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objects in remote sensing images

Yao Rui, Li Yuman', Guo Haofan, Hu Wentao, Tian Xiangrui

College of Automation Engineering , Nanjing University of Aeronautics and Astronautics , Nanjing 210016, China

Abstract: Objective Detecting arbitrarily oriented and densely arranged targets such as ships and aircraft in remote sens-
ing images presents significant challenges. Traditional horizontal bounding boxes (HBBs) contain excessive background
noise, substantially lowering the intersection over union (IoU) metric and compromising localization accuracy. Current

rotated object detectors suffer from discontinuous representations of oriented bounding boxes (OBBs) , causing abrupt

75 B #5:2025-04-28 ; &[5 H #7:2025-09-22 ; F EN 7 B #§ : 2025-09-29
«EEMES ZEWE  2303008@nuaa.edu.cn

E &R Atz FHF 345 H (20240055052001)

Supported by : Aviation Science Foundation of China(20240055052001)



913
hE, TWE, WEM, WAXE, BER
§31% /5% 38 /2026 £3 A H [0 R EGEETE BN ELLASHEERT

jumps in regression targets that limit detection precision. Current approaches to address OBB discontinuity typically follow
three directions. First, improved loss functions can mitigate gradient conflicts in angle regression but ultimately fail to
eliminate parameter jumps at periodic boundaries. Second, angle encoding methods effectively handle rotational disconti-
nuity yet remain inadequate for aspect ratio variations. Third, and most fundamentally, novel OBB representations intro-
duce continuous parameters through encode-decode modules, resolving the discontinuity issue at the representation level
itself. However, current OBB representations have limitations, including incomplete continuity constraints, decoding
ambiguity for special-shaped targets (square/extreme-aspect-ratio) , and irregular parameter variations that restrict accu-
racy. To address these issues, this paper proposes a continuous geometric representation of OBBs (CGR-OBB) with rigor-
ous continuity metrics to achieve high-precision detection. Method CGR-OBB constructs a nine-dimensional continuous
representation space for OBBs on the basis of geometric continuity constraints, incorporating three key components: posi-
tion parameters, area factors, and the aspect ratio parameter. The construction of these parameters strictly adheres to conti-
nuity metrics covering object rotation/aspect ratio continuity, loss rotation/aspect ratio continuity, and decoding complete-
ness/robustness. First, the position parameters are formed by combining the distance offsets of target corners relative to the
midpoints of HBB edges with the center point, width, and height of the HBB, enabling rapid OBB localization. Subse-
quently, the area factors are computed using the upper-right region areas obtained from the OBBs’ partitioning of their cir-
cumscribed HBBs. These factors are then employed to determine the OBBs’ vertex positions, effectively avoiding decoding
ambiguity. Finally, the aspect ratio parameter of the OBB is applied to constrain its geometric shape, ensuring that the
decoded OBB tightly encloses the target object. For high-aspect-ratio target detection, CGR-OBB enhances the detector’s
modeling capability by optimizing area factor definitions and performing logarithmic transformation on aspect ratio regres-
sion targets. CGR-OBB is implemented as a plug-and-play module with an encoder-decoder architecture. This modular
component can be seamlessly integrated into mainstream detection frameworks such as Faster R-CNN and RetinaNet. Dur-
ing training, ground-truth bounding box annotations are transformed by the encoder module into a nine-dimensional continu-
ous parameter representation. These parameters are then standardized according to regression parameter definitions and
jointly computed with the detector’ s regression targets for loss calculation. During testing, the regression targets are
decoded into bounding box parameters through the decoder module. The decoded bounding boxes are then quantitatively
evaluated against ground-truth annotations, with simultaneous visualization of detection results on the input images.
Result Experimental results demonstrate CGR-OBB’ s effectiveness through comprehensive validation. First, continuity
tests show that baseline detectors with CGR-OBB have reduced loss jumps and faster convergence, proving better training
stability and efficiency. Second, unified benchmark tests on four detectors confirm accuracy improvements: on
HRSC2016, mAP@75 increases by 34. 9% for Rotated Faster R-CNN, 1. 8% for Oriented R-CNN, 9. 6% for Rol Trans-
former, and 1. 0% for ReDet; on DOTA, improvements are 2. 68% for Rotated Faster R-CNN, 0. 66% for Oriented R-
CNN, 3.96% for Rol Transformer, and 4. 31% for ReDet. Third, compared with the latest other OBB representation meth-
ods (DHRec and COBB), CGR-OBB shows greater improvements across mAP@50, mAP@75, and mAP@50:95, averag-
ing 2. 08% over DHRec and 1. 41% over COBB for Rol Transformer, and 1. 69% over DHRec, and 1. 79% over COBB for
ReDet. Finally, in DOTA’ s mAP@50 tests against mmrotate’ s top detectors (including Gliding Vertex and R3Det +
KFIoU), CGR-OBB achieves the best average accuracy while ranking first in eight out of 15 categories (containing extreme-
aspect-ratio and square targets) and second in five others, demonstrating excellent multiscale target detection capability.
Conclusion The proposed CGR-OBB fundamentally addresses the OBB representation-level discontinuity, delivering sig-
nificant improvements in detection accuracy. It constructs a continuous representation space composed of nine parameters,
including position parameters, area factors, and aspect ratio parameters. These parameters vary continuously and predict-
ably during regression, effectively eliminating sudden jumps in regression targets. The encode-decode structure ensures a
strict reversible mapping between the OBB and its continuous representation, with the area factor resolving decoding ambi-
guities and the aspect ratio parameter enabling fine adjustment for high-precision detection. lIts robust performance is par-
ticularly evident in challenging scenarios with dense target arrangements and complex backgrounds, where it effectively
reduces missed detections and false alarms for rotated object detectors. Furthermore, the method combines high precision

with easy integration capabilities, serving as a plug-and-play module that can be seamlessly incorporated into various main-
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stream detection frameworks, demonstrating strong practical value for rotated object detection applications. Future work

will focus on further enhancing performance under lower IoU thresholds to achieve comprehensive improvement across high

and low precision metrics.

Key words: oriented object detection; continuous representation; oriented bounding box (OBB) ; remote sensing image;

deep learning
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F HBB | i T 52 BRAK 58 e AR A i i 22 1, (BAT5 A7
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representation of CGR-OBB
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2 g5 f B S HUR IR 41 OBB /R Al
Fig. 2 Illustration of potential OBB representations

given the positional parameters
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((a) s, area factor; (b) s, area factor)
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Fig. 4 Schematics of OBB adjustment ((a) schematic of OBB
shape adjustment; (b) schematic of OBB scaling

parameter adjustment )
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A, Ly, BRI R (5 R F:—30) , L,
2 mH 2, 2K H Smooth L, #1 2% (Ren 55 ,2017)
hbox, 5 hbox, 7393 & 7R 7K - 301 FEAE [81 05 2 80 i ot
(EAEAEARTE o ER A T3k 5 Ik 2
Fw,, wy, w5, wy, ws 7 IR A BUR FIACE , 2 e
RS SAnH S SR TR R
2k (R 2 X (3) A (4)F8HR) .

2 LWHERSHH

2.1 XWEE
2.1.1 sk

1) DOTA (dataset for object detection in aerial
images) (Xia 55,2018 ¥(#li 4 . 2 — ) MK
i AR R bR I o 425 2 806 I 1y 43 HE A A
14, &5 R SFE LA 800 x 800~4 000 % 4 000142 .
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ZE 5] RHL(PL) (B EK Y (BD) M2 (BR) . H AR
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) Z2FE I DL R 5% B 43 A ()R oS, TR IRE 5 S5 000 26 1 3
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2)HRSC2016 (high-resolution ship collection 2016)
(Liu %, 2017b) B0i 4 o 2 —A L 0 T AR il i
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1500 x 90014 R AEE . UG I BRI T H LR
D3, H AR ELA B S0 5 1) A RUBE AR AL, BB IS A 2L
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2.1.2 SEHEAY
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8 7R AU EUS DR LA B0 5 R RN
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FEE SR FHKOT- B 30 1 B0 % FNOXH f 4 B , B0G%
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[ [l )= 07 e . 24Ky
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T I oo ortg B P S () ERFITKF H A5 Y 1
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Fig. 6 Variation of regression values for distance offsets and area factors with angle and aspect ratio respectively
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Fig. 7 Smoothing effect of CGR-OBB on training loss
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Table 2 Ablation experiment results

/%

TR mAP@50 mAP@75 mAP@50:95
CGR-OBB* 75.84 49.36 46.32
CGR-OBB* 75.92 50.42 46.46
CGR-OBB 77.22 51.37 47.89

1 : CGR-OBB*3/R I ratio Z 4L, CGR-OBB /K ratio Z ¥ ffi
FHEHERIA 72, CGR-OBB 275 ratio Z4UH FHXEL AL 0117
Jr e

9T WL HE JFE B CGR-OBB R b X H A5 46 ) %
) 2l 36 3R, 7E HRSC2016 A1 DOTA P44 48 4 o
ATAAL T CGR-OBB X T 45 B 46 I 45 119 2l 3 45
(A 7S BAGEE KT 0.3 By, 4 9 F&l 10

FIiR .
WE 9 JioR 38 1t 4 405 HE MG (B8 — 4, A0 55
LA A g8 K H 5 CGR-OBB 454 5 BRI 25 51 ) Jié
/R T HRSC2016 4 42 v A H AR A 2 o iR
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)G 00 7 BH S 199 7 1) 0 0 2% , CGR-OBB 95| A
EETE T O ARG . B & 9(b) (d) AT,
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AR BT AN R RE B 9 U RS (R ZRAE AR H ), T T 9 (F)
(h)JBHL T CGR-OBB il 1 HE 2 R n ik TR I 2%
(RFAE 22 2] 5 RS R A 85080 T &2 4475 S A/
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Table 3 Quantitative evaluation of the CGR-OBB module on the HRSC2016 and DOTA datasets

/%

. HRSC2016 DOTA
iRl R ECES
mAP@50 mAP@75 mAP@50 mAP@75 mAP@50:95

Rotated Faster R-CNN 85.60 35.20 73.41 39.62 40.76
ResNet-50

Rotated Faster R-CNN+* 92.10 70.10 73.92 42.30 42.11

Oriented R-CNN 96.50 87.10 75.54 47.47 45.22
ResNet-50

Oriented R-CNN+* 97.10 88.90 76.17 48.13 45.96

Rol Transformer 94.80 80.20 75.80 47.41 45.62
ResNet-50

Rol Transformer+* 97.20 89.80 77.22 51.37 47.89

ReDet 97.40 92.60 76.41 47.66 46.02
ResNet-50

ReDet+* 98.30 93.60 76.76 51.97 48.02

TE IR R 7R 2 LRSI 48 b B DL 45 2R

(e) Rotated Faster R-CNN+* (f) Oriented R-CNN+*

B9 FZFNIZES CGR-OBB4

(h) ReDet+*

(g) Rol Transformer+*

2RI E 76 HRSC2016 5idfi 4 Al Wik gl 3

Fig. 9  Visualization results on the HRSC2016 dataset before and after integrating the baseline detector with CGR-OBB
((a) Rotated Faster R-CNN; (b) Oriented R-CNN; (¢) Rol Transformer; (d) ReDet; (e) Rotated Faster R-CNN+%;
(f) Oriented R-CNN+%* (g) Rol Transformer+*; (h) ReDet+%*)
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Fig. 10 Visualization results on the DOTA dataset before and after integrating the baseline detector with CGR-OBB
((a) original image; (b) Rotated Faster R-CNN; (¢) Oriented R-CNN; (d) Rol Transformer; (e) ReDet; (f) Rotated Faster R-CNN+%;
(g) Oriented R-CNN+%; (h) Rol Transformer+*; (i) ReDet+*)

%£4 DOTA#{#E% L CGR-OBB.DHRec #1 COBB =# /7 A3t B &K B A B B M EE R L
Table 4 Comparison of accuracy improvements by CGR-OBB, DHRec, and COBB methods over
baseline detectors on the DOTA dataset
1%

LA A% FKRIT mAP@50 mAP@75 mAP@50:95
DHRec +0.43 +0.44 +0.54
Rol Transformer COBB +0.94 +1.87 +0.62
CGR-OBB +1.42 +3.96 +2.27
DHRec +0.84 +0.08 +0.65
ReDet COBB +0.14 +0.55 +0.59
CGR-OBB +0.35 +4.31 +2.00

E AL TR SR AN [R) BEZRAG I 25 B0 25K HE TR AR A B D45 2R

&5 DOTAHEE E mmrotate £ g s B AR NREH) mAP@50 3 tb
Table 5 Comparison of mAP @50 for rotated object detection models on the mmrotate benchmark using DOTA dataset
/%

iRk PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC HC;;(I))
RetinaNet+GWD 88.93 77.04 45.91 69.30 72.53 64.06 76.35 90.88 79.21 80.46 57.68 64.37 63.60 64.75 48.27 69.56
FCOS+CSL 88.67 72.99 47.78 61.84 79.51 77.79 86.93 90.90 81.87 84.78 56.35 62.79 63.32 71.65 49.37 71.77
ATSS 88.50 77.74 49.60 69.87 76.87 72.52 82.49 90.80 80.31 82.97 62.35 64.67 64.82 66.82 53.98 72.29
R3Det + KFIoU 89.05 75.17 49.04 69.67 78.06 75.46 86.69 90.90 83.65 84.48 62.21 62.87 66.72 65.95 50.20 72.68
Gliding Vertex 88.93 81.09 50.97 67.67 77.74 75.91 86.54 90.89 79.77 85.31 55.48 64.62 66.43 68.92 52.23 72.83
Rotated Faster R-CNN  89.26 82.44 50.06 69.35 78.17 73.59 85.92 90.86 84.09 85.49 57.67 60.97 66.25 69.23 57.74 73.41
S2A-Net 89.25 81.20 51.56 71.40 78.62 77.38 86.77 90.90 86.28 84.64 61.22 65.65 66.07 67.58 50.19 73.91
Oriented R-CNN 89.34 81.63 53.05 71.55 78.94 82.06 87.94 90.88 85.60 85.11 60.20 65.03 73.60 68.46 59.69 75.54
Rol Transformer 89.12 83.54 54.30 75.43 79.08 77.47 87.87 90.90 86.17 84.90 62.95 61.44 74.31 70.55 58.94 75.80
ReDet 89.32 82.30 53.64 70.79 78.55 82.27 88.08 90.89 87.35 85.92 62.92 64.30 75.15 69.71 64.99 76.41

Rol Transformer+* 89.20 83.85 55.20 75.72 79.35 83.48 88.26 90.90 87.19 85.86 66.03 63.86 76.86 71.14 61.44 77.22

T L R RIZ AR IR % 5 Bl AR Z 2R
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Fig. 11 Visualization results of CGR-OBB based on Rol Transformer on the DOTA dataset
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