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SUMMARY 

This paper presents using of deep learning techniques to automatically recognize damaged 
buildings enables rapid and spatially extensive assessment of the impact of natural hazards, 
such as earthquakes, thereby accelerating emergency response.  

Due to the complex nature of indicating damage signs and increasing popularity of machine 
learning techniques, research has started on the use of deep learning neural networks, 
especially on convolutional neural network for automatic recognition and damage evaluation 
of building infrastructure in seismic active zones.  

This work aims to create models for: buildings footprint segmentation and building damage 
classification to estimate impact of natural hazards. As source remote sensing data was used 
geoimages before and after earthquake that struck the Central Italy area. The results of the 
study showed that a neural network trained on a representative set of samples can distinguish 
both types of damaged and undamaged building infrastructure. Classification results can 
represent datasets to obtain damages status.  
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Introduction 
 
Earthquakes are among the most catastrophic natural disasters affecting humanity. Catastrophe 
localization, actual digital maps creation and damage assessment can significantly accelerate 
responding of rescue, humanitarian and government services. That is why the remote sensing methods 
have an important role in obtaining up-to-date information about building damage information due to 
their non-contact, low cost and fast response capability. 
 
Using of deep learning techniques to automatically recognize damaged buildings enables rapid and 
spatially extensive assessment of the impact of natural hazards, thereby accelerating emergency 
response. Automated building damage classification using remote sensing can be useful in disaster 
management. It is likely to be most useful in the immediate response phase, i.e., within the 24 to 168 
h period after the disaster, when damage and need assessment are still not available. Automated 
damage assessments can be delivered very fast, within a few hours from when the remotely sensed 
images become available (Valentijn et al., 2022). Therefore, this work aims to create models for: 
buildings footprint segmentation and building damage classification to estimate impact of natural 
hazards. 
 
Technology solutions 
 
Implementation of such untrivial tasks required accessible data sources and open-source technologies 
that will allow capable results in shorter period. Since, remote sensing data can be used with different 
image sources at different resolutions, with most of the research focusing on satellite and UAV 
images. This study focuses exclusively on satellite imagery because it is more accessible and can be 
obtained immediately after a disaster. Also, satellite images have a wide set of satellite data sources. 
 
Due to the complex nature of indicating damage signs and increasing popularity of machine learning 
techniques, research has started on the use of machine learning methods for automatic classification, 
with focus on deep learning neural networks, especially on convolutional neural network (Further in 
text «СNN»). Research on CNN-based damage classification models focuses on improving speed and 
usability. Segmentation of satellite images is a separate direction for convolutional neural networks. 
Therefore, it is advisable to involve some adaptive mechanism that can extract the most informative 
features from the set of input data and generate on their basis an interpretable (semantically 
meaningful) result. Such a most suitable mechanism is the Semantic Segmentation approach with U-
Net (Okhrimchuk, Tishaiev, 2020) (Fig. 1). 

 
Figure 1 The U-Net architecture used for buildings footprint segmentation. I - the spatial size of the 
input image patch (Ronneberger et al., 2015) 
 
The U-Net architecture was developed in 2015 and is still used for these tasks. It consists of two parts: 
an encoder and a decoder, where the encoder can be a convolutional part of any of the neural network 
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architectures listed above. The peculiarity of U-Net is that each decoder block adds to the resulting 
vector the resulting vector of the encoder at the same stage. This allows the network not to lose small 
details of the object, so this architecture is successfully used for tasks of semantic segmentation of 
satellite images (Kravchenko, Tishaieva, 2018). 
 
The network consists of a contracting path and an expansive path, which gives it the u-shaped 
architecture. The contracting path is a typical convolutional network that consists of repeated 
application of convolutions, each followed by a rectified linear unit (ReLU) and a max pooling 
operation. During the contraction, the spatial information is reduced while feature information is 
increased. The expansive pathway combines the feature and spatial information through a sequence of 
up-convolutions and concatenations with high-resolution features from the contracting path 
(Okhrimchuk, Tishaiev, 2020). One of the most popular implementations of the U-Net architecture is 
the Keras library of the interpreted object-oriented programming language Python. Keras is a model-
level library that provides high-level building blocks for constructing deep learning models (Keras 
official documentation, 2022). In this work, Keras was chosen as a framework for deep learning, 
because this framework has a convenient block structure, and several different low-level libraries can 
be connected to the Keras framework.  
 
Project implementation practice 
 
The research area (for testing the methodology) is Amatrice location (Central Italy). On the 24th of 
August 2016 at 01:36 (UTC) a 6.2 magnitude earthquake struck the Central Italy area between the 
municipalities of Amatrice and Arquata del Tronto causing about 300 victims and more than 35,000 
homeless (Cappucci et al., 2020). As source remote sensing data for this work was used geoimages 
with a resolution of 0.3 meters for 05.21.2016 (before the earthquake) and for 07.07.2017 (after the 
earthquake) (Fig. 2). 
 

 
Figure 2 Source remote sensing pictures: A – picture for 05.21.2016 (before the earthquake), B - 
picture for 07.07.2017 (after the earthquake)  
 
According to workflow the source vector of residential buildings for the city of Amatrice relevant for 
2016 must be divided into 3 parts with the ratio: 70%, 20% and 10%, respectively, for training, 
validation and test samples. It is important that data in these 3 samples should have a similar 
distribution. The total number of residential infrastructure objects in the research area is 966. The 
training part of the vector data was reduced to a raster binary format. This data was used as a training 
sample for training a convolutional neural network for segmentation of satellite images: extracting the 
contours of residential buildings.  
 
The quality of a deep learning model directly depends on the number of samples of the training 
sample. An important part of preparing a valid training sample is augmentation. This technique is 
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used to increase the diversity of your training set by applying random (but realistic) transformations 
such as image rotation, resizing, mirroring, and scaling. During this study, augmentation was applied 
to the dataset, which is the training sample for the segmentation model, the number of samples was 
increased to 3000 cropped images of 128x128 size. The main image transformations that have been 
applied to training data are affine transformations. The mirroring operation was used first. This 
operation allows you to increase the data set without distorting the input images and without adding 
extraneous features. Also, augmentation was applied to the training sample by rotating the images to 
an arbitrary angle (from 0 to 360).  
 
The Keras library for the Python programming language was used as a framework for building the 
model. Keras provides an opportunity to use already trained models (on large open datasets) and their 
architectures through the special module keras.applications. Ready-made architectures can be used 
completely or only the convolutional part. In order to create a segmentation model was used U-net 
architecture with efficientnetb5 backbone. 
 
After creating the model, we proceed to its training. Model training was stopped at validation loss 
0.28 and validation accuracy 0.89. Validation accuracy was measured on a portion of the data set that 
the model had never seen. The result of segmentation using deep learning techniques is a probability 
mask that has the same size as the input image, where each pixel is the probability of the presence of 
the target class. The segmentation result is recorded in a separate raster mask of the same size as the 
input image (Fig. 3, a). Post-processing of segmentation is an important stage for obtaining a vector of 
contours of buildings. Binarization of the result, segmentations, which was performed based on a 
threshold value, which is chosen experimentally (Fig. 3, b). In Figure 3, b. You can notice areas 1-2 
pixels in size that do not carry useful information and create noise. You can get rid of such areas using 
morphological processing with the opening operation (Fig. 3, c). After morphological processing, the 
binary raster was converted into a vector polygonal representation. 
 

 
Figure 3 A - a raster of segmentation result probabilities, B - a result of raster binarization post-
processing, C - a result of morphological processing of the raster 
 
In order to create a classification model was used U-net architecture with ResNet34 backbone. Image 
classification is based on a regular grid that divides the image into smaller images. The dimensions of 
the grid (width and height) must match the size of the input tensor for the model. The result of the 
classification is the probability of assigning the image to the target class. The probability is written to 
a separate raster. The result of the classification model was transferred to the vectorized result of the 
contours of the buildings (Fig. 4). 
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Figure 4 A vector based on the results of segmentation and classification models 
 
Conclusions 
 
The task of automated building damage classification due to the complex nature of indicating damage 
signs is rather non-trivial. Using remote sensing data can play a significant role in assessing the results 
of automated building damage classification. Segmentation CNN (like U-Net) is an effective tool for 
decoding of damage to residential infrastructure. Therefore, the use of U-Net technology is quite 
acceptable and appropriate, especially if there is reliable apriority data suitable for learning neural 
networks (Okhrimchuk, Tishaiev, 2020). The results of the study showed that a neural network trained 
on a representative set of samples can distinguish both types of damaged and undamaged building 
infrastructure. Classification results can represent datasets to obtain damages status and significantly 
accelerate responding of rescue services. Trained models can be used in the future, as they operate 
under a free license. Further research should focus on increasing the sample size to improve the 
accuracy of the model results and ways to evaluate it. 
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