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Abstract: Objective With the emergence of convolutional networks in recent years, deep learning-based object detection
algorithms for remote sensing images have achieved considerable effectiveness. Compared to object detection in natural
scenes, object detection in remote sensing images faces remarkable challenges, including arbitrary orientation, dense
arrangements, and multiscale distributions. Traditional bounding box annotations use horizontal bounding boxes aligned
with the coordinate axes to represent object locations. However, using horizontal boxes as anchor boxes or proposals for
detecting oriented objects leads to notable drawbacks. Therefore, object detection in remote sensing images generally
employs oriented bounding boxes to accurately describe the objects. However, the existing oriented object detection algo-
rithms mostly identify potential regions using predefined anchor boxes. While these predefined anchor boxes can assist ori-

ented object detection algorithms in recognizing objects of different scales and shapes, they also have notable limitations.
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First, the anchor boxes are predefined. Therefore, any deviation of object dimensions from these boxes can result in
decreased detection accuracy, potentially leading to higher miss rates or false detection rates. In addition, the number,
scale, and aspect ratio of anchor boxes must be determined based on experience or parameter tuning, which can hinder the
model’s capability to generalize across different scenarios or datasets. Second, anchor-based object detection models often
define a large number of anchor boxes to cover objects of various sizes and aspect ratios to achieve a high recall rate. How-
ever, this phenomenon notably increases the computational complexity and further exacerbates the positive-negative sample
imbalance problem. Additionally, remote sensing images often depict highly complex scenes, such as dense urban build-
ings, which introduce a substantial amount of disturbing information in the images. This complexity makes it challenging
for traditional feature extraction networks based on classic backbone networks and feature pyramid networks to accurately
extract and highlight the important features of the objects. This paper proposes a novel high-precision oriented object detec-
tion model for remote sensing images by combining supervised mask attention module (SMAM) wand anchor-free oriented
region proposal networks (AFORPN) to address these challenges. Method In this paper, a two-stage detector based on
region-based convolutional neural network (Faster R-CNN) is introduced for oriented object detection in remote sensing
images. This model comprises the following four components: the feature extraction backbone network, the SMAM, the
AFORPN, and the R-CNN. The main contributions are as follows: An SMAM is constructed for the extracted feature pyra-
mid to focus more on the object regions, suppress background noise, and achieve fine feature extraction. The SMAM com-
prises three parts: multiscale feature fusion, spatial attention, and supervised mask enhancement module. First, a sub-
pixel convolution technique is adopted for the multiscale fusion of feature pyramids to achieve the unity of spatial scales by
upsampling the feature maps through convolutional learning and channel rearrangement, retaining more object information
compared with adjacent upsampling. Then, the channel attention mechanism is used to learn the weight coefficients of each
channel and adaptively fuse different levels of feature maps, improving the representation capability of the model for input
features. Subsequently, a self-attention mechanism is employed in the design of the spatial attention module for the process-
ing of fused feature maps, allowing each pixel in the feature map to consider the information from all other pixels, thereby
establishing a global wise dependency. This approach contributes to an improved understanding of the image background
and semantic correlations within the model, thereby enhancing its capability to comprehend the surrounding environment
and suppress the blending effects due to fusion. Finally, in the design of the supervised mask enhancement module, the
model is guided to learn the semantic features and object contour information in the form of mask loss feedback , which dras-
tically improves the accuracy of classification and localization. An AFORPN is proposed to avoid complex and redundant
anchor box designs. The AFORPN comprises localization and classification branches. In the design of the localization
branch, the keypoint regression method based on fully convolutional one-stage object detection (FCOS) is adopted, and the
gliding vertex technique is introduced to achieve the generation of oriented bounding boxes. The prediction of midpoint off-
sets effectively alleviates the sensitivity issue to angle variations, allowing the bounding boxes to better conform to object
shapes and improving keypoint regression performance. During the training stage, based on the spatial alignment between
samples and objects, as well as the regression performance of the samples, a new label assignment criterion is proposed.
This criterion gradually improves the weight assignment of regression performance through dynamic adjustment, enabling
accurate label assignment and effectively mitigating the inconsistency between classification and regression that may arise
from static heuristic assignment rules. Result Ablation analysis is performed on the dataset for object detection in aerial
images (DOTA) dataset to demonstrate the effectiveness of the method. Experimental results showed that the proposed
SMAM and AFORPN improved the mean accuracy precision (mAP) by 1. 52% and 2. 65%, respectively, compared to the
baseline. The proposed approach is evaluated on the DOTA and HRSC2016 datasets, comparing it with other oriented
detection algorithms to demonstrate its state-of-the-art performance. Without special processing, a mAP of 75. 36%, which
is higher than most oriented object detection models, is achieved on the DOTA dataset. On the HRSC dataset, the model
also achieved a mAP up to 90.51%. Conclusion Extensive experimental results demonstrate that the proposed SMAM
improves the quality of feature maps, while the proposed AFORPN generates high-quality region proposals, thereby further
enhancing the detection performance of oriented objects. Overall, the proposed oriented detection model, which combines

SMAM with AFORPN, exhibits promising detection capabilities and can effectively adapt to complex oriented object detec-
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tion scenarios in remote sensing images.

Key words: deep learning; remote sensing image; oriented object detection; anchor-free; attention mechanism; multi-

scale feature fusion

0 3

][l

W 2 SRR R B 2 G v E 6 M 3 2 e TR
b REE H AR ST R | b A FH BT R A
SEOURARAT B O B, XA R R H kI T
BB TR

TE R JE 2 2] F 4 LA 28 9 2% (con-volutional
neural network, CNN) [ #fE 3 & |, 5 T /K °F- i FAE
(horizontal bounding box, HBB) A% LA # FH H AR s
TS T E R GO FIE e, 2021) . X4
305 FE R T W SR« 9 [ B I AR B4 A
Horp P BG4 6 H] RPN (region proposal
network ) FEH X I $E 1 (proposals ) , ZR 518 18 CNN X
DRI T Ar 2R AL . AR AT
Faster R-CNN (faster region-based convolutional neu-
ral network) (Ren &%, 2017) Fil Mask R-CNN (He 4%,
2017) % o H [ BRI SR WS ) L4 A A CNN A
TR FN FAE A% . ACRMERYSIEA YOLO
(you only look once) (Redmon %5 ,2016) . SSD (single
shot multibox detector) (Liu 55 , 2016a) Fll RetinaNet
(Lin%§,2017b) %% .

SR, 3 SR PR A5 rp R 23 A 2 B 7 1)
WA HES AR A, RIEE HBB A I 5595 5 ARl A B %
B TR R EE . T e B PRAR AROCHTSE
A5 {5 B4 HBB 5k #4175 1) 2 FHAE Cori-
ented bounding box, OBB) #5537k . H i 3 it 19 &
Tea e 0 B0 R 22 kT A T A U SCRRE BT
Ma %5 A (2018) fii H RRPN (rotated region proposal
network ) Il RRol (rotated region of interest ) i f& iy H
{F & J5 1 1 OBB; Rol Transformer(Ding 45 2019) 4%
T B A AEAL Y, SIS Rol #4518 RRol ; Glid-
ing vertex(Xu 5% ,2021) #& {11 7£ HBB [ 4 554 i 321 I
T Sl THE R 78 OBB.

BARFHER) BT T RIRLAORS B (E ok
TR, 1) KR FUE SCRTHERS R T AR T
SR 2R T ELZE I G A rh AR A B A 1 S
R REAS AT ™ A TE R AR SR A R, 2)

HT TR E 1) RS R 5 v L T, A5 A8 7 A ARG iy ]
ST AN E B T RE 28 3] DG C PR ME A )8

YT LR ), JCE RIS i T 25 R TR 2, OF
IR P 2 SCRRAE T 52 3 BOR B 2 1 OG I . JoR
R Ao R O O R (B A A e PR AEL B P s ) ok 3k
AN IEAEAS I B4 PURRAE v [T 03 Y H s 5 2 50 Fn L
B ilhn, 5T HBB AL 5.9 , CenterNet(Duan
45, 2019) i — >t fUOR SRR B bR, JF BRI
HhC 57 B AR [ AR R A, an B AR/ (AR N
%A . FCOS (fully convolutional one-stage object
detection) (Tian &, 2019 ) 3 13 T A% 25 55 2 K- AE
4 2RI 0 BE B R AG I M) AR Y 20 FAE . T AE OBB B3k
H, IENet (interactive embranchment network ) (Lin 55 ,
2024) 3 F FCOS(Tian 55 ,2019) , i ] T2l 57. 43 300k
mIE T S8 Axis learing(Xiao% ,2020) 38 1+ B
TR R P15 2 0l RN 58 BE R AU H AR . BBA-
Vectors (box boundary-aware vectors) (Yi 45 ,2021) 3%
F CenterNet(Duan %5,2019) , il i 5 11— 2 HE 1 Lk
)R E 7 OBB, X SETC Ty I AE AL BRI T390 2
PRI 2 ] A AU 7 T 7S HR AR R AT g

A, AR AR A A0 A (75 22 SRR AR T — IR
HEEEZ HERNEFEE, X AR IR I bR
FRAERG I T RIME . RERBTSE C 280, TEE L
I 7E EM% 53 25 (Wang 5, 2017 ; Zhong 25,2017 ) Fil—
J P AR R I (Liu 55, 2016a) 55 A0 56 vy FH A BOHS AN
AITERE o PRI , P20 T 5 [ A A 7 28 R R % 14 A6
FEHY (R AE  Th 455 T B D B BT, B, Yang
AN (2019) f ] P15 2% 3 7o 0 2% R 1 7 T P 45 2
TSGR AT Mo B 2 2 T T 2% DR 40 o Mg 75 O € i 5
Li 55 A (2020) $2 1 —Fh 22 R 23 (]R3 B L
il 57 19 24 P8 N 2 A0 — A B 22 b DG T o = [ 5
(A 5 Lin 5N (2022) (5 1 HA 0 —320 F U 7 A
HOR B BUE ) H AR HoL A XA RHE ; Zhang
SN (2021) 4 FH J7 o) T SRR R 14 58 T 1] SURCRE
DLSE RS 0 i g e H AR Im1 0

ZE b ARSCRR T —FIET B9 o E 1] A AR A
T 5, BN RS BT S TR AL, e 2 S
B W Dy e RN TE R ML, 5 M 1 R PR R Y



$30% /E 38 /2025 £3 A

£4B, BE, &8
BT W EEENNEREGER B REN

DX, (75 A5 AR T o b 2 2] H A 0 58 R 45 LR
SRR o HWR X TR I TUAR I TIUE SCRAE , A4
& FCOS Ay T i HE JE AR BT RPN, 3 i JC 8 5 B 4%
[5] U4 OBB, 5 Il i 114 vy o £ X B HR A8, v oxsd 7 4
JEAR B R T | A SO PR R B L 500 A% S50 1 J7
K, XA T RS T B bR i A B2 U )
WAk, 72 RPN B IR B, AR SCR ] — B bR 28 o3
T SR R USRI SORE I A e A AR 48 B 3R
W o XS EARIESE & T HEA By 23 Rl e s
R G v B T 1Y) RE T, RE A% S5 B RS B A B
25y Te , N4 ARV RE

ASCHY FEEAHAE T - 1) 255 = L
A W O, Bt 7 — D B A
(supervised mask attention module, SMAM) , M 1fij $
o 7Y R AE SR BCRE T 5 2) 2T FCOS 5t a5,
T A HA BT T — A B T OB SR JC B A E ) X

Bl B B 2% (anchor-free oriented region proposal net-
work , AFORPN) , 5 B th e ot X B4 085 3) 4 i
PEAS B 223 ] e 36 £ JE A0 A 1l s i o 0 B BE T, i
P T — Rl P T D0 G DN Y bR 4 0 T SR S, S B
IEREAR B B AR, AL T A i

1 &= B

WL AR SCHRE H %) G T ASE 780 366 1 T i Bt
H F5 A8 1 #2 Y Faster R-CNN, 405 LR 443843 :1)
HH PR FE B B T R 2% Backbone; 2) H TRl & £
FROBERFIE , 308 20 1 B ) WL A7 5 S 47 ol 7
RS 72 S M 2% SMAM ; 3) FI T £ R H bR il I
7 326 e JT e DX I 42 18 1Y TG i 1) DX I B L I %
AFORPN ;4) F THE BUHE 1) 43 2R [ )= 8 4, I A
T 2RI 25 S 1) R-CNN Head 145 .

Cls }
IXHXW |
I

|

TR ﬁ ik

AXHXW |

( Reg |
C[imm

|

CF CF{ |
Reg,

K1 REAIES
Fig. 1  Model framework

1.1 $FHEREETME

XF TR AR £ BCE T M 48, AR 30K ] ResNet
(residual network) (He % , 2016) Lk J2 FPN (feature
pyramid network) o H:H' ResNet F| 1 #7 T4~ 5% 22 %
TR B [ BE A9 FRAIE (5] (feature map) o FPN 3 13
A BT AR TR B2 B D E SRR R
AR, SR 05 5 4RI 1Y & 2 PR AR B HE TRl L 52
X 22 RBERHE A A B0, E T4 21 fe 4 A R AR
KIS [Py, Py, Py, Pl iXSCRAE RIAR X T A&
R EA 18, 16, 32, 641 R EHIRZ Y,
1.2 BEHEEEIER

5 H AR MG AR LY, 18 5 fd) A6 0 T i
TEZ R PR 9 a0 52 2% SRR X S8l i) 52 e {5 75

H bR 515 SRR R 22 0] 14 3 S AR A BRI AT 5 DA B T]
— HAREA R UG rp R B B R AR IR 22 25 . X
S D] 2R T AR R P, DT X S 52 g
WAL T i bSO, R AL A W
05 ¥k AT AT RN R X Be Bk G . Z R &, AR SCHR
SMAM, il 3:f 28 45 142 3 1 MLl A A Wi O vk (i
RS T N SG7E H bR B8 58 LA Rl SCRRAE , F LA PR B
Je S5 W A 0 D 2% 7 A TEORS Bf 1) TIOIAE o [R] 2 BT
7N, SMAM H 3 #8504 B, 43 5l 2 22 RUBE AR AE Al &
25 [R) 73 7 FI R DA R W i b e A e
12,1 ZRUEREaE

FEAE A S SMAM R B CE B Y —FR . SR,
AR 2 MR 48 3 A (L SRAE AN ] R A

699



700

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

i 1
| SAM ! ( : ) JA—1b
! !
! Reshape D Reshape !
: ‘ P N p;‘ ! (5 it
1 T :
I C><HW F'o
! CXHXW CxHxW! @ G FAR
! Reshape T '
I 1
| ‘ >' > — : (©) itz
™ K ClkxHW D i
L OxHXW ClhxH<W ? —)@—> 1 sub-pixel AR I KR
1 1
I 1
Reshape :

i ’ b i DOT: JiF4 AR
i o HWxCK, HW < HW i
I 1
; Clk xHxW !
e i

o P N

el > NxHxW

'—)G P> FCReLUFC—> (1> Reshape > ([T J—> (—{f— ®_>

PIXeI
—>-—>-—
'—)@—) —>‘ 0
,/ S A T CxHxW

FAEPE kR FRAE T, ¢ R

4O % Hx W 4Cx1x1 4Cx1x1 4xCx1x1 4xCx1x1
Reshape
e 1 e e i et i e o
K2 RIS R R
Fig. 2 Supervised mask attention module
PEATRHIERE S I A M e Al b TRk SUh, PR
ROX I3 ANNF 2 UCRAIE Z (] B0 22 57, NI P AR TR &AL JlIER S, (v, y) Fos LR

I, S T R @A AR TR . R TR R L
AR SCHRE T — OB (G R Al A

T4, B A% ARG — FPN 4 R AF [ 4R
B R RE  WME 3 PR, TR R ERERTEE
R 30 0 3 FHE PG 25 3R w0 0 R A FR A
G HERRRIE B LAICE 3= 5 B RHIEA B, J5 & DK
& RRAVERS B RHAE BT ERT AL, DAZE R 4
FAEAE . SCELANR - X T 4R E B IE L P e R,
e H— 1 x VSR Tl Y R 8 R AR
HHX WX (Cxk}), 8RG8 R BB
PEATEHE, LR KRN ko H X kW % C Y b RAEFRE
Fl, HHEAFRRAN

Y. =P

() l{kiJ {%Jc+ x mod (k) + ¢ X ko X mod (y.k,)

I,

(1)

(e LT VAR (]
ARSCH b BEE A 2, (T 4 S R AT 1 T
fiE L%#ﬁtd\%—ﬂaPEI‘J*I‘EURJ}%,ILH:X#?P

P, il It 242 75 AR R bR AR AE S 80 ROE
gjﬁ_
|
NG |
|
PixelShuffle I mc
H | Nk:
1
i |

kw

0

K3 ARRER R

Fig. 3 Sub-pixel convolution upsampling



$30% /E 38 /2025 £3 A

£4B, BE, &8
BT W EEENNEREGER B REN

HR R I TE 11 ) A& Rl G 2 ROERHIE
SENet (squeeze—and—excitation networks ) (Zhong K
2019) £ Hi AN [R]FRFAE 38 18 78 A6 04T 55 19 ok 0T A
AR, 187 B AN 7 125 AT BB T 12 78 40 1) T 44 38 1
A5 B o PRI, AR SO LT 3l T 2 P SE BT
%A 3 T AR 1) B 2 R R el A OC B R fE i T AR AR
LG, T4 = il S R AE py B . AR IA] 2
JIoR  FEAR BRI AR 4 5 1 4 2 RRAE B, AR AR
T8 8 2 P T PR T 5 A 21 CAM (channel attention
module) BEH , CAM i i 42 Jay it AL A5 1 LA B 4 3 422
JEXF H AT AL BRI — > 1 x 1 x 4CTHIE R
Kl 2 SRR )8, A ) 2 2 1 B Mt 2 A [
(), AR SCKE DR R AE LA K T 38 ) R H X W x
4x CHITx1x4xCHRIE, RIGIEZRYEE EXT
A48 5 B AL HEAT softmax #24E , 15 2] 15—k 1138 i
RO, PR 5 BHERFES TR F AR, e i
FHIE B 22 18] 09 B8 3 A 44 |, 15 31 e 4 Rl & 4
fif F e R™™,

1.2.2 ZE[AIE R R

R T ARG T RE D I A TR S RN LA S A AR
ik 22 1] B8 B B A O 22 R 1 5 il 5 R IR A9 3R 5
AT T — 28 [ I AL (spatial attention
module, SAM) . F| FH % A 3 31 N ) SC IR Bk
FUAFAS IO R R E A, [ N R R A Re fE 4
g, BRI 2 F7s i Se s Al G AR 1B F
AFI3A 1 x 1 B IFEAT R 2 3 M ER . Q e
RV K e RPVCTTY e RO, Sk R
AREE TEAS SCBCE R 8. ARJE W B S 1Y QL KA
PR REAR Il 3 — A 15 B 2 R R e
NHREED e R™™™, M5 K2 1 K D 5 HHEE]
VAT HE B AR SRR AR I F R AT A L 15 B 41k iy
EE F e R,

1.2.3 MBI aR s

e AEARAS A0AL J5 B R AR BT R, B AT
Fe AP S A AR O RO AT AR B, ) A
B AERS M e R (N R R 25140 H ) A H FRAL
HA e R™™C, IR 5 0 HERS B 2R S 15t | I 26 4 15
HARACE , DTS2 B i 8 S A AE , B9 5 H ARRRAE
T 2 7, e A A 9 i A e i) 4 36 ey T > 3 5
A, H AR N i 53 3 3 x 3B B ReLU 377 pR
UL < VBRI BFRACE 70 30 1 x 1485
Fil sigmoid T PREHA K. HAKA

M = Convl(Re LU(Com;3(F’) ) )

A= sigmoid(Convl(F'))

0, =A, xXF +F], (2)
Krp e FRBIE RG], (i,)) #rm FRAEFREE 1Y 2
(R

WA, FR T A I S A rh A TR U bR
T PRIHAS SCHE B AR LB HE N 45 3% T 58 S L2001
PR, LA 3 50 5 5 AR 1R 0, i i P FE RS Y =X
SCER WS o X T AL B S, SR B Focal Loss
(Lin 5% ,2017b) FHUATF5E . [RI0 25 & B4R AE 5] O
HAWZM HRE LS, FIEA SO RHE E 0 8 3 45
ERAEAETT 5 546 FPNAFER L Py, Py, P, P ARFF
KAN—B ARG PA TR AN, 15 3 B 2 5 Rk
KIE,, E,, E;, E}.
1.3 FHHIETE [ X 1R 13 W 4%
WE 1R, 25k SMAM B4 5 5 09 5R 1 K E,,

E,, E,, E,} #%i A %) AFORPN [ %% h . AFORPN %]
2630 1 B B A B FRAE R R AT b B AR il — 2
B R T B OHE . 7E AR BRI AR, AFORPN [ 45 4
X RN RUBE (R RRAIE [ 1A T Bl b 3, B B4 AR AR
& bz 7 MR 9 AFORPN R 2%, L 77 A 455 4 (i 3300
HE o Bt , AR FH R AR A0 ) 7 2 DA A= B ) 500 A
HHR B B B A DUAE . AFORPN W26 (1 152 31
T FCOS, Hk il AL & WA~ 73 3 58 13 S T
WA 2 DX 2 5 A E A 5 T4 24 43 S 7 9
DA X3k 9 30 FEAE . LA X AFORPN A3 7

TR
13,1 Al S

a4 iR, —A4> OBBEH I (X, Y., W, H,0)
KR, HP (X, Y) Rl 8 br, W, H KR
OBB ) 9 . 151 , 0 €[ -90°,90° ) F/m X i T OBB iy K
B W5 i Z BB I . FSDet(detector with feature
enhancement and soft label assignment) (Yu 4§ ,2022)
PR AESET FCOS 9 HBB 0 (1 KLtk 1 34 o £ B
W53 32, FH T3R5 1 R o ELAR UG, X T AR AIE ]
b —FEAR S P(x,,y,) FE N4 OBB, FSDet 2K I —~
SHefdEd =(1,0,r,b,0) KMGARAT, A, L r FlD
FRHEAR PLEJR EI AR T 312 OBB AL . | A FTE
) ) 2 LI B, 0 T A B

B2 TR B B e R ) B AR BN TR
TR AR 3 A 745 H: OBB X T /1 AR 1k -+ 40

701



702

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

S, B AR A R R 25 o B BRI o A
(intersection over union, loU ) [ R 33 T F& , M T 52 M)
R DRS B2 o PRI Ry 1 G2 A ff 8 1) B ) R, AR XS T
R BT, AR SR T — b e 500 B F50 0
ik e WE AR, s 5 A A 0 Jy vk 3 o — A4
HBB(X,, Y, w, h) VLKA T H 5 e i v i B
IR (o, B)KFIRN OBB. it o] 5 f # B 25 5 F
I 321 B B EE , A AR IE HBB B30 () AH X6 Vi 3l I B
I, 5 FSDet £ Y £ B2 B #0000 AR LY , 3 A i 7%
T 77 3 A5 LR T OBB J7 ) i A0 B /N
PG, % FAEA P,y y,) 60 i AR A7
(w, y) AT LAERIR R

x=BJ+xaxSi,y={;J+y“xSi (3)
Kb, s RORFFER E 1) RS2 B, -] R 1 T B
BB 2% B T AL WIAE ) mLE 2 800d = (L, ¢, 7y
b, t,, t,) ATLAZRIR N

w h
X - xn_j Yy - yn_z
l= b=
S S
[+ %)-x  (red]-y @
2
r= b=
S; S;
o _B
! w s h

K, (4, 1, vy b)FNIZ AR N HBB DU 1 ) 3 1
P 5 RS2 B 1 LU AH, (2, 1,) 7R 0 FUIR RS 1 5
HBB X R B B b o AR08 R IEAEAR T, 3 H AR
(T RRE Qo ik
1.3.2  FRAR% 5 Bl m

FCOS M4 FE A 5 FLAEAE (7 B ¢ R TR 2
SYBC, VR TERE G SO IEREAS  FEAERE SR S

o

K4 HFHES K]

Fig. 4 Explanation of bounding box parameters

FREA . FCOSR(Li % ,2023) 4 H i FH o 30 5
LR R BOR TR A AZ B 5 (A AE () G B, A
A TREAS T 1E o R I R EAS 9 AH DGR S A7 1Y
ST 1) 0 2 1) HE I AR AR g b X 5%, RS2 X T
K8 LA K B bR o 3% (AR [R]7  9 IE AR A LE (o]
= PR N s T N P A 3 B S N A
T & S SO 4 B 2 43 BE 1T BE AN A5
M AEN it B 5| AFRZEME R 52 DAL(dgnamic
anchor learning) (Qi 45, 2021) 2 H O VTR B2 19 )5 &,
ARSCHE T — Pl A TR AE R ) E A I B b
2y PL R W o

5T 0T EAEAE A B, AR SCR FH 22 )2 B0 )
SEAR AR H A /N FR S 48 S FRIEE . Bk
Ui, X T — A5 2 B AE 18] K, JH T FR 23 I X TR
Lkysi/4, dkys? ] b, VR SO DUJR R TE I 76
ARICBEE N 16,5, TR FREE E B2 8. 5T T4
TE K] E, 43 Be X (8] 4 e /IMEL, A SC B8 0,6 T E /Y
e KAE , ASCE A 1000 000,

SRIG BT XHRRAE I B A e — N REAR P (L ) Y
PRI, FEAR SO S5 G % I8 T H S 4
E, WP AE—EAEHE G(X,, Y, W, H,0) iy %5 8] S 5 {5 5
PR ST F50I0 (%) 52 TR AE B, 5 G 1 ToUAE . HbR B0
Bt Sk

F(P)=2g(P)+(1 - )IoU(B,,G) (5)

R AR RAE K T, g (P) F /8 —A> i 0 5% B pR &

B, R THA P 5 EMEECHERERGEE . B

PRI ARG — A AT — R 1% 2D w5307 2% 1 pR AL

K Fm BAGHE G 5REAR PIERZ BT AL, R
TE XK

a(P)=exp| = 3 (P -l E (P -] (©)

A, g(P) e (0,1), TR 2ZHE ,uEmy
. XFS8S, umikith

S=R,x3,XR), p=(X.Y.)

ot S FA R
A, 3 RN AESET OB P 7 2550 , R, /N iE
AR SRR . AR SO g(P) Y BI(E R R 0. 23, LIFE
YN 2 ad 75 A S e =5 H B DX 3 i REAS T3, I A A4
K% /s B AR ietS 31— & Ok IEAEAR T 55 .
W, X5 F/NT R W REAS s H R 43 R SRR AS i X
TR R IEREAS , SR AR AR 25 43 T ok s 361 71 7
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U B = W R s R/ s v R 57l e o NI
HArHess g(P)BUBEBE K ELAEAE .
R T SE B AR E A I o LR R OE R AR Y
I, AR SCGE AR IR i B R A B 2 ) S 0 {5 B
AR, HsE N
A1) =

1 1 <0.1
5(Ag—1)xt+1.5-05x2, 0.1<:<03 (8)
Ao t>0.3

Ao, e FoR M aT I 2R QRS Bl Rk AR gL
B . 7EARSCH K AP) B BN 0.5, A, B
4 0.25, Al —A> EARAE G 1) i s 38 A
A AR SO He b AP B R B RE AR 3] 43l TEREAR
PAPRAIE B — > FLAEAE AR AT IEAEAS

1.3.3 ik eR%k

AFORPN A 45 2% R 43 2548 % 1 [n] 05 453 2 44 1l

W5 Focal Loss(LinZE,2017b) 38432541 2k BAR AR
I fi e 1O SRR A RS R R (EZ A 200 T
53255 [l 8 AN — 250 R) R B SR AR AR 1 B Bt
2 W R O A A USOHE PR TR 28 A B TN B 1Y
MG, EXFEIEH TR SRS EN G
SEMST AR, P Z Rl = 22 H R T S R
R 8, A SCAdFH — B 26 (quality focal loss) (Li
25, 2023) VR 4 280 oA B, 5 E AR A s 07 T B L
PR A BRI o ORI AEAR I b fi e 1 £ B
AP ) R, e 5] 50 28 5 mUHE A i .
SR E LR

Ly (@) =1 = o ["((1 = Dlog(1 = o)) + Iog(c7) )

(9)
b, TR BUNAE 5 EAEAE Y ToU M, o s AH I Y
KM E g FoRBCE R T X T EIEB R, T 2%
it B [ 01 55 T ) 2 — SO IR, AR S
SR Yu 55N (2022) S A4 1) 453 26 52, 4 HA) 4y
PR AT, o3 5 2 7K 11 FERE A [l ) 45 2k L i
e U RS [T I 52K
L. (d,d")= Ly ((Lie,r,b) (1,07, 77, b7)) +
AL ((tas t): (2o 1) (10)
Krh,d=(,t,r, b, t, t,) R BFHENZ%, [F 2
d"RINHNL HAME o Ly 2K H 1Y /2 GloU (general-
ized intersection over union) $i 2k (Rezatofighi &
2019) , L, K H A S Smooth L1842 o XF T £ B
RAE AR SO T Yu S5 A (2022) 42y 31, H

HH0.2,
1.4 R-CNN Head

WA 1 s, R-CNN 11 57 X7 AFORPN A= i ) $2
WHESEATALBE . 25 JE MK Lin 25 A (2017a) 32 Hi A i
SR, R-CNN 5 32 TSOHE B 5 321 45 22 O RRE B2
$2 45 38 1 RoiAlign FAER X IRARRE PR 3£ R 7 x 7 1)
FRAE B 5 SR 5 0 o A B 5 2 0 i B2 T
ZEFNHREISCHE [m] U519 5 5 2 R AN 45 2R

X TR CHE (1 81, SR B 3R 9 s D 7%
WT53 . WK 4 s 8 T — D2 IHE (v, y,, W,
H,0),[FFEETLMEH (v, v, w,, h,, a, B) T,
MR 25 = (t Lo lys Lo L 1) TR

_limw) -y
Cow Tk,
thlog(:j)’th:bg(:) (11)
ta—a;}ﬂa,’tﬁ_ﬁgl,

K, (x, y, w, by o, B) RARZE R-CNN 5 1Y
PHE . [WIHE, ARG e = (o0, 0 00, 00015 ) IRE
m ERE,

X R-CNN (Y1 %5 , A SCHT U6 Faster R-CNN
PR A 0 P SR W B 2K PR

2.1 HIBEMLIINE

DOTA1. 0 (dataset for object detection in aerial
images) (Xia % ,2018) J& — /> H] T 1& & K4 B Ak
T KRS R4 , BAT OBB {8, £55 2 806 iR 4]
A 188 282 > Hiw . X 28 H bR FZ 430 15428
S, ALFE KHL(PL) #EEKI (BD) M4 (BR) HA2Y
(GTF) /NRVZERR (SV) RS A (LV) S5 (SH) (MY
Bk (TC) (iKY (BC) i (ST) L 2 Bk 3% (SBF) |
B AE ST (RA) (s 1 (HA) ik i (SP) A EL T
HLOHC) o A SOl AR HER I 25 g0 ik Al i 4 4o
O3, o AL 1 411,458 #1937 1®EM% . T DOTA
Bt P A GRS M 800 x 80012 Z£ 5] 4 000 x
4 000G R AN A SCfift 1B 7 4R A i T B K 5 i
GRS B 8 200153, R 1024 x 1 02414
TG Sk S H, ASCHRECT 9 736 4Nl
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HRSC2016 (high-resolution ship collections) (Liu
45,2016b)JE—A~ o HER AR B 4 5 T
1 061 i FI&, LRIl 254 | 50 UE A ATl 42 435 4
436 R MR (181 1 [R5 F 444 R ER , RT3
M 300 x 300158 ZF] 1500 x 90015 Z A%, I Hih=%
T 20 22BN, B Z R SMIERRIE . A3
W B L 46 30 T 5 R 80018 K |, Kl s I iy
PG A i HE 8 R 3 KN

AR AT AE MMRotated HEZR |38 . BRdE S
A UL, BT S Y 321 2% #8 R A ZE ImageNet
(Krizhevsky % ,2009) - il Il 5 ) ResNet % £% , 45
U P B AILRE B A Ak a8 267 0 Ak AR s A
B4y B M 0. 000 1 /10. 9, I HAEYI Zkad #
it FH BEATL B0 2% PN B AIL e e F A T R G5 . 4E DOTA
BARAE ALY 25 12 4> epoch, #1] 1R 2 2 KRy
0. 005, 7E 55 8 A4S 114> epoch I 27 > Z/N 1048
TF HRSC i dia 4 I, BERY AL 25 24 4~ epoch, 2% 2] 3
5 Bk E , FETE S 16 FIEE 22 4 epoch B HE 17 %
Mo AR SCHEFE 3 T — > NVIDIA GTX 2080t it 15 &
L VNRBER LR RN B 2,

AR FHAE Y e A 2R 2 {E (mean average preci-
sion, mAP) PEAl BT A S50 AR IRS B
2.2 MRS

KT VEAN S T A2 A B ER, 75 DOTA #5045
S AT IR SE S . O T A LA B T XA i A
HEA T4 2 B2 A, A S50 (8 AR TR 9 2 4501k
B RS ZE RN 1 TR, FCOS-based /R 7E
FCOS Y EERl 1SN BE J3 Sk S8 1) A

1) SMAM #5 e 1) 8 fl 43 #r o i 3R 1] IR
WA R 45 72, 97% 19 mAP AR, { FHAS SCH
(1) SMAM #EAT REAE G 58 5, BET A9 mAP {5 5] T
74.49%, ST 1. 52% M HETE, R BT T SMAM 1
BPE . T HE— R SMAM BRI S R T
AN TR R AT T B 3R o B 1 AT R T R LA B
FPN () ARE IR P, P,, Ps, PPN, 55 2470
JEIR T MR BOHERS BR A LA K 283k SMAM 3838 )5 145
fEEAE,, E,, Es, Ef 9 #E v LW S 3], 38 i
SMAM 3458 J5 , A &% 08> T FPN [ T[] T 5o 72 H
TUARAR s T R0 0 BARFRIE, RIHE & T
s X 3ok 1 i 25 o O 4% Hin 1 R i T 11 0 LT
T , NI EACEE T e 2 R T 45 2

F1 FTRUHRRTEDOTA HiEE FHE A7

Table 1 Ablation analysis of proposed modules on

DOTA dataset
SMAM  FCOS-based RPN AFORPN mAP/%

- - - 72.97

J - - 74.49 (+1.52)
- N - 73.42 (+0.45)
N N - 74.96 (+1.99)
- - N 75.62 (+2.65)
N - N 76.36 (+3.39)

VIR R R AR AR

5 SMAM 358 T J5 89 A [R] 2 RRAIE 1 B P 0 g

Fig. 5 Comparison of heatmaps of different levels of feature

maps before and after SMAM enhancement

AN, A SO SMAM #E B 1y it 3E4T 1 K Rl 0
Mro 22 /R T LA Faster R-CNN A4k, 454 SMAM
ST PR RUAGI Z5 5 . 38 3 4B 26 TP s vT
DI H 5 CBAM SEFR 0. 34% MEREHR FFAH L , AR SC
P2 By 25 IR AL SEBE T 0. 65% 4. X
ELR PO PN S Y P SN R R B S Ul &
T B T O S S R 22 (] B R B A0 T i b
ST HARFRIE By 2% ] MR s R vERE . D 4h 7R
B N2 ROE RS AR TRE RS I, PR R4
THT 1.19%, XERY T WARR G FRAERENS 4
H R EA B AR A (5 S T T B [ A
V7 Fl A A5 I 2% BB LA sh A e 6 1 0 Xl & AR TR )2
GURRIE BRI TH BRI ERE . 53 A, i 3 i RS
WEBS R 2R B R ARG DU PR B R T 4R T, Ik BB SER
S5 R T AR R A RS A S | TR
TEBA T X ST 45 A B 30 -

2) AFORPN BE SR T fill 73 B o IE A0SR 1 B 5 4
PR 647 iR , R F T HE AR 3% 1119 RPN BE 6%
A R BT A B TSCHE , I o 25 B AR () AR
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Table 2 Ablation analysis of SMAM on the DOTA dataset

=EE S AENZ

CBAM sy Rpme oww MAPY
- - - - 72.97
J - - - 73.31(+0.34

J _ _
_ J J _
N N 74.49(+1.52

)
73.62(+0.65)
74.16(+1.19)

)

W FIR R, RN R

ANi N FE AT DU ZR 2], AR T B3 H FCOS 1
4 RPN #3148 SCHR HH B9 AFORPN H6 Bk fitg 412 T 355 R
FohEE. K64 T RPN M4  FCOS-based RPN
W26 LA S AFORPN M 2655 F R R H s (%4 Hr
KB i Ho FbR LR S 2875 S 00T /N F RS A Gz T 245
Feo Hop W GAE LR RIS 5, 2T EAERR I T 45 Fl
RPN 19 W1 22 5 o NI el LXF LR HY AR S0
AFORPN ¥ £ ifr £ 1] f1% A6 00 25 S HL A5 B8 o5 114 1 1
o 11 H AR EE T RPN Al FCOS-based RPN, AFORPN
it AR IUAE 5 E AR BN 45

AN, AR SO AFORPN B 1 5 1147 1 1 il
3. 3L T LA FCOS-based RPN L4k | 454
AFORPN H )£ AR G ER 0 A I 25 51 . DA
Fh Al LA, 454 AFORPN B3 (1R 50 75 46 ) 45
Jerf, Joie A 2R 0P R A S B AR M BB D H A A A TR
FEEEMHR T . HAARCR UL, dol SR EE R T 1. 51%
IVERESR T, AR B A, Ko L2 HA 5281
T 2. 81% 4T 5 AR 2 SRS ok 1 0. 52% g
T — B EH LA K T 0. 69% MR TF. jxsbgh R
FW]'T AFORPN th &R A RO
2.3 WiNZEREER

J T 25 R AR SO VR A AU, 5 DOTA
B AR B LR Se Sk vk b AT LR . o AR SO
B S5 AR LA 2 4% A DOTA PFAG IR S5 #% kA7
WAl . R4 RIR TAINES BiSeit idkme it
Fe# . 75 DOTA Bdii e I AR A4 4 A1 2 B+ K
25 516 HRSC R4 HARFF—BU(IEILERS) . K4
A LAULEE R, i FH ResNetS0 A8 W 45 i, A S0y
BT R, mAP IR R T 76.36%, = T RE
Seit ik . [EEENE, AU BIAIYE BR LY .
HA .SBF Al TC 3% 5280 h R IR . X T HAh

(a) RPN (b) FCOS-based RPN

(c) AFORPN
16 AS[A] RPN 4576 DOTA Bl 4 1 (¥ nl Ak 45
Fig. 6  The visualization results of different RPN networks on
the DOTA dataset ((a) RPN; (b) FCOS-based RPN;
(¢) AFORPN)

%3 AFORPNZEDOTA $#E & _F 1yl RIS 7
Table 3 Ablation analysis of AFORPN on DOTA dataset
/%

Tk SV LV SH HA GTF mAP

Sk 77.44 80.71 87.53 7295 68.56 73.42
+H0ERFE 78.68 82.28 88.01 75.76 73.76 74.93
HERAREE M 7828 81.27 87.95 73.62 71.37 73.94
+—EESE 77.94 81.54 87.65 73.58 7247 7411
AFORPN 78.61 8230 88.04 75.60 74.88 75.62

TE : “+ 7 FORTE LR A SRR InAR R BT

B, AR AP A R A, R K2 St as R,
WPL.BC.SV &, XEH TAH EAEAKRKE
J1o BeAh BT 45 T A ST AE DOTA 454128 5]
A TAAEEE S . B PSR 3], A SO T AE & Fh
SO TN R R A I 2 REPE Y B AR R B R
I o X UG 3 A HER (0 AR RN 40 45 H b BE
% S IS 1) DX 53 FIORS MER 2 6 o BB Ak, % 491
s R 2 4 HAT R 58 i e iy H bR, AR SO T
DIRS B MR B AT sk FR AR SO 3 T DAAL BT A7
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Table 4 Comparison with state-of-the-art methods on the DOTA dataset

1%

WiRiS PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
PloU 80.90 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50
DAL 88.68 76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 78.45 57.71 62.27 69.05 73.14 60.11 71.44
% FCOS-R 88.57 69.54 48.18 62.42 79.08 76.14 85.81 90.33 79.25 84.92 55.62 64.59 61.81 68.67 37.96 70.19
EV*I: R3Det 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79
RSDet 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00 72.20
S2ANet 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
RRPN 80.94 65.75 35.34 67.44 59.92 5091 55.81 90.67 66.92 72.39 55.06 52.23 55.14 53.35 48.22 60.01
SCRDet 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
X% Faster R-CNN  89.19 82.00 50.62 67.84 78.05 74.14 86.20 90.75 85.10 85.03 56.53 61.94 66.97 68.87 51.57 72.97
E/QIL Glid vertex ~ 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
Rol Trans 88.65 82.60 52.53 70.87 77.93 76.67 86.87 90.71 83.83 82.51 53.95 67.61 74.67 68.75 61.03 74.61
Oriented R-CNN 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
AIC(R50)  89.53 81.73 54.80 73.86 78.55 83.10 87.93 90.90 87.12 84.59 68.02 64.40 75.90 69.81 57.22 76.36
AC(R101)  88.64 81.54 54.49 74.02 78.69 83.30 88.12 90.90 87.24 8522 67.64 64.20 75.21 69.26 56.87 76.31

TE LTRSS & 5 e L4 2R

BD GTF

K17 DOTA B4 iyl A ah 5

Fig. 7 Visualization results on the DOTA dataset

X ELAT Pk M 1 DO S s AR 45 R, UE Y
TR IR A R AR A

R T D B UEAR SO AR R S BRI
fE , L IR 98 & LA A B2 HRSC 475556, XT 1L
AT VE S HA L R R BE L 45 SR N 5 TR .
MFE 5 AT LIWER 2, 7648 H] ResNet101 B, A SCH 1%

I T B AERUR , mAP A
FTHT 2. 31%,

&8 25 i 1 HRSC ) — 2L Al AL A 45 5% o T
DL B, 7R S 12 BE A% v i ARG I EL A AT 757 19 1)
138 IO o ¢ 2 a1 NS Y =0 LN [ D AN OB
AP T g ERE . X Segs R A SO R

A5 90. 51% , A0 Glid vertex
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Table S Comparison with state-of-the-art methods

on the HRSC dataset

ik FROESRIONLE  mAP/%
PloU DLA-34 89.20
$ DAL R-50-FPN 89.77
K R3Det R-101-FPN 89.26
& RSDet R-101-FPN 86.50
S2ANet R-50-FPN 90.17
RRPN R-101 79.08
A Glid vertex R-101-FPN 88.20

B

B Roi trans R-50-FPN 86.20
Oriented R-CNN R-50-FPN 90.40
AR R-50-FPN 90.49
AL R-101-FPN 90.51

ML AR TR e 45 5 . R(ResNet) il DLA (deep layer
aggregation) R/~ B T M 45 .

R BAT A T 1) AN TR ROBE R 5 v L B4 b ek
R ARG A&

Fig. 8 Visualization results on the HRSC dataset

e ARSI IR & 2Z A AT T AT
N 4 G T LA R4 AR SO 2 7E BRI RA
S5/ BRI R TR 2 B R AR A (L
K K E 3 B 54. 80% F164. 40% , /N H AR AT
FERETREINS . REAGIAT 2 RERFERA
BESR G 775  AH B T RAE SRR AR o HE R R
AR AL LA HE BRI/ AR B 1 2 98 401 15 B
AT B A RIS BE AR . AR IEREA
B A AR BRI TR Y 2 SRR it — A I 5

TN HRR IR BIRE T, I B/ F AR 2 2 902 2%
TR B, U AR Y 5 P R T I s
W N SR O RANE B 7y a1l DR g & S v 7 W 8
AP AS B DO BT 9 R T AT LR AR A AL
B JE R A B B BT /s F AR &%
R, o SR (R 7R 5 T TR LU A DR 0 T R 45
Heo BIMESREAE T AR HERRTE . 25 B R
EARSCHYINEAE—E R L3RTT 1/ AARKLI 145
BEARASAFAE I AL o FEARSR BT i A ARl
AR ZE R MR R DU, DLEE— 2252 T/ H A
P RE o

IR
19 /bR AR e

Fig.9  Comparison of small object detection results under

(a) IR OL REN

different interference conditions ((a) original images;

(b) with cloud interference; (¢) with noise interference )

3 & it

BE X A i B R ) B AR R 55 3 8 T —
o 35 T WA T R T B B TG A R 1) s e D A
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5 19X 45 4 X A A DX 3 g S 3, DA B A
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D77 : 7E DOTA F HRSC £ 48 4 I 19 mAP 4351 35 F|
76.36% F190. 51%. AT, JRAEA RIS,
1L Fg TR 0 o) e S 2k SMA M B B 1 — A B i
fiE SRR AT B b3 N T SECRI R SA . A, X
FAE/NHARFRIEAS 2 I O T, A8 3007125 0 R I 4%
BRI B E R, I, FEARKR TAEh e
WF JUAS 7 T4k ST AT < 1) DA AR iR 1 5 A5
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