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[ Abstract] Accurate assessment of embryo development is of paramount importance for the success of
Assisted Reproductive Technologies ( ART) . Traditional methods predominantly rely on subjective embryo mor—
phological evaluations, lacking objectivity and real-time capabilities. Time—lapse Technology (TLT) offers a more
stable incubation environment, facilitating dynamic monitoring of embryo development, analysis, and modeling of
dynamic parameters during different developmental stages for predicting embryo implantation potential. However,
dynamic parameters often require manual annotations, introducing subjective bias and exhibiting significant
disparities in data modeling capabilities, deviating from real-world scenarios, especially in the analysis of
chromosomal ploidy. With the continuous advancement of Artificial Intelligence (Al), the integration of TLT and Al
holds promise in reducing manual annotation time in TLT, enhancing embryo implantation rates, and chromosomal
ploidy prediction. This review aims to explore the application of TLT combined with Al in morphological and dynamic

parameters for assessing embryo implantation potential and chromosomal ploidy.
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