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squeezeseg. Under the condition that the minimum parameter of the model is 2.1X 107
45.3 frame/s, and the pixel point accuracy and mean intersection over union can reach 59.5% and 62. 9%,
quantity of the proposed model are increased.

We propose a real-time image semantic segmentation network model, which is named as Atrous-

the operation frame rate is
The experimental results show that, compared with other segmentation algorithms, the speed and parameter
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respectively. At the same time, in the embedded device NVIDIA TX2, the operate frame rate is up to 8.3 frame/s.
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Fig. 1 Convolution kernel. (a) Classical convolution kernel; (b) dilated convolution kernel R .. =2;

(c¢) dilated convolution kernel R ... =3
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Fig. 3 Dilated convolution kernel and initial characteristic graphs. (a) Sawtooth structure convolution kernel;

(b) no grid feature graph; (c) grid feature graph
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