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Abstract

The photoelectric effect is an important physical phenomenon in the development of modern physics.
It reveals the particle nature of light and provides an essential foundation for quantum theory. Con-
ventional analysis of the photoelectric effect mainly relies on Einstein’s photoelectric equation, in
which the maximum Kinetic energy and stopping voltage of photoelectrons are calculated from the
incident light frequency and the work function of metals. With the development of artificial intelli-
gence, neural networks have shown strong capabilities in nonlinear function approximation, physical
modeling and rapid prediction. To explore the application value of neural networks in theoretical cal-
culation of modern physics, this paper constructs a reproducible theoretical numerical dataset based
on the photoelectric effect theory. A feedforward neural network is established to predict the stopping
voltage and the occurrence state of the photoelectric effect. The theoretical data are generated accord-
ing to the photon energy formula and Einstein’s photoelectric equation. The model performance is
evaluated through theoretical curves, prediction comparison, error metrics and a confusion matrix.
The results show that the neural network can effectively approximate the theoretical relationship of
the photoelectric effect and correctly identify whether the photoelectric effect occurs under given
physical conditions. This study indicates that neural networks can serve as useful auxiliary tools for
theoretical computation, visualization and rapid prediction in modern physics when the data source
and physical constraints are clearly defined.
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Figure 1. Theoretical relationship between frequency and stopping voltage under different work functions
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Figure 2. Comparison between neural network prediction and theoretical value
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Figure 3. Training loss curve of neural network
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