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Design and implementation of intelligent billboard based on deep learning
FAN Xueqian, CHEN Chunyu

College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China

Abstract: Aiming at the problem that liquid crystal display (LCD) billboards in large shopping malls, subway stations
and elevators can only play the preset advertising content cyclically, this paper combines deep learning technology with
LCD billboards to achieve intelligent recognition of the characteristic information of customers in front of billboards,
thus pushing targeted advertisements for customers. The overall idea is to train the object detection model. The
embedded terminal RK3399 is used to simulate the intelligent billboard. Then the model is employed to the embedded
terminal based on Android platform. And finally by inputting programs, communication between the server and the
embedded terminal is realized. The object detection model is based on tensorflow framework and single shot multibox
detector(SSD)-MobileNet object detection algorithm. Socket communication is used for realizing the communication
between server and embedded terminal. The results show that the function of pushing targeted advertisements according
to the detection results can enhance the publicity effect of LCD billboard and provide new concepts for the publicity
form of it.

Keywords: deep learning; object detection; single shot multibox detector; intelligent billboard; Socket communication;
TensorFlow Lite; Android Studio; RK3399
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