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UNet fusing patch attention for segmenting knee cartilage on MRI
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(School of Information Science and Technology , Qingdao University of
Science and Technology . Qingdao 266000, China)

[Abstract] Objective To construct a UNet fusing patch attention (PA-UNet) model, and to observe its value for
segmenting knee cartilage on MRI. Methods  Slice and preprocessing were performed on knee MRI selected from
Osteoarthritis Initiative-Zuse Institute Berlin dataset. Taken UNet as the backbone network, a PA-UNet model was
constructed based on patch attention mechanism. The effect of PA-UNet model and other models for segmenting both
femoral cartilage and tibial cartilage were compared by subjective and objective evaluations. Ablation experiments based on
UNet, UNet based on SE with layers 2—4 (UNet+SE), +UNet, ++UNet, + + +UNet, +U-Net+, ++U-Net+ +
and PA-UNet models were performed to observe the effect of models for segmenting knee cartilage. Results PA-UNet
could accurately segment femoral and tibial cartilage in all simple, medium and difficult samples, which had better
segmenting effect on small structures than SegNet, UNet and Deepl.abv3+ models. The Dice similarity coefficient (DSC)
and intersection over union of PA-UNet model for segmenting femoral and tibial cartilage were both higher, while
Hausdorff distance of PA-UNet model was lower than those of UNet, DeeplLabv3 4+, SA-UNet, RA UNet and SegNet
models. DSC of PA-UNet model for segmenting femoral cartilage and tibial cartilage was 88.97% and 82.72%,
respectively, both higher than those of UNet, UNet+ SE, +UNet, + + UNet, ++ UNet, +UNet+ and + + UNet+ +
models. Conclusion PA-UNet could segment knee cartilage completely on MRI, especially for small structures.
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