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Confidence-Weighted Guided Angle Correction for Remote Sensing Rotated
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Abstract: Objective Rotated Object Detection (ROD) is a critical and essential task in the field of remote sensing image
processing, playing a vital role in numerous core application scenarios, including land surveying, national defense, agri-
cultural monitoring, disaster emergency response, and urban planning. This task aims to accurately identify and locate
direction-sensitive objects in remote sensing images, such as ships, aircraft, vehicles, buildings, and bridges. Unlike

horizontal object detection in natural scenes, these remote sensing targets typically exhibit extreme scale variations, dense

75 H #5:2026-04-01; 1& 5] H #§:2026-05-14

E2WHE : HE A KP4 (62301623, 62472463) ;i B 44 o5 AF & 100 500 H (241111220700) 5 37 76 44 w5 55 24 4% T 2L BHOF 30 H
(25A620001) ; H i T 24 B 4 SRRREIE 4 8 5 351 H (K2026ZD021) 5 T/ 4 [ AARF 3L 4 77 4R 3 4 (B 25) 301 H (262300421225)

Supported by: National Natural Science Foundation of China (62301623, 62472463) ; Henan Key Research and Development Project
(241111220700) ; Key Scientific Research Project of Colleges and Universities in Henan Province (25A620001) ; Key Project of the Natural Science
Foundation of Zhongyuan University of Technology (K2026ZD021) ; Youth Science Foundation Project (Category B) of the Natural Science Foundation

© h[E KR KL AR

of Henan Province(241111220700)



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

distribution, arbitrary orientations, and complex backgrounds. These characteristics render ROD a significantly more chal-
lenging research direction. Traditional Horizontal Bounding Box (HBB) detection methods fail to accurately fit rotating
object contours, often introducing excessive background redundancy that leads to small object detection failures and posi-
tioning inaccuracies. In contrast, Oriented Bounding Box (OBB) detection techniques effectively address this issue by pre=
dicting five parameters: the object’s center coordinates, width, height, and rotation angle. Consequently, OBB has
become the mainstream research direction in remote sensing. However, existing ROD methods still face two core chal-
lenges constraining performance improvement: the angular boundary discontinuity problem and the parameter coupling
issue in regression tasks. The first challenge, angular boundary discontinuity, fundamentally stems from the inherent con-
tradiction between the periodic nature of angular parameters (0°and 180" being equivalent in practical applications) and
the requirement for continuous differentiability in regression tasks. When predicted angles approach these boundaries,
minor angular errors can trigger abrupt jumps in the loss function, leading to unstable training, slow convergence, and pre-
diction biases. Although existing loU-based joint optimization methods and various angle encoding schemes (e. g. , dual-
angle approach, complex encoding) attempt to convert discrete angle prediction into a continuous regression task, they
have not yet fundamentally realized stable and continuous angle estimation. The second challenge lies in the coupling of
rotation box parameters. Mainstream rotation detectors (e. g., Rotated RetinaNet, Rotated Faster R-CNN) typically
employ a shared regression head to jointly predict center coordinates, scale, and rotation angle parameters. This design
overlooks the fundamental differences in physical meaning and learning characteristics between these geometric param-
eters: center coordinates and scale represent translation and scaling transformations in Euclidean space, while the rotation
angle represents a rotational transformation in periodic space. Feature confusion and gradient conflicts between these
parameters compromise the learning process. In particular, unstable angle predictions propagate errors to other parameters
through coordinate computations, significantly degrading the overall model performance. To address these issues,-this
paper proposes a high-precision ROD algorithm based on confidence-weighted guided angle correction, by extending the
Rotated RetinaNet framework. Method First, an Angle Modulation Module (AMM ) is introduced to resolve angular bound-
ary discontinuity. Inspired by complex exponential encoding-decoding mechanisms, this module maps angular parameters
to continuous quantizable complex-valued signals, then restores angle values via differentiable inverse transformations.
When the angular frequency ® is set to 2, the encoding function ensures consistent encoding outputs for target rotation
angles 0 and 0+m. This resolves prediction instability caused by segmented function fitting in traditional methods, guaran-
teeing continuity and differentiability in angle regression. Second, to address parameter coupling in rotation boxes, the
Three-Branch Decoupled Regression (TBDR) module is designed. This module decouples the traditional joint regression
head into three parallel, independent prediction branches, responsible for center coordinate, scale, and rotation angle pre-
diction, respectively. These branches share underlying feature extraction to ensure parameter efficiency. Each branch inde-
pendently learns the transformation rules for its corresponding geometric attribute : the center branch focuses on capturing
positional offsets between predicted and ground truth bounding boxes; the scale branch handles width-height scaling rela-

tionships; and the angle branch concentrates on learning nonlinear periodic rotation patterns. This dual-layer architecture

combining shared feature extraction with dedicated prediction branches—effectively isolates feature interference and gra-
dient conflicts between parameters, enabling specialized modeling for each geometric parameter. Finally, to maximize the
correction capability of AMM while avoiding "over-correction" for high-confidence angle predictions, this paper innova-
tively introduces the Dynamic Angle Confidence Weighting(DACW ) mechanism. This mechanism decouples a lightweight
confidence prediction sub-branch from the angle branch, generating confidence scores within the [0, 1] range via a Sig-
moid activation function to quantify the reliability of each angle prediction. The confidence score serves as a dynamic
weight to regulate the correction intensity of AMM outputs, while the hyperparameter A fine-tunes the correction magni-
tude. Specifically, it reduces correction intensity for high-confidence predictions (high scores) to preserve original valid
features, and enhances correction intensity for low-confidence predictions (low scores) to eliminate boundary discontinui-
ties and prediction biases. The final angle result is obtained through a weighted fusion strategy combining the original angle
prediction and the AMM-corrected angle. Result Experimental results on two publicly available remote sensing datasets

(DOTA v1. 0 and High-Resolution Ship Collection 2016, HRSC2016) validate the effectiveness and generalization capabil-
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ity of the proposed method. Ablation experiments on DOTA v1. O confirm that the optimal hyperparameter A is 0. 2. The
combination of TBDR and DACW produces a synergistic effect, achieving a mean average precision (mAP) of 76. 52%,
representing an 1. 80% improvement over the baseline model with only the Angle Modulation Module (AMM ). Comparative
experiments demonstrate that the proposed method achieves an mAP of 76. 52% on the DOTA v1.0 test set (an 8. 09%
improvement over the baseline algorithm) and 90. 30% on HRSC2016. This paper proposes a confidence-weighted guided
angle correction algorithm for rotating target detection in remote sensing. By integrating three core modules—AMM,
TBDR, and DACW—it systematically addresses two critical challenges in existing ROD : angular boundary discontinuity
and rotation box parameter coupling. The algorithm achieves continuous angle regression through a complex exponential
encoding-decoding mechanism, enables independent parameter optimization via a three-branch decoupling architecture,
and implements adaptive angle correction using a dynamic confidence-weighted mechanism. The synergistic interaction of
these three components effectively resolves angular discontinuity and rotation box coupling issues, significantly enhancing
the detection accuracy and training stability of rotating objects. This approach provides a reliable technical basis for practi-
cal remote sensing applications in land surveying, national defense, and other fields.

Key words: Remote sensing images; rotated object detection; angular boundary discontinuity; Regression parameter cou-

pling; confidence-weighted
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(01_‘ + Tr/2)mod mw = h

01 = (4)
" (0(,\, + w)mod mw < h

A, 0, 0% OpenCV 5E ik hy WAL, 0, & K4
S SCIR A A BE a0 TR 43 )R T 2 HE S 50 5 R
o MESAPBRNGATE 1R, o, ORI, JE
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S5 1: OpenCV & SCEHE K Sk

Hi A : OpenCV 4% 2 e F6HES 8L (xy,0.h.0,) , Fo 6, el
2,0)
It K SRR AE 29 (v scf,,,)  Ho1 6, [0.m)

(W/E 2 SRS NV DS U RSP b U]

2 Hw=h
3 l=wss=hos TERNK, BN
4 TR 2T OpenCV M BEH R0 IR 546 £ iE
5 0,,0.+m/2;
6 IR BRI

7 0016010y mod Tr;
8 A
9 =hys=w s N, R
10 /BEBE 2. 5T OpenCV 1 B AW UG s e £ 1
11 0,9,"]):6’”+Tr;
12 /PR3 AR INAEEE
13 (- mod 3

AMM AT DAAT R it i1 AN % 22 ) fE, H 2
F AP AR RGP , B4 [mE S0k
FHILTERYRRIE 25 5 0 AR TR RS B vh 28 [m] Rt
1.2 =4 %f#E#EY3%(TBDR)

&4 Tt B BRAs: I A 1] 0 Sk 3853 R FH 22 2 4000
AR IE R K FAER S A S8 (%, v, w, h,
), B B Z A (ot s A As (x, y)) JRUE SR (58
i (w, b)) SHAESE(O) Wit 2 —53 3[R I F0
KRBT REA . DS, SRS
B Y 5 2 2T R 22 S 3 (P AR AR TR
JE A T R I 2 ) 11 B B4 i s 46, T AR R T T )R
W23 () A e e AR 4 ) | JL R IE 25 o] &5 R 3 S5 AL
TERE A BT 2) B BE PR R IR SO K bR
B BB BE AN TR] AR R T b s flak , 22 5 i
A BRI AR S 2 0 5 REEAG T, ez i FT R

14 /PR AABIESM L . ,
N 0 modms " ' FEE 00 U5 8 402 T I A6 T 0 ST L W (G X
16 &M (x.y.Ls, 0,,.); B
H (6] RARAE 0
Con Hal &%
e e
‘ . WxH=K
GN Conv 4 2%
z > e N _> (Aw, Ah)
————————— WxH>?2K
S =
Conv &%
! au —> o )_’{ = }_’ >
| ——»p | Conv
R WK _’(“)
WH 2K
&2 =50 AR mlE 7R 2

Fig. 2 Schematic Diagram of Three-Branch Decoupled Regression

BEXT DL b ] B, AR SCHR Y = 43 S A el A
(Three-Branch Decoupled Regression, TBDR) , i# 11 %
AT 55 A A JFAT 533, 4l 7 5 ol A e
RUBE FIE 5% £ 3 1 T , (i) A e 52 v ] 2 AR AE 2 B
RAES R, W E 2 fios il 2 L R AR 4 i+
BT 53 37 XUZ SRR, S RS TUART 800 ST
2] NI R ST AR B2 W 52 R 520

ELORHL, 8105 53 32 1 BAT 55 2 4R B & B
JUMIAE B R EERIRRAE o A8 SCR T 4 )2 HE S48 B i
NFHIE AT S b, 2 BOGE F T A 1] 94 55 1 38
FHRHE D TR . BRI A N (5) R

F., = ReLU(GN(f,."(x))) (5)
A, xeRO™Y JEREAE 4 55 M 25 (Feature Pyramid
Network , FPN) i th (R fE &L £, 0 (- )RRE 42 S
33 EFHAE, OGN ) &2 dlH—1k , ReLU (- ) &%
TG PRE DL R R 2 = oy AR I g — B R 3
RRAAE SCHE B AREE SO SR B R K
FeT A 2R F,, o A5 SR = A7 F5 43
S, 3B TE TR E U 2800 2 2] b R 2 U
ME R SEWSECTRAMBE s, 1) HEsdo iz
BE LB T RS [ 1 #8484, % > B b Hig
JUARTHp BASE EEAR S | X R AT 114 25 [ 5 A6 i ) oK
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e, HL S 40 L B SRR G, {5 ST AR B AR b X
() JR FRARFAE , A AT 55 B A% O, A2 RUBE 5 f JE A8
T 2) RBEAN T I8 TRRER S [H] 1Y 4 Tl s 46, 2% >
H AR A H A5 5 i 00 U156 3R, 5 s AR s 18 24 %6 137
IO HYE S SRS RIE HPRIBIR, & 520 45
P v BEAHARL, I DL S i, HS MAEETEG 5 3)
i BE T LA FE I | L) T 0 s ) Y e i A 4,
] BARN B ARSI ] SRR 1 D7 [ U R
55K G A3 (8] 2400 B OCHE /5 4 37 2 o] JR P s
PR A ST 2 2] HAR L AR L

1) Pt s AR AR I 5 SR H b A+ R itk 4
BUR+ AR Z 5, A (6) s, ol A bR a1 5
s B AR LA HoC B SR FRRRAE , oo ARS8 2o KT/
e 17 ] (R AE f R AL S RS R HESR B ol X
R SCE R AR EE ST ST ) E AL
J 5 2) ROBE B0 43 SR ] 4 2 % 353 B+ 2 2
BEEER AR (T) B, RESECH R B bs iy 4
JTBARFRE , 4 )2 BT A R K2 BT | 36 T i J%
G B br i ROBE AR Ak, B PR R RS S 24 ) I LG
H 5 1) 58 25 56 3R 5 e 23 ook 4 v 2 )2 i H 6B
AR RUEE [TV 25 51 5 3) £ JE TN 73 SR 12 33 4
R+ 25, A (8) U , A FE [ml I 446 H
FR B 5 ) SRR AE (Ani ki), ¥R 2 B FUT (1 88
FEAE A, 0 A )= 4 AR R B T 1) R AEASORY] ; [
BF, MBSy S 45 A AMM BLHUS R 8 5 dm it |, ik )2
B G 2 LU A B T A VR AR e R 2 HE S
center,, = CemerMaxPool(ﬁ ,,,,, . Z(Fmg)) e R2xfxixw

(6)
scale,, Zf{,"m,,"(Fmg) e R fxAxT (7)
Opea = fr( F o) € RFHIY (8)

A, center,,, . scale,, 10,57 5 & H =2 R AE i
S 0 T AR B TN 3 S R S50 53 SR £ FE
T 53 32, (ORI BRURAE 1, ()RR 4
JEHER 3x3 B RRAE 1,0 (IR 2 JZHES 3x3 B
B KRB0 Y B AE R, b O D RS 23 SRR
JEE 4 5043 S i Y T BCAR JR 2K, A BE S50 43 3 K
HESE T O XK, B R HE SRS 1 — 20 (dxc, Ay) |
(dw, Ah) F1 A6, 53 5 L 78 T2 2] FSHE L 5 F il
HE FP O 8 i 26 L L SIEHE IRUBE 5 000 A RLJE 1Y) L 45 2
o0 R ST HE JE 26 ) 5 5 T AE ) 46 £ 1 2 5 o
AR, AT L e 22 S0 G LT S

S BT PR BE pp 28 () @, L LA R 9 S 800] LA
MST 25 2] 45 HRIE . FEUESERN T FRATHE T SC 32 2
Y AMM Hix A B A BE 0 53 s b, AT M BRI O, 2
fiff 321 PN TS [R]85
1.3 HEREERFEEMBAGE (DACW)
= SRS IR ) (TBDR) BB 52 0 1 #f B S AE
b T 27 2T LA TN ATS T I PR R PR ARG - — 2 A B
JEV IR S B0 i AR ) R OR R REAS (1)
JETM TSR 22 e . ARG D R
B R 5 AR, TGk X A ] SEdk 25 S, FR AT
T AT SCT IS B P (AMM) — & # B F 2%
fife 73 AN SR (E R AT AT RE X i A Y A
JEE TR B A B IR, RO REAORS B o ik, AR
P& 11 B 2 A B2 B A B2 0 AL (Dynamic Angle Confi-
dence Weighting, DACW )AL, 4n &l 3 ffrow , i)
15 B A — A PR G R —R 5 1 454, [m] s
SIS HA FE {5 R 42 ) A X A A E
4 5 e 2 B, S IR AR B2 168 T 5 B2 5 000 AT R ARG
ST
Ry B T A7 JEE TR0 ARG B 3 Ak X A RE T 43 52
20 i R A R A R T 3 S AT IO L AR
FARE AR R RS AR JRE T 45 R 43 Tl — A AR
I3, S TE 8 B 0 SR AR, AR S R el K
C S
a, = o(Comw,,,(0,.,)) €[0,1] (9)
A, o 2 EAR E R, o (- )R Sigmoid TS
MAEEFE MR EL S EMEERFES
AMM SZERShASJERE . AMM 3T H AR f BE R AE AR
B A IE 5, T DACW WU 3 o, 3151 AR 11 AL
TSRO RS WG I8 B, R SR A nT & 3500 248
IE ANATEE TN 208 1 i SR W, S 3000 IR A R TN 22
ik AMM B S5 948 1 A1 B2 R, B AR A2
(10) 45 .
07 =0, + (a, x 1) O(6" - 6,) (10)
Ko, © FoR e, 0,00 F 0/ 435l Fn LR
£ REFUNAE, A B IR AR A A, Yo, — 1
I, R f B I AT AE 00 ~ 6, DB IE | ik
AMM HEEBIEGIARZE ;Y a, — OB, R A
Wi, 0 ~ o, W ZAB IE , W3 AMM (1) 3% 25 4 i
FRIEAE IE 2 R 978 5 T A 22
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Fig. 3 Schematic Diagram of Dynamic Angle Confidence Weighting

] U= FAT 55 B 48 2 SRy DU A 3 S48 2R 1 A AT
Hodr, 1) fhue 425 SR FH Smooth L1 #5125, 25 i 54 (4
S FRLC AR A [ A8 52 ) 5 2) IR 48 2% 5% A Smooth
L1, s xt /N RUBE H bR i) B8U8ME: 5 3) #A Bk
IR FH 22 119 Smooth L1 452% 45 1 15 2954 [ -90°
90° J 3 [Fl 1 5 4) HE A B K R H ot 3¢ S
(BCE) . AR A (11)-(15) 153,

Ly = AL + AL + AyLy + A L, (11)

1 SmoothL1(Ax,,Ax,")
Liier = (12)
N, /& | +SmoothL1(Ay,Ay,")
| SmoothL1(log "+, log )
w w
Lstul = N z h hv’ (13)
pos i & N, +Sm00thL1(10gﬁa10gf)
1 ’
Ly = N, [;”‘SmoothLl(AenAgi ) (14)
1 o, loga; +
AT S 15
@~ N +N,, Z (1 -a,")log(l - «,) (15)

TCHY A, A s A I, 53 SR XS L 53 S Y- R A,
FEARSCH B R 0.1, KR =AREBIE A 1. N, Hl
N, o3 5 1E SR A Bl o (A, Ay,) 52 5000 4 e
A% i, (dx,, Ay, ) EARYE B 5 FRBHE T3 Hh Y
PAR O RS 5 5 G,y hy) SETINAE 19 RUBE (SEFI )
(w,” b, )& FLERER R, o, h) S BBHE A9 R 5
A0, J2 T 0 A BE RS, 46, 2 AR B AE 5 B AE
THE R 00 Y SAR A B O A ek

2 XWEERSH

N

AHIESE S AR GE S U 1T Bk R R

e HARKLIAT 55 i A R . FEAS/ NI 280
A CICH T I Rl S I RN LG S e Y 46 SR AT
2.1 HBEEMIWIRE

DOTA (Xia 55, 2018) & — > AL A i 411 14145
B 5 . AT DOTAVL. 0 3 47 52 5% «
DOTAvI. 0 f17% 2806 fEKI5, HLit 188,282 >4,
SrHER A 800x800 F] 4000x4000 A% i 36 15 %
2% 5] . K HL (Plane, PL) . ¥ 2R 3 (Baseball-
Diamond, BD) \ #f % (Bridge,, BR) . H £ 3% (Ground-
Track-Field, GTF) /N Z£ 4 (Small-Vehicle, SV) . K
Y %5 (Large-vehicle , V) i H (Ship, SH) | W k7
(Tennis-Court, TC) ", i £k 37 (Basketball-Court, BG) .
fi# 7 #E (Storage-Tank, ST) | /& Bk 3% (Soccer-Ball-
Field, SBF) \}FJE 28 XL i# 1 (Roundabout, RA) | % I
(Harbor, HA) | Ji# 3K #2 ( Swimming-Pool , SP) Fl & F+- 4L
(Helicopter, HC) . HF DOTAv1. 0 $#z4E o ) %
JSFR K, 36138 52 DOTA_devkit A 54 G v 8
57t — & 51 1024x1024 13 R | # & 200 15 K 19 &
Bk,

HRSC2016 (Liu %5, 2017) /& %y s U F &
18 5 0 B SRR A L A 1061 R P15, LA
2 2976 M MARSE B o YIZREE 30Uk A FN 4R 43 i1)
A 436 5K (181 5k M1 444 5K il TG FEfE 2 57
(DA 300300 %] 1500x900 5 ) , A1k 4 e 15114
A4 320 4 3 800 8 3%, J 321 4% I iy Wi e LU L 3
AR, N RN R G — 41 2 1024%1024 12 R i)
[ i A RGT, B RERUIR T8 & L

A T A S 5 Y AE B GeForce RTX 4090
GPU b#EATHY, JFAERS OB I R & T B AR ™

© h[E KR KL AR



10

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

FEVPAR o 2 2 3R Sl it AR 3 0 1) S 50000 il ik
B4 0.25.0.9 F10.0001, % F DOTAvI. 0 % 4} 4
FIHRSC2016 a4 B fE o0 — RO I Zk, A
RO E Ry 1024x1024 48 3%, LUK 2, 7E DOTAvI. 0
By E AU SR JE 12 12epoch, T 7 HRSC2016 %
AR 09N 2R 2 72epoch.

PR R bR R H T 240K5 B 24 {H (mean Average Pre-
cision, mAP) 55 ToU [ i 0.5 B 1Y V- 245 B,
Hh, mAP 38 5 BN R 28 3 R R [R] ToU BRE T 19-F
YHG & (average precision, AP) , Jf X T A 251 i) AP
HOAEAE]

2.2 HBRSEIE

ARSCAETE DOTA v1. 0 50 Ha 4 b A5 T8 ml S 56
W 1R, 1) A T 58 UE =43 2 A He i 4 200k
B 181 153 3 43 3E AT W8 4 S f# F (Dual-Branch
Decoupled Regression, DBDR) , BIPEf [a] 5 43 37 fif fil h
oty RIS T4 SRR B 4 32, B in A
J&i ,mAP M 74. 76% $E T+ 2 75. 28%(+0. 58% ) , AP50
M 74. 80% HETHZE 75. 30%(+0. 50%) , X — 45 R L1
SRS O R S8 B A vk
Oy AR T LB ORERE R T, BB L 2R 2T £
JE 0 R IR AR 98D T S SR 2545 5

2) 4 TBDR IMAJG , ALK mAP M 74. 76% 2 T+
Z 75.35% ( +0.59%) , AP50 M\ 74.80% & T+ =
75. 40%(+0. 60% ) , % DBDR % 43845 0. 07% (mAP)
0. 10% (AP50) [ VEBE3E 25 o 3% — &5 S AE B B A
He A s 5 R SR R BR G2 B AR e 280, =3
()2 2] T SRATAFAE 22 5 - ol @ 0% H bR e B8 19 L
o o SRR R, S 2 RO AR A (B 42 e 5 i R
FEASTHRT RAETE R LU BIOC R, 5l o B R 45 X% 4k
PR R H . TBDR BEHAY “ Je 2 RRAF SR H+ & 8 4y
ST (O 2EAE R Ak bR RUBE 2 40 IiC 2 kST
Oy AT R AR 3 WGk T B S B R AE T
PR E vh o€ . 2 A B SR R e e H sz i
R RRER DR, Ll ST 43 SCRE A B 6 1 T ) S
AR , 250800 T vt RUBE (RS XoF £ 2 PN
(IR ZEAL T, e S B T T DBDR (AR 4 BE .

3) A T it — 2 B UE = 43 SRR AR 0 A Ak
W RSB — R4y R T8 3 584y 3, 523
ASH) T8 ST RN . BN AS , mAP Sy
75. 11%, AP50 24 75. 10% , B 8K b R i A HGAS BE A
T Er , H 2 HoRG BE AU T A TBDR (A, £

Z{ETIA DBDR AR o X — 45k W U 73 3020
A E—LE R (1) S Rl ROE S8, —H [
P S P S (AL ) R Ak HARRYIZAR 5 RN
DR B AR L, AR 2 S BURRIETOAR 7R
IS RS S8 B[R] B BB T 5 e L B P AR 24
W, 5y 5| KTt HE T 25 i 22 (o g Le 1) 465 5 (2)
1R 3 SR ST A 2] 23 o3 BUREOR X ROBERHAE 9 42
WCRE TS, S BOR BEAG TS BE T R, 28 T ) 42253 o s
He AR E SR AR E TR . I, TBDR 2444
SRR FE R R R A R B e G
i = SCRCTHR R TN [ 23 [E SRR 5 TR,
e T I AR R A AE IO AR5 YR AL
F1 WIEFBERAHREE

Table 1 Ablation Experiment for Verifying the
/Decoupling Module

ek

qz DBDR TBDR. FBDR  mAP/%  APSO/%
J - - - 7476 7480
v J - - 7528 7530
v - J - 7535 7540
J - - N 75.11 75.10

NSRRI AR AT AR

W 2 TR, XF DACW H 1 A3 T 2 5000 SRR
0T Fl S 55, B E A R S (AL, 1) 2 2=0. 05 B,
mAP LN 75. 48% , BB AL 355 /)N, A5 B XHE IE 3
FE AR BE AN I 52) 2 1=0. 2 B}, mAP 3k #] 1§
76. 52%, BLI B A5 B B8 I3 45 5 /A R IE 22 2T 1Y
AT 3) 2 A>0. 21, mAP BT N FEZ 75. 47%,
I A K R BCR S B A R O 5
TR A EERHE A RUE B o I, AT S 26
SR A=0. 2.

MR 3 PR A A A% Ok 37 Dok, 3R
ITHFJE 1) BARTHM S I Bl S : (1) 445 | A AMM,
RISk RS A 10 ) 5 20T, A 9 mAP M 68. 43% 2
Tt & 74.76% ( +6.33%) , AP50 M 68.45 & J+ &£
74. 80% (+6. 35%) , iX — 4% S Ui B AMM #5 B fin A
Je R EE B R T, T DU SR A A B AN S )
L5 (2) B 5] ACTBDR A5 B, 45 8 mAP A £
74.92%(+6. 49%) , AP50 3% 2| 74. 90%(+6. 45%) , iX
—ZEJLEE T =03 SRR FR AL I AT RO o e A
b BB IEALE AT e 38 A 2 B0 SL 1 2 MR
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®2 WIrIREEFRENEHRENZND
Table 2 Verifying the Impact of Angle Confidence
/Weight Sensitivity

R3 EREIT X HRSK
Table 3 Single Module Independent +Inter—Module Cross

/Ablation Experiment

A mAP/% AP50/%
0.05 75.48 75.50
0.1 75.65 75.60
0.2 76.52 76.50
0.3 76.20 76.20
0.4 75.47 75.50

FE L A BT R AL

Tt (3) B 5] A DACW BB A, B mAP $2 7+ &
74.96%(+6.53%) , AP50 $& % 75. 00%(+6. 55%) ,
XS5 RN, 2h A A BB AT B AL 38 o ik
1 BE TN AT 5 1 T Bl A TR R INACR W, BEAT R TR
R A R T %) O 22 , 4 R T Pk oA

2) ik — 20 I JRAR B[] 58 SUIH Rl S B, R 5 45 15
i ip [R) 38 25 2500 o (1) 2481 AMM 1 TBDR 20 &
SCEGHT AAY mAP A AMM B 1 74. 76% $2 7+
 75.35% (+0.59%) , AP50 ) H i A AMM i £
74. 8% T} & 75. 4% (+0. 60%) , iX — 45 B £ W
TBDR Hff# FB AR Jg AMM $4L T £ 5 & J@ FRAE , B
o T REA A o ROBERRIEXT A B A i T4
TE A2 A8 E A 1 R TSR T e 0 4 (2) AR
AMM Fl1 DACW 4 & SE5 ), A7 mAP L H A
AMM B 9 74. 76% T+ 2 75. 45%(+0. 69%) , AP50
M H A AMM B B 74. 8% 42 T+ & 75.40%
(+0. 60%) , X —&5 K LB, DACW REHG LU0 AMM
RIS R A B TN AT SE I X A R A IR A R
T3 I EAE A R 2000 L G s I+ B A
JBEGRIE " 0 P I #E— 2D R B T 1R 2% 5 (3) 2
TBDR 5 DACW 41 & 3¢ 55 B , £ & mAP ik %]
76. 07%, AP50 i 5 76. 10%, X — 4% S % ], TBDR
o FA B TN £ Rk Sy B M YRR AR A i DACW
FIE BEORS o Ml i b AR B 0 RT SE M i DACW 19 3l 2%
TR W SCREA AL TBDR 43 32 A 24 21 J7 1], Il 1%
JoT £ A R U B R A T, R ST
A BE 0] U0 B2 08 R MR 4 T

(4)>4 AMM . TBDR F1 DACW = # 4 & 525 i},
BRI g A B A, mAP 42T 2 76. 52%, APSO4E T
£.76.50%, X — 25 R 5843 UE W, TBDR 11 58 4= fiff #5
HEAE g fe KRR FEREAR S Eml v T4, 48 A B 53 S

RetinaNet

R AMM TBDR DACW mAP/% . AP50/%
N - - - 68.43 © 6845
N - - 7476 74.80
N - N - 7492 74.90
N - - N 7496 75.00
N N N - 7535 75.40
N N > N 7545 75.40
N - N N 76.07  76.10
N N N N 7652  76.50

WAL =T AR o ML A R AT R A

HE TEORG M B R R B RRAE , D DACW 1 3 A A
16 1F FR AL B A o A Al T DACW U3 i 1 5
S b — A B B IE AT T, =B bR RN, A
P TR OEARBRAR , U KA R T SR,
ST W A BE S
2.3 SHEHMEEIT

BATHE A B 45 F o B HEAT T 5250 Xt L, 78
DOTAv]1. O Fa a4 LA S, 4Nk 4 Foos , AR SO
IR F] 76. 52% B9 mAP, 0 T B A7 HAXT 7 i, i
U B 2 A R e . AR BI R IORE A
SCOF U HAE AL (PL) (#HEER Y (BD) \ HZ 3
(GTF) AL 38 S 1T (RA) 37k it (SP) A1 B FH#IL
(HC)ZE25 5 1R H, AP (B 4L T Br A %t He 58
EINER A

BEXF BN ZENINE , 1) XFF RAL(PL) 3 2 JLfa 25
FTEIT 20 A T KA s nd Bbs, U7
] R AIE L AMM B 1953 48 504 fif T 70 00 K #5452
[l L34, TBDR [ =43 3 f At R A MR AR P |
ROE 5 M B S802) 0 TRk (BD)  H#ZEY
(GTF) ik ith (SP) iX = 2534 Ay #L ) 22 30 JE /IR0 &5
F GO FURAAE TR H bR, 5 L AR TEE A
B S B 1Y 7 AR, TBDR 455 B il KL BE 43 32 A
R ST TCARNFAE , A1 52 O3 34 10 T JRL 0 e e 722 4
L, LA DACW AL T 15 B A5 3 T0I0DA o
IR, SEBE T A B [T )-0RS B 0 K 4R T 5 3) X T
PRI S T (RA) X ZEIREAR Jo 3 L 0 X 3k A
B 1) H AR, TBDR A9 0 43 S ARG HEE A LA ol
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AMM BEHRE FEHAP-Z2 09 # B AR Ak, ik 0 300 A S 8
[F) 28 5 4) X T B IHL(HC) 3% 287 1] 43 A 24 48
PEUURE 1 B A5, TBDR ST A B2 73 SCHR B 1 A7
B REERAERY T, AMM 19318 S 22 1 510

Z 7R S Y [MH AN FEE , DACW AL I i 3 44 1E
AR B 2 TN ) Al 22 5 = B B pIp R 4 JH e ok
W RAE T HARMH, 5w AP R I

F4 TEDOTAVL 0HiRE FSREEERILE
Table4 Comparison with Different Algorithms on the DOTAv1. 0 Dataset

Tk PL BD BR GTF SV

LV

SH TC BC ST SBF RA HA SP HC mAP/%

RetinaNet—R (Lin % ,2017)
RADet(Li%,2020)

KLD(Yang%¥,2021¢) 89.5079.91 39.92 70.40 78.04 64.24 82.79 90.90 81.80 83.02 57.63 63.52 56.63 65.13 50.04

PSC(Yu%§,2023)
DAL(Ming%,2021)

MA-RPDet (i Z RS, 2024 ) 89.54 75.59 42.90 73.93 83.77 75.12 88.05 90.81 82.60 86.68 56.28 60.59 65.84 66.84 46.72

SARD(Wang%%,2019)
GWD(Yang%,2021a)
CFC-Net(Qi%,2021)
R*Det( Yang %,2021b)
S*ANet(Han %,2021)
ARS-DETR (14 #i %, 2025)
Gliding Vertex(Xu%%,2020)
CSL(Yang %§,2022a)
ARk

88.67 77.6241.81 58.17 74.58 71.64 79.11 90.29 82.18 74.32 54.75 60.60 62.57 69.67 60.64
79.4576.99 48.05 65.83 65.46 74.40 68.86 89.70 78.14 74.97 49.92 64.63 66.14 71.58 62.16

89.3282.2937.9271.52 78.40 66.33 78.01 90.89 84.21 80.63 60.22 64.33 59.69 68.37 53.85
88.61 79.69 46.27 70.37 65.89 76.10 78.53 90.84 79.98 78.41 58.71 62.02 69.23 71.32 60.65

89.93 84.11 54.19 72.04 68.41 61.18 66.00 90.82 87.79 86.59 65.65 64.04 66.68 68.84 68.03
89.06 80.56 44.27 73.02 79.51 73.53 85.55 90.89 86.21 83.26 63.17 64.24 63.56 69.04 52.92
89.08 80.41 52.41 70.02 76.82 78.11 87.21 90.89 84.47 85.64 60.51 61.52 67.82 68.02 50.09
88.8083.10 50.90 67.30 76.20 80.40 86.70 90.80 84.70 83.2062.00 61.40 66.90 70.60 53.90
89.11 82.84 48.3771.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94
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Table 5 Comparison with Different Algorithms on the

/HRSC2016 Dataset
ik mAP/%

RetinaNet-R(Lin % ,2017) 80.81
SARD(Wang%,2019) 85.40
KLD(Yang%F,2021¢c) 87.45
Gliding Vertex(Xu%5,2020) 88.20
DAL(Ming % ,2021) 88.95
R*Det(Yang%,2021b) 89.26
CSL(Yang%§,2022a) 89.62
CFC-Net(Qi%%,2021) 89.70
GWD(Yang%,2021a) 89.85
PSC(Yu%%,2023) 90.06
S’ANet(Han %,2021) 90.17
Ak 90.30
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