR iR A A TR A
PNGSEEN IS R € SR - R 2
Sk, E AR T Ak H T K Hb 35 R] X 50 M # i TR

(b) M3
(b) Ground track field

() &ML
(a) Airplanes

(c) 74
(c) Bridges (d) Vehicles, T junction

9 HRRSD ¥ 4 i i &
Fig.9 Example images from HRRSD dataset
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Tab.2 Performance comparison of different algorithms on HRRSD dataset

Faster GACL , _ , ARSIk

. i, YOLOX™  RetinaNet”  PANet™  ComerNet'"  Baseline :

RCNN FasterRCNN MFC

H1 90.5 90. 8 91.3 92.6 93.7 88.5 96.6 98. 4%
H2 86.1 88.5 85.6 86.7 87.2 89.2 90.7 92. 2%
H3 87.3 89.2 86.7 89.1 90.5 93.3 94.1 95. 0%
H4 86.7 87.2 86.3 87.5 89.3 89.5 88.4 91. 1*
H5 80.7 80.8 85.3 84.9 87.7 90. 6 91.8 93. 8*
H6 48.2 49.7 71.7 51.3 58.2 72.6 71.4 75. 7%
H7 89.9 90.7 87.4 89.6 92.3 94.0 94.2 96. 9%
H8 90. 1 89.7 90. 2 89.9 89.7 89.9 91.5 94. 8*
H9 86.2 85.6 85.1 86.2 88.4 88.5 88.7 92. 3*
H10 86.5 86.9 85.4 87.7 88.9 89.2 90.3 93. 8*
H11 89.4 88.2 87.5 87.4 89.4 90.8 91.9 94. 9*
H12 4.7 75.0 74.1 75.3 79.3 79.4 80.0 85. 8*
H13 66.2 65.3 65.3 68. 3* 66.5 66.8 63.2 67.6
mAP/ % 4 81.7 82.1 83.2 82.8 84.7 86.3 87.1 90. 2%
FPS 4 14.5 — 48.9 23.2 20.9 42.2 45.5 43.7
FLOPs v 38.7G — 11.4 G 25.2G 26.9G 12.8G 12.5G  12.7G

TE oA =R SR AR AR

B R RO 22 5 R pg i 52 A A LA B s 1 H AR Y
G 0 25 S T fin o A 5 7 B 10(b) T B A B AR 2
P AL TE PR B A K H b b AV I, 78 S H AG ) A
D7 TR B TR 2 H AR A B S O, X B A
R A — 5 Bh 45 5 LB 10(¢) , 10(d) , 10(D) , 10
(g),10Ch) Wi 3k BT 48 &b w] LLE 2, BR T 4 HE )

() REZRFR

(a) Large different-scales

(b) PR K
(b) Large aspect ratio

B i AR ELAT AR A5 A AR TR 14 DR RUJE A s 1
H b A A0 w1 A IR i T — e HE S
B Oy A 00 /N ROBE H B 2o it a8 DA L% o LR A X
BN TR R BRI BRI, XoF A AR B T A | R
K K 5 AV AN T f T BSCRG I AE A A R R
B R B ACROR o S50 A5 R UL AR SO0 ik

(o) REA—- &4

(c) Different scales, dense (d) Multi-scales objects



U, 55 - 22 JURRAIE B2 S SR AR A Ak i g 22 RUBE H A G il 2477

() ARt
(e) Large-scale bridges

() AL~ #& 0
(f) Harbors and ships

() ELL Bl
(g) Dim background

(h) BRI KL
(h) Aircrafts parked at will

P10 430585 Baseline 76 HRRSD #4845 06 I 45 3R (221 P ¥ Baseline, N A A SC 6

Fig. 10 Experiential results of our proposed method (shown on the down) and Baseline(shown on the up) on HRRSD dataset
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Fig. 11 Example images from RSOD dataset
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Tab.3 Performance comparison of different algorithms on RSOD dataset

Faster Mask ) ) . ATy
. YOLOx™  RetinaNet™ CBD-E*™  CornerNet'"  Baseline

RCNN™  R-CNN" % MFC

R1 79.6 81.2 87.5 82.2 95. 8* 92.1 91.4 94.4

R2 94.7 93.4 95.3 99.7 99.7 96.8 96. 3 99. 7*

R3 85.0 85.9 83.6 93.8 88.8 90.0 90.1 94. 1*

R4 93.8 93.5 91.2 97.1 94.2 93.5 94.9 99. 5%
mAP/ % 4 88.3 88.5 89.4 93.2 94.2 93.1 93.2 96. 9*
FPS 4 15.9 17.5 61.3 27.6 — 56. 3 61.1 58.8
FLOPs v 38.7 38.4G 11.4G 25.2G — 12.8G 12.5G 12.7G
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Fig. 12 Experiential results of our proposed method(shown on the down) and Baseline(shown on the up) on RSOD dataset
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Tab.4 Ablation experiments on RSOD datasets(MFE)

Method mAP/% A FPSA FLOPsvy
Baseline 93.2 61.5 12.48G

+ 5 4 3% B 94.9 59.9  12.64G

+ ¥ A%+ SE 95.2 59.7  12.69G
BB +SE+HCM 95.7 59.4  12.71G
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&5 FERSODHIFEE ERERISLL (COS)
Tab.5 Ablation experiments on RSOD datasets(COS)

&6 TERSOD##ESE EXFIESLLE (SELCA)
Tab.6 Contrast experiments on RSOD datasets (SE.

Method mAP/% A FPSA FLOPsy CA)
Baseline 93.2 61.5 12.48G Method mAP/% A FPSA FLOPs Yy
+FRZ Ak 93.5 61.4 12.49G Baseline 93.2 61.5 12.48G
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Tab.7 Ablation experiments on DIOR \HRRSD and RSOD datasets
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