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Building extraction from remote sensing data plays an important role in urban planning, disaster
management, navigation, updating geographic databases, and several other geospatial applications [1].
Even though significant research has been carried out for more than two decades, the success of
automatic building extraction and modelling is still largely impeded by scene complexity, incomplete
cue extraction and sensor dependency of data. Most recently, deep neural networks (DNN) have been
widely applied for high classification accuracy in various areas including land-cover and land-use
classification [2]. Therefore, intelligent and innovative algorithms are in dire need for high success
of automatic building extraction and modelling. This Special Issue focuses on the newly-developed
methods for classification and feature extraction from remote sensing data for automatic building
extraction and 3D roof modelling.

In the Special Issue, the published papers cover a wide range of related topics including building
detection [3], boundary extraction [4] and regularization [5], 3D indoor space (room) modelling [6],
land cover classification [7], building height model extraction [8], 3D roof modelling [6,9] and change
detection [9].

In terms of datasets, some of the published works use publicly available benchmark datasets,
e.g., ISPRS (International Society for Photogrammetry and Remote Sensing) urban object extraction
and modelling datasets [4,5,10]; ISPRS 2D semantic labelling datasets [1]; Inria aerial image labelling
benchmark datasets [11–13]; and IEEE (Institute of Electrical and Electronics Engineers) DeepGlobe
Satellite Challenge datasets [14].

The proposed methods fall into two main categories depending the use of the input data sources:
Methods based on single source data, and methods that use multi-source data. Methods based on
single source data can use point cloud data [9], aerial imagery [4] and digital surface models (DSM) [8].
The multi-source data-based methods can use the same types of data, e.g., panchromatic band and
multispectral imagery [7], optical imagery and light detection and ranging (LiDAR) data [4].

Recently, the rapid development of DNNs has been focused in remote sensing, and the networks
have achieved remarkable progress in image classification and segmentation tasks [11]. The majority
of the articles published in the Special Issue propose classification based on the DNN [1–6,8,11–13].
There are also a small number of methods based on segmentation [6] and morphological filtering [15].

Using aerial LiDAR data, Awrangjeb et al. [16] introduce a new 3D roof reconstruction technique
that constructs an adjacency matrix to define the topological relationships among the roof planes. This
method then uses the generated building models to detect 3D changes in buildings.
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Among the methods that integrate data from multiple sources, Lai et al. [16] apply a particle swarm
optimization algorithm for building extraction based on the fusion of LiDAR point cloud and texture
features from the elevation map which is generated from the LiDAR point cloud. Ying et al. [1] combine
the optical imagery and LiDAR data in a robust classification framework using the convolutional
neural networks (CNN) and active contour model (ACM) to overcome the current limitations (e.g.,
salt and pepper artefacts) in algorithms for building boundary extraction. The influence of vegetation
and salt and pepper artefacts in the extracted buildings is reduced. Li et al. [14] propose a DNN
to fuse high-resolution satellite images and multi-source GIS data for building footprint extraction.
This method offers better results than the top three solutions in the SpaceNet building detection
competition. Dong et al. [10] present a framework for detecting and regularizing the boundary of
individual buildings using a feature-level-fusion strategy based on features from dense image matching
point clouds, orthophoto and original aerial images. Song et al. [7] present a comparative study on
image fusion methods, that achieves the complementarity information of the panchromatic band and
multispectral bands in high spatial resolution remote sensing images.

By using optical imagery only, Lu et al. [3] propose a building edge detection model using a richer
convolutional features (RCF) network. The RCF-building model can detect building edges accurately
and completely, with at least 5% better performance than the baseline methods. Wu et al. [17] present
a boundary regulated network called BR-Net for accurate aerial image segmentation and building
outline extraction. The BR-Net achieves significantly higher performance than the state-of-the-art
U-Net model. Yang et al. [1] propose a novel deep network based on DenseNets and the attention
mechanism, called the dense-attention network (DAN), to overcome the difficulty with using both
high-level and low-level feature maps in the same network. The results show that DAN offers better
performance than other deep networks. Yi et al. [14] effectively perform urban building segmentation
from high resolution imagery using a DNN and generate accurate segmentation results. This method
outperforms the six existing methods and particularly shows better results for irregular-shaped and
small-sized buildings. Zhang et al. [18] use a nested network architecture for building extraction from
aerial imageries. It can even extract the building areas covered by shadows. Kang et al. [13] design a
dense spatial pyramid pooling to extract dense and multi-scale features simultaneously, to facilitate the
extraction of buildings at all scales. He et al. [18] present an effective approach to extracting buildings
from Unmanned Aerial Vehicle (UAV) images through the incorporation of superpixel segmentation
and semantic recognition. Pan et al. [13] propose a generative adversarial network with spatial and
channel attention mechanisms (GAN-SCA) for the robust segmentation of buildings in remote sensing
images. Experimental results show that the proposed GAN-SCA achieves a higher accuracy than
several state-of-the-art approaches.

Among the other published papers, Cui et al. [6] present a novel method coupling linear structures
with three-dimensional geometric surfaces to automatically reconstruct 3D models using point cloud
data from mobile laser scanning [6]. A new morphological attribute building index (MABI) and
shadow index (MASI) are proposed in Ma et al. [15] for automatically extracting building features from
high-resolution remote sensing satellite images. In experiments, this method shows better performance
than the two widely used supervised classifiers, namely the support vector machine (SVM) and random
forest (RF). Misra et al. [8] compare the digital building height models extracted from four freely
available but coarse-resolution global DSMs. Thus, these DSMs can help to cost effectively analyse
the vertical urban growth of rapidly growing cities. Xie et al. [5] propose a hierarchical regularization
method for noisy building boundary points, through fusion of aerial laser scanning or photogrammetric
point clouds. This is formulated as a Markov random field and solved efficiently via graph cut.
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