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▪ Advantage and Challenge of Semantic Segmentation
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• This technology has the potential to provide pixel-wise
understanding of the sceneAdvantage

Cross-Domain Semantic Segmentation of Urban Scenes via Multi-Level Feature Alignment

In recent years, semantic segmentation has achieved great success due to the
development of large-scale dataset

• The main challenge is the time-consuming process to collect
and label the training datasetChallenge

Therefore, how to fully utilize the synthetic dataset to improve the model
performance in real-world scene is of great importance.

Background



▪ Advantage and Main Idea of Domain Adaptation
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• Domain adaptation can reduce the retraining 
process of the model in the target domain

Advantage

Cross-Domain Semantic Segmentation of Urban Scenes via Multi-Level Feature Alignment

Domain adaptation is a representative method in transfer learning

• The main idea is to transfer the model trained on 
source domain dataset to target domainMain Idea

Background



Supervised domain adaptation assumes that both the source and target domain
samples have the corresponding label

▪ Supervised Domain Adaptation
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The existing domain adaptation techniques can be classified into supervised domain
adaptation and unsupervised domain adaptation.

In the unsupervised domain adaptation setting, the source domain has a large number 
of annotated training examples while the target domain only have unlabeled data

▪ Unsupervised Domain Adaptation

Background
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The Proposed Method

• Comparison between the
segmentation results.

(a) Directly applying DeepLab
model trained on source
images without modification.

(b) Using our multi-level feature
alignment method.
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The Proposed Method
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The Proposed Method

Image-to-Image Translation Network

• By mapping the source image into target
domain, we enable our model to learn
the segmentation task on labeled source
data with target style.

• Two image translators learn to map
samples across different domains while
two adversarial discriminators try to
discriminate them
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The Proposed Method

Multi-level Feature AlignmentSemantic Segmentation Network

• We utilize the DeepLab-v2 network with
pretrained ResNet-101 backbone as our
base model. We discard the last fully
connected layer and modify the strides of
the last two convolution layers to 1.

• First, we concatenate the multi-stage
feature and obtain the multi-level
concatenated feature maps. Then a
classifier tries to discriminate the multi-
level feature representation
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The Proposed Method

• Detailed structure of the feature
reinforcement unit. GConv stands for
group convolution and GN represents
group normalization.
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Experimental Results

▪ Datasets and Evaluation Metric

• We verify the performance of our proposed approach on the GTA5 → Cityscapes and
SYNTHIA → Cityscapes domain adaptation tasks. Cityscapes is a large-scale dataset to
evaluate the accuracy of semantic segmentation models, which covers the urban scenes of
several European countries. It is split into a training set with 2,975 samples, a testing set
with 1,525 samples, and a validation set with 500 samples. GTA5 dataset contains 24,966
high-definition images collected from a contemporary computer game called Grand Theft
Auto V. The dataset is automatically annotated into 19 categories, which are consistent with
the Cityscapes dataset. As for the evaluation metric, we choose the commonly adopted
Intersection over Union (IoU) for fair comparison:
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Experimental Results

• Our method outperforms
other methods by a large
margin in segmenting “road”,
“building”, “wall”, “fence”, “sky”,
“rider”, and “motorbike”
categories.
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Experimental Results
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1. we propose a novel multi-level feature alignment method for cross-domain 
semantic segmentation.

2. Our proposed MLFA provides a novel perspective of insight by incorporating the 
content and style alignment module.

▪ Contributions

3. The experimental results demonstrate that MLFA outperforms most current state-of-
the-art unsupervised domain adaptation methods.

Conclusions
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