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Deep feature extraction-based sequential image stitching
network for deep-sea environments

Zhao Shuai Zhang Chuntang Fan Chunling

(College of Automation and Electronic Engineering, Qingdao University of Science and Technology,Qingdao 266061, China)

Abstract: Obtaining a panoramic view of the seafloor through image stitching is of great significance for understanding
deep-sea topography and geomorphology. Due to the challenges posed by the deep-sea environment, seafloor image
features are often blurred, making the continuous stitching of sequential images require a stable and efficient stitching
network. To address the issue, this paper proposes a deep-sea sequential image stitching network called AP-LLG, which
combines an improved ALIKED with LightGlue. Firstly, Deformable ConvNets v2 is used to replace the original
deformable convolutional networks in ALIKED, introducing an adjustment mechanism to enhance the network's feature
capture capability. Then, multi-scale feature fusion is achieved through feature pyramid networks., improving
robustness of the network to environmental changes. Finally, LightGlue is employed as the core feature matching
network, and based on homography estimation strategies, continuous alignment and stitching of multiple sequential
images are achieved. The experimental results indicate that on the UIEBD and DISD datasets, the AP-LLG network
achieved matching rates of 32. 91% and 49. 41% . respectively, enabling 86.00% and 93. 60% of the image pairs to be
matched with over 100 valid feature points. The proposed method can stably extract seafloor image features, achieve
feature matching, and effectively complete the stitching of sequential seafloor images.
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Fig. 1 AP-LG deep-sea sequence image stitching network structure
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Table 2 Feature matching number and matching rate
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Fig. 6 Comparison of the results of feature extraction points (up) and feature matching points (down) between AP-LG and other networks
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Fig. 7 Seafloor sequence image stitching result (5 images and 6 images)
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