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Research on Infrared Image Weak Object Detection Method Based

on Improved Convolutional Neural Network
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Abstract: To address the issues of low accuracy and high false alarm rates in current infrared small target detection, a
novel method based on an enhanced U-Net architecture is proposed. The method utilizes cascaded channels and spatial atten-
tion modules to capture infrared target features, enabling progressive feature interaction and adaptive feature enhancement.
Additionally, it employs feature pyramid fusion modules to extract feature information across different scales. Through re-
peated feature fusion and enhancement, the contextual information of small targets is effectively integrated and fully lever-
aged, thereby enhancing the model’s capability to process and extract deep features. Experimental results demonstrate that,
compared to the Transformer detection method, the proposed approach improves 10U and POD by 1.16% and 1.40% re-
spectively, while reducing FAR by 19.16%. These findings confirm the effectiveness and practicality of the proposed meth-
od, which suggests its potential for broad application.
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