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Remote sensing small target detection algorithm with frequency domain
enhancement and multi-dimensional feature diffusion
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Abstract: To detect objects in remote sensing imagery remains highly challenging due to complex background clutter, extreme variations
in object scale, and high sensitivity to arbitrary orientations. To address these issues, this paper proposes DMADet, a novel detection
framework based on dual-domain feature extraction and multi-dimensional focused diffusion, aiming to enhance perception capability and
robustness in complex remote sensing scenarios. The method first introduces a dual-domain collaborative network (DDCNet) that jointly
exploits spatial and frequency domain information; edge-aware features in the spatial domain are strengthened using Scharr operators,
while global contextual representations are captured in the frequency domain via Fast Fourier transform, enabling bidirectional interaction
and complementary fusion between the two domains. Second, to alleviate semantic degradation across layers in conventional feature
pyramids, a multi-dimensional focused diffusion pyramid (MFDPN) is developed, which employs a channel-block weighting strategy to
adaptively integrate high- and low-level features and incorporates a lightweight dual-stream collaborative attention module ( LDC-
Attention) to enhance multi-scale contextual awareness. Finally, an adaptive rotation-aware detection head is designed, leveraging a
dynamic routing mechanism to generate orientation-sensitive convolution kernels, thereby significantly improving rotational invariance and
detection accuracy for arbitrarily oriented objects. Extensive experiments demonstrate that DMADet achieves mAP @ 0.5 scores of
75.9%, 96.8% , and 85.7% on the DOTA-vl.0, NWPU VHR-10, and RSOD benchmark datasets, respectively—consistently
outperforming current state-of-the-art methods. These results validate the effectiveness and superiority of the proposed approach in

mitigating performance degradation caused by background interference, scale diversity, and rotational variance, while substantially
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improving object localization accuracy and robustness in real-world remote sensing applications.

Keywords: frequency domain enhancement; multi-dimensional features; scharr; remote sensing images; arc convolution;

object detection
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Table 2 Comparison experiment of
YOLO series algorithms

Method mAP@0.5/% mAP@0.5:0.95/% R/% Params(x10°)
YOLOv3-Tiny 50.2 41.2 48.2 12.1
YOLOvSn 62.4 44.1 57.4 1.8
YOLOv6n 64.2 46.3 60. 1 4.6
YOLOvV7-Tiny 70.8 47.8 65.1 6.0
YOLOv8n 68.0 50. 4 65.5 3.0
YOLOv10n 68.6 51.7 65.3 2.7
YOLO11n 70.3 52.3 66. 4 2.59
YOLOv12n 71.4 52.8 68.3 2.6
DMADet 75.9 54.7 71.3 3.93

SR EE R R AT DL H DMADet A% T HoAth S it
1 YOLO 3 E 7 mAP@0. 5 mAP@0.5 : 0.95 F1 R
febr LA AR F AL A AL N R F8 45 HAA Ok F,
DMADet ;53] T 71. 3% , A T BT UAS 1) YOLO11n il
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R 22 N R IR 3K BE 77, LA B ARG 000 Sk %) 3 2% 1 v 75 )
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JE BRI R, ST R E A IR S, 7E mAP
@0.5 FlmAP@O.5 : 0.95 #5451, DMADet £ %5 T [F]£E
B EE, Bk B T 75. 9% M 54. 7% AT EBEH I 1)
YOLOv12 B4 SR TF T 4. 5% 1. 9% , i T YOLOv3-
Tiny MZE5H 0 1L, 76 W5 bR - R 22K 50. 2%
F141.2% ., YOLOvSn 44 T — 2 F5 BE A00RS B DA 6 e
PR B AR AR T 2% B, SR AUH 1. 8x10° , {H
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Table 3 Comparative experiments of other

improved algorithms on DOTAv1. 0 (%)
Method mAP@0.5 mAP@0.5:0.95 P R
YOLO-CLSA ! 69.0 40.2 72.9  63.3
FR+CGL!?" 73.2 - - -
RA2DC-Net!?® 74.5 - - -
TPH-YOLO'?’ 73.1 50.5 - -
PARDet 73.08 43.05 - -
DMADet 75.9 54.7 80.4 71.3

11. 15% ,MFDPN il i FfiE R A2 59w 7 =X, i 17 £
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YE R B IR T HA B2 R RE R I,
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Table 4 Comparison of different algorithm models in DOTAvV1. 0 for various categories detection (%)
mAP@0. 5 mAP@0. 5
Method
C1 Cc2 C3 C4 C5 Co6 Cc7 C8 C9 C10 C11 C12 C13 C14 CI15 (all)
YOLOv5S 83.3 87.4 73.2 74.3 91.0 48.6 53.2 81.4 51.3 80.7 54.6 32.4 58.8 38.7 78.9 62.4
YOLOv7-Tiny 88.4 84.2 75.3 75.1 90.0 48.8 54.1 83.4 52.8 83.7 55.6 326 62.7 39.6 79.9 70. 8
YOLOv8n 93.0 89.4 75.9 80.2 91.7 49.6 55.7 81.4 52.5 85.8 57.6 32.6 654 39.8 8l.1 68. 8
FDLR-Net!!! 89.0 77.9 86.3 79.1 89.4 86.7 68.6 66.9 52.1 80.8 72.1 57.9 61.4 64.8 68.6 73.0
AFPN-DFA!?! 88.7 87.4 83.6 79.4 90.7 84.3 655 66.9 52.2 80.8 74.7 69.3 58.1 62.6 72.3 74.4
YOLOv10 90.3 89.4 74.9 80.4 91.5 50.7 55.3 81.3 52,4 84.4 57.0 33.4 64.8 40.1 80.0 68. 6
S—RepP()intsDﬂ 86.4 86.7 85.6 78.9 90.8 82.6 69.8 73.9 52.4 75.9 77.3 62.3 68.2 60.1 72.2 74.9
YOLOI11 92.3 89.3 74.8 80.0 91.3 49.7 54.3 81.2 51.4 853 57.4 32.3 61.4 39.9 80.6 70.3
CFA[ 89.2 84.4 855 81.7 90.7 834 67.1 73.0 51.8 78.2 79.9 64.9 67.7 54.8 70.2 75.0
S2A-Net!3! 89.1 86.9 855 81.5 90.8 83.5 72.8 66.5 48.7 76.7 78.2 56.2 61.6 62.7 68.9 74.0
Gl-Vertex| ! 80.6 86.8 86.8 85.0 90.7 79.0 77.3 72.9 52.2  73.1 73.0 57.3 70.9 59.5 70.8 75.0
DMADet 93.1 89.8 86.9 83.2 91.2 50.1 54.3 82.1 52.9 86.2 58.3 40.6 72.2 43.8 85.7 75.9
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Table 5 Comparison of different algorithm models on NWPU VHR-10 (%)
Method mAP@ 0. 5% mAP@ 0. 50
C1 c2 C3 C4 C5 C6 Cc7 C8 C9 C10 (all)
YOLOv7 99.5 80.4 93.5 99.4 98.2 92.9 95.4 89.6 81.1 87.6 91.8
GLSANet!*") 99.9 95.8 97.1 99.4 98.8 86. 1 99.5 97.5 84.8 86.8 94.6
YOLOv8 99. 1 87.8 98.2 97.3 95.8 94. 8 97.3 92.1 93.4 94.0 93.2
DMNet! ! 99.3 88.5 87.8 97.9 96.2 94.5 98.5 98.7 88.2 92.6 94.2
DA2FNet:* 99.9 89.5 87.2 98.7 95.7 95.2 99.5 99.0 89.0 93.6 9.6
EfficientDet!*"! 95.1 68. 8 74.7 81.5 72.1 83.3 79.9 85.6 91.1 83.2 81.5
HSP-Net!*!] 99. 8 92.5 97.0 98.6 90. 4 91.5 99.0 88.9 87.1 89. 1 93.4
DMADet 100.0 88.1 99.5 99.7 98.9 96.7 98.7 98.3 97.7 98.2 96. 8
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0.6 AR,
g 05F AN EF X LDC-Attention {3 2 77 AL 1Y 2 R &
goar ff 0§ S LR BIAT COCO 532V 45 b - /0 AF (average
% 031 ‘“DT:Z precision for small objects, APS, [fi #1<32x32 pixels) ., H
02F . - H#5 (average precision for large objects, APM,32x 32 ~
01 T AR 96x96 pixels) 1K HHr (APL, >96%x96 pixels) FJFIIHE
0.0 _.: :i5@1kfgli‘éiitﬁéiiﬁ:ﬁl“rmmr* . . Ji |, LUK LDC-Attention S A [G] R <F #4419 56 18 FL
0 S 200 1% 6 iR, LDC-Attention 7B J& (%GR, 3 6 1T

B 11 JHmEhseg st

Fig. 11  Ablation experiment iteration
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Fig. 12 A comparison of thermal maps before and after the introduction of LDC-Attention
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Table 6 Comparison of attention mechanism ablation
TR mAP@0.5/% mAP@0.5 :0.95/% GFLOPs Parameters ( X 10° ) APS/ % APM/ % APL/ %
FAMA LDC-Attention 73.3 48.3 9.1 3.48 45.3 64.2 92.3
JinA LDC-Attention 74.6 54.2 9.73 3.83 47.2 65.4 92.4
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Fig. 13 DOTAvl. Comparison of detection results
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