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Abstract: Remote sensing images of large scenes are complex, and have the characteristics of many catego-
ries of objects, different scales and changeable directions, which lead to the problem of multi-class,
multi-scale and multi-oriented of objects in remote sensing images. A remote sensing image object detection
method based on multi-scale attention feature pyramid network (MAFPN) and gliding vertex regression
(GVR) mechanism is proposed. Firstly, multi-layer feature maps are extracted from backbone network as
input of MAFPN, which combines feature fusion and attention mechanism. On the basis of fusing feature
maps of multi-scale, channel attention and spatial attention mechanisms are used to suppress noise, enhance
effective feature reuse, and improve the network’s adaptability to object multi-scale features. The fusion
feature map output by MAFPN is input to the region proposal network to generate the regions of interest,
and then they will be sent to the classification regression network. The GVR mechanism is used in the object
classification regression network and the four vertex offset ratio parameters and rotation factors are added on
the basis of predicting the horizontal boxes, which converts the horizontal boxes into a rotating box to re-
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duce the redundant area in the bounding boxes, makes the predicted rotating bounding boxes fit the object

more closely. The experimental results on the DOTA public dataset, compared with many classical detection

algorithms based on convolutional neural networks, show that the average detection accuracy of the pro-

posed method is significantly improved, which can detect objects of multi-scales and multi-oriented more

accurately, and achieve the robust detection of multi-scale objects.

Key words: remote sensing image; object detection; attention mechanism; feature fusion; convolutional neural

networks
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AICHE DOTA B L7 90ms, xgd 4
4G AN R L B AT B I SE Y 2806 1R 12 k4]
%, K% R~F ) 800x800 %) 40004000 A%5. 814
H Y B AR BB AR IC A LBk Y . ELTHHL . T
RIS NRVZEAR | R WS EEEKIG . MIBR
Y. PEERYZ . UMEE. MUY, CRHL. MR H
245 15 N, Horh AR HARER I 55 Z AR R Y
TEAR L 7 AUREE . A I 2Rt A i 8 s o H
B 288 R Lo A9 43 Be 4 4, 058 B 7 X043 i I 2R 4
AR AR AT, PR B EUR R TR, A
AHEBEHT UG, K EE T 2 R
B A3 A R AT 1.0 f5F0 0.5 f5 1Y T SRAE,
1.0 £ RIS AC T SRR AD FE B 33089, 0.5 % FoRAE
e Xf IR A EUS AT 0.5 £ T RAESR G HEATH Y, X
— R B B B A b an T AR b R R Bk 3 A
RRBE HARR W] e 76 2% 57 g gy, Jor AT i
RULHEAT 0.5 A% B T RAE W] LITE — & R BE 3 m o8
RREE BRI He ], B8 R R B A o 48 BT 1
TEOL. BT H R/ E R 1024x1024, # T
g 200. X FRSFAE 1024x1024 (1 EA%, i 7E
FUGJEFEIE 0 Mol 7o 1024x1024 K
/N, BCRT RIS i R 1R, O
PEATER Y. 3E 2T X R 7 2 PRIE R BT A ER )
A R/NEIh 1024%1024, i A W45 (80 F 48R N
1024x1024x3. #a5e1t, #EY 7o )55dn 4 b Bin
FUBE YA L A A an &1 5 BT s

1.0 -

0.8 |-

0.6

10-x55%
|

0.4

0.2}

0.0 - - -
0 1 2 3 4 5 6

YR
Kl 5 DOTA %diade v BAr RE YR L A5 B g1t

HE 5 Al HITEDY 78 5 B 4 i H bR REEDL
B L RCAB S A #E[O, 5], PRI A S5 36 Hheol Al A R
JEE A Eb 43l 15 R AT DL 55 4 B bR O L
M1, 12, 2, 1/5, 5]. {di FHF- XK & (average preci-
sion, AP)FISF-H7HE B #{H (mean average precision,
mAPE R P 6 b, Ho i i 25 2R 5 FLAEAE 1 28
It H (intersection over union, 10U){E KT 0.5 B4
R AE A, AnSRAE [A]—7 B[R A 2> BAE ) 1oU
fERT 0.5, NHCHA 10U e KA FNHE A 1w e
AR AR PR TR REFBC & R Intel 19-CPU,
NIVIDIA GeForce RTX 2080 Ti -, CUDA10.0,
CUDNN7.4, 256 rf i FHBE LS EE T Bk A 71 25,
Wt > I E Y 0.0025, FEE N 0.9, ENI{L
FREE N 0.0001, HtEAFIN 2, Wik eREh
S A, Ay, A S HBCE N 1, 1, 16.
32 XWHERRIH

HHEAS MAFPN g 2 B TR B
) 0 2B 20 R 3 B e A, A SC 40 i) o e R
RPN [F] 3 07 416 B A 28 2547 )11 2500
K, UL mAPAERIEMNFEDR, SCdgs Rk 1 R,

R 1 FREIEENRRI M EENEEERZIE %

I 245 235 4 mAP
Faster RCNN+MLFPN+GVR(FMG) 71.530
FMG +ili i 3 5 1 72.216
FMG +78 [H] {E 5 )+l i 2 ) 72.879
FMG +75 [H]7E 5 ) 5l B & I8 T 72.637
FMG -+l i 72 2 7 +48 8] 2 1 (R 30) 73.354

LA A R4S OIS [R) 3 R AR e ]
VATEAS [ R 2 b 44 g 190 26 A R IS 32, e T 25
LT A A8 P B DIE TS0 3 e T A B
AITPERE, I LR MR 45 i B R AT A
BRI PERE A, X 2 TP RE AR A Y
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i 33 %

JEAR ST T P 3 e T D AR N s [ 35
WAL T, KRS B ik 5 73.354%.
R T AE MAFPN 0] DL A5 450 12 BORT il
GRS, A0 5% ResNet101 51 W 45 4
) JERR AR 1] | JRAR AR I 40 MAFPN A4 AE
B BRG] A R R W R B AT ] Ak,
ATALALZE R AN E 6 .

X EEE 6 AT, FEIZR IR 45 MAFPN YRR 1E fil
A AEE SRR, RRAE E R H AR A X
(L0 HE b ) 38 A8 15 s, Xk R OR 7
MAFPN A 4FAE il & 2 & v B B e i 7R

a JRIRE & b. JEUG R &

T, BARELE XA T T S AR, fELE
H A% i D380 X H Ak AT 55 19 STk B R, o A
A —FFEIER] T MAFPN B 4 2.

H TUEBIAR SO a8, SeA—L%ks
M H ARSI A AT b, A e A I 2k Y
Faster RCNN(faster R-CNN trained on oriented
bounding boxes, FR-0)??, Rol #%;#:#%(Rol transfor-
mer, Rol Trans)®Y, R2CNNPZ | i X Il i3 M 4%
(rotation region proposal networks, RRPN)™¥!, CAD-
Net®, ROCNN++®12: - 3 2 R[] 7 Firs A R Bk
KT EK R AP A HEH mAP

c. MLFPN % H (R 45AE

d. MAFPN % tH i HRAE &

K6 R R s ]

H 2 2 7] 41, FR-O 1Y) mAP Jy 54.13%, %% -
4 Faster RCNN 14 7K -4 A o] U5 i SRy e e i
HE [T 0. F T A 00K 2 A2 Az Y RUBE s e sk
I FR-O e G — 2R iE E L b, Hgsz
PR A — I H 2008 [ 4% 10 A 1) 15 376 B AR 8
e, RO 22 RUEE B b A sk SR A
2. 52 M, ASCH) FAGNet () mAP{E T
T 19.22%, Hh a2 HERN) APEARE & T FR-O.

R2CNN Fil RRPN & H T4 2 J7 1a] SCAS kil 1)
Bk, TRVRE AT LAR FH 25 R g, A R ARy

Faster RCNN 24111, RRPN J&4% Faster R-CNN 111
RPN #4k RRPN, Az il 1 2 st ) A 1 IX 3, 7
A U HER B, BR T REEFIE L 2 S EZ 51,
WA —AJ7 [ AR s, Br DA B 0% Bl AE 2 LA 0
RHA B, R2CNN TE 43028/ H B Be B 1 48 25
KEHERTE 2 AN 43 3 A0 BN — A RHE [1] 15 43
¥.5 FR-O &AL, R2CNN il RRPN i 2 iy
AR DR LA — e B E s, (B TFef
AT A FH T I 4% oK S R A1 T AT T, A 28t
ZWR GBI AL IREZ S5, FROEfE BB ™ &,
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*2 AREEFHMNE—L BRI AP EREHE mAP %
H AR50 FR-O!# Rol Trang®! RRPN[ R2CNN!F CADNet!*4 R2CNN++% FNy'q
A 37.16 83.59 57.25 55.81 76.60 66.83 85.68
e 52.98 81.46 67.38 72.39 73.30 86.15 86.39
I 47.89 62.83 53.08 55.14 62.00 65.34 66.79
Ly 17.70 43.44 31.66 35.34 49.40 45.50 45.52
®AHL 79.42 88.64 88.52 80.94 87.80 89.66 87.99
HIHHL 46.30 47.67 53.58 48.22 62.20 62.05 58.51
vkt 47.40 58.93 51.94 53.35 67.00 68.01 68.02
&5 64.05 75.92 59.30 67.44 73.50 75.10 71.65
R 77.13 78.52 71.20 65.67 82.40 81.22 82.57
JEERY) 50.30 58.39 56.69 55.06 48.40 64.05 62.79
BRI 69.64 77.27 72.84 66.92 79.20 80.69 79.90
p e 38.02 73.68 56.19 50.91 63.50 60.17 74.15
JINEL 2 4 35.30 68.81 51.85 59.92 71.10 68.27 72.29
G2 89.41 90.74 90.81 90.67 90.90 90.90 90.66
WY % 2k 52.91 53.54 52.84 52.23 60.90 63.48 67.34
mAP 54.13 69.56 61.01 60.67 69.90 71.16 73.35
. ORI 5w AP AL
10 R0, RRPN®:  « CADNet®™; =FAGNet; T 3.79%F0 3.45%. R2CNN-++H L {1 i) JLFh 5 ik
O e oo, - RAENEE R LR, TR K AP (I %,
N BOR B T T 2RI R HORFAE P, 7581
N R - AT 4 5 B R O P 9 5 0 ) 93,
-3 IS S FEAERY - S B 1 R 2 20 7 )
EDN I S A KB 36 BRI 12 8., JF ELHC A6 R
0l ' t e BEAE IR E 15 DR HE, AR B R HEA TE R
ol ‘ AOMER FT ARG 2 55 F s, L mAP 353 71.16%.
ol XFLE AR, 7EZ R FAGNet 1) mAP {H
ol v v vy , i, A3 73.35%, HORE mAPE#E T 2.19%, Ff

B O A Il B
MR 28 T sy
o DOV
SEaeSll
K7 AFERERIAEREXS

X F 2 RE BB RIE R R RE e E AR, Hi
GRS B2 AT 9K &A%, FAGNet 5 22 A e mAP 4351
2T} T 12.49%F1 13.43%.

Rol Trans, CADNet L) & R2CNN++4 It F-7ij 3
HH mAP A TR KRIETE. Rol Trans B 7EiE i3 A
W ) TE e R M R X el 2 ) 3R 467 B AU R
(AR AIE B2 BOR 2l 38 B bR AS I PE e, HATH 0 FH B4
RO RO4ERE I #1770, CADNet )2 7E £ 2 4R E
&I Fl G B A F AT T SENet S84 RUEEE A,
FEFE A B BE ST A LR XUE B35S HAR 43
2k/H1JH. MF 23k %, Rol Trans#l CADNet ) mAP
ZHA K, FAGNet 5 —FH L mAP 4 5 # T+

BAEMUA . RAVAR . NI 0 W0 L Dk
BRERY . TRE DL SO Y 6 4 S5 R 4 H AR 2S5 11
AP (H¥ N B, JUHEMMY . KW . /DAL
R 45 RUBE /NI HL R &R 43 5 HEA B A2 10
H bR ARSI RO AT, 43 3 R AL AP {2
T 2.09%, 0.47%, 1.19%, 0.24%. X T#s 0 xAh
IR LB T BAHES 8 R B 21 H AR, FAGNet (1)
AP fHEHIRML AP fE$ETF 1.45%. XTI B LK,
FAGNet Lkt AP fHIETF 3.48%. ZiH 41T,
FAGNet 75 FFAF 4 HUER 23 A 88 A FH 221> RUBE B4
1E, 42 T WX T AR R/ HE R Re Ty, R
W H I A B PG AT RS B R, KR
PEm ARG BRAEE, fEE A GVR LI HE
U b 2 2] Sh HE YT e 45 8., DT A% 21 T A A 1Y)
BERE HAE . (HJEXT T AR AR BRI 5 RE K
H A A RS B A it 2k — 28 &, A LA T 2
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SRR (1) mARZ NIRRT ] DIAE— R
TN 5E B B R H AR R, (EIR AT A B 5E 42
G i T H AR RO R T 8T A9 3h 25 i B
PREEIBTEONE DL, IEWEE 3.1 PR, JRSER
FIAR B9 A7 78 2 T P8 R 28 X0 T RO H AR 5~
(2) BHREAF SN B S, Hop kY .
e EIML. RS L H AR S BB X
2B i) B ARE A, S5 JGIE FE 002 ) X4 H A

a 2Bk

N
N\
a8
AN
N
N
A
NS

7

3PP

AR
L

NN

L T PTCTTT T LT e

\@
v/
QIR W

_h \\

k. ETHIL I. Wk

m. #ERY

AR AE AR S X T HF I P AR LB R B 2
SRR H AR, HAGIPEREA) 7 i — 2 5 .
HiI/E 7 WTLLE H, FAGNet i M RE 1k I
HAUH A 7] — i B 15 [ i 17 18 ] 22 3
KRG EBRY /N AT LA ik, 7EA
[7] 73 3 ) PR AR P 89 [) — 26 H A 8 70 R BE
AERAAGIN 31, T XS /N R H b DL HE A 2 4R
(9 FARRICR B, A 45 R il an P 8 .

B 4
n. i o. M2

%l 8 FAGNet 7F DOTA M4 I 4 il 25 57 161)

4 45 i

B, TEZ A R RBLA R IR B A

Bt 3 AR A% B B ARG I 45038 Hh 22 RUBE 2 1)
H bR 6 0 ] &, A SCHREH PR TF 2 REEEN
FRAE 4 5 X 28 RN ¥ 3 T [l S ML) H A G D
% FAGNet, HALHAH 24-J71H: (1) i FFAEERHL
M2 MAFPN, | FHUREE FAE 4 - I S5 M A TR IR

JIREHE S AT R AE AR B R TR, Y 5 I % T
Hir 2 RIEFHERRAERE ST, (2) 7ERIHMBIEIA
GVR L, Jinsi R 25t F A6 7 ) 5 bk A4 2 4E 07
e e ). SSIIIE ] FAGNet fEf% T N o Hb
6 00 2 e P A5 v O [ RUBEAS T 7 1l 19 H b, 0
SR RUBE 88/ I L2 4R 4 A1 1) B B A D S8R e -
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