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Abstract: The visual system encodes rich and dense dynamic visual stimuli into time-varying neural responses
through neurons. Exploring the functional relationship between visual stimuli and neural responses is a common
approach to understanding neural encoding mechanisms. Neural encoding models of the visual system are
presented throughout this paper, which can be grouped into two categories: biophysical encoding models and
artificial neural network encoding models. Then parameter estimation methods for various models are
introduced. By comparing the characteristics of various models, the respective advantages, application scenarios
and existing problems are summarized. Finally, the current situation and future challenges of visual encoding
research are summarized and forecasted.
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