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Fig. 1 The overall network structure
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Table 1 Ablation experiment on the DOTA1.0 dataset

Methods ACWM AMFP mAP 4

Oriented R-CNN X X 75.87

Oriented R-CNN+ACWM N X 76.84
Oriented R-CNN-+AMFP X N/ 77.17
Oriented R-CNN+ACWM+AMFP N/ N/ 78.23
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JH ;5 (e)(j) A Sk A R
Fig. 6 Comparison of detection results between proposed method and baseline method. (a) (f) Dense vehicle; (b)(g) Airport
area target; (c)(h) Small target in water area; (d)(i) Sports field and surrounding area; (e)(j) Dock ship
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Table 2 Ablation experiment on the DIOR-R dataset

Methods ACWM AMFP mAP 4 mAP(CM)  mAP(VM)
Oriented R-CNN X X 64.30 72.60 46.80
Oriented R-CNN+ACWM N X 66.03 74.76 49.78
Oriented R-CNN+AMFEP X N 66.31 75.21 50.05
Oriented R-CNN+ACWM-+AMFP N N, 67.58 76.19 51.86
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Fig. 7 PR curves of the proposed method and baseline method in different categories. (a) The PR curve of Airplane; (b) The
PR curve of Ship

24 XPEERIE

FE DOTALO 5 1, % B4 U7 2 5 24 1 Sk 0 A6 00 3500 64T 7 4 b4, 285 R0 B 1 38 3CH ot
TR AEMERE, TR L R R KAL) o X J7 35 2 45 RetinaNet-O™' | Faster R-CNN-O"" | Rol
Transformer™ \DRN"™' | S?ANet® | ARS-DETR™ .DFDet™ , Oriented R-CNN"" I ARC"™', B% i 35 RetinaNet-O
Ml Faster R-CNN-O % 28 8t 75 % , 43 % ARS-DETR . DFDet %5 it 57 SOTA B8, 3 S48 70 5% J] JE T4
ST S R RN L 22 RUBE il A 22 PR R 2R B R 0T B 1 4 TR AR e M 5 BT S AR R AR R [ B
£ L RAE, BB g RS, PG TR 7 i i PR AR O PR BRI T AT R L AN B
P& ][] 25 BE AN 2017 4F 2 2024 4F , BB S5 W 32 Jk A D00 450 1 f o a2 R o X B S R 5 PLCRBL) \BD
(FEBRYZ) \BROWY 32 ) 45 28 I 4G MUK 32 B2 mAP (- 985 B2 ) SR bR o SEB0 45 2R W, T4 U7 25 (Ours ) B 4K
mAP ik 78.23% , 1 %% T RetinaNet-O (68.43% ) | Faster R-CNN-O (69.05%) . S?’ANet (74.12%) . ARS-
DETR(74.16%) .DFDet(74.71%) ,Oriented R-CNN(75.87% ) Rol Transformer(69.56% ) \DRN(70.70% )
FTARC(77.35%) , ZRM i B EF M £ BRI L, it 7546 PL .BD .GTF .SV.LV .SH.TC.SBF ,
RA HA 1 HC 285 I, 4 5 BUAF 89.53% .82.92% . 77.58% .79.37 % . 84.87% .88.23% .90.95% . 68.20% .
70.39% .76.35% F166.68 %0 [ 5 S A B, 3X — 25 B A% 25 T ACW M 2o AH DG 80 P 5 22 In B o H A AH ¢
WA, HARE T ORHL(PL) AN (SH) AT ER 3 (TC) %5 HA B % 2B H AR 0055 AE 42 BURE 77 5 [F iF , AMFP
PeAb T BAR I LR SOfF B i — 25 R TR RS BE . e Ak, 7E SH AT HC 45/ BRI o, BF $2 7 2% 40 )ik
1 88.23 % F1 66.68 %0 MKE B, Jre 3 1 s B () B ARG i ME o £ b, P4 O R AR R DUDORS B RS AR v B L T
AR, FE R 1A A 18 IR Sh i e HEVERE

£3 AEAEEAEDOTALOKIESE EHRMFERET
Table 3 Comparison of detection accuracy of different algorithms on DOTA1.0

Large Object Medium Object Small Object mAP

Methods Backbone

BD SBF BR GTF BC HA PL TC LV ST Sp RA  SH SV HC 4

RetinaNet-0'*' ResNet-50 77.62 54.75 41.81 58.17 82.18 62.57 88.67 90.29 71.64 74.32 69.57 60.60 79.11 74.58 60.64 68.43
Faster R-CNN-0"*” ResNet-50 73.06 48.59 44.86 59.09 78.94 62.18 88.44 90.84 71.49 83.90 64.91 62.95 77.11 73.25 56.18 69.05
S*ANet® ResNet-50 82.84 60.36 48.37 71.11 84.90 65.26 89.11 90.83 78.39 85.64 69.13 62.60 87.25 78.11 57.94 74.12
ARS-DETR'™ ResNet-50 75.56 60.28 48.32 69.20 77.31 74.88 86.97 90.50 77.94 82.86 71.76 64.58 87.69 77.92 66.62 74.16
DFDet'™ ResNet-50 79.25 60.07 48.40 70.00 83.13 68.27 88.92 90.90 78.85 83.98 76.78 66.49 87.21 80.22 58.11 74.71
Oriented R-CNN'* ResNet=50 82.12 63.97 54.78 70.86 87.50 74.94 89.46 90.90 83.00 84.68 68.84 67.69 88.20 78.93 52.28 75.87
Rol Transformer *’ ResNet-101 78.52 58.39 43.44 75.92 77.27 62.83 88.64 90.74 73.68 81.46 58.93 53.54 83.59 68.81 47.67 69.56
DRN'#" Hourglass—52  80.22 50.12 43.52 63.35 83.85 67.62 88.91 90.14 70.69 84.11 68.60 58.41 84.94 73.48 52.50 70.70
ARCHY ARC-R101 82.48 63.63 5533 73.88 86.44 74.29 89.40 90.90 84.05 84.83 71.91 70.32 88.06 79.37 65.43 77.35
Ours ResNet-50 82.92 68.20 54.63 77.58 86.95 76.35 89.53 90.95 84.87 84.93 72.01 70.39 88.23 79.37 66.68 78.23
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MV AR A 92 M E— 2 M T B EURE (Params) 58 B 24 B (FLOPs) o 453U 4 FiR , T $2
DT EERBCT O ORI, 28 b T8 hOKCE PR R AR R . X — L IR T ACWM A AMF P A5 Bl i {18
PCRFAE S O 7, A7 R0 A TR THIE, TR 48 T m AP #9 [] if -5 T 48 i T R0
F4 FTEHEEEDOTA LOKIEE FAERERTLE

Table 4 Performance comparison of different algorithms on DOTA 1.0

Methods Params v FLOPs vy mAP 4
RetinaNet-O'*! 38.8 M 203 G 68.43
Faster R-CNN-0O"* 411 M 211G 69.05
S?ANet! 38.6 M 198 G 74.12
ARS-DETR"™ 41.8 M 208 G 74.16
DFDet™ 34.4 M 186 G 74.71
Oriented R-CNN™"* 414 M 206 G 75.87
Rol Transformer'® 55.1 M 225G 69.56
DRN'™ — — 70.70
ARC"H 74.4 M 232G 77.35

Ours 41.6 M 210 G 78.23

7E DIOR-R #4084 I, 73 ASDNet ™ Hl DoDet ™ #E Ay %t b J 14 , DAtk — 25 B0 31 T 48 7 125 11 1 A oI i
F3E 1, Hod{¥ Rol Transformer 3% A ResNet—101 /£ 5 BackBone, 242 77 5 3 3% F ResNet=50, & 57 M T
JIE 4 J7 1 5 2 i S A SR R X LS R . S5 R R PN EE U5 7L (Ours) 9K mAP 35 67.58% , fk T
RetinaNet-O(57.55% ) .Faster R—-CNN-0O(59.54% ) .ASDNet(61.57% ) .DFDet(62.11% ) .Rol Transformer
(63.87% ) .Oriented R-CNN(64.30% ) .DODet(65.10% ) 1 ARS-DETR(66.12% ). 7£HAR2E 50, fir 4 57
7€ AL.BC.BG.CM.GC.GF .SD. M VM % & I, 75 il BU 4% 71.75% . 88.04% . 45.01% . 76.19% .
76.58% .83.29% .79.81% M1 51.86 % ) fie i A B L 159 25 T AMFP 1) 22 RUE il & SR s, 4 0 5 3k 4% (BC) Al
R KRR (GC) AE RN H FR LA 151 (CMD) A5 /I H AR B4 7 58 4 11 RURE 386 17 P 5 ACW ML 114 3 24 38 38 Jin 4
BLHIA AL T 75 560 s & 2 ) MR AR 26 38, E — 25 $ T T A 700 4 g s ik

x5 AEEXEZEDIOR-REEE FHMKEEXTLE

Table 5 Comparison of detection accuracy of different algorithms on DIOR-R

Large Object Medium Object Small Object
Methods mAP A
GF AT SD HB BG GC DM OP BF ST BC WM TS TC AL EA CM ES VM SP

RetinaNet-O'2 79.54 28.52 67.57 32.14 23.98 69.2519.94 44.87 73.57 61.09 81.17 60.24 47.33 81.46 61.49 72.39 72.54 58.20 38.01 77.71 57.55

Faster
R-CNN-O' 79.24 26.80 64.34 34.95 34.20 66.63 18.95 48.79 71.72 71.21 80.91 65.21 47.31 81.44 62.79 66.45 72.57 65.75 50.46 81.14 59.54

ARS-DETR'™’ 78.62 54.17 70.09 36.33 41.13 76.10 34.89 55.41 76.44 72.23 81.65 70.28 61.52 81,14 68.00 73.07 75.66 81.82 48.58 84.55 66.12

DFDet™  79.62 38.83 73.11 38.26 34.11 75.56 26.26 52.76 77.41 68.27 81.36 63.35 52.23 81.38 61.92 76.06 74.97 62.31 44.11 80.40 62.11
Oriented
R-CNN'1 82.40 39.30 74.20 43.60 43.10 68.60 29.50 57.60 79.50 62.60 86.20 66.00 54.80 81.40 71.10 66.70 72.60 79.30 46.80 81.30 64.30
Rol
Lo 82.74 37.88 78.23 47.71 40.68 68.96 26.86 55.61 71.78 70.26 87.53 65.52 54.86 81.61 63.34 78.71 72.60 68.09 43.27 81.21 63.87
Transformer '

ASDNet'™]  80.62 30.33 74.62 41.92 36.84 66.87 25.08 52.88 71.41 71.00 81.43 62.91 54.28 81.48 62.88 74.97 72.51 60.65 47.49 81.21 61.57

DODet'™ 7547 43.35 74.04 48.00 43.12 74.1533.32 59.31 72.11 71.56 81.32 66.40 56.76 81.52 63.40 78.77 72.59 70.84 50.57 85.41 65.10

Ours 8329 46.19 79.81 4559 45.01 76.58 34.53 58.91 78.81 69.88 88.04 65.91 5942 82.69 71.75 73.27 76.19 78.83 51.86 84.09 67.58

E DOTALO KI5 b F B 82 05 ik 5 A [R) A 0 J7 32 34 47 ] W0 AR 4G I 45 SR %8 L, 45 SR I 8 B, Horr,

FLZ A Oriented R-CNN7E & 4895 5 F A I R BB R IR, JCHAE /N BAn 5 2 M B2 B AR R0 v 4 2
B AS AUE LA MER LG . M Z R 2 J7 38 o 1 3 0 38 3 AR H (ACW M) I 38 1 22 RUBE fill 45 46
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B8 B %k%EDOTALO % # % Lt & Il 4 & 3 It . (a) RetinaNet-O; (b) Faster R-CNN-O; (c¢) Roi Transformers;
(d) ARS-DETR;(e) Oriented R-CNN; (f) A& > 77 3%
Fig. 8 Comparison of detection results of different algorithms on the DOTA1.0 dataset. (a) RetinaNet-O; (b) Faster R-CNN-O;
(¢) Roi Transformer; (d) ARS-DETR; (e) Oriented R-CNN; (f) The proposed method

TR (AMFEP) 0 PR 00 Ak, 2 48 5 1 Aw 09k D0 258 R 0K BE , U LA &2 2% 5 s F 2 A B B AR i 0 |
RITA . 5 Faster R-CNN-O ,Rol Transformer 5 H At Xf 3575 A7 F , I 8 07 175 %6 5 B 5 o0 A F AR AR
AH R 7 55 b e 30 S ) A L 2P IR IE 1 TR R 2 R R b i D R RE

AN, 7E DIOR-R 42 b T 4 7 i b A7 1 Al A4k 43 A, 45 SR AN 9 B , WL R 1 AR AR AN Rl 3
SN BRI AR o T I T8 %8 3 B B 5 VA AE /I B A A I rh S A T R A AR A 2 H A ol r HE A HL 5SS
AL AOR KA S0 UE T HAE DIOR-R #l 5 1 A9:38E Rk
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Fig. 9 The detection results of the proposed method on the DIOR-R dataset
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Remote Sensing Image Object Detection Based on
Adaptive Feature Weighting

LI Yi, LIU Fan, LIANG Yating
(College of Artificial Intelligence , Taiyuan University of Technology, Jinzhong 030600, China)

Abstract: The broad field of view inherent to remote sensing images offers significant advantages for large—
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scale monitoring tasks, enabling comprehensive surveillance over vast geographical areas with a single
acquisition. However, this advantage is often offset by the presence of complex backgrounds, such as cloud
cover, shadows, and varying terrain textures, which frequently introduce channel-level noise that
interferes with target features. This interference significantly compromises the robustness and reliability of
detection models, particularly in adverse weather conditions or densely cluttered environments.
Additionally, the substantial variation in target sizes, ranging from small objects like vehicles and
helicopters to large structures such as ports and bridges, poses a significant challenge. Detection models
struggle to simultaneously capture high-resolution details necessary for identifying small targets and low—
resolution semantic information essential for recognizing larger objects, leading to unbalanced detection
performance across different scales.

To address the aforementioned challenges, this paper proposes a remote sensing image object
detection algorithm based on adaptive feature weighting, built upon the Oriented R-CNN framework. The
method introduces two core modules: the Adaptive Channel Weighting Module (ACWM) and the
Adaptive Multi-Scale Fusion Pyramid (AMFP) , aimed at tackling background interference and multi-
scale target detection issues. The ACWM module is applied after the STAGE 2 and STAGE 3 phases of
the feature extraction network to adaptively adjust channel weights, a critical step for enhancing feature
representation. By analyzing statistical correlations between channels using the Correlation-Aware
Covariance Weighting (CACW) method, it generates dynamic channel weights to enhance target-related
features while suppressing background noise and redundant information, balancing the expression of
different channels and thereby improving the feature extraction network’s ability to extract features from
rotated targets. Subsequently, the AMFP module processes the multi-scale features (C2, C3, C4, and
C5) extracted by the feature extraction network, employing a hierarchical approach for feature integration.
The Multi-scale Perception and Context Integration Module (MPCIM) fuses global semantic features
from deep layers with edge and positional details from shallow layers, effectively addressing the issue of
small targets being obscured. The Adaptive Layer Weighting Module (ALWM) optimizes the fusion
quality of multi-scale features through adaptive layer-wise weighting, enhancing the model’s capability to
handle diverse target scales ranging from small vehicles to large ports by dynamically adjusting the
contribution of each feature level, thus improving adaptability to various target scales. The optimized
features (P2, P3, P4, and P5) are then fed into the Oriented RPN and Oriented RCNN head, which,
based on the Oriented R-CNN framework, generates high—precision rotated bounding boxes to complete
classification and localization tasks.

To validate the effectiveness of the proposed algorithm, extensive experiments were conducted on the
DOTAL.0 and DIOR-R datasets. Ablation studies were performed to assess the contributions of the
ACWM and AMFP modules. Results indicate that the ACWM module alone improves the mean Average
Precision (mAP) by 0.97% on DOTAL.0 and 1.73% on DIOR-R, while the AMFP module contributes
an additional 1.30% and 2.01% improvement, respectively. When both modules are combined, the mAP
reaches 78.23% on DOTA1.0 and 68.17% on DIOR-R, representing overall enhancements of 2.36 % and
3.87% compared to the baseline Oriented R~-CNN model. Visualization comparisons further demonstrate
the superiority of the proposed method, showing a significant reduction in missed detections and false
positives for small targets, particularly in categories such as Small Vehicle, Swimming Pool, Helicopter,
and Storage Tank. The method also exhibits improved localization accuracy and better contour fitting for
rotated objects, especially in complex backgrounds with varying angles and dense distributions. The
experimental results highlight the robustness and adaptability of the proposed algorithm across diverse
remote sensing scenarios.

Compared to state—of-the—art methods such as Faster R-CNN, Rol Transformer, and ARC, the
proposed approach achieves superior performance in handling small targets and complex orientations, as
evidenced by its higher mAP and enhanced visual detection outcomes. However, limitations remain,
including potential performance degradation in extremely cluttered scenes or with ultra-small targets,
suggesting avenues for future optimization.

Key words: Deep learning; Object detection; Adaptive feature weighting; Optical remote sensing images;
Multi—scale fusion
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