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LTDNet!" 18.9 46.7 12.1 53 17.7 24.2 34.3
NWDF 21.4 532 125 7.7 20.7 26.8 352
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PGDPI 239 558 16.6 7.3 23.5 29.0
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ReDet®! 11.6 32.8 4.8 1.4 9.5 19.4 23.2
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Abstract:
Objective

The rapid development of deep learning has significantly advanced object detection in remote

sensing images (RSIs).Due to constraints imposed by imaging conditions and object size, a large number of tiny

objects (with a pixel area of less than 16x16) are widely distributed in RSIs.However, compared with

satisfactory detection performance on normal-scaled objects, current object detection methods exhibit a

significant performance gap for tiny objects.This is primarily attributed to the two critical limitations:
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insufficient positive label assignment and weak feature representations.To address these issues, a novel Cross-
Domain Collaborative Enhancement Detector (CDCEDet) is proposed.The CDCEDet jointly optimizes the
label assignment in the spatial domain and strengthens the feature representations in the frequency domain for
tiny objects, thereby establishing an accurate and robust framework for remote sensing tiny object detection.
Methods The overall framework of the proposed CDCEDet is depicted in Fig.2 and comprises three key
components.First, a Scale-Adaptive Anchor Generator (SAAG) is devised to dynamically generate anchors
matched with the scales of ground-truth (GT) objects, effectively mitigating the scale mismatch issue neglected
in previous works.Compared to conventional uniform-scale anchor generators, the proposed SAAG significantly
increases positive samples for tiny objects, even under the IoU-threshold-based label assignment.Second, a
Quantile-based Adaptive Label Assignment (QALA) mechanism is proposed to replace the fixed IoU threshold
label assignment.The QALA exploits the IoU distribution between each GT object and its matched anchors to
dynamically generate an adaptive threshold tailored to each GT object, thereby further boosting positive
samples for tiny objects.Third, a Frequency-Adaptive Fusion (FAF) module is constructed to enhance feature
representations from a frequency-domain perspective.On the one hand, adaptive high-pass filters are employed
to highlight high-frequency information, which mitigates the information loss during channel compression.On
the other hand, adaptive low-pass filters are applied to smooth and up-sample high-level features, thereby
alleviating the feature inconsistency within the up-sampled objects.

Results and Discussions Extensive experiments are conducted on two publicly available remote sensing tiny
object detection datasets, AI-TODv2 and AI-TOD-R, by comparing the proposed method with several latest
approaches, including RFLA, DCNet, and DFCL.On the AI-TODv2 dataset (Table 1), the proposed CDCEDet
achieves performance gains of 1.8% and 0.7% in terms of APy, and AP5 g5, respectively, compared to the latest
method.On the AI-TOD-R dataset (Table 2), AP;, and APj g5 are improved by 2.6% and 0.7%,
respectively.These results demonstrate that the proposed CDCEDet possesses superior performance and robust
generalization capabilities for tiny object detection in RSIs.Ablation studies and configuration analyses of the
CDCEDet core modules (Table 3, Table 4, Table 5, and Table 6) further verify the effectiveness of each
proposed component and their complementary nature.Qualitative evaluations on both datasets (Fig.3) confirm
that the proposed method accurately detects tiny objects in both sparse and dense distributions scenarios.Fig.4
confirms that the proposed SAAG generates scale-matched anchors for each object and assigns more positive
samples to tiny objects than widely used uniformly distributed anchor generator.Furthermore, in comparative
visualizations with RFLA and DCNet (Fig.5), CDCEDet exhibits superior detection accuracy and demonstrates
a more effective reduction in missed detections.

Conclusions This paper proposes a novel CDCEDet to address the insufficient label assignment and weak
feature representations in remote sensing tiny object detection.Specifically, a SAAG is proposed to generate
scale-matched anchors tailored to each GT object, significantly increasing the number of positive samples for
tiny objects.Additionally, a QALA mechanism is devised that exploits the IoU distribution between GT objects
and their matched anchors to dynamically adjust the assignment threshold, thereby effectively mitigating the
scale bias induced by the fixed threshold.Finally, a FAF module is constructed from a frequency-domain
perspective, which adopts the adaptive high-pass filters and low-pass filters to strengthen the feature
representations for tiny objects.Extensive experiments on two tiny object detection benchmarks demonstrate
the superior performance and robust generalization of the proposed CDCEDet.Future research will focus on
enhancing model efficiency and real-time performance to facilitate the practical deployment of the proposed
approach in remote sensing scenarios.

Key words: Tiny object detection; Remote sensing images; Label assignment; Feature fusion; Frequency

learning
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