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ABSTRACT

ARTICLE HISTORY

Remote sensing images have long been recognized as useful for the detection of building
damages, mainly due to their wide coverage, revisit capabilities and high spatial resolution. The
majority of contributions aimed at identifying debris and rubble piles, as the main focus is to assess
collapsed and partially collapsed structures. However, these approaches might not be optimal for
the image classiﬁcation of façade damages, where damages might appear in the form of spalling,
cracks and collapse of small segments of the façade. A few studies focused their damage detection
on the façades using only post-event images. Nonetheless, several studies achieved better performances in damage detection approaches when considering multi-temporal image data. Hence, in
this work a multi-temporal façade damage detection is tested. The ﬁrst objective is to optimally
merge pre- and post-event aerial oblique imagery within a supervised classiﬁcation approach using
convolutional neural networks to detect façade damages. The second objective is related to the
fact that façades are normally depicted in several views in aerial manned photogrammetric
surveys; hence, diﬀerent procedures combining these multi-view image data are also proposed
and embedded in the image classiﬁcation approach. Six multi-temporal approaches are compared
against 3 mono-temporal ones. The results indicate the superiority of multi-temporal approaches
(up to ~25% in f1-score) when compared to the mono-temporal ones. The best performing multitemporal approach takes as input sextuples (3 views per epoch, per façade) within a late fusion
approach to perform the image classiﬁcation of façade damages. However, the detection of small
damages, such as smaller cracks or smaller areas of spalling, remains challenging in this approach,
mainly due to the low resolution (~0.14 m ground sampling distance) of the dataset used.
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1. Introduction
Earthquakes are the deadliest natural hazard, and are
responsible for almost a quarter of the recorded economic
losses by disasters in the last 20 years (Wallemacq and
House 2018). The built-up environment plays a major role
in both of the latter issues, where a growing migration to
megacities is further increasing the risk associated with
earthquakes (Dong and Shan 2013). A synoptic assessment
of the damaged buildings over an aﬀected region is therefore useful in the several steps of the disaster management
cycle. The localization of collapsed and partially collapsed
buildings is mandatory for an eﬃcient deployment of ﬁrst
responders immediately after an event occurs (United
Nations 2015). On the other hand, the thorough damage
assessment of a building can be also valuable for recovery
and insurance purposes (United Nations 2009) performed
at a later stage of the disaster management cycle.
The manual inspection of damaged buildings is a time
and resource consuming procedure. Many approaches
using remote sensing have been proposed for building
damage assessment at several scales and with diﬀerent
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platforms and sensors. Satellite, airborne, and terrestrial
platforms coupled with optical (Curtis and Fagan 2013;
Cusicanqui, Kerle, and Nex 2018; Dubois and Lepage 2014;
Sui et al. 2014), radar (Brunner, Schulz, and Brehm 2011;
Jung et al. 2018; Li et al. 2012) or laser instruments
(Armesto-González et al. 2010; Khoshelham, Oude
Elberink, and Sudan 2013) have already been proposed
as remotely sensed data for building damage assessment.
However, the largest eﬀort has been focused on the
methods using optical images as input (Cusicanqui,
Kerle, and Nex 2018; Dell’Acqua and Gamba 2012;
Duarte et al. 2018a; Dubois and Lepage 2014; Vetrivel
et al. 2017). This is due to several factors, among them
the availability of images being collected from satellite
and aerial platforms when compared with laser scanners
for example, and their frequent use in photogrammetric
processes to generate 3D models (Gerke and Kerle 2011;
Vetrivel et al. 2017).
Many approaches have been proposed to detect
damaged regions in remote sensing imagery (Duarte
et al. 2018a; Fernandez Galarreta, Kerle, and Gerke
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2015; Gerke and Kerle 2011; Sui et al. 2014; Vetrivel et al.
2017). Often these approaches rely on features extracted
from images which are later used as input for a given
classiﬁer. Convolutional neural networks (CNN) have
been shown to outperform the image classiﬁcation
with traditional handcrafted features in many applications (Krizhevsky, Sutskever, and Hinton 2012; Long,
Shelhamer, and Darrell 2015), and this has been conﬁrmed in the detection of building damages in remote
sensing images (Duarte et al. 2018a; Vetrivel et al.
2016), too.
Most of the recent image-based damage detection
frameworks rely on CNN to determine if a given image
patch contains a damage region in a binary classiﬁcation
approach (Duarte et al. 2018a; Nex et al. 2019; Vetrivel
et al. 2017). Such frameworks were designed to detect
rubble piles and/or debris from satellite (Duarte et al.
2018b) and aerial images (Vetrivel et al. 2017). The
details visible in satellite images and the (near) nadir
view only allow a rough analysis and identiﬁcation of
collapsed buildings (Kerle and Hoﬀman 2013).
In the literature most of the contributions consider
the detection of partially or completely collapsed buildings. Given that these are trained with image samples
containing rubble piles and debris, these are not optimal
for the façade case (Duarte et al. 2017), see Figure 1. The
speciﬁc case of façade damage detection is only discussed in a few contributions. Fernandez Galarreta,
Kerle, and Gerke (2015) extracted cracks and spalling
from façades from unmanned aerial vehicle (UAV) imagery, relying both on the image and 3D features. Gerke
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and Kerle (2011) used multi-view aerial imagery and
derived a 3D point cloud to extract features and identify
damaged buildings, and at the same time classiﬁed the
damage of a given building into three classes, based on
the European Macroseismic Scale (EMS-98). More
recently, Tu et al. (2017) identiﬁed damaged façades
using local symmetry features and the Gini Index
extracted from aerial oblique images. The authors
assumed symmetric façades and considered the deviations from that symmetry to be façade damage proxies.
These studies only used post-event image data, while
the potential of using multi-temporal image information
has already been demonstrated in works using both
nadir (Dong and Shan 2013; Murtiyoso et al. 2014) and
oblique imagery (Duarte et al. 2019; Vetrivel et al. 2016).
Vetrivel et al. (2016) tested the potential of multitemporal aerial imagery by using a correlation coeﬃcient to determine the similarity between two rectiﬁed
façade image patches. Duarte et al. (2019) reported preliminary results regarding the use of a supervised classiﬁer to detect damaged façades using multi-temporal
oblique imagery. The authors used two diﬀerent
approaches to merge the multi-temporal oblique
image data, which clearly outperformed monotemporal approaches. Nonetheless, the results only
achieved ~66% accuracy in the best performing multitemporal approach.
The use of airborne oblique imagery has substantially
increased in the last decade, allowing the eﬃcient collection of detailed high-resolution information over
urban areas. Aerial surveys are regularly performed in

Figure 1. Examples of nadir images depicting rubble piles and debris, left. Damaged façades shown in oblique imagery, right.
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many countries and enable their use to detect changes
over time and after sudden events.
This paper is derived from a dissertation thesis chapter
(Duarte 2020) and extends on the previously reported
work by Duarte et al. (2019). Namely, it proposes diﬀerent
methods for the use of multi-temporal aerial oblique
image data to detect façade damages caused by
a catastrophic event (i.e. an earthquake). Exploiting the
availability of multi-temporal datasets, six diﬀerent
approaches to detect façade damages from pre- and postevent are discussed. Three mono-temporal approaches
(using only post-event data) are used as reference.
The focus on the multi-temporal experiments is twofold:
(1) To determine the optimal approach to merge the
multi-temporal information within deep learning
framework for the image classiﬁcation of façade
damages;
(2) To leverage the redundancy present in aerial
(manned) surveys to extract several façade image
patches per façade in each epoch, and to combine
these within the frameworks presented in (1).
An additional eﬀort is made to conceive methods
exploiting only image information and pre-event 3D
models to be (potentially) used in near-real time conditions (assuming the availability of multi-temporal data),
when fast and automated methods are needed.
The following section presents a short background.
The datasets used in the experiments are presented in
section 3. This section also addresses the façade extraction from the aerial oblique imagery. Section 4 presents
the methodology for the multi-temporal image classiﬁcation of façade damages. Section 5 presents the experiments and results, which are followed by the discussion
and conclusions.

2. Background
This sub-section focuses on CNN and its role in multitemporal studies using remote sensing imagery. It starts
with a brief description of recent developments in CNN
that were adapted to this work. An overview of multitemporal approaches using remote sensing imagery is
also given.
Supervised deep learning methods have become an
established machine learning technique for image-based
tasks, where CNN play a central role. CNN usually achieve
high discriminative capacity by stacking convolutions in
a hierarchical manner, learning from lower level features
to higher levels of abstraction (Krizhevsky, Sutskever, and
Hinton 2012). However, in this way each layer is only
connected with the previous and posterior layer. Hence,

there is feature information that may be lost during backpropagation, especially from earlier layers (Yu, Koltun, and
Funkhouser 2017). To tackle this, short connections
between non-adjacent layers started to be used (He
et al. 2016; Huang et al. 2017). (He et al. 2016), introduced
the concept of residual connection, in which the authors
used short connections through element-wise addition of
nonconsecutive layers. This allowed for the use of deeper
networks while maintaining their eﬃciency, which is often
translated into more accurate predictions.
More recently it was found to be preferable to concatenate the feature information instead of performing
element-wise addition. (Huang et al. 2017) proposed the
densely connected convolutional network, introducing
short connections in the form of the concatenation of
feature maps. This diﬀerence allows the model to be
more compact, given that every layer receives feature
information from the layers preceding it. Thus, features
of a given layer may be re-used in later stages of the
network, which oﬀers them more representability.
Another aspect of CNN that is closely related with
remote sensing is the use of dilated convolutions.
These were proposed by Yu and Koltun (Yu, Koltun,
and Funkhouser 2017) and are convolutions with
a kernel with pre-deﬁned gaps. This is translated into
a wider receptive ﬁeld, capturing more contextual information. Given that the receptive ﬁeld of the dilated
convolutions is larger, it can capture features over
a larger image region, while maintaining a low number
of parameters due to the gapped kernel (Yu, Koltun, and
Funkhouser 2017). This has been extensively used by
researchers in remote sensing image recognition tasks
(Hamaguchi et al. 2017; Jiang and Lu 2018; Persello and
Stein 2017; Zhang et al. 2019).
The remote sensing community has been adapting
and proposing CNN approaches for earth observation
tasks and data. For example, such CNN have been
directly used in image classiﬁcation (Hu et al. 2015a,
2015b; Maggiori et al. 2017; Nogueira, Penatti, and Dos
Santos 2017) and image segmentation (Kampﬀmeyer,
Salberg, and Jenssen 2016; Längkvist et al. 2016; Volpi
and Tuia 2017) approaches. However, CNN have for
example also been used to merge diﬀerent modalities
of remote sensing data (e.g., 3D and images) (Audebert,
Le Saux, and Lefèvre 2018, 2017; Duarte et al. 2018a),
annotate aerial images (Xia et al. 2015; Zhuo et al. 2019)
and perform multi-temporal studies (Daudt et al. 2018;
Jung et al. 2018; Wang et al. 2018; Zhang et al. 2019).
One of the aspects of remote sensing imagery is the fact
that often there are several views of a given scene (e.g.
aerial surveys with high forward and side overlap). Hence,
considering such multi-view image information has been
shown useful in several applications (Koukal, Atzberger,
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and Schneider 2014; Liu et al. 2018; Zhao et al. 2017). Land
cover classiﬁcation has been improved by considering
multi-view images instead of an orthophoto (Liu et al.
2018), or instead a single image chosen following some
predeﬁned criteria (Koukal, Atzberger, and Schneider
2014). While these multi-view approaches are more computationally demanding given that more data is considered
for training (Liu and Abd-Elrahman 2018a), they may allow
for classiﬁcation models to harness more information of
a given scene (e.g. variations in perspective and illumination) (Liu and Abd-Elrahman 2018b) and consequently
improving its recognition capabilities.
Multi-temporal studies using CNN often focus their
attention on the optimal merging of the diﬀerent epochs
of imagery. Several approaches have been proposed,
mostly using satellite imagery and nadir constrained
images. Wang et al. (Wang et al. 2018) reported that for
the task of change detection in satellite imagery it would
be preferable to consider the subtraction of pre- and postevent imagery, with the new image being then fed to the
CNN. Daudt et al. (Daudt et al. 2018) tested two
approaches to detect changes in multi-temporal satellite
imagery. One of the approaches considered two branches
of convolutional layers with shared weights (also known
as Siamese network), one for each epoch, while the other
considered a single set of convolutions performed on the
concatenation of the pre- and post- event data as the ﬁrst
stage of the network. The authors reported that early
fusion of the inputs was preferable for the detection of
changes from satellite imagery. In a diﬀerent study with
the objective of the detection of landslides, Chen et al.
(Chen et al. 2018) used a two branch network (one for
each epoch of image data), where the feature maps of
these streams were then merged by computing
a Manhattan distance between them.

3. Datasets and CNN input generation
This section presents the image datasets used in the
experiments and the process from the original aerial
oblique images to the input given to the approaches
indicated in section 4.
The datasets used in this paper comprise two airborne oblique image captures of the city of L’Aquila
and a smaller neighboring village, Tempera. These two
locations were surveyed within an approximately
9-month interval, in August 2008 and in May 2009, the
latter depicting the situation after the April 2009 earthquake that occurred in central Italy.
The image acquisition was performed using the
Pictometry system that contains small format DSLR cameras, four obliques (one for each cardinal direction) and one
nadir. The ﬂying height was approximately 1000 m, which
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translated to an average sampling distance of 0.14 m on the
oblique views. The ﬂight was performed considering
a forward overlap between 60 − 70% and a side overlap
between 35–45%. The pre-event image data was collected
on the 8th (between 11:28 h and 11:55 h) and 9th (between
10:03 h and 12:17 h) of August 2008. The post event image
data was captured on the 31st (between 11: 11 h and 13:20
h) April 2009.
Figure 2 depicts the process between the original
images and the ﬁnal input to the experiments. Two types
of input were generated, façade image patches extracted
from the original images (Figure 3, top), and these same
image patches rectiﬁed using the corresponding façade 3D
information (Figure 3, bottom). These were the two types
of input that were used, and compared, in the experiments.
The ﬁrst step was to generate the 3D point cloud,
which was used to deﬁne the façade planes and subsequently extract the façades from the images. To this end
the ﬁrst step was to perform the image orientation of
both pre- and post-event images. These shared the tie
point computation with the objective of aligning the
datasets. However, only the pre-event images were
used for dense matching.
Figure 2 presents the overview of the main steps to
extract the façade image patches from the oblique views
using the 3D point cloud generated from the pre-event
images. The ﬁrst step was to diﬀerentiate between on
and oﬀ ground points, using lasground from the package
lastools (Axelsson 2000). The point cloud, with the added
attribute of the normalized height surface, was the input
for a plane-based segmentation, which was followed by
a connected component analysis, generating the ﬁnal
roof segments (Vosselman 2012).
The roof segments were then projected into the xy
plane (see Figure 2 – Façade deﬁnition). The approach
then assumed that each building segment contains 4
façades and that they are mutually perpendicular. With
this assumption the roof points were ﬁtted with
a minimum-area bounding rectangle (Freeman and
Shapira 1975) (red rectangle in Figure 2- Façade deﬁnition), deﬁning the 4 main façade directions of a given
building. The façade planes were then deﬁned by the xy
coordinates of the edges of the rectangle, where the z is
obtained from the normalized height and from the difference between the mean z coordinate of the roof and
the mean normalized height value. At this stage every
façade was ﬁnally deﬁned by 4 facade corners.
The projection matrices, coming from the orientation
step, were then used to project the facade pixels into
these 3D planes. This process was repeated for all images
containing a given façade, in both epochs. The façade
images were downscaled/upscaled at the same spatial
resolution: gaps due to diﬀerent viewpoints and scales
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Figure 2. Overview of the main steps of the façade extraction from the aerial images. The segments in the Roof segmentation
thumbnail are color coded. The red rectangle in the Facade deﬁnition thumbnail indicates the main 4 façades extracted from the roof
points. Below, example of a façade, showing both pre- and post-event. These façade image patches (image pair) are one of the inputs
to the experiments (see Figure 3).

Original

Rectified
Image pair 1

Image pair 2

Figure 3. The two types of input used in the experiments, considering two views of two façades. Each of these pairs is an example of
the input used in one set of experiments (see Figure 6). Top, original facade image patches. Bottom, corresponding rectiﬁed façade
image patches.
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of the oblique views were interpolated using a nearest
neighbors’ algorithm. This ensured the registration of the
diﬀerent views of the same façade. The visibility of the
four façade corners in the images was used to detect
occluded parts. The pre-event point cloud was used to
perform the visibility analysis as it was assumed that all
the buildings are still standing, and the number of occlusions is higher. A façade was considered occluded if at
least two of the four corners were not visible in the image.
Examples of the two types of extracted (original and
rectiﬁed façade image patches) data can be seen in Figure
3. All the experiments, both mono- and multi-temporal,
were tested considering separately the original and the
rectiﬁed façade image patches. The aim was to test if the
approaches could leverage the rectiﬁcation and registration
of the façade image patches to perform a better image
classiﬁcation of façade damages, while at the same time
assuming the interpolated areas which might modify the
already small damage evidences present in the façades.
To take advantage of having several façade image
patches per façade per epoch, these pre- and post-event
image data (original and rectiﬁed) were combined in two
distinct ways:
(1) Image pairs – these were created to associate each
pre-event façade image patch to all the post-event
façade image patches of a given façade (Figure 2).
This was performed for all façades. This input is
related with the experiments MTa (see section 4.3).
Performing this combination between diﬀerent
views of the same façade allowed to generate
more input data, instead of considering an image
patch per façade, which would make the training
dataset very small (only 88 damaged and 90 undamaged façades were possible to extract from the
images).
(2) Image sextuples – these were created to combine
three pre-event image patches, with three postevent image patches of a given façade. In this case
the maximum amount of combinations allowed
per façade was 50, given an unbalanced number
of views per facade. This input is related with the
experiments MTb (see section 4.3). Considering
several views per façade per epoch enables the
network to learn the similarities between diﬀerent
views of the same façade. This is due to the fact
that these networks compute features that are
shared across all the diﬀerent views, instead of
focusing on single image pairs like in (1).
This allowed the extraction of 4,546 image pairs and
5,179 image sextuples from a total of 178 façades (see
Table 1).

675

Table 1. Number of image pairs and image sextuples extracted
considering the 178 façades.
Damaged
Not damaged
Total

Image pairs
2,274
2,272
4,546

Image sextuples
2,559
2,610
5179

Façades
88
90
178

4. Methodology
Six multi-temporal approaches were designed, tested,
and compared with three mono-temporal approaches.
The input into the multi-temporal approaches was preand post-event façade image patches captured from
diﬀerent oblique views (original and rectiﬁed), as
described in the data section. The focus of the experiments was on the optimal merging of pre- and postevent image information within a supervised deep learning framework for the image classiﬁcation of façade
damages using CNN. Table 1 illustrates the small amount
of data to perform this multi-temporal façade analysis
using aerial manned imagery. This issue was central to
the current work and is one of the main limitations of the
experiments. Several measures were taken to attenuate
the lack of data, and these are further detailed in this
section and in the experiments.
This section starts by laying out the main characteristics of the used CNN, in the following paragraphs. The
following sub-section formalizes the used network,
while the ﬁnal sub-sections explain the rationale behind
each performed test.

4.1. Network deﬁnition
The basic network used in the experiments is presented
in this sub-section, and it was a central component of
the mono- and multi-temporal approaches (see stream
in Figure 5, Figures 6 and 7). This network was composed
by consecutively stacking of 2 modules, dense blocks
and transitional layers. This composition was proposed
in (Huang et al. 2017), where the authors derived several
networks from diﬀerent combinations of these modules.
In the current work, the network used, was composed of
4 dense blocks, with transitional layers between these
blocks. While maintaining the number of dense blocks
presented in Huang et al. (2017), a lower number of
layers per dense block was considered in this work.
Given the small amount of data, decreasing the model
complexity did not impact its representability and contributed to reduce overﬁtting.
Each dense block contained two sets of two convolutions, as indicated in Figure 4. In Figure 4, the conv ﬁeld
indicates the group: batch normalization, relu and convolution. A dropout layer (0.2) was also added after the
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Figure 4. Network used in the experiments (stream), composed of dense blocks and transition layers. conv depicts the group batch
normalization, relu and convolution. The number of ﬁlters and dilation value is aﬀected by the number of dense block, transitional
layer group, as indicated by i.

Figure 5. Mono-temporal approaches, MN-trd and MN-scr. * The network in italic refers to the aerial (manned) network presented in
(Duarte et al. 2018a). The stream refers to the network presented in Figure 4. Input refers to façade image pairs.

ﬁrst convolution, to further prevent overﬁtting (Clevert,
Unterthiner, and Hochreiter 2016). Each transitional layer
contained a convolution and it was followed by average
pooling with stride 2 in order decrease the feature map
size from the initial 224x224px to the ﬁnal 28x28px. The
façade image patch given as input (both original and
rectiﬁed) was zero padded to ﬁt the 224x224px size. In
rare cases where the façade image patch was larger than
the 224x224px, it was resized to ﬁt the input size while
keeping the aspect ratio. This input size was mainly
chosen to ﬁt the ﬁne-tuning experiment.

The number of ﬁlters per convolution was tied to the
growth rate (Huang et al. 2017), which was deﬁned as 6
(see Figure 4). This growth was set in order not to overﬁt
the small set of data for the current study, while following the general assumption that more ﬁlters are needed
to represent more complex features later in the network
(Szegedy et al. 2015).
Given the small damage evidences often present in
façades that did not collapse (see introduction ﬁgure) it
was mandatory that a given network would be able to
detect such small details. In this way it was important to
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Figure 6. MTa group of experiments. Façade image pairs are fed to the experiments present in this ﬁgure.

Figure 7. MTb group of experiments. Façade image sextuples are considered as input and indicated by i1-3 for each epoch.

retain contextual information, i.e. in the vicinity of the
damaged area. Only then a network would be able to
diﬀerentiate these small damage evidences from other
areas with similar texture but in a diﬀerent context.
Aiming at capturing this context, dilated convolutions
were used in the network. Such dilated convolutions use
a kernel with deﬁned gaps, aiming at the capture of
more contextual information(Yu and Koltun 2016).As
can be seen in Figure 4, the dilation factor is also growing with the number of ﬁlters even if at a smaller rate.
The last set of dilated convolutions had a receptive ﬁeld
of 19 × 19.
The classiﬁcation part of the network was performed
by coupling batch normalization, relu, global average
pooling and a dense layer of size 1 at the end of all
networks.

4.2. Mono-temporal approaches
Three mono-temporal approaches were tested. These
served as baseline for the multi-temporal methods (see
Figure 5).
The mono-temporal traditional (MN-trd) directly
used a network trained on aerial image patches containing debris and rubble piles, as in (Duarte et al.

2018a). This network was trained on aerial (manned)
image samples of 7 diﬀerent geographical locations
and using approximately 5,400 image samples in
total. These locations include cities with similar
urban design as to L’Aquila and Tempera (e.g.,
Amatrice, Italian city). For this approach each postevent façade image patch was divided into smaller
50px squared patches. The latter were then classiﬁed
for damage. In cases where a façade image patch
contained at least one of these squared patches classiﬁed as damage, the whole façade image patch was
considered damaged. This was performed for every
façade image patch of a given façade. This experiment aimed at understanding how a network trained
solely on debris and rubble piles and mostly using
nadir imagery could be used for the speciﬁc case of
the detection of façade damages.
The other two mono-temporal approaches also only
used post-event façade image patches. The monotemporal, MN-scr, was trained from scratch, while the
MN-ft was ﬁne-tuned on densenet (DenseNet121 as in
(Huang et al. 2017)), where only the last dense block
layers were re-trained with the façade image patches
coming from the diﬀerent oblique views. This experiment was deemed necessary given the low amount of
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data and where the model could leverage the knowledge of the feature information learned on the
ImageNET dataset.

4.3. Multi-temporal approaches
In this subsection, six multi-temporal approaches are
presented. Overall, these experiments, aimed at: 1) better understanding how to merge the multi-temporal
façade image patches within a CNN for the image classiﬁcation of façade damages, and 2) embedding the
façade image pairs and façade image sextuples deﬁned
in section 2.1 in the experiments. Figures 6 and 7, show
the six diﬀerent approaches. Two diﬀerent ways to integrate the data from multiple perspectives and epochs
were adopted and tested in the approaches, respectively
considering the image pairs (1) and image sextuples (2):
(3) The group MTa (see Figure 6) considered as input
only image pairs, as described in section 3.1. In MTa
three diﬀerent strategies were adopted. The MTa1str concatenated the images in the channels
dimension and subsequently fed this to the network
deﬁned previously. On the other hand, MT-2str,
assumed one convolutional block for each epoch
which were later concatenated. The MT-2str-ws (or
Siamese) was similar to MT-2str, but in this case the
convolution weights were shared between the two
streams.
(4) The group MTb (Figure 7) considered as input the
image sextuples deﬁned in section 3.1. The rationale of these approaches followed the same concept of the group MTa. The MTb-1str
concatenated the six images (three per epoch),
where this 18-channel image was then fed to the
network,
while
MTb-2str
considered
a convolutional set per epoch. In this case
a concatenation of the three images per epoch
was performed, where this 9-channel image was
fed to an independent convolutional block. MT2str-sw (or Siamese) was only diﬀerent from MTb2str, given that the convolutions were shared
across streams. In this case features were computed not only across epochs but also across different views, given that for each epoch several
image façade patches per façade were simultaneously considered.
The 1str set of experiments, both in MTa and MTb,
forced the input image patches (both pre- and postevent) to go through a single convolutional set. On the
other hand, 2str experiments had a set of epoch speciﬁc
convolutions, where this information was later merged
through concatenation. The 2str-sw (or Siamese) had the

convolution weights shared across the epochs. These 3
diﬀerent ways of considering the input data aimed at
understanding which set of features were relevant for
the image classiﬁcation of façade damages. While the
1str approaches made use of inter-epoch features given
that the inputs were concatenated at an early stage of the
network, the 2str approaches gave more relevance to
intra-epoch features which were merged at a later stage
of the network. The 2str and 2str-sw only diﬀered in the
fact that the convolutions were shared across the epochs:
in spite of having a set of convolutions for each epoch,
these had the ﬁlters shared among them. Moreover, given
the sharing of ﬁlters between epochs, this drastically
decreased the number of parameters when compared
with the 2str which did not share the convolutions.
While concatenation was used to merge the feature
maps, other approaches were tested (e.g., element-wise
multiplication or addition/subtraction of the feature
maps). However, these did not perform as good as the
simple concatenation.
All these approaches were tested using both the
original and rectiﬁed façade images patches as
described in 2.1.

5. Experiments and results
All the networks were trained with learning rate of 0.1
and weight decay of 10–4 (except for the ﬁne tune
experiment, where the learning rate was of 0.01) using
stochastic gradient descent as optimizer (He et al. 2016;
Huang et al. 2017). For each experiment one loss function, binary cross entropy, was used, given the binary
classiﬁcation problem being considered. The experiments were performed with early stopping, i.e. when
the validation data loss stopped improving. This was
performed to avoid overﬁtting given the small data set.
Data augmentation was performed to decrease overﬁtting and to give more generalization capabilities to the
network (Krizhevsky, Sutskever, and Hinton 2012). This
was applied only to the training data; the validation and
testing sets did not consider any data augmentation
other than image normalization. This augmentation consisted only of horizontal shifts and image normalization.
This was due to two reasons: 1) shifts in the images could
mask out the damaged area when it is close to the edge
of the image; 2) rotations on the image patches could be
cue for damage (e.g., slanted buildings which did not
collapse). Given the small amount of data, this solution
aimed at attenuating overﬁtting and helping generalization (Krizhevsky, Sutskever, and Hinton 2012).
The results were evaluated in terms of accuracy,
recall, precision and f1 score. Recall aimed at capturing
the proportion of actual damaged façades which were
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Table 3. Precision, recall, accuracy and f1 score (mean) of the testing datasets for the mono- and multi-temporal approaches using the
rectiﬁed (-r) façade image patches (range between brackets). These are presented at both an image pair/sextuple and at a façade level.
Prec.
Image/image-pair/image-sextuple level
MN-trd-r
0.39 (0.34–0.80)
MN-scr.-r
0.65 (0.48–0.72)
MN-ft-r
0.69 (0.68–0.94)
MTa-1str-r
0.76 (0.70–0.80)
MTa-2str-r
0.70 (0.66–0.88)
MTa-2str-ws-r
0.86 (0.63–0.87)
MTb-1str-r
0.69 (0.67–0.7)
MTb-2str-r
0.71 (0.64–0.71)
MTb-2str-sw-r
0.76 (0.72–0.89)

Rec.

Acc.

F1

0.37 (0.26–0.38)
0.83 (0.71–0.88)
0.68 (0.22–0.68)
0.67 (0.52–0.77)
0.72 (0.65–0.94)
0.64 (0.53–0.81)
0.86 (0.72–0.96)
0.64 (0.61–0.64)
0.75 (0.67–0.83)

0.50 (0.47–0.64)
0.70 (0.65–0.72)
0.69 (0.59–0.70)
0.73 (0.67–0.76)
0.73 (0.70–0.79)
0.73 (0.68–0.77)
0.74 (0.71–0.76)
0.69 (0.65–0.69)
0.76 (0.71–0.79)

0.38 (0.30–0.52)
0.71 (0.64–0.77)
0.68 (0.36–0.69)
0.73 (0.62–0.73)
0.78 (0.68–0.79)
0.71 (0.66–0.73)
0.77 (0.71–0.79)
0.66 (0.64–0.66)
0.75 (0.62–0.81)

Façade level
MN-trd-r
MN-scr.-r
MN-ft-r
MTa-1str-r
MTa-2str-r
MTa-2str-ws-r
MTb-1str-r
MTb-2str-r
MTb-2str-sw-r

0.47 (0.32–0.58)
0.92 (0.62–1.00)
0.62 (0.22–0.62)
0.66 (0.57–0.73)
0.73 (0.67–1.00)
0.58 (0.67–1.00)
0.84 (0.83–0.93)
0.71 (0.55–0.77)
0.80 (0.45–0.95)

0.58 (0.52–0.66)
0.69 (0.69–0.70)
0.69 (0.56–0.70)
0.74 (0.72–0.84)
0.76 (0.72–0.83)
0.68 (0.66–0.70)
0.74 (0.71–0.76)
0.71 (0.65–0.79)
0.84 (0.76–0.85)

0.51 (0.38–0.52)
0.69 (0.64–0.76)
0.64 (0.30–0.64)
0.72 (0.67–0.80)
0.80 (0.70–0.80)
0.67 (0.55–0.70)
0.77 (0.76–0.79)
0.74 (0.60–0.77)
0.82 (0.62–0.87)

0.47 (0.46–0.56)
0.65 (0.53–0.66)
0.66 (0.66–1.00)
0.80 (0.80–0.89)
0.67 (0.67–1.00)
0.78 (0.60–1.00)
0.69 (0.68–0.71)
0.71 (0.67–0.83)
0.87 (0.76–0.94)

Tables 3 and 2 present the results on the testing sets
for the approach using the original façade image patches
and the approach using the rectiﬁed façade image
patches, respectively (example of input to the approach
considering the image pairs in Figure 3). A single façade is
depicted in several façade image patches coming from
diﬀerent views (Table 1), hence several image sextuples
and/or pairs per façade were considered as input for the
multi-temporal approaches. Given that in both the monoand multi-temporal approaches several façade image
patches were considered for each façade, the results are
presented at an image pair/sextuple (and images in
mono-temporal approaches) and at a façade level.
Regarding the façade level results, a façade was

classiﬁed as such; precision to show the proportion of
façades classiﬁed as damaged that were actually
damaged. These metrics were computed three times
for each experiment. In each run of the experiment the
data were randomly divided in sets of training and testing (70% and 30%, respectively), where the validation
data was a subset of the training set. This division was
performed at a façade level, where both the image pairs
and image sextuples datasets are relative to the same
façades and hence comparable. In this way every façade
was present in both training and testing when considering the three diﬀerent splits. The mean and the range
(min. and max.) of the diﬀerent runs per experiment on
the testing sets are shown in the results, too.

Table 2. Precision, recall, accuracy and f1 score (mean) of the testing datasets for the mono- and multi-temporal approaches using the
original façade image patches (range between brackets). These are presented at both an image pair/sextuple and at a façade level.
Prec.
Image/image-pair/image-sextuple level
MN-trd
0.49 (0.48–0.58)
MN-scr.
0.58 (0.45–0.63)
MN-ft
0.64 (0.57–0.64)
MTa-1str
0.73 (0.65–0.77)
MTa-2str
0.83 (0.79–0.85)
MTa-2str-ws
0.76 (0.66–0.81)
MTb-1str
0.76 (0.66–0.78)
MTb-2str
0.71 (0.66–0.77)
MTb-2str-sw
0.77 (0.64–0.77)
Façade level
MN-trd
0.52 (0.43–0.63)
MN-scr.
0.55 (0.50–0.60)
0.65 (0.54–0.70)
MN-ft
MTa-1str
0.69 (0.67–0.9)
MTa-2str
0.88 (0.88–0.92)
MTa-2str-ws
0.75 (0.70–0.81)
MTb-1str
0.78 (0.67–0.81)
MTb-2str
0.72 (0.67–0.80)
MTb-2str-sw
0.82 (0.75–0.85)

Rec.

Acc.

F1

0.66 (0.55–0.73)
0.85 (0.65–1.00)
0.84 (0.47–0.96)
0.60 (0.60–0.69)
0.76 (0.57–0.80)
0.60 (0.56–0.89)
0.64 (0.52–0.64)
0.64 (0.52–0.87)
0.75 (0.55–0.78)

0.50 (0.47–0.55)
0.64 (0.61–0.68)
0.63 (0.57–0.64)
0.72 (0.64–0.74)
0.81 (0.72–0.83)
0.73 (0.65–0.83)
0.73 (0.64–0.80)
0.76 (0.64–0.71)
0.76 (0.63–0.78)

0.55 (0.52–0.64)
0.72 (0.53–0.73)
0.67 (0.54–0.76)
0.67 (0.62–0.71)
0.80 (0.66–0.82)
0.69 (0.61–0.82)
0.70 (0.58–0.81)
0.70 (0.58–0.70)
0.75 (0.59–0.78)

0.67 (0.38–0.70)
0.92 (0.67–1.00)
0.61 (0.38–0.67)
0.82 (0.56–0.83)
0.73 (0.64–0.79)
0.58 (0.38–0.81)
0.58 (0.46–0.93)
0.73 (0.56–0.73)
0.73 (0.50–0.82)

0.55 (0.52–0.60)
0.67 (0.52–0.74)
0.63 (0.59–0.70)
0.72 (0.62–0.87)
0.82 (0.80–0.86)
0.68 (0.59–0.83)
0.70 (0.58–0.86)
0.78 (0.59–0.78)
0.79 (0.60–0.82)

0.60 (0.40–0.65)
0.70 (0.57–0.72)
0.60 (0.49–0.63)
0.74 (0.62–0.86)
0.80 (0.74–0.85)
0.64 (0.51–0.81)
0.67 (0.55–0.87)
0.76 (0.56–0.76)
0.79 (0.67–0.83)
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considered as damaged if the majority of the images
(mono-temporal) or image pairs/sextuples (multitemporal) of a given façade were classiﬁed as damaged.
Overall, the multi-temporal approaches clearly outperformed the mono-temporal ones. This is seen in
both the MTa and MTb experiments, and also when
using either the original façade image patches or the
rectiﬁed ones.
In general, using an epoch-speciﬁc set of convolutions per epoch was preferable in all the multitemporal experiments. However, the results diﬀer when
considering diﬀerent inputs, original or rectiﬁed façade
image patches. While having similar results, the MTb2str-sw-r performed slightly better than MTa-2str. Hence,
the use of shared convolutions (in a Siamese setting) is
most valuable when considering the image sextuples
using as input the rectiﬁed façade image patches. On
the other hand, when using the original façade image
patches, the network cannot take advantage of the
simultaneous consideration of several views per façade.
The results of MTa-2str and MTb-2str-sw-r were considerably diﬀerent when compared at an image pair/
sextuple level, where the diﬀerence was bridged when
evaluated at a façade level. While having less correctly
predicted image pairs/sextuples, MTb-2str-sw-r (82% f1score) outperformed MTa-2str (80% f1-score) at a façade
level. Hence, the better results at an image pair/sextuple
by MTa-2str were more distributed among the façades,
not being enough to change the prediction at a façade
level. On the other hand, MTb-2str-sw-r, improved the
results at a façade level while having less correctly predicted image pairs/sextuples. Hence, in this case the
correct predictions were more distributed among the
façades, which in turn, through the majority vote,
improved the results at this level.
The overall statistical measures range between the
three diﬀerent data splits was also smaller when using
the rectiﬁed image patches. In some of the experiments
(e.g., MTa-2str-r and MTa-2srt-sw-r) recall and precision
achieve 1.0 at least in one of the data splits, where the
approach struggled to diﬀerentiate between the two
classes. However, their non-rectiﬁed counterpart did
not present this behavior, indicating that the combined
use of rectiﬁed façade image patches and image pairs
may not be optimal.
The mono-temporal approaches presented the worst
results. The traditional approach trained on rubble piles
and debris was the worst performing approach, especially using rectiﬁed façade image patches.
Figure 8 presents activations (right) considering
a given façade (pre- and post-rectiﬁed façade image
patches) (left). These activations were extracted from
the last set of activations of each of the experiments

predicting on an image sample that was present in
training. This aimed at understanding where the
approaches were focusing their attention on a given
façade image patch, to derive a given class prediction.
Figure 8 B, C, D, E and F were predicted as damaged. The
only clear activation focusing on the damaged area is
present in E. In the B and D cases, in spite of also considering the correct damaged area, these are not so clear
and often consider other areas of the image. For example in D, post-event, the balconies area was relevant for
the approach to derive the damaged class (also close to
the damaged portion of the façade, see red indication in
Figure 8). Figure 8-A presents damaged areas which
were predicted as not damaged. In C, the attention is
focused on the area of vegetation occluding the façade.
In both cases, A and C, the multi-temporal approaches
failed to correctly classify the façade image patches.
In Figure 9 several correct (on the left) and wrong (on
the right) predictions are shown considering the best
performing approach. This approach correctly identiﬁes
several degrees of spalling, building segment collapses
and larger cracks. However, it is not able to detect areas
with small spalling when these are too small when compared with the size of the façade. Façades which only
presented cracks were often missed by the approach,
probably because of the limited resolution of the
images.
Regarding overall processing times there are several
steps that need to be taken into account, from the
façade extraction from the images to the classiﬁcation
for damage with the convolutional neural network. The
times reported here are based on a computer with an i7
processor (4th generation), 32 GB RAM and a NVIDIA
GeForce GTX 1060. The façade extraction process took
around 41 minutes for the façades considered in the
study and using mostly mono-core processes. The
damage prediction part took around 21 minutes when
considering the image sextuples and 11 minutes when
considering the image pairs (assuming we need to predict in all the dataset, see Table 1). The remainder of the
tasks can be performed preemptively and only using the
pre-event imagery.

6. Discussion
All the multi-temporal approaches outperformed the
mono-temporal ones. This conﬁrms the commonly
reported results on multi-temporal approaches in
remote sensing, where the use of multi-temporal data
is often translated into an improvement in the quality of
a given task (Hussain et al. 2013; Lu et al. 2004; Singh
1989; Tewkesbury et al. 2015). The best performing
approach can identify partially and totally collapsed
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Figure 8. Activations extracted from the last activation layer of the network (training) MTb-2str-sw-r (right). Left (pre-event) and
middle (post-event) facade image patches. A predicted as not damaged, while B, C, D, E and F were predicted as damaged. The red
arrow present in D, indicates the damaged portion close to the balconies.

buildings, and façades with large areas of spalling and
cracks. However, the overall results (best performing
network with 82% f1-score) reﬂect some diﬃculties in
the detection of damage to the facades, from manned
aerial oblique imagery, even when also using pre-event
images. This can be mainly explained by the low resolution of the used data (GSD ~0.14 m) that hinders the

reliable detection of smaller signs of damage such as
small cracks.
From all the mono-temporal approaches, ﬁne-tuning
or training from scratch did not lead to considerable
diﬀerences as reported in other works focused on building damage detection (Duarte et al. 2018a; Vetrivel et al.
2017). The mono-temporal traditional approach using
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Figure 9. Left, correctly classiﬁed as damaged. Right, incorrectly classiﬁed as not-damage. Both using the best performing approach
MTb-2str-sw-r, when these façades were not present in training.

a model trained with image samples depicting rubble
piles and debris was the worst approach: as expected
the model was not able to identify lower levels of
damage present in the façades. This resulted in a high
rate of both false negatives and false positives as in
Duarte et al. (2017). This problem was more accentuated
when using the rectiﬁed façade image patches, as the
traditional approach was trained on non-rectiﬁed image
patches.
Regarding the multi-temporal approaches the relevance of intra-epoch features must be noticed, which
are merged later in the network. This can be observed in
the results, where the single stream approaches were
always outperformed by the 2str approaches, independently of the use of original or rectiﬁed image patches or
the input data (i.e. image pairs or sextuples). This was
also the case in Duarte et al. (2019), where approaches
relying on intra-epoch features performed better, even if
only considering image pairs and non-rectiﬁed façade
image patches. However, recent literature in remote
sensing that made use of multi-branch networks
reported diﬀerent results in this regard. For example,
Daudt et al. (2018) reported that for the speciﬁc case of
satellite imagery change detection, the concatenation of
the images before being fed to the network would be
preferable, as images share the features within a single
convolutional set. This was also the case when localizing
street view images using overhead images (Vo and Hays
2016). However, there are also studies in which the merging of the feature information later in the network,
instead of considering as input a merged layer of both
epochs, is preferable (Chen et al. 2018). The merging of
the pre- and post-event information seems to be application dependent, where for the case of the image
classiﬁcation of façade damages it is preferred to

merge the feature information at a later stage in the
network. Also, the diﬀerences between the results at
an image pair/sextuple and at a façade level are noteworthy. Since in most of the approaches the façade level
results were worse than their image pair/sextuple counterpart, it seems that in such situations there was no
considerable variation of the predictions within the
same façade.
In the case where the façade image patches are rectiﬁed, the approach using the sextuples as input outperforms all the other approaches (MTb-2str-sw-r) at a façade
level. Besides using image sextuples and rectiﬁed façade
image patches the approach also shared the convolutions
between the two streams. Given the rectiﬁcation and
registration of the façades, this approach aimed at taking
advantage of considering diﬀerent viewpoints of the
same façade simultaneously. In this way it was expected
that the networks would leverage the multi-view information and learn to distinguish between diﬀerences due to
illumination, for example, and diﬀerences due to damage;
extracting features across both the diﬀerent epochs and
the diﬀerent views. However, at a façade level the
approach considering only image pairs (MTa-2str) performed comparatively well (diﬀerence of 2% f1-score)
while using the original image patches. In this regard,
although the rectiﬁcation/registration procedure is preferable, it may at the same time smooth out the oftensmall damage evidences present in the façades.
This work was an extension of a previous study by
Duarte et al. (2019). In the present work it was introduced both the rectiﬁcation of the façades before being
fed to the networks and a whole new set of experiments
where image sextuples were considered besides the
image pairs presented in Duarte et al. (2019). This allows
to compare some of the results of Table 2 (experiments
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regarding the image pairs only) with the previously
reported work. Namely the multi-temporal experiments
1-str and 2-str and the mono-temporal scr and trd.
Overall, the quality metrics regarding these experiments
were improved, when comparing with the previous
study; this could be due to the use of a diﬀerent architecture since the merging approaches remained similar.
Dense connections were adopted in this study, while
residual connections were used in the previous one.
Such improvements when considering the use of
dense over residual connections have been reported
before (Huang et al. 2017) for image recognition tasks.
In this study only 88 damaged façades were
extracted, where the high overlap of manned aerial
systems allowed to derive several image pairs and
image sextuples per façade, per epoch. In this way it
was possible to perform the experiments reported in this
paper. This is an understudied subject, where usually the
redundancy of aerial surveys is not fully used.
Although the image coverage of the area is relatively
high, another limitation was given by the occlusions in
dense urban areas: several buildings or part of them
were almost invisible in the images. This is an intrinsic
limitation of aerial-manned platforms with pre-deﬁned
ﬂight patterns not tailored to decrease such occlusions.
In this sense more careful ﬂight plans and using UAV
could attenuate this problem.

7. Conclusions
This paper assessed the image classiﬁcation of façade
damages using multi-temporal aerial oblique imagery.
Six multi-temporal and three mono-temporal
approaches were tested, following a binary classiﬁcation
approach using CNN. For this purpose, the only dataset
(to the best of the authors’ knowledge) available with
pre- and post-event data was used for this analysis.
Although the dataset is not optimal in terms of number
of images and resolution, it has shown very encouraging
results and good indications for the wide adoption of
multi-temporal data in the assessment of catastrophic
event damages.
The objective of this study was twofold: 1) determine
the optimal framework to combine the multi-temporal
image data within a CNN approach, and 2) investigate
the improvement introduced by the use of the multiview characteristics of aerial (manned) systems (extracting several image patches per façade and per epoch) in
the image classiﬁcation of façade damages. In this
regard two main approaches were tested: 1) using
image pairs by pairing every pre-event façade image
patch to the corresponding post-event façade image
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patches, and 2) using image sextuples where three
views per façade per epoch were considered.
An important element tested in this paper was the
use of rectiﬁed façades instead of the original façade
image patches. Regarding the original façade image
patches, the best approach was to use image pairs and
a 2-stream network (no shared convolutions) while using
rectiﬁed façade image patches, the use of the image
sextuples and shared convolutions was more advantageous. Given the rectiﬁcation and registration of the
façade image patches, considering three views per
epoch only slightly improved over the approach considering image pairs. A study considering more data would
need to be performed to assess if the network can learn
not only inter epoch dependencies, but also to cope
with diﬀerent views of a given façade.
The multi-temporal approaches generally outperformed the mono-temporal ones. Large diﬀerences in
the multi-temporal results were, however, visible according to the used network. The use of epoch-speciﬁc convolutions was preferable to single stream architectures,
where both epochs inputs are concatenated together
before being fed to the network. Epoch-speciﬁc feature
information is in this way valuable for the image classiﬁcation of façade damages. This was the case regardless
of the use of original or rectiﬁed image patches as input,
and regardless of the use of image pairs or image sextuples. However, while the best performing network
using the original image pairs considered a 2-stream
network without shared convolutions, this was not the
case when using the rectiﬁed façade image patches
where the 2-stream network sharing the convolutions
(i.e. Siamese) was preferable.
While the multi-temporal approaches showed better
performance, these would also need a speciﬁc framework to be prepared preemptively. These would include
the aerial oblique ﬂight covering the region, its processing to generate the 3D information, labeling of
a portion of the façade images in damaged and nondamaged groups and the image classiﬁcation of building façade damages. The aerial ﬂight, human resources
and material needed to have such framework established, need to be considered. Traditionally such façade
damage mapping task is performed using lengthy and
costly ground observation campaigns. The screening
approach presented in this paper may be considered
to attenuate both the length and cost of such ground
campaigns. Given the processing times reported in this
paper it can also be of use to ﬁrst responders in the case
post-event imagery is readily available.
Regarding the mono-temporal approaches, the network trained on image samples depicting debris and
rubble piles was often not able to have a better score
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than random guess (i.e. 50% accuracy). Hence, such networks trained with only rubble piles and debris from
mostly nadir viewing imagery, are not transferable for
façade cases where damage evidences are often diﬀerent in image content but also in extent (e.g., small signs
of spalling or cracks). The mono-temporal approach
using damaged and non-damaged façade image
patches performed better when trained from scratch;
however, overall it behaved poorly.
A notable limitation of the approach presented here is
its binary nature that precludes more nuanced damage
assessment. In the disaster response phase, the location of
partially and totally collapsed buildings is a priority.
Hence, in such case the binary nature of the approach is
not suﬃcient, since it considers several typologies of
damage (from spalling to completely destroyed façades).
More work is needed, based on more oblique multitemporal image datasets, to move toward the classiﬁcation of the diﬀerent types of façade damages and their
localization within the façade. Nonetheless, given the
focus of this work on the speciﬁc façade damage detection, this approach could be performed in parallel with the
already extensively reported methods in the literature to
detect rubble piles and debris.
The dataset used was extremely challenging not only
for the limited number of images (and facades) and the
low resolution, but for the urban typology (historical city
center) that introduced additional challenges. Several
façades in the test area were impossible to extract
given the often-narrow streets. This was further exacerbated by the use of an aerial (manned) system and its
pre-deﬁned ﬂight pattern, which limited the data completeness in some narrow streets.
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