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Abstract: Building footprint detection and outlining from satellite imagery represents a very useful
tool in many types of applications, ranging from population mapping to the monitoring of illegal
development, from urban expansion monitoring to organizing prompter and more effective rescuer
response in the case of catastrophic events. The problem of detecting building footprints in optical,
multispectral satellite data is not easy to solve in a general way due to the extreme variability of
material, shape, spatial, and spectral patterns that may come with disparate environmental conditions
and construction practices rooted in different places across the globe. This difficult problem has
been tackled in many different ways since multispectral satellite data at a sufficient spatial resolution
started making its appearance on the public scene at the turn of the century. Whereas a typical
approach, until recently, hinged on various combinations of spectral–spatial analysis and image
processing techniques, in more recent times, the role of machine learning has undergone a progressive
expansion. This is also testified by the appearance of online challenges like SpaceNet, which invite
scholars to submit their own artificial intelligence (AI)-based, tailored solutions for building footprint
detection in satellite data, and automatically compare and rank by accuracy the proposed maps.
In this framework, after reviewing the state-of-the-art on this subject, we came to the conclusion that
some improvement could be contributed to the so-called U-Net architecture, which has shown to
be promising in this respect. In this work, we focused on the architecture of the U-Net to develop
a suitable version for this task, capable of competing with the accuracy levels of past SpaceNet
competition winners using only one model and one type of data. This achievement could pave the
way for achieving better performances than the current state-of-the-art. All these results, indeed,
have yet to be augmented through the integration of techniques that in the past have demonstrated a
capability of improving the detection accuracy of U-net-based footprint detectors. The most notable
cases are represented by an ensemble of different U-Net architectures, the integration of distance
transform to improve boundary detection accuracy, and the incorporation of ancillary geospatial data
on buildings. Our future work will incorporate those enhancements.

Keywords: U-Net; building footprint; multispectral satellite imagery; damage assessment;
convolutional neural networks; CNNs

1. Introduction

The ability to accurately detect and locate building footprints is a powerful tool at the service of
many different applications such as illegal building detection [1], population mapping [2], and damage
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assessment [3,4]. Building detection is a very challenging task due to the variability of the shape,
material, and dimensions of the buildings, in addition to the different types of background in which
they are located. In the past, building detection was mostly based on aerial images—due to their
fine at-ground geometric resolution—using computer vision techniques [5–8]; in the last few years,
big progress has been made in machine learning science, particularly in deep learning. Thus, many
scientific studies have started applying deep learning in building detection tasks; furthermore, thanks
to the very high ground resolution achieved with the latest satellite technology, it became possible
to use optical satellite data instead of aerial images. This is a big advantage because satellite remote
sensing offers repeated acquisitions of the same area across time, pulling down the costs and opening
a route to higher temporal and spatial accuracy in applications like damage assessment or urban
monitoring. Moreover, deep learning models need a huge amount of data to be correctly trained
for a specific purpose. In this case, satellite data are the best choice because spaceborne systems
can provide large sets of acquisitions at an affordable cost. Indeed, in this framework, many online
challenges have appeared, like SpaceNet, which provides a large amount of very high resolution (VHR)
multispectral satellite data for free to train and test deep learning models. In addition to multispectral
data, spaceborne synthetic aperture radar (SAR) data has also been considered in scientific literature
for this purpose, and various authors have proposed solutions for SAR-based building detection [9,10].
SAR data offers unquestionable advantages over optical data in terms of all-weather operational
capability, but on the other hand, its high level of spatial non-homogeneity due to multiplicative
noise and complex reflection patterns makes it more difficult to detect homogeneous areas [11]
characterizing building footprints, including when multipolarization data is considered [12]. In our
work, we tackle the problem of building footprint mapping; damage mapping, where SAR features
can be beneficial [13–15] is only considered as an application case study. Building footprint mapping,
in general, is not a time-critical task as time-scales in building changes are quite long. Thus, in this
context, we chose to focus on multispectral optical data because (i) buildings produce clearer, less
ambiguous features in multispectral data than in SAR data, (ii) visual interpretation of multispectral
data, including intermediate results, is easier and helps provide clues to steer the research work while
in progress, and (iii) last but not least, a good choice of multispectral datasets is distributed under an
open license through the SpaceNet challenge and other initiatives.

In this work, indeed, leveraging the sizable dataset provides by SpaceNet, we started from the
popular U-Net [16] and, by modifying its architecture, we developed a convolutional neural network
suitable for building detection. With this network, we are able to generate binary building masks
from 8-band multispectral satellite data, where buildings and background are the only two defined
classes. Once we developed the architecture, we applied it to a damage assessment case: specifically,
the availability of a map of all buildings before and after a natural disaster allows us to accurately detect
areas where collapse events were geographically concentrated and thus send a better organized and
prompter response to rescue the victims of the event and help survivors. Furthermore, early building
damage estimation makes it possible to issue a first rough estimation of the funds to be allocated
in order to rebuild the collapsed buildings. It is especially useful in poor countries, where natural
disasters inflict much more damage and cause many more victims than in highly developed countries,
due to the use of poor-quality construction materials, creaky infrastructures, and the presence of
many illegal buildings. The case study discussed in this paper is a category five hurricane that on
10 October 2018 made landfall in the Florida panhandle region, with a maximum sustained wind
speed of 140 knots and a minimum pressure of 919 mb. The storm caused an estimated $25 billion
dollars in damage [17]. Applying the network to pre- and post-event images, it is possible to create
two binary building masks, where the only differences between them are generated by building
collapses; therefore, image-wide subtraction allows the generation of a mask that represents only
severely damaged buildings. This paper, which describes the above-mentioned research work and
its results, is organized as follows. The next section draws a concise picture of the state-of-the-art in
building detection from very high spatial Resolution (VHR) optical satellite datasets; Section 3 reports
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on the dataset used and its features; Section 4 describes the proposed method for building mapping,
while discussing and motivating how it was developed; Section 5 presents some results, analyzing its
pros and cons; Section 6 regards possible application of the developed method to the specific problem
of mapping damage to buildings due to natural disasters; finally, Section 7 draws some conclusions
and proposes possible avenues for further improvement of the method.

2. State-of-the-Art in Building Footprint Extraction

In recent years, building detection in satellite data has become a hot topic in scientific research.
The earlier approaches to the problem were mostly based on computer vision techniques, applied to
aerial images at first and then, when technological progress enabled the production of spaceborne
multispectral data at a sufficient resolution, also to satellite images. A representative work for this
era is described in [7], where color-invariant features are used to help extract rooftops and shadow
information from aerial images; the geometry of shadow is then exploited to determine the illumination
direction, which is in turn leveraged to estimate the location of the corresponding building. In the
next step, the authors used the Canny edge detector to extract roof boundary hypotheses and then
exploited the predominance of rectangular-shaped features in buildings to constrain the search for
footprint limits and thus to fix the final roof shape. In [8], instead, a non-linear bilateral filter is first
applied to smooth out unwanted high-frequency noise in the input mutispectral satellite image [18].
Then, local-scale invariant feature transform (SIFT) key-points are extracted from the processed
satellite image; using matching key-points between predefined templates and the contents of the tested
image, built-up areas are detected. Starting from the extent of the urban areas, thanks to a novel,
graph-cut method, the authors can detect individual buildings. In [19], panchromatic data is used in
place of multispectral data in order to maximize the spatial resolution. For this type of input data,
the authors developed a multi-step method: First, to enhance buildings structures, they used local
directional morphological operations; then, a multiseed-based clustering of internal gray variance
(IGV) features was performed. Moreover, the edges were identified using bimodality detection, and
shadows were extracted from the image; these features were used together to reduce false alarms.
Finally, the image was segmented with an adaptive-threshold technique. The use of techniques
mutuated from the traditional fields of image processing and computer vision was a natural choice
when other powerful tools like deep learning approaches were out of the question due to a lack of
sufficient computing power to cater for their requirements and the parallel lack of huge training
sample sets. More recently, the growth of available computing performances and the flood of VHR
satellite data that can be annotated made the deep learning alternative viable. Many of the latest pieces
of scientific work [20–22] on this problem, indeed, propose deep learning models as their approach,
although papers based on the image-processing approach continue to appear [23]. In this context,
the SpaceNet challenge [24] constitutes a reference point due to two main reasons. First of all, very
high resolution (VHR) satellite data are generally expensive, whereas SpaceNet challenges make
available every year a huge amount of fresh VHR multispectral data for free. Secondly, SpaceNet also
makes available the ground truth (GT) of all the data. These two features together make the challenge
an attractive, rich source of data for this specific problem, enabling suitable training and testing of
CNNs. The above-cited scientific articles [20–22], indeed, use such data and choose intersection over
union (IoU) and F1 scores as evaluation metrics, in accordance with the SpaceNet provisions [24].
Specifically, in [20] a model based on U-Net with the encoder part replaced with a convolutional
part of the WideResNet-38 network is proposed, with in-place activated batch normalization [25],
to save up to 50% of GPU memory; this new encoder is pretrained on RGB images from ImageNet.
In order to separate buildings, an extra output channel is added that predicts areas where touching
or nearing borders are likely; this output is used in post-processing to split the mask into separate
instances: they subtract borders from the corresponding mask and use both masks and these new
data as input to the watershed transform. The authors used 11-band data to train the model: RGB +
8-band multispectral data; the weights of the pretrained WideResnet-38 are copied to the first three
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channels, and the remaining channels are initialized with zeros. Adam [26] is selected as the optimizer,
with a learning rate of 1 × 10−4; data augmentation is then applied in the form of random resize and
random rotation. In [21], a model based on U-Net composed of a common feature extractor followed
by four multitask branches to detect roads and “small”, “medium”, and “large” buildings is proposed.
The authors used RGB data from SpaceNet to train the building detection branches and used the
road extraction dataset from the competition to train the related branch. Roads help to recognize
buildings due to their frequent co-occurrence; they are extracted after training the related branch
by knowledge distillation from another road extraction model [27]. Building detection branches are
trained using multisize building labels; finally, building predictions of the three different branches
are merged together into a final mask. They used the Adam optimizer with a learning rate of 1 × 4−4

and with a coefficient of weight decay of 5 × 10−4; the layers in the encoder are initialized with
pre-trained weights on ImageNet. In [22], an ensemble of three different U-Nets for building footprint
detection is proposed, using multispectral satellite images and OpenStreetMap data. The authors used
data with five bands (Coastal, Yellow, Red, Red Edge, and Near-IR1) and a modified version of the
original U-Net. Specifically, the stochastic gradient descent is substituted with the Adam optimizer;
furthermore, they introduced a batch normalization wrapper around the activation function of each
layer to accelerate network training [28]. Finally, they applied the binary distance transform to improve
building detection accuracy [29]. In [30], a modified model of the U-Net is proposed: the 1024 depth
layer is dropped in order to ease optimization and batch normalization is added after each activation
function to speed up training. The Adam optimizer is chosen to replace stochastic gradient descent
with a learning rate of 0.001. The dataset is collected using the MapBox API for OpenStreetMap,
and real-time data augmentation is applied: images are flipped, rotated, and shifted. Unlike for
the other papers, in this case the Dice coefficient is used as the metric to evaluate training in place
of the IoU. The winner of the SpaceNet competition also developed a model based on U-Net. It is
an averaging ensemble of three U-Net models [31] that process three different-sized datasets and,
particularly, the third model integrates OpenStreetMap data. The SpaceNet winner chose to use 8-band
multispectral data because it apparently improves performance with respect to RGB data alone. Finally,
in [32] is proposed a model based on SegNet [33], with the VGG16 [34] encoder architecture and a
mirrored version of the encoder as the decoder; an additional convolutional layer is appended to
the last layer of the decoder to predict the distance to the border of the buildings, also known as the
distance transform. Feature maps produced by the additional convolutional layer and the last layer
of the decoder are concatenated and passed to a second convolutional layer to predict the final mask.
The aim is to add geometric features incorporating boundary information on buildings in order to
produce less “blobby”, and thus more accurate, predictions. The dataset is retrieved from the Inria
Aerial Image Labeling Dataset, which comprises 360 orthorectified aerial RGB images at a 0.3 m spatial
resolution. The encoder is initialized with the weights of a VGG16 model pretrained on ImageNet, and
the network is trained with stochastic gradient descent with a learning rate of 0.01, a weight decay
of 0.0005, and a momentum of 0.9. Random flip in the vertical and horizontal directions are applied
as a form of data augmentation. Further improvements over final U-net results may be achieved by
incorporating additional information and/or post-processing steps. Different avenues were proposed
recently, which can be roughly categorized into three classes. These latter are summarized in Table 1,
along with references to papers where they are proposed. The reader is referred to the referenced
papers for more details, as these techniques are not employed in this work.
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Table 1. Main categories of techniques offering a proven capability to improve the final
building-detection accuracy.

Methodology References

Ensemble of models [22,31]
Distance transforms [22,32]

Incorporation of OpenStreetMap data [22,31]

In summary, U-Nets have already been used in the context of building detection in Earth
observation data; our work, however, features remarkable differences with respect to previously
published material, as detailed in the itemized list below:

• The solution in [20] employs in-place activated batch normalization, which can save up to 50%
of GPU memory. Their network achieves very good results, thanks also to the post-processing
step based on watershed transform. However, even with in-place activated batch normalization,
the proposed solution is expensive in terms of GPU memory. Indeed, the authors used a 4 GTX
1080-Ti to run it on a batch size of 20. Furthermore, the proposed network is relatively slow: to
process 10 samples, it takes 1 s.

• In [21], the authors developed a network that can reliably detect buildings of different sizes,
even the smallest ones. However, this result is achieved introducing a notable complexity, which
includes four different branches plus a post-processing step. Furthermore, the network is designed
to use RGB data, whereas it is proven [31] that higher-dimensional data can achieve better levels
in terms of final accuracy.

• In [22], building boundaries are determined accurately thanks to the distance transform, and
the authors achieved good overall accuracy, thanks also to three different U-Net architectures.
However, their results are good only on larger building, whereas smaller buildings are detected
poorly. Good results are achieved only after setting a minimum area—below which buildings are
neglected—of 120 pixels for Las Vegas and 180 pixels for Paris, Shanghai, and Khartoum, while
for the SpaceNet competition, the minimum area was of 20 pixels.

• Finally, in [30], the proposed networks achieved good results, although not optimal in some cases.
Whereas the presence of buildings works well, issues are encountered with the identification
of boundaries. The authors indeed plan to integrate distance transform, which is known to
mitigate this problem. Our proposed approach can better identify the boundaries of detected
buildings, generally.

3. The Dataset Used

We chose to train our CNN with the dataset made available by SpaceNet for its competitions and
downloadable through the Amazon Web Service (AWS) [35]. The areas of interest are Rio de Janeiro
(first round of the competition), Las Vegas, Shanghai, Khartoum, and Paris (second round). Data on Rio
de Janeiro was collected by DigitalGlobe’s WorldView-2 satellite; it features a 50 cm spatial resolution
on its 8-band multispectral pansharpened data. The eight bands are: Coastal (400–450 nm), Blue
(450–510 nm), Green (510–580 nm), Yellow (585–625 nm), Red (630–690 nm), Red Edge (705–745 nm),
Near-IR1 (770–895 nm), Near-IR2 (860–1040 nm). Data on Las Vegas, Shanghai, Khartoum, and Paris
were collected by DigitalGlobe’s WorldView-3 satellite; they consist of 8-band multispectral data
pansharpened at a 30 cm spatial resolution, with the same bands as WorldView-2. SpaceNet provides
200 m × 200 m tiles both for the first and the second round, composed of 6940 and 10,593 tiles with sizes
of 438 × 406 and 650 × 650 pixels, respectively. It is possible to download 8-band or RGB data for both
rounds; for the second round, it is also possible to download panchromatic and non-pansharpened
data. We decided to use 8-band instead of RGB data based on the results from the SpaceNet competition
winner suggesting that such data affords better results [31]. This is not surprising as a wider spectral
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scope makes it possible to exploit additional spectral features, such as the vegetation reflectance peak
in the NIR range; e.g., with 8-band data it is easier to detect vegetation through its typical spectral
signature, which is characterized by a sharp increase of reflectance in the NIR range. In this way, it
is easier to identify buildings totally or partly surrounded by vegetation or to separate neighboring
buildings interspersed with grass or trees.

Together with the data, ground truth information is also distributed. In our case, we decided
to use it as follows: 80% of the entire dataset is used for training and validation and the remaining
20% for the test set; then, from the training and validation set, 90% is used for training and 10% for
validation. As shown in Figure 1, the training and validation set is composed of a different number
of tiles for each area: specifically, starting from the whole dataset—composed of 3851 tiles for Las
Vegas, 1148 for Paris, 4582 for Shanghai, 1012 for Khartoum, and 6940 for Rio de Janeiro—the training
and validation set is composed of 80% of the tiles from each area, thus 3081 tiles for Las Vegas, 918
for Paris, 3666 for Shanghai, 810 for Khartoum, and 5552 for Rio de Janeiro. This is done in order to
build a training and validation set that includes a homogeneous contribution of tiles from each area;
therefore, the same percentage is taken for each area. Since the number of tiles is different for each
zone, this translates into different contributions to the training and validation set. The test set reflects
this structure, albeit with a different overall size.

Figure 1. Percentage composition of the training + validation set; the test set possesses the same structure.

For the application example on damage assessment, we picked the case of hurricane Michael.
This was a Cat5 hurricane that made landfall on the Florida panhandle, in the continental USA, at peak
intensity on 10 October 2018. The satellite dataset selected is centered on the closest city to the most
damaged area, i.e., Panama City, FL, as shown in Figure 2. Unfortunately, it was not possible to
retrieve the full 8-band satellite data of this area; 3-band (RGB) pre- and post-event data with 50 cm
spatial resolution was downloaded from the DigitalGlobe Open Data Program [36] portal. The solution
adopted to deal with this problem is accurately explained in Section 6.
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Figure 2. Damage map of hurricane Michael in Florida. Image from [37]; copyrights of image authors
and contributors are fully acknowledged.

4. The Proposed Method

4.1. Pre-Processing of Input Data

The input data were resized to 384 × 384 pixels; this size was chosen because every convolutional
layer is applied with stride and padding equal to 1 in order to preserve more features while passing
through each of them. The smallest figure not greater than 438 × 406 (the Rio de Janeiro tile size) that
is divisible by 2 as many times as the number of pooling layers is 384. Spline interpolation was used
to resize the data. Furthermore, the data were centered using Z-score standardization: the mean and
standard deviation were computed on the whole dataset (i.e., training and validation sets), for each
band; then each band of each image was standardized with Z-score standardization:

standardized_bandi =
bandi − meani

stdi
, (1)

where bandi is the band to be standardized and meani and stdi are the mean and the standard deviation
of that band calculated over the whole training + validation dataset. The same values were then
used to standardize the test set. To reduce overfitting and grant to the network the best possible
generalization capability, data augmentation was applied to the training set: to each standardized
image and the relative ground truth mask loaded, a combination of transformations randomly selected
among 90◦, 180◦, 270◦ rotation, horizontal, and vertical flip were applied. In addition, training images
were loaded in a different random order for each epoch. The same preprocessing steps were applied to
the application case, except for the resize operation, which was substituted with clipping the satellite
images in tiles of the desired resolution.

4.2. Architecture

Starting from the original U-Net architecture, the 1024-depth layer was removed to ease
optimization, as done in [30]. Stochastic gradient descent was replaced with the Adam optimizer
to increase the model accuracy, especially for noisy data and non-stationary objectives [26,38]; the
learning rate was set to 0.0001. Moreover, the number of epochs was set to 200; however, EarlyStopping
from Keras call-back functions [39] was used. It allows stopping the training of the network if it does
not improve anymore for a specified number of consecutive epochs: in our case, the improvement of



Remote Sens. 2019, 11, 2803 8 of 20

the network was based on the IoU computed on the validation dataset, and the number of epochs
without improvement was set to 20. Furthermore, the ReduceLROnPlateu Keras call-back function [39]
was used to reduce the learning rate after 10 epochs without any improvement by a factor of 0.5; this
allows us to get deeper into the minimum of the loss function. During the training and validation,
the predictions were evaluated through the Jaccard coefficient, also known as the intersection over
union (IoU). Binary cross entropy was used as a loss function and Sigmoid function as a classifier.

Hence, different architectures were trained; from the original one, which starts with a 64-depth
layer and ends the contraction section with the 1024-depth layer, the 1024-depth layer was removed.
and five different architectures were generated by removing and adding additional layers as shown
in Figure 3: 8-256, 16-256, 16-512, 32-512 and 64-512, where the first number stands for the the first
layer depth of the contraction section and the second one stands for the last layer depth. These
additional layers were specifically selected to make the network less demanding in terms of GPU
memory requirements: adding initial layers with a smaller depth results in fewer activation maps
extracted from the full-size image, and ultimately into less GPU memory occupied. In this way, it is
possible to test various batch sizes and identify the best one, scanning even those that would saturate
the GPU memory if used in the original U-Net architecture. Hence, in order to choose the best one,
the 8-256 architecture was trained only on the Rio de Janeiro dataset, with various batch sizes: 2, 32,
64, and 128. To speed up the training process and avoid GPU memory saturation, only the lighter
architecture was tested, and on only one area, specifically, the one with the largest dataset. Results in
Figure 4 show that a batch size of 2 is the best choice.

Figure 3. Modification applied to the original U-Net architecture: the red box shows the initial layer
added, while the yellow one shows layers removed. Different combinations of these added/removed
layer were tested to find the best architecture.
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Figure 4. Best validation loss and accuracy reached on Rio de Janeiro by the 8-256 model, with different
batch sizes.

Thus, setting the batch size equal to 2, all of the models were trained on Rio de Janeiro, and the
results are reported in Figure 5.

Figure 5. Best validation loss and accuracy reached on Rio de Janeiro by different architectures, all with
a batch size = 2.
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From these results, it is clear that the various models achieve very similar results, except for
8-256; thus, the 16-256, 16-512, 32-512, and 64-512 architectures were trained on the whole training set
to figure out which one performs best with the best batch size, i.e., the one equal to 2.

In Figures 6 and 7, the loss and accuracy results are shown for the training and validation of the
four different models. From the accuracy curves, it can be seen that the 32-512 model offers the best
accuracy, while the loss highlights instead that even if overfitting is still observed, it has a very limited
impact. Furthermore, the 32-512 model also achieves the lowest loss; therefore, it is the best model
found, as shown in Figure 8.

Figure 6. Training loss (binary cross-entropy) and accuracy (intersection over union) for the four models.

Figure 7. Validation loss (binary cross-entropy) and accuracy (intersection over union) for the four models.



Remote Sens. 2019, 11, 2803 11 of 20

Figure 8. Best validation loss and accuracy achieved on the whole dataset by different architectures,
all with a batch size = 2.

The final results were then evaluated through the SpaceNet competition metric: every predicted
building was compared with the ground truth through the IoU. If the result is greater than 0.5, then a
true positive is found; otherwise, it is considered a false positive. Finally, the F1 score was computed
to evaluate the performance of the model. The F1 score is given by the formula

F1 =
2 ∗ precision ∗ recall

precision + recall
, (2)

where precision is the fraction of true positives among the total of detected buildings and recall
is the fraction of labeled buildings that are detected correctly by the algorithm, i.e., true positives.
An implementation of this metric can be found in [40].

5. Results

In Table 2, our model results are reported as evaluated with the F1 score and compared to those
from the winners of both SpaceNet competitions. Our model predicts better on less urbanized areas
with respect to the models proposed by the winners of the second round. This is an important
achievement because those are the areas of greater interest for this research work. Moreover, our model
outperforms the models proposed by the winners of the first competition; this is partially due to the
big progress made in deep learning in recent years. Moreover, our model results are also reported for
each area, evaluated with the training metric: areas with good predictions score higher in F1 than the
pixel-based IoU, contrary to what happens for worse-predicted areas. Indeed, in those areas, even if
the shape of the buildings is well detected, many buildings are detected as one big building, hence
generating errors in the 1-to-1 building correspondence underpinning the F1 evaluation.
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Table 2. Results of the proposed model in terms of both SpaceNet competitions compared to the
performances of the respective winners.

Rank Author Las Vegas Paris Shanghai Khartoum Total Score Rio de Janeiro

1 wleite 0.255
2 marek.cygan 0.249
3 qinhaifang 0.255

1 XD_XD 0.89 0.75 0.6 0.54 0.69
2 wleite 0.83 0.68 0.58 0.48 0.64
3 nofto 0.79 0.58 0.52 0.42 0.58

proposed model 0.805 0.681 0.648 0.597 0.683 0.518
IoU evaluation 0.793 0.743 0.691 0.657 0.7

This effect is more evident for Rio de Janeiro, where the F1 score is 51.8%, which is lower than for
the Khartoum dataset, while the IoU is 70%, which is higher than for Khartoum; this is caused by the
lower resolution of the Rio de Janeiro data, which is 50 cm instead of 30 cm, resulting in more difficult
discrimination between neighboring buildings. In Figure 9 is shown a visual example of this problem
for Rio de Janeiro; furthermore, in Figures 10 and 11, visual examples are shown of the best- (Las Vegas)
and the worst- (Khartoum) predicted area from the second round of the SpaceNet competition.

Regarding processing times, training the network on the whole dataset with a GTX 1080-Ti GPU
took around 4–5 days, while evaluating it on the test set lasted approximately 2 min.

Figure 9. From left to right: RGB image of Rio de Janeiro, ground truth, and predicted mask.

Figure 10. From left to right: RGB image of Las Vegas, ground truth, and predicted mask.
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Figure 11. From left to right: RGB image of Khartoum, ground truth, and predicted mask.

At this stage, it may be useful to compare our network with another one closer to the original
U-Net, used in [30]. Starting from the original U-Net architecture, in [30] the authors removed the
deepest layer to ease optimization and tackle the vanishing gradient problem; this is also done
in the present work, but with a major difference: in our case, we experimented with adding and
removing further layers in order to identify the architecture that best fits the building detection
problem. We indeed found that the addition of an initial 32-depth layer gives better results than other
architectures, even the one used in [30]; moreover, thanks to the initial 32-depth layer, the GPU memory
consumption is reduced: from the original, full-size image, 32 activation maps are extracted; then,
after downsampling, the 64 activation maps are extracted from a reduced-size image. As the authors
of [30] did, we used the Adam optimizer instead of the original stochastic gradient descent in order to
ensure faster convergence. Contrary to [30], batch normalization was not applied in our work, due to
the small batch size. Tests indeed revealed that, in our case, it does not improve our result but it does
increase both training and test times, due to the extra computations needed at each layer. Furthermore,
in our research work we used binary cross-entropy as the loss function and intersection over union
as the metric. Finally, instead of simply rotating, flipping, and shifting images, we applied a more
refined data augmentation strategy, as explained in Section 4.1. To summarize, we have identified a
U-Net-based architecture that best fits the building detection problem, using less GPU memory and
having a faster training and test process while still maintaining good results. These latter may be
further improved in the future by applying some of the post-processing techniques that are usually
leveraged in this context.

6. Application to Damage Mapping

Moving on to the applicative case, as already mentioned, it was not possible to obtain the 8-band
data of this area under the DigitalGlobe Open Data Program as it was once possible. The new owner
of DigitalGlobe, Maxar, has tightened the terms of the Open Data Program, and nowadays, only
3-band data is available for the listed events. We thus decided to adapt the model to the data at hand.
Therefore, the best model found with the 8-band data (i.e., 32-512) was modified to operate on 3-band
data: it was trained with the same training set and all the same techniques as previously explained,
but with 3 bands in place of 8. We understand that the best model built on 8 bands is not necessarily
also the best model with 3-band data and that the solution adopted appears to be a bit of a stretch,
but this is still a way to test whether it can still offer acceptable results when applied to poorer data;
indeed, 3-band data are more easily provided for free for research purposes than more expensive, full
8-band data. The performances achieved by the 32-512 model during the training, without changing
any hyperparameter with respect to the best model found, are the following:

• Validation loss (binary cross-entropy): 0.1122. . .
• Validation accuracy (IoU): 0.7001. . .
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Hence, with 3 bands instead of 8, the model loses approximately 1% of the accuracy computed
with the IoU, but it still offers good performance; applying the F1 score, the results are

• Las Vegas: 0.772,
• Paris: 0.664,
• Shanghai: 0.622,
• Khartoum: 0.55,
• Rio de Janeiro: 0.489.

Thus, it is shown that training the model with 3-band data results in a loss of F1 score that
ranges between 2% and 3%, while the IoU is only 1% below the model trained with 8-band data.
This means that the new model still predicts the distribution of the buildings well, but it does not
separate neighboring buildings as well as the best model does. One of the reasons for these results is
that the new model is trained without the near infrared band; this band is very useful for detecting
vegetation, which is useful to separate neighboring buildings with grass or trees in between them.
Hence, to generate a collapsed building mask of the selected area, this modified network is used
to predict two buildings masks: one on the pre- and one on the post-event satellite image. Then,
a subtraction of the two building masks is computed to generate a map that sets to 1 the pixels where
buildings were found only in the pre-event mask, i.e., buildings that collapsed and thus are not found
in the post-event mask.

Before moving on to visual assessment, it is important to point out that the resolution of the input
data is 50 cm, and thus, it is expected that predictions will not be as good as the best ones achieved
but will rather be similar to those for Rio de Janeiro. Furthermore, due to the temporal difference in the
acquisition of the images, some buildings in the post-event image are not observed in the pre-event one
because they were built between the two acquisitions. Here, the subtraction will generate pixels valued
at -1: these errors are easily removed by setting to zero all pixels with a negative value. Furthermore,
the training set is orthorectified, while the application case set is not; this implies that predictions
will be worse because the network is not trained to detect buildings on this type of data. Moreover,
the satellite images before and after the event are taken from different orbits and thus feature different
incidence angles. This implies that the detailed shapes of buildings detected in the two images will not
exactly match, thus causing false positives in the collapsed buildings map, as visible also in Figure 12.

Hence, due to the lack of orthorectified data, a post-process step is needed to improve results,
removing at least some of the false positives generated by the subtraction step. As a first approach,
the idea was to delete all buildings smaller than a fixed area. However, this leads to many correctly
detected small collapsed buildings being removed from the map together with false positives. Thus,
the solution adopted was to develop an algorithm that tries to recognize and remove only errors due
to different view angles of the same building.

The logic behind this algorithm is the following:

• Look for all zero-valued pixels in the final map. For each of them, check the corresponding pixels
in the pre- and post-event masks. If both equal one, then there exists an intact building that
disappeared in the final map (Figure 13), as it should. This occurrence is recorded and used in the
next step.

• At this stage, set to zero a contour of pixels around the recorded intact building.

Setting all surrounding pixels to zero suppresses the false change records due to the change in
incidence angle between the two images (i.e., a building facade visible in one image but not in the
other). Correctly detected collapsed buildings are left untouched thanks to the first condition (pixels
must be zero in both masks). In the general case, the width of the zeroed contour should be adjusted
for pixel size and difference in viewing angle.
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Figure 12. From the top down: pre- and post-event satellite images and the generated collapsed
building mask.

Figure 13. From left to right: example of a building in the pre-event mask, post-event mask, and
final map.

The problem, however, should be inherently solved if higher resolution, orthorectified images are
used, without the need for this additional processing step.
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The result of our case study is shown in the middle section of Figure 14: most of the false positives
due to the different view angles between the two satellite acquisitions are removed, leaving only a few
wrong pixels. At this point, it is possible to apply the first idea of removing all buildings with an area
below a threshold, without removing any correctly detected small buildings, because the remaining
wrong detection blobs are composed of very few pixels, much fewer than a real building. The final
result is shown in the bottom section of Figure 14. As can be seen, now most of the false positives
are due to incorrect detection and not to the subtraction step. At this stage, buildings that are only
partially collapsed are still correctly detected.

Figure 14. From top to bottom: collapsed building mask resulting from the subtraction operation,
after the post-processing algorithm, and after removing the remaining small buildings.
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7. Conclusions and Way Forward

In this paper we presented a novel approach to building footprint detection in VHR, multispectral
optical satellite data, leveraging existing scientific results and further advancing the recorded
performance of a classification scheme based on the U-Net scheme, which represents a popular
approach to this class of problems. It has been demonstrated that suitable modifications of the
architecture and effective use of data augmentation lead to a novel network configuration that
can be trained in a relatively short time and can achieve comparable performances to the existing
state-of-the-art solutions, but with simpler processing. Indeed, even if the proposed solution performs
slightly worse than the SpaceNet competition winner in highly urbanized areas, it scores better in less
urbanized ones. This is a very good result in view of damage assessment applications. In this specific
context, indeed, the effectiveness in sparsely, disorderly built areas of less developed countries is more
important than in dense urban areas in rich countries; the former, in fact, suffer the most damage
from catastrophic events and need the most help. Moreover, whereas the comparison of scores with
SpaceNet competition winners shows similar overall figures, the complexity of the proposed solution
is significantly lower, resulting in a less computationally demanding solution. Specifically, our network
is lighter in terms of GPU memory requirements with respect to [20]—indeed, we use only one GTX
1080-Ti—and it is also faster: in our case, the network takes 1 s to process 30 samples, instead of the
10 samples of [20]. Furthermore, we also achieved good results using a simple architecture on small
buildings, contrary to the case of [22]. Generally speaking, our solution achieves good results even
without any post-processing step—like in [20]—or a heavy and slow architecture—like in [20–22]. This
is its best advantage with respect to the other works. In our case, indeed, it is still possible to further
improve the network’s performance by appending post-processing steps. The focus of our work
was on improving the network architecture, and there is still room for additional improvement by
cascading it with some of the techniques mentioned in Section 2, which have been shown to improve
prediction accuracy, especially after specific optimization. Specifically, we could:

• improve network performance by building an ensemble of three different networks, as done
in [21,31];

• use the distance transform to improve the detection accuracy of building boundaries, as done
in [22,32] and as also suggested in [30];

• try and apply in-place activated batch normalization to further reduce GPU memory consumption
and thus apply other techniques.

Moving on to the damage mapping application, many problems arose that resulted in a lower
final accuracy for the test case. First of all, the available dataset was composed of 3 bands instead of 8,
its spatial resolution was 50 cm instead of 30 cm, and it was not orthorectified as the training dataset
was. Finally, the pre- and post-event satellite images feature different view angles because they were
acquired on different orbits. Despite all these problems, it has been demonstrated that it is possible to
create a faithful map of collapsed buildings with a simple post-processing step that fixes those issues
to a large extent. Hence, it is possible to improve the final accuracy of this application by using 8-band
orthorectified data with a 30 cm spatial resolution and a ground truth dataset on the area of interest
with which to train the network to better recognize the type of buildings present in the application area.

While performing this investigation, some directions for future development emerged, which are
summarized in the following.

• The current system was trained on a set of urban sites that are representative of different contexts
across the globe but are still too few in number to make the system usable in any context. Given the
high cost of VHR multispectral data and the limited availability of ground truth (GT) information,
one identified research line is the determination of a minimum set of training sites to ensure
satisfactory performances in a broad range of different local contexts. The performances on new
sites are expected to improve when adding new items to the training set, until they plateau when
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a sufficiently diverse training set has been achieved. A full investigation of whether this really
happens, and under what terms, is certainly due.

• Many cases were observed in which the system provided a building map not exactly matching
the GT, but visually comparing the apparently incorrect portion of the output with the underlying
true color image revealed that the mistake was in the GT rather than in the network output. This
may happen because the GT map, generally obtained by visual inspection, is subject to human
error due to fatigue or lack of attention to details. Starting from this remark, another challenging
research line is an investigation of the possible creation of a second CNN specifically designed
to identify mistakes in GT by analyzing the underlying multispectral data in areas where the
output map does not match the GT. Where appropriate, the network should raise a flag suggesting
further visual inspection and possible correction of the ground truth. Our tests have shown that
incorrect GT boundaries come with typical trends in the building recognition network before
thresholding, and this will be the starting point for our investigation.

• In the context of post-disaster assessment, when the timely delivery of information is critical,
the earliest post-disaster image is often used even when its resolution and incidence angle is
not homogeneous with the nearest pre-event one. In Section 6, an ad hoc solution is developed
specifically for a slight mismatch in incidence angles, but the solution should be made more
general if the method is to be robust to wider angle differences. Systematic orthorectification is not
always feasible, especially in remote areas where an accurate DSM may not be available. A specific
research line will investigate the possibility of training the network directly on multi-angle images
to accommodate possible differences in viewing angles.

• Specifically in terms of resolution, another investigation should be conducted made into the
impact of the spatial resolution of input data on system performance and whether training and
processing of data whose geometric resolution has been altered by up- or down-sampling is
still effective.

This work represents a first step in a long-lasting effort to develop an efficient and effective
processing chain for building footprint identification and mapping for purposes of disaster-damage
mapping. Whereas at the current stage, a suitable structure is identified that makes the procedure
inherently efficient and flexible, a substantial amount of additional investigation is still required to
make the system more widely usable. Some of the future research lines that should help achieve this
goal have been listed and discussed above.
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