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Highly dynamic aerial polymorphic target detection method based on

deep spatial-temporal feature fusion (/nvited)

Sun Peng, Yu Yue, Chen Jiaxin, Qin Hanlin"
(School of Optoelectronic Engineering, Xidian University, Xi'an 710071, China)

Abstract: Aiming at the problem of reliable detection and accurate recognition of high dynamic aerial targets by
infrared detectors carried by hypersonic vehicles in complex background, an aerial polymorphic target detection
method based on deep spatial-temporal feature fusion was proposed. A weighted bidirectional cyclic feature
pyramid structure was designed to extract the static features of polymorphic target, and switchable atrous
convolution was introduced to increase the receptive field and reduce spatial information loss. For the extraction
of temporal motion features, in order to suppress the complex background noise and concentrate the corner
information into the moving region, the feature point matching method was used to generate the mask image, then
the optical flow was calculated, and the sparse optical flow feature map was designed according to calculation
results. Finally, the temporal features contained in multiple continuous frame images were extracted by 3D
convolution to generate a 3D temporal motion feature map. By concatting the image static features and temporal
motion features in channel dimension, the deep spatial-temporal fusion could be realized. A large number of
comparative experiments showed that this method can significantly reduce the false recognition probability in
complex background, and the target detection accuracy reached 89.87% with high real-time performance, which
can meet the needs of infrared targets intelligent detection and recognition under high dynamic conditions.
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Fig.1 Deep spatial-temporal feature fusion detection network
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Fig.2 Weighted bidirectional cyclic feature pyramid network
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Tab.1 Comparison of detection performance of different algorithms on self-built dataset

Method Accuracy Speed/FPS Run memory/GB
C3 D' 82.31% 259 232
TSN 85.73% 233 3.58
ECO™ 86.57% 27.6 3.14
3DLocal CNNPY 85.78% 21.6 2.79
TADa! 87.41% 29.1 4.01
Proposed method 89.87% 27.0 2.19
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Fig.6 Comparison of target recognition results of UAV in three consecutive frames
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