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tion for each object. Remote sensing image object detection technology has broad applications in practical scenarios, such
as intelligent surveillance, urban planning, port management, and military surveys. In contrast to natural images, where
objects are typically horizontally aligned and backgrounds are relatively simple, remote sensing images are captured from a
top-down perspective using spaceborne or airborne sensors, offering a much broader field of view. Consequently, objects in
remote sensing images are often distributed in arbitrary orientations, and the background information is more complex and
diverse. Although some horizontal object detectors perform well on natural images , horizontal bounding boxes (HBB) can-
not describe the orientation of objects and often introduce unnecessary background redundancy. Moreover, in densely
arranged scenes, the overlap between HBBs and neighboring boxes can be substantial, which may lead to missed or false
detections. By contrast, oriented bounding boxes (OBB) can represent objects more accurately and are better suited for
object detection in dense scenes. However, during regression, the skew intersection over union (SkewloU) is difficult to
compute and nondifferentiable, preventing the model from optimizing its predicted OBB parameters via backpropagation.
To address this, current mainstream methods convert oriented bounding boxes into 2D Gaussian distribution and compute
the distance between these distributions as the regression loss. This approach approximates the calculation of SkewloU
while remaining differentiable, and such methods are collectively referred to as Gaussian distance loss (GDL). However,
given the periodic nature of angles, GDL-based methods exhibit discontinuities in angle regression. Furthermore, they suf-
fer from imbalanced angle perception across targets with varying aspect ratios. The interplay between these issues consider-
ably degrades the detection performance of the model. In this study, a detection algorithm named joint angle continuous
representation and perceptual balance (JCPB) is proposed to mitigate the mentioned challenges. Method To address the
angle boundary discontinuity problem in oriented object detection, this study proposes an angular vector decomposition
method (AVDM) , which decomposes angle parameters into an angle vector representation. To eliminate discontinuous
regions inherent in traditional angular representations, this vector representation is further extended to encompass the
entire unit circle plane, ensuring continuous variation of the angular vector during OBB regression. Aiming at the periodic
discrepancy issue in angle loss calculation between rectangular and square targets, this study introduces an innovative
shape aware coefficient method. Without increasing the encoding length of the angular vector, a shape-aware coefficient
dynamically adjusts its value on the basis of the target’s aspect ratio, thereby modulating the change period of the angular
loss function. To address the problem of imbalanced angle perception, we proposed the angle perceptual balance strategy,
which adaptively calculates loss weighting coefficients based on the aspect ratio of targets and adjusts their application tim-
ing according to the SkewloU value. This enhances the model’s angle perception capability for low-aspect-ratio targets dur-
ing the later stages of training. Finally, on the basis of a 2D Gaussian distribution representation method, we further
enhance the model’ s detection performance by joint angle continuous representation and perceptual balance. Result This
study conducted comparative experiments using FCOS and RetinaNet detectors on the DOTA, DIOR-R, and HRSC2016
datasets to validate the effectiveness of the proposed methods. Furthermore, comparisons with current mainstream models
on the DOTA dataset demonstrate the superiority of the proposed model. Evaluation metrics include average precision at
75% (AP7s) intersection over union threshold, mean average precision (mAP), and parameters. On the DOTA dataset,
incorporating AVDM improves AP7s and mAP by 2. 47% and 1. 03% on average compared with the baseline model. Further
incorporating APBS resulted in additional average improvements of 0. 84% and 0. 43% for AP_; and mAP, respectively. On
the DIOR dataset, integrating AVDM achieved average gains of 1. 37% and 0. 95% for AP,s and mAP. Further incorporat-
ing APBS resulted in additional improvements of 0. 82% and 0. 36% for AP,; and mAP, respectively. On the HRSC data-
set, the AVDM method achieved average gains of 5. 63% and 3. 86% for AP,; and mAP, respectively. After incorporating
APBS, AP, and mAP improved by 0. 44% and 0. 49% on average. Experimental results across multiple datasets demon-
strate that APBS effectively enhances the model’ s angular learning capability for small aspect ratio targets, while AVDM
achieves continuous angular representation, effectively resolving boundary discontinuity issues. Compared with other
encoding methods, AVDM introduces only 0. 04 M additional parameters, achieving continuous angular representation and
periodic adaptation to angular losses for rectangular and square targets at minimal parametric cost. Experiments on the
HRSC dataset show that detection accuracy for slender objects is highly susceptible to boundary discontinuity issues, while

angle perceptual imbalance has a relatively weaker impact. Finally, comprehensive comparisons with current mainstream



$31%5 /598 /2026 £9 A

FHME, BX, R¥F, KeR
B& R EESRT S BT EHE R E & E R Biria il

remote sensing image orientation object detection methods on the DOTA dataset demonstrate that our approach achieves an

mAP of 73. 78%, outperforming other methods. Moreover, it achieves optimal accuracy on small vehicles, ships, tennis

courts, storage tanks, and roundabouts categories. Additionally, when using Swin-Transformer as the backbone network,

the model” s performance is further improved, reaching an mAP of 74. 71%. Conclusion Extensive experimental results

demonstrate that the proposed AVDM achieves continuous angular representation, while APBS effectively enhances the

model’ s perceptual capability for small aspect ratio targets. Building upon this foundation, JCPB remarkably improves the

overall performance of the detection model in complex remote sensing scenarios by integrating continuous angular represen-

tation with perceptual balance.

Key words: oriented object detection; Gaussian distribution; boundary discontinuity; angle vector decomposition; angle

perceptual balance
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(RA) ¥ 1 (HA) ikt (SP) A1 EFAHL(HC) .

DIOR-R (dataset for object detec tion in aerial
images ) (Cheng 55 ,2022) J2& — /> HI Tt 2% i J K 4
Hh AR %) RS B AR 4 L e 23 463 TR KR
F1192 518 ~4f7 OBB {1 B 1Y H A 52 9 20 1, Herr,
5 6821 H 1145k, 5 863 i T I, 11 738 & H T
K. DIOR-REIREEWA T 1T 2 5 1 20 3
W H AR . ZERE XA AL (PL) (Pl
(APO) BiER17 (BF) (58K (BC) M4 (BR) A
(CH) . 75 38 25 8% IR 45 IX (ESA) |y 7 2N 6 i 2
(ETS) . RHL(DAM) | 5 /R KB (GF) | HuTh 42
(GTF) i H (HA) .37 22 #F (OP) M (SH) A F
(STA) i #E (ST) B3k (TC) K 423k (TS) L 447
(VE)FIRA(WM) .

HRSC2016 (high-resolution ship collections) (Liu
25, 2017) Bt A5 A At LRI B AN SE 4, A AT
B . UIZRgE B UESE AR AR 4 WAL 35 436 1 |
181 15 1 444 W 1815

R SCAE MMRotate ( Zhou 25,2022 ) HE 28 b i
BB AL B TR L DOTA B 48 b i 3 e &
BN 1024 x 1 02442 E W ESR , & B S X
20014 %, 305 T A7 £ V1E R A I 25 345 91 LA
AL PERE. DIOR-R 44 i H1 800 x 800 15 % K%
FONFEAT YN AR . HRSC2016 B 4E b 18145 9k
47 E 800 x 80014 AT YN ZR At o
2.2 EWiEE

S il B A4S W A7 O 24 GB ) NVIDIA RTX
3090 GPU, Gtttk K/ Ky 2 #EAT YN R A ik, Y112k
{#i F§ AdamW ( Loshchilov il Hutter, 2019) L fk. %% , ¥
f2F 2 RN 5 X 107, — R AR T A 8 B0 R
0.9, — By Al 1T 19 48 £ a2 R o 0.99, 7
HRSC2016 Fi#la4E I Al & “6x RR”, L)1k 724~
epoch, F A AL 1 H“1x”, Y2 124> epoch,
BRI HIBEHLBAES
2.3 HRLRIE

R B UEAS R R 2 06 A SO A S, UEFT T
— RV A SEEG . AT T A S8 LT RetinaNet £
M #E B /4% K ResNet-50 (resdual network ) (He
%,2016) , 7E B A LAk 7 i v ] KLD (Yang %5,
2021c) PR #EATYIZR , JF7E HRSC2016 1 DIOR-R %X

Pt b XPREREEAT 1T AG
1) [ S B R A8 2R A T o, A P A R AN w0,
A R anR 1R, k2 (10) v o] e AR 46 2k 1
BRI AR E 5250 . SCIRE REM w,,
H w0, AL B4 0. 05 F10. 10, BLE 246 0K
B 3 {8 (mean average precision, mAP) SN 59.94%,
LA, B A P e e AR A 2 A LA K Y mA P {EL
G310 57. 81% F158. 97% AR TR RAIEE R, LI
T GDL A A LA 75 1% P R AR A A2 1 AN i 22 1)
W, Ferf, APy, % n ToU BIE > 0. 50 B 545 5] 1
SEIHE BE 5 AP, 2R ToU BB A 0. 75 B H 345 21 1Y
RS
#&1 HRSC2016#iEE ESHw, fw,, HEESER
Table 1 Ablation experiments of parameters w ;. and

Wnge ON the HRSC2016 dataset
/%

(10,505 W, AP, AP, mAP
(0.05,0.05) 86.20 70.60 58.39
(0.05,0.10) 87.30 70.80 59.94
(0.05,0.15) 86.50 70.40 58.52
(0.05,0.20) 86.10 70.50 57.60
(0.10,0.10) 86.70 71.60 59.40
(0.15,0.10) 86.20 69.90 57.29
(-,0.10) 86.90 71.50 57.81
(0.05,-) 86.90 71.00 58.97

TE PR FIR B SN R, " FoR SR 0.

2) 5E e FE B BT R, N3 2 B, BT RO
B HARS2EIET7 I8 H AR e 5 [ )R e B R
e BIBAR a3 (7) B 58 1 L BE e ATk
VT o 20 R 1. 1 I R A e A A I
AE , I ELBEE B (6 03 A P fe s , R E
HARS2IETTIE H AR B HA TR 22 57

3) A I N A R A A . 2R3 R R X a(9)
RN [ B A R O SR B AT S . Y
BRI, H 3 AL FR RS R R i A R 2,
BOBE R I PERE TR . BEE B RIS R, A I P RE 2
Hirde s s B B HIARSEHE I, o U X1 R4 s BRI
Wl 8 s PR T 1, AR Y i B b H A
T REHREAS SRR, S A TR A I BE A 3T T AN SR
S SR W B AR E

4)FEIRBN R B L. ke 4 R, 05 (7)
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%2 DIOR-REFEELEFILEHE HRLE
Table 2 Ablation experiments of aspect ratio thresholds £
on the DIOR-R dataset

P AP, /% AP,/% mAP/%
0.00 56.90 3530 34.95
1.00 56.50 35.10 34.94
1.10 57.00 35.50 35.34
1.20 55.80 35.70 35.28
1.30 55.40 34.70 34.61

L AR R 45 S B A 45
%3 DIOR-REIEE FEBSHLIHRILE

Table 3 Ablation experiments of hyperparameter 8 on
the DIOR-R dataset

B AP/% AP, /% mAP/%
0 57.00 35.50 35.34
2 54.90 35.20 3471
3 56.10 36.20 35.59
4 56.00 36.00 35.73
5 57.00 36.50 36.01
6 55.70 35.70 35.40
7 56.10 35.80 35.36

TE L PR R 5 B R A4

IR AR AR B AT T 925Xt b IR AR
RS ARYE FAR 5T 5 L sh A8 A (B, A U1 A2
3 59 X AR T I R IE D5 3 P A L TR B, A Dy
LSRR —MN T H Z RO, SCIRE Rk,
FEARIB R BOT A0 T 1 E A BCE il T RITES
FIETTIE BARTE A LR SR A AR 22 5, T T %E A
{EJCIEIE AN TR B 5 HARAGH K S AR e oK

%4 DIOR-REESE FRK A REUH B
Table 4 Ablation experiments of shape awareness
coefficient on the DIOR-R dataset
1%

ik AP,, AP, mAP
HEIE T 56.47 34.40 34.72
A=1.0 56.90 35.20 35.17
A=15 56.50 35.40 34.87
A=20 56.90 35.50 35.00
2 INETSEN 57.00 35.50 35.34

T KL AR 4 5 R e

7 s T ASTR] 58 i L 2 SRS RS i A0 X6 e
FHEGF [ 2 A 52, T ARIEN 3R 8007 W e /NS i L
H s CEHL AR ) ARG BE S5, TR A 9 v
bb H AR (ks W ERYy ) T ARRE T 8w A RS 13
VP IR BN 2R B0 VA AR ARG IBUAS W) 58 = L H
bR B FBER R AR AL R . 51 A APBS J5 /s it H
P CRBL R ER Y ) 19 K RS B3 0F — 25 42 71, 1 B
APBS 3 #2885 LU Al AL, B 58 T GDL X 2
b A AR BN BE ) o
2.4 BEMRAFAEEZRE

TEB A A6 J7 ¥, AVDM H1 APBS 1 4 GDL
Ty b W BN e o 35 8 A AR B P A I 5 Reti-
naNet,FCOS DL f& 3 UM% GDL 45 % GWD (Yang
25 2021b) \KLD(Yang%,ZOZIC)ﬂI KFIOU(Yang%,
2023) . i1t FCOS Fl RetinaNet 4™ 46 I 5 75 504
£ bR TR B - S48, Sk 50U AVDM Fl APBS
S5 A LL4E R GDL I H J7 ¥ W PR fig . 72 DOTA
DIOR-R F1 HRSC2016 #5454 - 114 512 56 45 5 43 51l 4n
FeS—RTIUR, RN T H A fE R h g —F 1 il

80
A=10MA=15MA=20
70| mIBREGNRE W APBS
60 |
° 50 428440439444448
Eé 40 33_932_432.134.9 35.1

kAL HEERY)
K7 AL SE e b F AR AOAS DDA B2 e 4K

Fig. 7 Comparison of detection accuracy for targets with different aspect ratios
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FHARF Y S E0

1)7E DOTA 54 5 b 0y K I 25 5 an ¢ 5 i
ST A N AVDM Ji AP, AP, FlmAP 3
PR TF T 0.52%. 2. 47% F1 1. 03%, #t — & 5] A
APBS Ji7 AP, SERFEAE T 0. 07% , AP, Fl mAP F-KF
I TF T 0. 84% F10.43%. 1E GDL J7 & fm A
AVDM i & T 8 & W MEREHE T, 2R B T AL BRI S
I B ] ) L E A . AT AVDM 5| A APBS J5
K EFE PR AP, Fl mAP SF-Y$E T} 0. 84% F10. 43%, -
5 el J7 B A B, PG I FS AR OF- 242 T 3. 31% Al
1. 46 , 1d I £ B2 RS P18 ) [ AR SR AEAE , R W]
TSR TR SR A O

2)7¥ DIOR-R 348 4E b Al kil 25 3 an 2 6 i
AVDM A %082 F+ T K DA B, 3 il B2 48 A1 APy,
AP, A1 mAP LT T 0. 82% . 1. 37% £10. 95%, 7E

PEHERE 51 A APBS J& , S ERE BEFE R AP, R0 TR
T 0. 05%, {H ™% 14 22 (L H8 A5 AP, Fll mAP 43 51l $
70, 82% 0. 36%, 5 5L 7 A0 LL , PRI H8 451
PRI 2. 19% 1 1. 31%.

3)HRSC2016 % da 4 b Ak 28 R an e 7 iR,
HY TR A T Y H AR R A 4 AN S DR IR
TER B R BN A E N 1. SEETIEA Ll
FH AVDM J7 A AEAG FEHE AR APy, (AP, Fl mAP | -3
T+ T 0.92%.5. 63% F13. 86%. TE5| A APBS J5 ki
FEFEBR AP, AP, Fl mAP FEIRCE R TH T 0. 13%.
0. 44% F10. 49% , 5 HAEITIEAM L, AP, FI mAP -1
2T+ 6.07% F14. 35, Jil A AVDM K I %4 5 42 7B
i, SRR H AR AR IS B2 ) 32 230 B 1% 22 1)
R M T AR PR R R AN ST [ 850X UK 114 5
M AF G555

®5 7F[FEGDL7ETEDOTAHi#EE £ AVDM #1 APBS Y1 RE LL B
Table 5 Performance comparison of different GDL methods with AVDM and APBS on DOTA dataset

1%

LS HEHETT
ik 8K

AVDM (vs FEHE)

AVDM + APBS(vs AVDM)

PREL AP, AP, mAP AP,

75

AP,

mAP

APSO

AP,

mAP

72.56(+0.42)
72.80(+0.12)
71.34(-0.25)

GWD 72.14
KLD 72.68

42.85
42.61

42.73

RetinaNet 42.41

KFIoU 71.59 37.31 39.68

45.94(+3.09)
44.65(+2.04)
41.01(+3.70)

43.88(+1.15)
43.37(+0.96)
41.03(+1.35)

71.97(-0.59)
72.13(-0.67)
71.03(-0.31)

47.25(+1.31)
45.61(+0.96)
42.30(+1.29)

44.33(+0.45)
43.45(+0.08)
41.40(+0.37)

72.51(+0.52)
73.17(+1.76)
72.77(+0.54)

GWD 71.99 44.42 43.32

FCOS KLD 71.41 41.71 41.41

KFIoU 72.23 36.08 40.06

45.21(+0.79)
43.50(+1.79)
39.48(+3.40)

43.91(+0.59)
42.90(+1.49)
40.68(+0.62)

73.05(+0.54)
73.78(+0.61)
72.77(+0.00)

44.55(-0.66)
44.25(+0.75)
40.90(+1.42)

44.11(+0.20)
43.74(+0.84)
41.33(+0.65)

S GDL 72.01 40.83 41.60 72.53(+0.52)

43.30(+2.47)

42.63(+1.03)

72.46(-0.07)

44.14(+0.84)

43.06(+0.43)

T A5 5 W BB A BEHRTHE (+) MR E (=)

=6

A [E GDL 7557 DIOR-R ##F4 £ N F§ AVDM #1 APBS B RE L 3%

Table 6 Performance comparison of different GDL methods with AVDM and APBS on DIOR-R dataset

/%

5 FEMETT I
S S

AVDM

AVDM + APBS

BREL AP, AP, mAP AP,

75

AP,

mAP

APSO

AP

75

mAP

56.20(-0.28)
57.00(+0.53)
59.60(+0.86)

GWD 56.48 35.49 35.61

RetinaNet KLD 56.47 34.40 34.72

KFIoU 58.74 31.13 32.86

36.40(+0.91)
35.50(+1.10)
33.50(+2.37)

36.05(+0.44)
35.34(+0.62)
34.09(+1.23)

56.10(-0.10)
57.00(+0.00)
59.60(+0.00)

37.10(+0.70)
36.50(+1.00)
33.90(+0.40)

36.50(+0.45)
36.01(+0.67)
34.25(+0.16)

63.00(+0.95)
63.40(+1.98)
KFIoU 61.90 62.80(+0.90)

GWD 62.05 39.40 38.81

FCOS KLD 61.42 38.15 37.67

34.90 35.80

40.70(+1.30)
39.10(+0.95)
36.50(+1.60)

39.85(+1.04)
38.62(+0.95)
37.24(+1.44)

62.70(-0.30)
63.20(-0.20)
63.10(+0.30)

41.00(+0.30)
40.00(+0.90)
38.10(+1.60)

39.92(+0.07)
38.87(+0.25)
37.84(+0.60)

FHME GDL 59.51 35.58 35.91 60.33(+0.82)

36.95(+1.37)

36.87(+0.95)

60.28(-0.05)

37.77(+0.82)

37.23(+0.36)

T 485 N B RS BE B HE (+) MR EL ()
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Table 7 Performance comparison of different GDL methods with AVDM and APBS on HRSC2016 dataset

1%

ik

TE

SEMETT 1

AVDM

AVDM + APBS

APy,

AP,

mAP

APy,

AP,

mAP

APy,

AP,

mAP

GWD
RetinaNet KLD

KFIoU

85.74
86.39
84.64

62.27 55.96 86.30(+0.56)

62.90
61.38

56.14
54.52

87.30(+0.91)
86.00(+1.36)

69.70(+7.43)
70.80(+7.90)
69.40(+8.02)

57.49(+1.53)
59.94(+3.80)
57.39(+2.87)

87.10(+0.80)
87.40(+0.10)
85.90(-0.10)

69.10(-0.60)
71.60(+0.80)
70.40(+1.00)

58.94(+1.45)
59.59(-0.35)
58.29(+0.90)

GWD
FCOS KLD

KFIoU

88.68
89.16
89.20

74.63
73.51
75.10

61.41
61.18
62.33

89.90(+1.22)
90.00(+0.84)
89.80(+0.60)

78.30(+3.67)
77.90(+4.39)
77.50(+2.40)

67.71(+6.30)
66.95(+5.77)
65.21(+2.88)

89.90(+0.00)
90.00(+0.00)
89.80(+0.00)

78.50(+0.20)
78.60(+0.70)
78.00(+0.50)

67.59(-0.12)
67.49(+0.54)
65.74(+0.53)

SR GDL

87.30

68.30

58.59

88.22(+0.92)

73.93(+5.63)

62.45(+3.86)

88.35(+0.13)

74.37(+0.44)

62.94(+0.49)

T A5 5 WEE AR BEHR THE (+) MR E (=)

4) 413 8 i/, £ T RetinaNet K0 2% , 76 B &
Ak 7 2 H i ] RotatedloU ( Zhou 45,2019 ) 43 4% i#F
1725, 75 DIOR-R £ s 48 LA dPAl . 55Dy
PAR LG, ] AVDM J7 5 J5 , APy, L AP, Al mAP 53 5]
T T 0.30%.0. 80% A1 0. 71%, ¥t B 3£ T Rotate-
dloU 451 2% 7 1% IR A7 3] 31 AN 3% B2 1 ] 8 11 5%
o FE5I A APBS J5 , BB RRHR THA PR, X 2
J& H T RotatedloU i 2% 14 LA W A Jie % 141 BHE (1)
I AR Ak B, AN 2 357 03 A B S, Rt
7 A7 JEE TR AN ST A7 [ 58 119 5 M A X A7 0N

%8 RotatedloU 57 DIOR-R#[#E & F LG4 R
Table 8 Experimental results of RotatedIoU loss on
DIOR-R dataset

1%

ik AP, AP, mAP
FAE Tk 56.30 35.70 35.75
AVDM 56.60(+0.30) 36.50(+0.80) 36.46(+0.71)

AVDM + APBS  56.40(-0.20) 36.40(-0.10) 36.48(+0.02)
T A BRI BE PR THE (1) FFRAR A ()

2.5 5ARRGERMERELLE

it — VARG J5 1 B O BT FCOS Al
it M KLD 458K, K AR SCT5 15 JCPB A5 4 i 3 9y vk
YEAT T H %, 4045 CSL(Yang 1 Yan, 2020) . ABFL
(angular boundary discontinuity free loss ) (Zhao 1 Li,
2024) .PSCD(Yu #11 Da,2023) \PSCD-KLD( Yu #l Da,

2024) .CTFC (composite trigonometric function coder)

(Hu %% , 2025) . Mask OBB (mask oriented bounding
box) (Wang % , 2019) | CenterMap (center probability
map) (Wang Z:2021) il RsDet(Qian & 2021), 1E
DOTA 4 48 L IF A 45 R L 9 fros o LA
ResNet50(R-50) 24 # R 45, fr§2 7735 19 mAP {H N
73.78%, AT HABTT I o IF H, /N A5 A
PO 2R 377 it e F0 B 5 28 Sl vhoRs BE e G o A 1 Swin-
Transformer (SwinT) A8 1 W 4% , B AL GE i — 201
Th mAP{E N 74. 71%.

W Horp — S 25 AT LA, an & 8 s . Krp B
il 7E FCOS Hh{ff FH KLD Ao A 0 45 258, i Sy £
ARSC)T 5 JCPB AN 25 5 . NI ULEE 3], KLD J7
X5 /NTE s U Y b A R RN R, S BOE L TE
Jra) B IR 2E o A7 s /NSi s b B AR 7 G
I SE IR, an R AL RS, O AR T4 H
AR IIDRS 2 , AR AT

7 RetinaNet Kz Il 5 o7 L ResNet50 SA# 1 [ 45,
WIAEMR KN 1024 x 1 024 B R K METF  ifE—
BRI AR AT 1 o0 . BRI 2R
SRR PG 25 R R 10 iR o b, CSL(Yang
A Yan,2020) g ff1 £ 732071k , o AR A EEZ] 2 18]
FAITET R L 24 @ = 4 I 27 #f B2 20044 s 4° EA T 20 AT
PSCD (Yu il Da, 2024) %/ PSC(Yu #l Da, 2024) f
XS T 20, 2R 10 42 WK 7 4532 B (giga floating-
point operations , GFLOPs ) FlIZ${ & (parameters ) {F 4

B bR R X AR TR (0 B[] 02 ) 52 % B . 2 SRR
AVDM AUBE N T TS i M S R, HOH RS
T HAh 5 v
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Table 9 Accuracy comparison with current state-of-the-art methods on DOTA dataset

AP /%
WRZS ) 265
KL Perkis Wi My /NUZER RBIZER N M £k
Mask OBB R-50-FPN - - - - - - - -
PSCD-KLD R-50-FPN - - - - - - - -
PSCD R-50-FPN 88.04 73.95 48.83 63.44 80.01 80.75 87.58 90.88
RsDet R-50-FPN 89.30 8270 4770 63.90 66.80 62.00 67.30 90.80
CSL R-50-FPN 88.24 74.87 41.27 61.03 79.52 78.35 87.19 90.88
CenterMap R-50-FPN 88.88 81.24 53.15 60.65 78.62 66.55 78.10 88.83
CTFC R-50-FPN 88.52 78.24 50.68 60.97 80.32 80.40 87.57 90.90
ABFL R-50-FPN 89.05 83.09 48.20 63.38 79.06 77.48 86.06 90.89
JCPB(A30) R-50-FPN 88.77 78.37 49.65 61.24 80.24 79.79 87.67 90.90
JCPB(A L) SwinT-FPN 88.65 81.90 50.48 62.15 80.58 81.86 87.67 90.88
AP /%
Jridk P 2%

ek fifi JEERY) AN pn| ekt EFAL mAP
Mask OBB R-50-FPN - - - - - - - 71.43
PSCD-KLD R-50-FPN - - - - - - - 72.32
PSCD R-50-FPN 81.69 67.23 58.70 60.26 65.67 71.11 53.06 71.41
RsDet R-50-FPN 85.30 82.40 62.30 62.40 65.70 68.60 64.60 70.80
CSL R-50-FPN 81.50 84.53 54.70 62.65 62.84 68.45 46.50 70.83
CenterMap R-50-FPN 77.80 83.61 49.36 66.19 72.10 72.36 58.70 71.74
CTFC R-50-FPN 83.66 76.13 56.23 60.11 66.29 69.80 50.78 72.40
ABFL R-50-FPN 82.24 84.60 56.66 66.13 64.75 69.82 54.33 73.01
JCPB(A30) R-50-FPN 84.79 84.99 58.57 67.97 66.18 70.55 57.06 7378
JCPB(A L) SwinT-FPN 86.80 86.65 60.98 65.62 68.88 73.64 54.93 74.71

T ML PSRRI R A R = R R I 25 RS SOR A A

FCOS-KLD

FCOS-JCPB

& \
E8  7E DOTA E P8 L A4S 1Y Lu i

Fig. 8 Comparison of detection results on the DOTA dataset
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Table 10 Comparison of GFLOPs and parameters

Tii: GFLOPs ZHEM
RetinaNet 215.92 36.42
+CSL(w =4) 236.29(+20.37) 37.35(+0.93)
+CSL(w =1) 297.41(+81.49) 40.15(+3.73)
+PSC 217.27(+1.35) 36.48(+0.06)
+PSCD 218.63(+2.71) 36.54(+0.12)
+AVDM 216.82(+0.90) 36.46(+0.04)

TE 95 5 9B 22705 RH 8RR E D7 15 19 GFLOPs il 2 i i 4%
e .

3 4

AR SR — i H bR I B A
JEE 0 PN TS (R R, B R A R A R 1) SR
L IFBIATB RN REL, S E R T 5K IE
T H bR fa BE O R T . R AR R TR RIS ST i ]
R, 1 M A R SRR SR, 8 ISR X /N L H
P AR BRI . I, Sl MG ik
TN R, 76 PRI S B T HE SR A AT R, TR
I figp PR ) 300 AN S RN B RS- P A () R, 7
DOTA .DIOR F1HRSC2016 %5455 b A 5256 31E 1
RIT R A RNE . 75 DOTA B 4E T AR Fb 52645
IR A S VARG BEAOR T HoAth Se 5 1% o

ARSI IEAEAL BRI GE = b H AR, Hodh [ 3 R
U Z K0T A9 S 508 AR BN 2 50TH A9 58 55 e
B e {15 FshRL, —E B LRI T iz b
RE1 . ML, AR SCR —# TR R BT AR A6
INE 1) i 4 A3 A R O vkl i B R 2R AR 2 A Y
P B, i SRR ST 6 AS (] 5 5 b E A A A R AT
it G AR A AR SR A3 B AN (6] H AR 04 A B 461 2 AL
o (R, FEIZ A A P A T Lk A B R L, DT
ST — 58 A AL S 4 R 1] H ARSI HESE
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