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Abstract. Deep neural networks have become a crucial tool for satellite 
image processing, particularly in semantic segmentation tasks. This paper 
explores the use of deep neural networks for automated feature extraction 
and classification in Earth satellite images. It focuses on how deep 
architectures like U-Net and MobileNet handle multi-channel spectral data 
to achieve precise segmentation of various land covers and objects of 
interest. The paper discusses data preprocessing techniques, loss function 
selection, and optimization, along with examples of successful applications 
in mapping, agricultural monitoring, and urban planning. The study 
highlights the effectiveness of deep neural networks in addressing complex 
satellite image segmentation challenges and showcases their potential for 
future research and practical use in land management and environmental 
monitoring.  

1 Introduction 
Semantic image segmentation involves identifying and isolating specific regions within an 
image that correspond to various object classes. In the context of Earth remote sensing (ERS), 
this technique is applied across multiple fields, including geoinformatics, georesource 
engineering, automated relief map creation, urban planning, land use analysis, and ice 
monitoring. Despite advances in object classification methods and algorithms, the 
segmentation problem remains only partially resolved. In many cases, certain steps of the 
process still require manual intervention by operators, leading to considerable time 
consumption. Furthermore, there is no universally accepted approach that underlies most 
algorithms, nor is there a general algorithm that can achieve optimal segmentation for all 
types of images. 

There are currently numerous methods for semantic image segmentation that utilize 
convolutional neural networks (CNNs). These methods generally achieve good performance 
and accuracy when segmenting relatively small images, using various CNN architectures for 
classification and dense labeling. However, neural network-based image processing methods 
have certain limitations and are not without flaws. Additionally, the high resolution of 
satellite images leads to significant computational costs during segmentation. Therefore, 
developing techniques to reduce these costs while improving segmentation quality is a highly 
relevant challenge. 
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At present, there are no standardized guidelines for designing CNN architectures, such as 
the number of layers, the number and size of feature maps, the size of convolutional filters, 
or the choice of training algorithm. When designing a CNN, it is important to consider that 
using too few parameters may decrease classification accuracy, while an excessive number 
of parameters increases computational complexity without necessarily improving the 
network's classification performance.. 

Semantic segmentation in computer vision involves assigning a semantic label to each 
region of an image. Most modern CNN architectures for image segmentation are based on 
the principles outlined in [1]. The key idea is to adapt traditional CNN classification so that 
the output is a class probability map instead of a probability vector. Typically, a standard 
CNN serves as an encoder to generate feature maps at various levels of image decomposition. 
The encoder is then followed by a decoder that resizes the feature maps to match the original 
spatial dimensions of the input image, producing a heat map for each class. Deep semantic 
segmentation networks are generally built on the principles of fully convolutional networks 
and encoder-decoder architectures [2]. 

An encoder typically consists of a series of convolutional layers followed by batch 
normalization (BN) and a rectified linear activation function (ReLU), with pooling layers 
following the convolution blocks. Essentially, the encoder operates as a standard 
convolutional network trained to classify the input image. The decoder mirrors the encoder 
in terms of layers and serves to interpolate the encoder's output. In the final layer of the 
decoder, a 1×1 convolution is commonly used, followed by a sigmoidal activation function, 
to generate the segmented output image. 

U-Net [3] and MobileNet [4] are two distinct neural network architectures designed for 
different purposes. U-Net is often employed for image segmentation, featuring convolutional 
layers for extracting features and transposed convolutional layers to expand the dimensions 
and produce detailed segmented maps. 

In the U-Net architecture, max-pooling is applied over a 2×2 pixel region during pooling 
operations. As the input image passes through several layers of convolution and subsampling, 
it is transformed into abstract feature maps, which serve as the outputs of the corresponding 
encoding blocks. U-Net can be seen as a modified version of earlier networks, as it combines 
the output data from the decoder layers with feature maps from the encoder at matching 
layers. In this architecture, interpolation in the decoder layers is achieved using transposed 
convolution [5]. U-Net has demonstrated significant improvements in segmentation accuracy 
across various types of images and can perform well even when trained on small datasets. 
However, its drawbacks include relatively low performance and high resource demands due 
to the complexity and resource-intensive nature of its encoders, such as ResNet [6], Inception 
[7], and EfficientNet [8]. 

MobileNet is specifically designed for image classification while minimizing the number 
of parameters, making it well-suited for mobile devices and embedded systems due to its 
lightweight architecture. In U-Net, MobileNet serves as an efficient encoder to extract 
features from input images. Its streamlined design allows for fast image processing and 
efficient feature extraction. By replacing the standard convolutional layers in U-Net's 
encoder, MobileNet reduces both the number of parameters and the computational load, 
making it ideal for resource-intensive situations. MobileNet is often used as an encoder in U-
Net when high performance is needed in environments with limited resources. 

2 The solution methods 
Earth remote sensing images are known for their high resolution, with an average size often 
exceeding 2000x2000 pixels. In contrast, most CNNs are designed for input images with a 
resolution of 256×256 pixels. When the original image is divided into smaller fragments for 
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processing, the total segmentation time increases in proportion to the number of fragments. 
To efficiently segment large images, it is essential to boost the performance of the neural 
network architecture while preserving segmentation accuracy. As previously mentioned, the 
U-Net architecture provides good accuracy and is therefore used in this context. One method 
to enhance its performance is by using high-efficiency encoders. MobileNet is a notable 
example of such an encoder, reducing memory usage during computation while maintaining 
high prediction accuracy. This pre-trained network can even operate on mobile devices. 

 
Fig.1. Convolution blocks: a) depth separable convolution block (DS); b) depth convolution block 
(DW); D - image dimensionality, Cin, Cout - number of input and output channels, stride - convolution 
step 

The MobileNet architecture utilizes depthwise separable convolution (DSW), which 
breaks down standard convolution into two steps: depthwise convolution (DW) and 
pointwise convolution (a 1×1 convolution). In a standard convolution, filtering and 
combining inputs into new outputs occur simultaneously. However, with depthwise separable 
convolution, these processes are split. First, depthwise convolution applies a single filter to 
each input channel, and then pointwise convolution combines the results. This separation of 
filtering and combining into two distinct layers significantly reduces computational 
complexity and the overall model size. 

The network architecture, as depicted in Fig. 1, consists of two types of blocks. The first 
type employs depthwise separable convolution (DSW), incorporating batch normalization 
and ReLU activation functions. The second type utilizes depthwise convolution, also with 
batch normalization and the same activation function. Most of these blocks use a convolution 
stride of 1, while a stride of 2 is used to reduce spatial dimensions. These convolution blocks 
form two types of basic blocks at the convolutional level. The structures of these block types 
are shown in Fig. 2 and Fig. 3. The base block of the first type features a residual connection, 
where the result of successive DS and DW convolutions is added to the output of a separate 
depthwise convolution. 
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Fig. 2. Structure of the basic convolution level block of the first type. Cin, Cout - number of input and 
output channels; C1 - number of channels of depth separable convolution, C2 - number of channels of 
depth convolution 

 
Fig. 3. Structure of the basic block of the convolution level of the second type. Cin, Cout - number of 
input and output channels; C1 - number of channels of depth separable convolution, C2 - number of 
channels of depth convolution 

Each convolutional layer of the network is formed by a combination of these basic blocks. 
Fig. 4 shows the structure of a convolutional network layer consisting of a base block of the 
first type and N base blocks of the second type. 

 
Fig. 4. The convolutional layer of the network. Din, Dout - dimensions of input and output feature 
maps; Cin, Cout - input and output number of channels; C1 - number of channels of the basic block of 
the first type, C2, ... CN+1 - number of channels in the corresponding blocks of the second type 

The encoding section of the network begins with a standard convolutional layer featuring 
a 3x3 kernel and a stride of 2, followed by batch normalization and max pooling. This is 
succeeded by a series of convolutional layers, each consisting of a sequence of basic 
convolutional blocks (as shown in Figure 4). Each convolutional layer typically increases the 
number of filters while reducing the spatial dimensions of the feature maps. In this study, the 
encoder is composed of four such convolutional layers. 

The decoding section of the network comprises multiple layers. Each layer first 
upsamples the input feature map and then merges it with the feature map from the 
corresponding encoder layer. This combined result is subsequently processed using 
depthwise convolutions, along with batch normalization and ReLU activation functions. The 
structure of the decoder layer employed in this study is illustrated in Figure 5. 

 
Fig.5. Structure of the decoding layer. Din, Dout - dimensions of input and output feature maps; Cin, 
Cout - input and output number of channels 
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To enhance the dimensionality of the input feature map, transpose convolution is applied 
to double its size, while reducing the number of channels by half. This adjustment aligns the 
feature map's dimensions and channel count with those of the previous encoder layer. Upon 
merging these maps, a new feature map is created that matches the dimensionality of the 
corresponding encoder layer and has the same number of channels as the input. This feature 
map is then processed using two depthwise convolution blocks. The resulting feature map is 
passed to the next decoding layer. The final decoding layer takes both the feature map from 
the previous layer and the input image. It includes an additional deep convolution with a 
channel count corresponding to the number of image classes and a sigmoidal activation 
function. The output of this layer is a "heat" map, which serves as the segmented image. 

3 Pre-processing 
High-resolution satellite images are too large to be processed directly by neural networks. 
Simply downscaling these images leads to a loss of segmentation accuracy. To address this, 
the initial preprocessing step involves dividing both the dataset images and their 
corresponding masks into smaller slices. For the network design, an input image size of 
512x512 pixels was chosen. This choice helps to balance computational efficiency during 
training and usage while maintaining adequate segmentation accuracy. The resulting image 
and mask fragments are resized to this specified dimension. In this study, each original image 
is divided into 16 segments. 

Each color channel of the image fragment is normalized to a uniform range. For mask 
fragments that originally have three channels, these are transformed into multi-channel 
images where each channel represents a different type. Pixels in each channel are encoded 
with a specific value if they match the channel type, while pixels that do not match are 
encoded as zero. This process results in a dataset composed of image fragments along with 
their corresponding masks. 

4 Experimental results 
To train the network, a pre-trained LandCover dataset [10] is utilized, which has been 
augmented with labeled images from Central Asian regions. This dataset includes 1146 high-
resolution satellite images of various land surfaces. Along with the images, it features masks 
that indicate the land surface type for each pixel. The dataset covers several types: 
agricultural land, pastureland, barren land, buildings and structures, forested areas, and water 
areas. Any surface types not listed are categorized as unknown. Each mask is an image where 
pixel values are encoded with specific colors corresponding to different surface types. All 
images from the original dataset undergo the preprocessing steps described earlier. 
Consequently, a working dataset is created, consisting of 18,336 image fragments and their 
corresponding masks. This dataset is then randomly split into training, validation, and test 
sets, comprising 60%, 20%, and 20% of the total dataset, respectively. 

The network is trained using the transfer learning approach. The encoding portion of the 
network utilizes a modified version of the MobileNet architecture, which has been pre-trained 
on the ImageNet dataset [10]. Consequently, the initial weights of the encoder are directly 
set using those from the pre-trained model. In contrast, the weights for the decoding section 
of the network are initialized randomly. This method significantly reduces the training time 
required for satellite image segmentation. 

For training, the Adam optimization algorithm is employed to iteratively update the 
network weights. This algorithm is an enhancement of stochastic gradient descent. A learning 
rate of 10^-5 was used for training, along with mechanisms to automatically adjust the 
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learning rate and to halt training early if the losses did not improve over several epochs. The 
network was trained with batch normalization and used a batch size of 4, determined through 
experimentation. 

To evaluate the segmentation results, a network with a U-Net architecture, configured to 
process the same images, was also trained. This network was trained using the same dataset 
and training parameters. During its training, the U-Net network adjusts approximately 31.4 
million parameters. In contrast, the proposed MbUnet network requires tuning only 20.6 
million parameters. This demonstrates a significant reduction in computational cost with the 
proposed network. Figure 6 illustrates the training curves for both the U-Net and MbUnet 
networks, showing that the MbUnet architecture achieved a 3% improvement in 
segmentation accuracy. 

 
Fig.6. Graphs of Unet and MbUnet networks training as a function of training epochs: a) change of 
accuracy for Unet; b) change of accuracy for MbUnet 

Testing was carried out using a trained neural network on a set of test images. Each 
processed test image results in 16 segmented sections, with each section being a multi-
channel binary image. The number of channels corresponds to the different types of land 
surfaces segmented. For visualization purposes, these multi-channel images are converted 
into standard RGB images using a color table, where each land surface type is assigned a 
specific color. The final result is a full-size image created by assembling these 16 segmented 
images, showcasing the segmentation results. An example of this satellite image 
segmentation is illustrated in Figure 7.  

 
Fig.7. Example of satellite image segmentation: a) original image; b) marked mask; c) segmentation 
result 

During testing, using the corresponding labeled masks from the test set, the pixel-by-pixel 
segmentation accuracy is also determined. The average accuracy on the test set was about 
64%, which corresponds to the accuracy on the validation set used to train the network. 

5 Conclusion 
The proposed method achieves high accuracy in satellite image segmentation compared to 
existing solutions. This approach utilizes an encoder-decoder architecture akin to the U-Net 
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network, with a modified MobileNet network serving as the encoder. In the decoder, each 
layer's input feature maps are upscaled using transposed convolution, then combined with the 
corresponding encoder layer’s feature maps and processed through depthwise convolutions. 
By employing depthwise convolutions in both the encoder and decoder, the approach 
significantly reduces computational costs and enhances the performance of the deep neural 
network. 
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