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Abstract— In this paper, we propose an extended model of 
encoder-decoder structure using U-Net to improve accuracy in 
satellite image semantic segmentation. The U-Net is a deep 
learning-based semantic segmentation scheme, and research is 
being conducted in various applications such as road sign 
detection, medical image analysis, and tumor detection. The 
conventional U-Net suffers from losses during feature 
compression-expansion due to shallow structures of encoder-
decoder. This creates a problem of reduced segmentation 
accuracy. In order to address this issue, the proposed scheme 
exploits an extended structure using concatenate upsampling 
and residual learning, which remedies the loss of information 
and improves the accuracy of semantic segmentation. In the 
experiments, segmentation was performed on various satellite 
images, and it was shown that the proposed U-Net was superior 
to the conventional counterpart. 
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learning, U-Net, Concatenate upsampling, Residual learning 

I. INTRODUCTION 
As one of main research areas of image processing, 

semantic segmentation which is also called pixel-level 
classification is the task of clustering parts of images 
belonging to the same object class together [1]. Recently, deep 
learning techniques have been widely applied in semantic 
segmentation with noticeable adoption of the convolutional 
neural networks (CNNs). The U-Net is a representative CNN 
model for this purpose [2]. This model delivers the encoder's 
information to the decoder through skip connections, which 
leads to minimizing information loss. This is an excellent 
feature for obtaining fine-grained details from complex 
backgrounds and segmenting hidden objects. However, in the 
case of satellite image segmentation, even a small error can 
raise a big problem, and there is an issue that the segmentation 
of the object is wrong or fails due to lack of feature map 
information extracted from the encoder.  

The extended U-Net proposed in this paper exploits the pre-
trained model of the InceptionResNetV2 and the residual 
learning to efficiently use the feature map information [3][4]. 
Moreover, we remedy the loss of spatial information 
contained in the feature map by concatenating the feature map 
information with a part of the decoder, while reducing the 
feature loss of the encoder. 
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II.  RELATED WORKS 

A. U-Net 
As one of popular deep learning models for semantic 

segmentation, the U-Net is a U-shaped network designed for 
segmentation and follows the encoder-decoder structure [2]. 
Figure 1 shows a general structure of the U-Net.  

Each step in the convolutional U-Net consists of two 
convolution encoders and one pooling, and one transposed 
convolution and two convolution decoders. The encoder 
extracts the feature map information of the image by gradually 
reducing the size of the image, while increasing the depth of 
the image. The decoder converts the information back to the 
original pixel position by upsampling the image. At this time, 
the size of the image is increased, while reducing the depth. 
Furthermore, a skip connection is used to connect the feature 
map of the encoder to the output of the transposed convolution 
layer to improve the upsampling of the image. This U-Net has 
significantly less convolutions compared to other CNN 
models such as the InceptionResNetV2, and this leads to a 
problem of poor segmentation accuracy due to poor feature 
map information extraction and learning ability. 

  
Fig. 1. General U-Net architecture [2] 

 

III. PROPOSED SCHEME 
The proposed U-Net exploits the InceptionResNet V2 block 

as the respective encoder, as shown in Fig. 2. The skip 
connections connecting the encoder's feature map to the 
decoder are used to improve the upsampling. The skip 
connections are made in the concatenate block, and the feature 
maps contain original spatial information lost during 
compression of the encoder and help the decoder to construct 
more precise segmentation results. After that, it passes 
through the decoder block and finally outputs through the 
convolution layer and the softmax layer.   
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A. InceptionResNetV2 Block and Concatenate Block 
Figure 3 shows the structures of the InceptionResNetV2 

block and the concatenate block. The InceptionResNetV2 
which acts as an encoder, delivers the feature map information 
to the concatenate block through zero padding.  

The concatenate block is a 2x2 transposed convolution with 
stride 2, which doubles the feature map. We then concatenate 
the intermediate feature map of the encoder with the same 
resolution as the extended feature map. Concatenation is the 
process of connecting two feature maps and is represented by 
(1). 

Concatenate(𝑇𝑇, 𝐼𝐼) =  [𝑇𝑇, 𝐼𝐼]𝑤𝑤,ℎ,𝑐𝑐 .   (1) 

Here, 𝑇𝑇  is the feature map extended to the transposed 
convolution, and 𝐼𝐼  is the intermediate feature map of the 
InceptionResNetV2 block in the encoder. In addition, 𝑤𝑤, ℎ, 
and 𝑐𝑐 represent width, height, and channel, respectively. 

 
Fig. 3. InceptionResNetV2 block and concatenate block architecture 

B. Decoder Block 
Figure 4 shows the structure of the decoder block. Here, 𝑥𝑥 

is the feature map entering the decoder block, and 𝐴𝐴(𝑥𝑥) is the 
structure in which the batch normalization (BN) and the 
rectified linear unit (ReLU) are connected after the 
convolution layer. This structure adds a concatenated feature 

map to the last part of the decoder block by applying the 
residual learning [5][6].  

The residual learning process is expressed in (2). This 
process minimizes the loss of features in the process of feature 
extraction and compression of continuous convolution, as well 
as the vanishing gradient problem which is likely to occur as 
the network deepens.  

𝐹𝐹(𝑥𝑥) = 𝐴𝐴(𝑥𝑥) + 𝑥𝑥.                                (2) 

 
Fig. 4. Decoder block architecture 

IV. EXPERIMENTAL  RESULTS 

A. Training Strategy 
We performed the experiments to compare segmentation 

performance of the conventional U-Net and the proposed one. 
The dataset consisted of Dubai's color satellite images 
obtained from MBRSC satellites [7]. This dataset was used for 
preprocessing 1,136 images with the size of 256x256 sizes. 
The batch size was set to 8, the epoch was set to 100, the initial 
learning rate was 0.001, and the weight decay was set to 
0.00001. The Adam optimizer was used and data 
augmentation techniques were applied. Performance metrics 
include the accuracy, the mean intersection over union (MIoU) 
and the Dice coefficient. The MIoU is the average of IoU 
calculation for each class as follows [8]. 

        IoU = |𝑋𝑋 ∩ 𝑌𝑌|
|𝑋𝑋 ∪ 𝑌𝑌| .       (3) 

Moreover, the Dice coefficient is defined as [9] 

                   Dice = 2⋅ |𝑋𝑋 ∩ 𝑌𝑌|
(|𝑋𝑋| + |𝑌𝑌|) .               (4) 

In the above equations, 𝑋𝑋  is the true pixel and 𝑌𝑌  is the 
prediction pixel. As two regions of 𝑋𝑋  and 𝑌𝑌 become equal, 

 
Fig. 2. Proposed U-Net architecture 
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these performance metrics become closer to 1; Otherwise, 
they become closer to 0. 

B. Results  
Table 1 summarizes the experimental results. The Dice 

coefficient of the proposed scheme showed much higher 
accuracy of  84.5% compared to the conventional U-Net.  In 
addition, the MIoU of the proposed scheme is 73.8%; an 
improvement by about 13%p over the conventional U-Net. 
Figure 5 illustrates sample image results after the semantic 
segmentation. We observe that the proposed scheme can well 
identify smaller objects than the U-Net. 

TABLE 1. EXPERIMENTAL RESULTS 

Scheme 
Metrics 

Dice 
Coefficient MIoU Accuracy 

Proposed 84.5% 73.8% 88.3% 
U-Net 80.2% 60.3% 84.8% 

 

V. CONCLUSIONS 
In this paper, we proposed a method using transfer learning, 

concatenate and residual learning to improve the U-Net-based 
semantic segmentation for satellite images. The conventional 
U-Net has a problem of feature loss due to its shallow structure 
and learning is difficult. To tackle these issues, we proposed 
an encoder using a transfer learning model on the conventional 
U-Net and a decoder utilizing concatenate and residual 
learning. Feature loss was reduced and feature map 
information was learned efficiently by the proposed scheme. 
The experimental results showed that the proposed scheme 
significantly outperformed the conventional U-Net in terms of 
various segmentation performance metrics. 
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Fig. 5. Segmentation results on sample satellite images. 
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