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1- Introduction

Preparation of urban land coverage maps is essential for many urban plans. It is important to minimize time
and costs in this process, which can be a challenge for city managers. Nowadays, satellite and aerial images
are commonly employed to create these maps. Since 2014, deep learning techniques have been incorporated
into remote sensing research and applied in diverse areas like land use/cover classification, scene
classification, and target detection (Vetrivel et al., 2018). Deep learning is a new subject widely used for
extracting surface features and classifying remote-sensing images (Chen et al., 2016). Deep Convolutional
Neural Networks (DCNNs), with their unique architecture, can extract information from different levels of
data. One type of these networks is Full Convolutional Network (FCN) models, which provide optimal
output results at the pixel level with their encoder-decoder structure. The UNet model is one of these types
of models that can extract high-level information from images (Ronneberger et al., 2015).

2- Materials and methods

The present study aims to provide an efficient method for the automatic extraction of urban features, which
is done using new methods based on deep learning along with transfer learning methods on VHR aerial
images. The city of Ahvaz was chosen as the study area in this research to extract features of its urban
classes, such as buildings, green spaces, bare land, and roads, from relevant images. For this purpose, the
UNet model, one of the most commonly used models for classifying and extracting features from urban
scenes, has been utilized along with the pre-trained VGG-16 network. RGB image bands are used first to
train this model, then a combination of RGB bands and an nDSM band are used, and their results are
compared. The data was cut into 512x512 patches and divided into three categories: training, testing, and
evaluation.

3- Results and discussions

Among the data, 60% were used for training, and the model training was done with 50 repetitions. After
the model training with two datasets, they were used to predict urban damages on test images. The results
of running the model on the data in this study show that the UNet network with the VGG-16 backbone
using RGB+nDSM data performs better than the RGB data. Running the model with RGB data showed an
OA index of 76.34%, F1 of 73.98%, and mIOU of 74.15%. Similarly, for RGB+nDSM data, the OA, F1,
and mIOU indices were 88.14%, 82.52%, and 86.21%, respectively. It has also been determined that in the
first case, the green space class and in the second case, the building class have been extracted more
accurately.

4- Conclusion
This study used VHR aerial images and a digital surface model to create a land cover map and automatically
extract features in the Ahvaz 4 region. Deep learning is one of the best methods available in this field, with
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various types. The UNet model with VGG-16 backbone was chosen as the architecture for the research.
The model was trained with 50 iterations. Based on the results obtained, it became clear that this model
extracted classes in the presence of the DSM with a higher overall accuracy (88.14%) than RGB bands
(76.34%). Since these maps are important in urban planning, their practical use is recommended for city
managers.
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Datasets Evaluation criterias Results
F1(%) 73.98
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