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MVS Method Combining Context-enhanced and Image-frequency-guide
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L\
Abstract: Learning-based multi-view stereo matching algorithms have achieved remarkable results but still have the
problems of limited convolutional receptive field and ignoration of image frequency 1nf0rmat10n which lead to
insufficient matching performance on low-texture, repetitive, and nQn-Lambertlan surfaces. To address these problems,
this study proposes CAF-MVSNet, a context-enhanced and image-frequency-guided multi-view stereo matching network.
First, the context enhancement module is fused into the feature pyramid network in the feature extraction stage to
effectively expand the receptive field of the network. Then the image-frequency-guided attention module is introduced to
obtain the information of lines, shapes, textures, and colors of the images by encoding different frequencies of the images,
which enhances the remote éontextual connection of the images and further solves the problem of accurate matching of
low-texture, repetitive, and non-Lambertian surfaces for reliable feature matching. Experimental results on the DTU
dataset show that CAF-MVSNet has a 12.3% improvement in the combined error compared to the classical cascade model
CasMVSNet, demonstrating excellent performance. In addition, good results are achieved on the Tanks and Temples
dataset, reflecting the good generalization performance of CAF-MVSNet.
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H4h Bk AT E B0 E, Ik 1 R, b CAF-MVSNet*
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MVSNet™ 0.396 0.527 0.426
R-MVSNet”) 0.389 0.459 0.422
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RayMVSNet"* 0.341 0.319 0.330
UniMVSNet!"! 0.352 0.278 0315
NR-MVSNet!"! 0.331 0.285 0308
TransMVSNet'"" 0.321 "0.§8'9» 0305
CAF-MVSNet . 0325y 0297 0.311
CAF-MVSNet* '*‘0.342" 0.262 0.302
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Method Mem (MB) Time (s) Overall (mm)
CasMVSNet"” 3803 0.20 0.355
TransMVSNet!'" 7459 0.71 0.305
CAF-MVSNet* 12597 0.49 0.302
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