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Weakly Supervised Infrared Small Target Detection
Using Dynamic Upsample
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1 (National Space Science Centre, Chinese Academy of Sciences, Beijing 100190)

Abstract Infrared small target detection is a critical yet challenging task in
various applications such as surveillance, remote sensing, and space situational
awareness, due to the targets’ small size, low signal-to-noise ratio, weak contrast,
and susceptibility to background clutter. Traditional detection methods rely heavily
on handcrafted features and meticulous hyperparameter tuning, which often lack
adaptability and robustness in complex real-world scenarios. Recent advances in
deep learning, particularly Convolutional Neural Networks (CNNs), have shown
promising capabilities in feature representation and have been introduced to
infrared small target detection. However, most CNN-based approaches require a
large amount of pixel-level annotated data for training, which is costly, time-
consuming, and often impractical to acquire, especially for small and subtle targets.
To address this limitation, this paper proposes a novel weakly supervised
framework for infrared small target detection using only single-point annotations.
Our method integrates a label evolution mechanism that progressively expands
sparse point labels into pixel-level masks by leveraging intermediate CNN
predictions. This iterative process mimics the natural “mapping degeneration”
phenomenon observed during network training, where the model initially segments
target regions coarsely before refining predictions toward precise point locations.



Additionally, we introduce a dynamic upsampling module to replace conventional

upsampling operations. This module learns adaptive sampling offsets and

incorporates a dynamic range factor to reduce artifacts and improve feature
reconstruction fidelity during the decoding stage, thereby enhancing the overall
detection accuracy and boundary delineation. The proposed framework is built
upon a Dense Nested Attention Network (DNANet) backbone and is evaluated on a
composite dataset consisting of NUAA-SIRST, NUDT-SIRST, and IRSTD-1K.
Experimental results demonstrate that our approach significantly reduces

annotation effort while achieving competitive performance. Under weak

supervision, the model attains over 70% of the Intersection-over-Union (IoU) and

over 90% of the Detection Probability (Pd) compared to its fully supervised

counterpart. The dynamic upsampler further boosts IoU and Pd by 5-10% and

accelerates model convergence. Ablation studies confirm the effectiveness of both

the label evolution strategy and the dynamic upsampling module across different
network architectures. This work contributes a practical and efficient solution for
infrared small target detection under low-labeling-cost conditions, offering
improved adaptability and robustness suitable for real-world applications where

extensive annotation is infeasible.

Key words Infrared small target; target detection; convolutional neural network

(CNN); weakly supervised training.
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