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1 Abstract

The goal of this lecture is to study deep neural networks for solving the problem of semantic
segmentation.

At the beginning of the lecture, the semantic segmentation problem is stated. An overview of well-known
datasets of real-life images (PASCAL VOC 2012 [10], ADE20K [11], MS COCOQ'15 [12]), on-road
scenes (CamVid [13], Cityscapes [14], KITTI [15]), and indoor scenes (RGBD [16], NYUDV2 [17]) is
given. Examples of images and groundtruth are represented, as well as the main features of these datasets
(sizes of train and test datasets, minimum/average/maximum image resolution). The most common
quality metrics for semantic segmentation are introduced: pixel accuracy, mean pixel accuracy over
classes, loU metric (Intersection over Union) or Jaccard index, Dice index or F1-score. Further, well-
known deep neural networks for semantic segmentation are considered. Models were chosen due to the
fact that they solve the problem of obtaining an output whose spatial dimensions coincide with the
resolution of the input image in different ways. We begin to study deep models for semantic segmentation
with FCNs (Fully Convolutional Networks) [1], which adapt classification models by replacing the fully
connected layers with the fully convolutional ones, and the problem of spatial resolution is solved using
deconvolutional layers. Further, the encoder-decoder architecture is introduced on the example of
SegNet [2]. We consider the U-Net [3] and PSPNet [4] models which combine features from different
scales of details. Also, the ICNet model [5] is described, it is based on constructing the cascade of feature
maps for different scales of the original image. Further, we consider the family of DeepLab models.
DeepLab-v1 [6] is based on the constructing of a deep convolutional model to obtain a coarse map of
segments and the subsequent using of conditional random fields (CRF) to refine the coarse map.
DeeplLab-v2 [7] and DeepLab-v3[8] introduce the concept of Atrous Spatial Pyramid Pooling for
combining features at different scales. DeepLab-v3+ [9] is based on the applying encoder-decoder
architecture to the DeepLab-v3 model. In conclusion, a comparison of the quality and inference time of
various deep models for semantic segmentation of on-road scenes on the Cityscapes dataset [14] is
represented [18]. Results of semantic segmentation for another datasets are available by link [19].

Deep models for semantic segmentation are not limited to those considered in this lecture. Models differ
the way of solving the problem of obtaining an output whose spatial dimensions coincide with the
resolution of the input image. As a rule, the decision greatly affects the model performance. Therefore,
constructing of an optimal model is a compromise between the segmentation quality and the model
complexity.
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