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Table 4 Results of ablation experiments of different
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AISTD N N N 90.3 747 3.9
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Fig. 6 Visualized detection results of different networks
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Sparse Spatial Feature and Linear Attention Fusion-Based Aerial

Infrared Small Target Detection

CHEN Guangchen', ZHANG Feng', ZHANG Yinhui",
HE Zifen', YANG Xiaogang’, L.LU Ruitao’

(1. Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology,
Kunming 650500, China;
2. Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: Aerial infrared small-target detection faces critical challenges including long detection dis—
tances, severe thermal radiation attenuation, and complex environmental interference. To address these is-
sues, an aerial infrared small-target detection (AISTD) model that effectively integrates sparse spatial fea—
tures with linear attention was proposed. First, to alleviate the loss of fine—grained feature information
caused by the reduced feature map, a sparse spatial feature extraction module and a symmetrical squeezing
excitation feature extraction module were introduced to enhance the model’ s capability of infrared small-
scale target feature extraction. Subsequently, to mitigate environmental interference with thermal radiation
signals, the two—dimensional image was converted into a one—dimensional sequence and input into a multi-
head linear attention module, with rotary positional encoding applied. The proposed model captured de-
tailed texture and contour information of infrared targets across multiple attention subspaces, thereby im-
proving the sensitivity to small targets in complex aerial scenes. Furthermore, an aerial infrared small-tar-
get dataset was constructed to train and test the proposed approach and validate its effectiveness. Extensive
experimental results demonstrate that the proposed AISTD achieves an mAP75 of 90.3% and an mAP50-
95 of 74.7% on a self-built dataset, while reducing the inference time to 3.9 ms. Compared with existing
object detection networks, such as YOLOv11 and YOLOvV13, the AISTD model exhibits superior perfor-
mance in terms of both detection accuracy and computational efficiency.

KEYWORDS: infrared aerial target; sparse spatial features; symmetrical squeezing excitation; linear

attention
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