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Real time object detection based on TensorFlow Lite platform
LIN Xianghui, XIE Benliang
(College of Big Data and Information Engineering , Guizhou University, Guiyang 550025, China)

[ Abstract] Target detection is one of the important research directions of computational vision. Especially, it is necessary to
achieve fast and accurate target detection based on mobile device platforms. This paper proposes a solution based on the Raspberry Pi
4B hardware environment which uses the TensorFlow Lite development platform and loads the MobileNet—SSD network structure
algorithm. The combination of MobileNet convolutional neural network and SSD convolutional neural network used in the scheme
has the advantages of fast detection speed and less memory. At the same time, this paper also optimizes the MobileNet - SSD
network structure algorithm. The program compares the results of the MobileNet—SSD network structure algorithm with its improved
algorithm through experiments on public data sets, and the results show that the detection speed of the improved algorithm has
increased, while the detection accuracy remains almost unchanged. Both accuracy and detection speed have good performance,

indicating that the program has high application value.
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Tab. 1 MobileNet—SSD model AP value %
i H AR AP fH ioRUNER 7 AP fH
Bicycle 84.65 Person 62.82
Bird 84.97 Car 55.79
Bus 83.74 Tv 73.65
Chair 65.94 Train 93.39
Dog 86.14 Laptop 78.29
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Tab. 2 MobileNet—SSD model optimized AP value %

Kol E b AP Kol E 7 AP f
Bicycle 82.67 Person 59.32
Bird 83.67 Car 48.89
Bus 77.88 Tv 72.08
Chair 59.12 Train 89.34
Dog 87.44 Laptop 71.69
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