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Abstract: To address the limited high-frequency displacement capture capability and poor adaptability of
traditional digital image correlation (DIC) methods that rely on fixed subsets, a strain - displacement syn-
chronous prediction network based on the Swin Transformer is proposed. The model comprises two sub-
networks, ST-DIC-d (displacement prediction) and ST-DIC-s (strain prediction). A hierarchical encod-
er-decoder Swin Transformer is employed for multi-scale feature extraction, enabling effective capture of
local and global image features via attention mechanisms and skip connections to recover the displacement
field. A trainable strain computation layer then derives strain components directly from the predicted dis-
placement field. Evaluation on the DIC Challenge dataset shows that ST-DIC reduces the average abso-
lute error in vertical displacement prediction by 21% relative to traditional DIC and CNN-based approach-
es. In tensile experiments, ST-DIC attains an 8% improvement in maximum strain accuracy within high-
gradient regions and yields more finely resolved measurements. The proposed method demonstrates en-

hanced reliability and accuracy for measuring complex deformations.
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Fig. 5 Prediction of y-direction displacement in region from =0 to x==500 in Star5
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Fig. 6 Calculation results of x displacement and distribution of error values for three models
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