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ABSTRACT

Semantic segmentation is one of the most common image processing outputs for vision-based autonomous
vehicles. Deep neural networks require large-scale data in order to learn new environment features with
diverse domains. While the approach of a great deal of papers is based on supervised learning, in this pa-
per, semantic segmentation has been implemented by taking advantage of the semi-supervised learning
method. To be more specific, in this study the teacher-student technique is utilized to establish a connection
for the interaction between the deep learning models. First, the DABNet and ContextNet models are
trained as our teacher networks with the BDD100K database. Regarding the significance of generalization
and robustness of models in autonomous vehicles, these criteria of the teacher models have been evaluated
by simulations in CARLA software. Finally, teacher networks train the FastSCNN model automatically us-
ing the Cityscapes database without any human interference. In contrast with other semi-supervised ap-
proaches, the existence of two different databases with noticeable amount of domain-shift effect would
challenge the student-teacher technique even more. The results indicate that student’s performance in clas-
ses such as vehicles, pedestrians, and road, which are the highest priority classes to detect, has only 1.2%,
3%, and 3.8% accuracy difference, respectively. Also, there is a 4.5% drop for the model’s mean intersec-
tion over union accuracy between the teacher’s performance and a similar model trained with an entirely
supervised method. Also, the mean accuracy for the student model has only 4.5% difference in performance
with a model whose data base needs a long time for preparation.
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