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Abstract

In view of the unknown size of small targets in infrared images, different Gaussian kernel tem-
plates in the airspace have different smoothing effects on images. Traditional Gaussian differential
filtering is likely to cause missed detections in small target detection. It is proposed to use mul-
ti-scale templates to process the image, and at the same time combine the sparseness of the target
with the low rank of the background, perform low-rank sparse decomposition of the Gaussian
smoothed images of different scales to enhance the integrity of the target in the differential image.
Firstly, three Gaussian templates with different scales are used to convolve with the image to ob-
tain a smooth image after suppressing the target at three different scales; the smoothed image is
further subjected to low-rank sparse decomposition using the accelerated near-end gradient me-
thod to retain the low-rank part. In order to suppress the target information remaining in the
Gaussian smooth image, the maximum value of the low-rank matrix of each scale is taken as the
final background image; then the original image and the background image are subtracted to ob-
tain the target saliency map, and finally the image mean and variance pairs are used. The saliency
map is the threshold to obtain the final target detection result. The experimental results show that
the difference between the original image and the background image obtained by fusing low-rank
matrices of different scales can improve the contrast between the target and the background while
ensuring the integrity of the target as much as possible. Compared with other comparison algo-
rithmes, it has higher detection rate and lower false alarm rate.
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Figure 1. Block diagram of algorithm structure
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Figure 2. The detection results of six different algorithms
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Table 1. SCRG values for six different algorithms
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IPI-RPCA 4534 60.79 34.89 44.37 29.39 35.93 34.89
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Figure 3. ROC curves for six different algorithms
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