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Existing algorithms for Digital Terrain Model (DTM) extraction still face difficulties due to data outliers and
geometric ambiguities in the scene such as contiguous off-ground areas or sloped environments. We postulate
that in such challenging cases, the radiometric information contained in aerial imagery may be leveraged to
distinguish between ground and off-ground objects. We propose a method for DTM extraction from imagery
which first applies morphological filters to the Digital Surface Model to obtain candidate ground and off-ground
training samples. These samples are used to train a Fully Convolutional Network (FCN) in the second step, which
can then be used to identify ground samples for the entire dataset. The proposed method harnesses the power of
state-of-the-art deep learning methods, while showing how they can be adapted to the application of DTM
extraction by (i) automatically selecting and labelling dataset-specific samples which can be used to train the
network, and (ii) adapting the network architecture to consider a larger surface area without unnecessarily
increasing the computational burden. The method is successfully tested on four datasets, indicating that the
automatic labelling strategy can achieve an accuracy which is comparable to the use of manually labelled
training samples. Furthermore, we demonstrate that the proposed method outperforms two reference DTM

extraction algorithms in challenging areas.

1. Introduction

Airborne Laser Scanning (ALS), satellite imagery, and aerial or UAV
imagery can provide a Digital Surface Model (DSM) which describes the
elevation of the Earth’s surface. This model describes the elevation of
the top of objects, i.e. the elevation of the ground plus the height of
objects such as buildings and vegetation which is on top of the surface.
However, many applications actually require a model where these
elevated objects are removed, i.e. a Digital Terrain Model (DTM), as
depicted in Fig. 1. The difference between the DSM and DTM is referred
to as a normalized Digital Surface Model (nDSM), and gives the height
of the elevated objects. The conversion of a DSM to a DTM is known in
literature as DTM extraction, bare-ground extraction, or point cloud
filtering. This process generally consists of two phases: first selecting
pixels or points which represent the ground and then using these points
to interpolate a surface model of the terrain.

Most DTM extraction algorithms have been tested on relatively easy
datasets (Tomljenovic et al., 2015). However, we can identify a number
of specific scenarios which present difficulties for DTM extraction from
point clouds of urban areas (Fig. 2). A number of difficulties arise due to
errors inherent in the data itself. For example shadows cause difficulties
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for dense matching algorithms, resulting in noise in the point cloud
(Fig. 2a). Also, lack of texture or unsatisfactory camera calibration may
cause noise or outliers in the point cloud (Fig. 2b). The DSM inter-
polation step may also cause errors, such as increasing the extent of
elevated objects when using Inverse Distance Weighting (Fig. 2c) or
artefacts along overhanging objects when using Delaunay triangulation
(Fig. 2d). Other sources of difficulties for DTM extraction algorithms are
due to the characteristics of the scene itself. For example, sloped sur-
faces may cause a step-like pattern where ground and off-ground cannot
be distinguished (Fig. 2e) or off-ground objects to be co-planar with the
ground (Fig. 2f). Finally, elevated objects which are significantly larger
than the other objects in the scene (Fig. 2g) or agglomerations of
neighbouring objects (Fig. 2h) form contiguous off-ground areas which
affects the size of the local neighbourhood which must be considered to
identify ground points as most algorithms somehow assume that ground
points will locally be the lowest point. In our approach, we demonstrate
how complementary information from the imagery can be included to
successfully extract a DTM in these challenging areas.

Existing algorithms for DTM extraction from DSMs or point clouds
can be roughly divided into five groups: (i) morphological filtering, (ii)
progressive densification, (iii) surface-based, (iv) segment-based, and
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Fig. 1. Given a scene with the ground and objects such as buildings (a), the Digital Surface Model (DSM) provides the height of the ground plus any objects on top of
it (b), the Digital Terrain Model (DTM) filters off-ground objects and therefore provides the elevation of only the ground surface (c), and the normalized Digital
Surface Model (nDSM) represents the difference between the DSM and DTM, essentially giving the height of the objects on top of the terrain (d).
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Fig. 2. An overview of sources of errors in DTM extraction algorithms. The data itself has errors, such as shadows (a) and outliers (b) which are by-products of the
photogrammetric workflow. Also, DSM interpolation methods such as Inverse Distance Weighting (IDW) (c) and Delaunay Triangulation (d) create artefacts in the
DSM. Scene characteristics such as sloped environments (e and f) and contiguous off-ground areas due to exceptionally large buildings (g) or connected buildings (h)

also cause difficulties.

(v) deep learning methods. In morphological filtering, the ground is de-
fined as the lowest point within a specified neighbourhood. Variations
of this method include: making the threshold dependent on the distance
to the centre point (Sithole and Vosselman, 2005) or adapting the filter
to the slope calculated from an existing DTM (Debella-Gilo, 2016;
Sithole and Vosselman, 2005). Morphological methods are very sensi-
tive to the size of the search neighbourhood. For example, if the ele-
ment is too small, it may cause elevated objects slightly lower than the
surrounding objects to be mistakenly labelled as ground (e.g. Fig. 2h).
To avoid this, some approaches use neighbourhoods of various sizes.
For example, Kilian et al. (1996) use structuring elements of various
sizes and then link the likelihood of a point being considered ground
with the size of the structuring element for which the point is labelled
as ground. Similarly, Mongus et al. (2014) use morphological profiles of
various sizes, and record: the largest response, the size of the struc-
turing element at the first response, and the cumulative sum of re-
sponses up to the largest response as three features. These are said to
reflect the height of features compared to the direct surrounding, pla-
nimetric size of the elevated object, and estimation of the height of the
object.

After the ground points are obtained through the filtering, an in-
terpolation can be performed to obtain the DTM surface. For example, a
Triangulated Irregular Network (TIN) represents the surface through a
series of triangles where the vertices are the ground points. This can be
done through a Delaunay triangulation, which constructs a TIN in such
a way that no points are within the circumcircle of one of the surface
triangles, and the vertices of all triangles are maximized (Lawson,
1972). This is a common method, and a wide range of adaptations have
been developed to optimize it (Tsai, 1993). Another interpolation

method is Inverse Distance Weighting (IDW), where all points within a
given neighbourhood are utilized as input for the surface, but nearer
points are given more weight on the surface estimation than further
points (Hohn, 1991). The performance of the interpolation algorithms
depends on e.g. surface characteristics and dataset density (Chaplot
et al., 2006). However, in the current study we focus on the correct
identification of ground points, and a further comparison of interpola-
tion methods is not considered.

Progressive densification methods select a number of ‘seed’ points
which are likely to represent the ground, and then successively add
points to those classified as ground. For example, Axelsson (2000) used
a grid to select the lowest points which are then used to construct an
initial TIN model. This TIN is progressively densified by adding points
which are less than a user-defined distance from an existing TIN face,
and form an angle less than a user-defined threshold with the three
vertices of this face. With a total error of 11.2% algorithm had com-
paratively good results on the ISPRS benchmark set (Sithole and
Vosselman, 2004); though it is said to have difficulties in identifying
cliffs and sharp ridges (e.g. Mongus et al., 2014; Zhang et al., 2016b).

Surface-based or interpolation methods estimate a surface from all the
input points and suppress the influence of off-ground points on the
interpolation. For example, at the first iteration, a surface can be in-
terpolated using all available points. One can then assume that points
on the ground are likely to be below the interpolated surface. These
lower points are then assigned a higher weight in the interpolation for
the next iteration(Kraus and Pfeifer, 1998). Alternatively, an active
shape method can be applied, which describes the surface as a rubber
cloth and forms it to the laser points in a bottom up fashion (Elmqvist
et al., 2001). The surface is adjusted iteratively using an energy
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function which weighs the ‘stiffness’ of the interpolated surface (in-
ternal force) against the individual point observations (external force).
Zhang et al. (2016b) propose a similar approach based on ‘cloth si-
mulation filtering’ to identify potential ground points. Surface-based
methods experience difficulties in areas with steep slopes (Liu, 2008),
which may require explicit post-processing (e.g. Zhang et al., 2016b).

Segment-based methods generally consist of 3 steps: (1) the segmen-
tation of a point cloud or DSM, (2) the classification of the segments as
ground or non-ground, and (3) the interpolation of the DTM from
ground segments (Beumier and Idrissa, 2016). Point cloud segmenta-
tion may use profiles (Sithole and Vosselman, 2005) or region-growing
techniques. For the latter, local minima are often used to obtain seed
points, which are densified through e.g. planar segmentation (Pérez-
Garcia et al., 2012), or similarity of normal vectors (Tévéri and Pfeifer,
2005). For 2D raster methods, slope is often used to define segmenta-
tion boundaries. For example, Hingee et al. (2016) calculate the slope of
the DSM, which is used to segment the raster. Segments where majority
of pixels are flowing ‘in’ are candidates for ground, then surface fitting
is applied. Tomljenovic et al. (2016) also uses slope to delimit segments,
the largest segment is considered to be the ground. Note that Mongus
et al. (2014) mention that slope-based filtering doesn’t work well in
sloped study areas. Yan et al. (2012) use a locally lowest points to in-
itiate the region growing segmentation, where slope is used to de-
termine whether pixels are included in the segment or not. They define
a segment as terrain or non-terrain based on the signed height differ-
ences between neighbouring segments. Beumier and Idrissa, (2016) use
a maximum height difference and two-step connected component al-
gorithm to define the segments, and additionally define a minimum
region size parameter. Segment size and its relative elevation to the
neighbouring segments are used to identify ground segments. Segment-
based methods may speed up processing compared to pixel- or point-
based methods and reduce sensitivity to noisy data, though the quality
of the results is heavily dependent on the quality of the segmentation to
begin with.

Finally, deep learning algorithms have recently been improving ac-
curacies on a wide range of supervised classification tasks (e.g. He et al.,
2016; Krizhevsky et al., 2012; Simonyan and Zisserman, 2014). In
computer vision applications, Convolutional Neural Networks (CNNs)
were used to give a single semantic label to an entire image patch.
CNNs consist of a combination of: convolutional layers which apply a
series of filters to the input image, nonlinear activation layers which
allow complex representations to be learned, and pooling components
to help prevent overfitting. CNNs have been very successful in classi-
fication tasks which require assigning a label to an image patch or scene
(He et al., 2016; Krizhevsky et al., 2012). More recently, Fully Con-
volutional Networks (FCNs) have been developed for tasks which re-
quire assigning a label to each pixel within an image, i.e. semantic
segmentation (Shelhamer et al., 2017). They are more efficient for se-
mantic segmentation than conventional CNNs as they avoid redundant
calculations, improve memory efficiency and incorporate more training
data into the optimization of the weights. Furthermore, a significant
benefit of FCNs is that, unlike patch-based CNNs, they can be easily
applied to images with different dimensions.

Due to the convincing results achieved on computer vision bench-
marks, CNNs (Hu et al., 2015; Mboga et al., 2017; Romero et al., 2016;
Zhang et al., 2016a) and FCNs (Persello and Stein, 2017; Sherrah, 2016)
are also increasingly being applied to classify satellite and aerial ima-
gery in remote sensing applications. For example, some studies utilize
networks trained on computer vision datasets (Audebert et al., 2017) or
synthetic multispectral imagery (Kemker and Kanan, 2017), and fine-
tune the weights using real aerial imagery. Deep learning has also been
applied for DTM extraction from point clouds, where Hu and Yuan
(2016) recently achieved state-of-the-art results on the ISPRS bench-
mark dataset using a CNN. The authors first convert the point cloud into
a 2D grid consisting of three attributes: the minimum, maximum and
mean height per grid cell. More than 17 million pre-labelled training
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samples were then used to train a CNN capable of distinguishing ground
vs. non-ground points. The method obtained accurate results, but re-
quired a large amount of labelled data.

We foresee that there are three main concerns which must be
overcome in order to efficiently exploit the power of deep learning for
DTM extraction. Firstly, the collection of a sufficient amount labelled
training data for training the networks is costly and time-consuming. In
some cases, such labelled data may be available due to extensive
manual labour, but here we consider cases where such labelled data is
not available. Secondly, previous DTM extraction algorithms indicate
that it is important to consider elevation differences over a local
neighbourhood which exceeds the size of the largest off-ground object
in the scene. However in the case of DTM extraction from extremely
high resolution UAV data products, covering such an extensive area
would require very large image patches as input for a FCN. The chal-
lenge is therefore how to consider the information over a large area
while limiting the number of network parameters which must be tuned
as well as the size of the input patch used to train the network. Thirdly,
even if a network is correctly tuned, there are still cases in which using
only the elevation information is not enough to distinguish ground from
off-ground samples (e.g. Fig. 2e,f).

In the field of large-scale urban scene reconstruction, researchers
have shown how incorporating both 3D and 2D information is bene-
ficial. For example, to jointly perform image segmentation and dense
stereo reconstruction. This can be done by jointly optimizing the
random field formulations of both problems (Ladicky et al., 2012). At
an object level, learning the mean shape of an object from 3D scans can
be combined with image-based cues of anchor points to improve the
accuracy of multiview stereo workflows (Bao et al., 2013). Probabilistic
models (Ulusoy et al., 2017) or 3D deep learning strategies (Riegler
et al., 2017) can learn object shapes to support 3D reconstruction in
occluded or texture-less areas. Classification problems on a larger scale
also benefit from the integration of 2D and 3D information. For ex-
ample, a voxel’s preference for a certain semantic class (image-based
cues) can be supplemented by the likelihood of certain surface or-
ientations (3D geometric cues) (Hane et al., 2013). Smart strategies
using hierarchical voxel schemes can be used to maintain a high clas-
sification accuracy while reducing the memory and computational
times enormously (Blaha et al., 2016). Other workflows combine an
even wider range of data sources: from OpenStreetMap, LiDAR, aerial
photography and semantic data for large-scale scene reconstruction
(Cabezas et al., 2015). Although scientific research displays great po-
tential for this field of large-scale 3D scene reconstruction and semantic
interpretation, we acknowledge that a number of applications simply
require an input DTM. The purpose of this manuscript is therefore to
exploit these observations of synergies between information contained
in the visual and geometric information of a scene, but applied to a
more simple task of DTM extraction with more conservative computa-
tional and data requirements.

More specifically, this paper proposes the use of deep learning in the
form of a FCN for DTM extraction. DSMs derived from photogrammetric
point clouds and the corresponding true-orthophotos are used as input.
The utilization of both sources of information is one of the main points
of our approach, and is key to DTM extraction in challenging areas. Our
method uses a simple rule-based mechanism to automatically identify
ground and off-ground samples which are then used to train the net-
work, thus eliminating the need to collect large sets of manually la-
belled training data. Secondly, the network takes a large surface area
into account by considering topographic features derived from DSM
(which summarize the height of a pixel to the local topographical
tendencies) and by applying dilated filters in the network architecture.
Finally, difficult scenarios which may confuse existing DTM methods
are solved by exploiting the RGB information obtained from the UAV
imagery in conjunction with the DSM. In the following manuscript we
describe the proposed method for DTM extraction and demonstrate its
accuracy using three challenging datasets. The use of the three different
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i Step 1: Rule-based selection of training samples

Fig. 3. Workflow of the proposed methodology.
The first step consists of applying top-hat filters to

DSM the DSM to select and label initial training samples.
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datasets attests to the versatility of the method for VHR aerial imagery
due to the dataset characteristics (i.e. two were acquired with a UAV
and one through aerial imagery and all three have different spatial
resolutions) and scene characteristics.

The proposed methodology is assessed by casting it as a binary
classification problem (i.e. ground vs. off-ground). We illustrate the
importance of combining image-based and DSM-based features by
performing sets of FCN experiments using differing input features.
Furthermore, we perform experiments using the ground-truth labels vs.
the rule-based training labels to support the claim that simple mor-
phological rules are a viable alternative to manually labelling the large
number of training samples required to train deep networks for DTM
extraction. Further experiments compare the proposed network archi-
tecture to deeper networks, apply the algorithm to the ISPRS bench-
mark data, and consider the possibility of direct regression-based DTM
prediction.

2. Proposed method

The proposed methodology consists of two steps (Fig. 3). The first
step is a rule-based selection of a set of candidate ground (Sg) and off-
ground (S,) training samples. The idea is that if a supervised classifi-
cation will follow the initial rule-based method, it is not necessary to
label all of the pixels as ground or off-ground. Rather, it suffices to have
a large number of confident samples. In this case, simple morphological
filters are applied to the DSM to select the training samples, as the
filters can be executed quickly and the algorithm parameters are in-
tuitive to the user (i.e. neighbourhood search window clearly corre-
sponds to the expected size of the object in the scene).

The second step consists of a supervised classification combining
radiometric features from the imagery with geometric features from the
DSM to refine the initial labelling. Image-based classification in urban
settings can be challenging due to high within-class variability (e.g.
different roof materials and colours as well as the presence of clutter on
roofs) and low between-class variability (e.g. especially when ground
and roof pixels appear similar in true colour). Contextual features such
as texture can improve the separability of these two classes (Gevaert
et al., 2017), but hand-crafting informative texture features can be
challenging. Therefore, we use a FCN as a classifier. In addition to the
recent success of deep learning methods for various image classification
tasks, their ability to learn powerful contextual features from the data
itself supports the development of automatic workflows. Once the
pixels corresponding to ground samples have correctly been identified,
the final DTM can be interpolated. In the following sections, we de-
scribe both steps in more detail.

2.1. Rule-based training sample selection using morphological filters

Let us define y, (DSM) as a morphological top-hat filter on the DSM.
This filter returns the height of the central point above the lowest point
in a disk-shaped neighborhood w; with a radius of s. However, rather
than utilizing multiple scales (Mongus et al., 2014), we utilize only two
neighbourhoods: Wgmnay and wy,. The first filter, Wymap, is used to identify
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off-ground objects. The idea is that pixels which are higher than their
direct neighbors provides a set of confident off-ground samples (i.e. the
filter indicates that the pixel is higher than neighbours within a small
neighbourhood), and that these selected samples will be representative
of the image-based characteristics of off-ground objects within the da-
taset. Problems with contiguous elevated objects (e.g. Fig. 2g and h) are
addressed as we assume that pixels along the edges of elevated objects
(such as roofs in the figure) will have a similar appearance in the image
as pixels in the interior of these roofs.
The set of off-ground training samples is defined as:

SO = {nymall (DSM) > TD}’ (1)

where 7, represents the threshold in meters which defines the minimum
height difference between a DSM pixel and its neighbours to be con-
sidered as off-ground. Later experiments on the ISPRS benchmark in-
dicated that datasets containing large buildings with flat roofs, unique
roofing material and located on flat terrain (e.g. industrial areas) are
not always captured by the rule in (1). These areas can therefore benefit
from an additional criterion to select off-ground samples:
(DSM—¢,,  (DSM)) > 1,, where ¢ is a morphological erosion filter.

Similarly, we can consider that ground pixels have a minimal re-
sponse to %, (DSM). That is to say, a ground point is likely to be lower
than pixels within a larger neighbourhood. As with other morphological
methods, this search range should be large enough to extend over large
objects in the scene, yet not too large as this will be problematic in
sloped areas. The set of ground training samples S, is then:

Sg = {beig (DSM) < Tg}. )

In practice, we set 7, = 0.5+, which reduces the number of para-
meters to be tuned by the user. Thus, ground and off-ground samples
are selected and labelled automatically for each dataset through two
simple rules which require the user to tune only three intuitive para-
Meters: Wonai, Whig, and .

2.2. Fully convolutional neural networks

The selected training samples are used to train a FCN. Detailed
descriptions are available regarding the applications of CNN
(Castelluccio et al., 2015; Hu et al., 2015), and FCNs (Persello and
Stein, 2017; Sherrah, 2016) for image classification tasks in remote
sensing. When applying a FCN to DTM extraction applications, espe-
cially when utilizing data with an extremely high spatial resolution
such as those acquired with UAVs, one of the main concerns is how to
consider a large spatial extent without increasing the computational
costs of the network. Considering contextual information over a large
spatial extent is important for DTM extraction algorithms. For example,
the search neighbourhood in morphological filtering methods should be
larger than the largest off-ground object. Similarly, when using a FCN
for DTM extraction, the receptive field of final layer should be large
enough to capture relative elevation differences between off-ground
pixels and the surrounding ground pixels. We do this in two ways: by
adapting the network architecture and through the use of specialized
feature inputs.
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Both CNNs and FCNs can be defined as a sequence of layers which
generally consist of convolutional, nonlinear activation, and pooling
components. Using the same notation as (Volpi and Tuia, 2017), the
convolutional layers consist of a set of K’ filters with a size of
M X M X K, where M is the width and height of the square filter and K
corresponds to the number of input channels of the previous layer. For
example, for an RGB image this K would have a value of three. Each
filter is convolved over the input layer x, producing a response X for

i
the k" filter at row i and column j of the output layer x' as follows:

K
k=1

Z Z Wpgk *Xpgk + b,
g=1 p=1 3

where wpg is the filter value of row p, column g, and channel k of the
input layer and b are the bias parameters which are learned by training
the network. One of the main advantages of the convolutional layers is
that, once optimized in the training stage, the weights of the filter are
fixed as it passes over the image in the testing stage. This not only
decreases the number of parameters to be learned, but also introduces
translation invariance. The dimensions of x' depend on the stride (s)
and padding (2). The stride is the interval for which each convolution is
calculated. A stride equal to one indicates that the convolution is cal-
culated for each pixel of x whereas values higher than one indicate that
pixels are skipped and x' will therefore be downsampled. The padding
indicates the number of zeros added to the border of the input image to
enable pixels along the edges of x to be processed. The receptive field of
a filter refers to the area of the original input image which affects the
filter response. This can be increased by applying multiple convolu-
tional layers, increasing the size of the filters, or increasing the stride.
Another way to increase the receptive field without increasing the
number of variables to be tuned is by inserting a defined number (d) of
0 s between weights of w. This technique is known as the atrous method
(Chen et al., 2015) or dilation (Yu and Koltun, 2016). For an input layer

x with dimensions W X H X K, the dimensions of x' will then be:
W+2z-M(@d—-1)—1 x (H+2z—MY(d—1)—1) < K.

s S

Convolutions are generally followed by a nonlinear activation,
which introduces non-linearity into the system thus allowing more
complex representations to be learned. One of the most common
methods currently used is the Rectified Linear Unit (ReLU), defined as
x,;v = max(0, x;) (Nair and Hinton, 2010). This function is capable of
efficient network training and it avoids the vanishing gradient problem
(He et al., 2015).

The third main component of FCNs are the pooling layers. The
purpose of pooling layers is to summarize the filter responses and im-
prove translation invariance (Krizhevsky et al., 2012). A common
strategy is max-pooling, which returns the highest response over a small
window (generally 2 X 2 or 3 X 3). Pooling layers commonly utilize a
stride set equal to the pooling size window. This returns a single value
for each (e.g. 2 x 2) window and thus downsamples the image. In se-
mantic segmentation applications, the final output layer should have
the same dimensions as the input layer. Therefore, the network may
make use of deconvolutional layers which again upsample the features
at a later stage in the network (Shelhamer et al., 2017; Volpi and Tuia,
2017). Alternatively, it is possible avoid downsampling in the pooling
layer by avoiding pooling layers altogether or by using pooling layers
with a stride equal to one (Sherrah, 2016). Results of the ISPRS 2D
semantic labelling contest' suggest that the latter strategy is competi-
tive with more complex deconvolutional strategies (Volpi and Tuia,
2017).

2.3. Proposed network

In our proposed network, we therefore utilize a FCN with no

1 http://www2.isprs.org/commissions/comm3/wg4/semantic-labeling.html.
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Table 1
An overview of the FCN network architecture utilized for the DTM extraction.
Layer Filter Filter Number Padding z  Receptive
size M dilation d  of filters (pixels) field size
pixels) (pixels) K (pixels)
Convolutionall 5x5 1 16 2 5x5
Batch
normalization
ReLU
Poolingl 3x3 - - 1 7x7
Convolutional2 9x9 6 16 24 55 x 55
Batch
normalization
ReLU
Pooling2 3x3 - - 1 57 x 57
Convolutional3 1x1 1 2 0 57 x 57
Batch
normalization
Dropout

downsampling to ensure that the output ground prediction map will
automatically have identical dimensions as the input dataset. The net-
work consists of three convolutional layers (Table 1). The first two are
followed by ReLUs, and a max-pooling with no downsampling. As there
is no downsampling, no deconvolutional layers are needed to ensure the
output map has the same dimensions as the input map. This strategy has
been previously used by FCN architectures for the classification of sa-
tellite imagery (Persello and Stein, 2017; Sherrah, 2016). The receptive
field is increased greatly in the second convolutional layer through the
use of dilated filters. The use of dilated filters also introduces a multi-
scale effect, which is typically achieved through downsampling. How-
ever, the use of dilated filters as opposed to downsampling has the
additional benefit that fewer parameters are required, thus speeding up
training and reducing potential overfitting (Yu and Koltun, 2016). The
architecture used here also reduces overfitting by introducing a batch
normalization (Ioffe and Szegedy, 2015) after each convolution and
dropout (Srivastava et al., 2014) after the final convolution.

The second manner to increase the extent under consideration by
the FCN is by incorporating DSM feature which describe the topography
over a large area as input channels for the network. We choose to in-
clude these DSM features as they allow the network to consider topo-
graphical variations over an extended area without increasing the
computational costs of training the network. Le., while the utilization
of dilated kernels may reduce the number of parameters to be tuned, it
still requires a larger input patch for training the network and thereby
increases the memory requirements. Remember that existing DTM ex-
traction methods indicate that the relative height must be considered
over an area larger than the largest elevated object (i.e. Fig. 2g,h). If a
dataset has a spatial resolution of 3 cm, then it requires a receptive field
of for example 667 X 667 pixels in order to take a 20 X 20 m area into
account, which is considerably larger than the patch size of the current
network. Therefore, we include features which describe the surface
topography over a larger area as input for the FCN. These features are
inspired by DTM extraction methods which take an existing DTM into
account (Debella-Gilo, 2016; Sithole and Vosselman, 2005) and the
surface-based or interpolation methods (Kraus and Pfeifer, 1998).
Namely, we define a grid over the DSM and select the point with the
elevation which corresponds to the lowest 10% of the pixels in the cell.
We avoid selecting the lowest point per cell as photogrammetric point
clouds may contain many outliers which could negatively affect the
interpolation (Nex and Gerke, 2014). A bicubic interpolation is then
applied to these lowest points. In addition to the original DSM, we
utilize two grids: one of 1 X 1 m to preserve local topographical details
and the other of 20 X 20 m to describe the general surface topography.
The combination of these three features representing the absolute
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Table 2

Description of the different feature sets used to train the FCN.
Feature set name Data source(s) Number of channels Description
RGB Image 3 Red, green, blue colour channels
Z DSM 3 DSM

Local topography: interpolation of lowest elevation decile every 1 m
General topography: interpolation of lowest elevation decile every 20 m

nZ DSM 2 DSM - Local topography

DSM - General topography
DTM DSM 1 An approximated DTM formed by interpolating a surface from all pixels labelled as ground
nDSM DSM 1 An approximated normalized DSM formed by subtracting the DTM above from the input DSM

1517 m

Legend [l uniaveled [l Ground :I Off-ground

Fig. 4. Images of the Kigali (a), Dar es Salaam (b), and Lombardia (c) datasets, and their respective DSMs (d-f) and manual reference data (g-i).
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height forms one feature set (Z). Another feature set simulates the
height of objects above these surfaces and consists of the difference
between the DSM and the two interpolated height features (nZ). An
overview of these feature sets is given in Table 2.

3. Experimental analysis
3.1. Data sets

3.1.1. Kigali, Rwanda

The first dataset consists of UAV imagery collected over an informal
settlement in Kigali, Rwanda (Fig. 4a,d). Images were collected with a
DJI Phantom 2 Vision+ quadcopter and processed with Pix4Dmapper
to obtain a DSM and true-colour orthomosaic with a spatial resolution
of 3cm. A subset of 5000 x 5000 pixels (150 X 150 m) was selected
which contains densely grouped buildings separated by narrow foot-
paths which are often shadowed. The terrain of the lower part of the
image contains steep slopes, making it a challenging scene for DTM
extraction algorithms. More information regarding the UAV data col-
lection and processing can be found in Gevaert et al., (2017). The re-
ference data (Fig. 4g) was manually created by visual interpretation.

3.1.2. Dar es Salaam, Tanzania

The second dataset consists of UAV imagery over Dar es Salaam,
Tanzania (Fig. 4b,e). The images were collected in 2015 with a SenseFly
eBee mounted with a 14 MP Canon Powershot RGB camera in the
context of a World Bank project (Dar Ramani Huria®). These images
were processed with Pix4Dmapper to obtain a DSM and true-colour
orthomosaic with a spatial resolution of 5 cm. A subset of 6000 X 6000
pixels (300 x 300 m) was selected for the current analysis. The area
again covers an informal settlement. Although the area is not as steeply
sloped as in Kigali, the area also challenging due to the presence of
contiguous off-ground areas and spectral similarity between the ground
and off-ground objects. Reference data for the ground and off-ground
object classes was again manually digitized over the orthomosaic
(Fig. 4h).

3.1.3. Lombardia, Italy

The third dataset was obtained over Lombardia, Italy with a Vexcel
UltraCam Xp on May 29, 2015. The aerial images were processed to
obtain an orthomosaic and DSM with a Ground Sampling Distance
(GSD) of 20 cm. A subset of 5000 X 5000 pixels (1000 x 1000 m) was
selected for the experimental analyses. The area consists of a residential
area, river, dense forests, agricultural fields and a dike (Fig. 4c,f). A
DTM of this area was obtained by the Compagnia Generale Ripre-
seaeree (CGR S.p.A.) by manually editing the DSM. Therefore, the re-
ference data for the classification part of the experimental analyses was
determined by classifying all pixels where the difference between the
DSM and DTM was greater than 50 cm as off-ground, and pixels where
they were equal as ground. Pixels where the difference was between 0
and 0.5 m were left unlabelled (Fig. 4i).

3.1.4. ISPRS benchmark dataset

The proposed method was also tested on the ISPRS 2D Semantic
Labelling dataset of Vaihingen®. The dataset consists of 33 tiles, for
which orthophotos and DSMs with a spatial resolution of 9 cm are
provided. Sixteen tiles have reference labels corresponding to six se-
mantic classes: impervious surfaces, buildings, low vegetation, trees,
cars and clutter/background. In accordance with the benchmark, a
3 X 3 erosion filter was used on these reference data to remove border
pixels from the quality analyses. It should be noted that while it is
useful to test the algorithm using an existing benchmark, it is not the

2 http://ramanihuria.org/.
3 http://www2.isprs.org/commissions/comm3/wg4/2d-sem-label-vaihingen.html.
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optimal dataset to demonstrate the utility of DTM-extraction techniques
such as ours which targets two classes: ground and non-ground. We
therefore consider the ISPRS class “impervious surfaces” to equate
ground, whereas non-ground consists of the ISPRS classes: buildings,
trees, and cars. The ISPRS classes low vegetation and clutter are not
considered in our accuracy analysis due to inconsistencies. For ex-
ample, the “low vegetation” class contains both shrubs (off-ground) and
grass (ground) pixels.

3.2. Experimental set-up

3.2.1. Setting up the proposed network — feature sets, reference labels and
dilation

For each of the three datasets, experiments were conducted which
trained a FCN with randomly selected patches and utilizing either the
true reference labels or the labels assigned through the proposed mor-
phological rule-based method. Ideally, the classification accuracy of the
training samples labelled through the proposed rule-based method
should approximate the accuracies obtained when using the manually
labelled reference data. Furthermore, we motivate the use of dilated
filters in the network architecture by providing the results of a FCN in
which no dilation is applied in the second convolutional layer.

The parameter values for the rule-based method were tuned on the
Kigali dataset, and the same parameters (Wyuq = 6m, Wyg = 20m,
7,=1.0m, and 7; = 0.5m) are applied to the Dar es Salaam and
Lombardia datasets. Experimental analyses indicated that slight varia-
tions in Wemqy (0.2-1 m), Wy (10-20m), and 7, (0.4-1m) did not sig-
nificantly change the results for these three datasets. Given the feature
sets described in Table 2, experiments were performed using FCNs ex-
ploiting only the imagery (RGB), only the DSM (Z and nZ), or both
imagery and DSM (RGBZ, RGBnZ, RGBDTM, RGBnDSM). Note that the
DTM feature sets, obtained by interpolating the elevation values of
pixels labelled as ‘ground’, were calculated separately for both the true
reference labels and the labels assigned through the rule-based method.
All features were normalized according to the maximum and minimum
values of the respective dataset.

For each of these combinations, three folds of 2000 randomly se-
lected patches of 167 x 167 pixels were used to train a FCN using
stochastic gradient descent (SGD) with momentum (Krizhevsky et al.,
2012) and a batch-size of 32. The networks were trained with a learning
rate of 0.0001 for 30 epochs followed by another 10 epochs with a
training rate of 0.00001. Weights for all convolutional layers were in-
itialized using the improved Xavier initialization to Mzz. = 470, 1) (He
et al.,, 2015). The dropout rate of the final convolution as 0.5, and a
batch size of 32 was used. The network was implemented in Mat-
ConvNet”.

The accuracy assessment is conducted using the mean Producer’s
Accuracy (mPA) and mean User’s Accuracy (mUA), providing the
average and standard deviation across the three folds of randomly se-
lected samples. The mPA (Eq. (4).) and mUA (Eq. (5) are calculated
using the true positives (TP), true negatives (TN), false positives (FP)
and false negatives (FN) of the ground class.

mPA = ((%) : (TNTiVFP)) @
MUA = ((TPTFP) : (TNT:]FN)) ©

3.2.2. Comparison with deeper network architectures
The proposed method utilizes a much smaller network than those
which are proposed for other deep learning tasks. This was a conscious

“ http://www.vlfeat.org/matconvnet/.
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An overview of the three FCN network architectures FCN-DK4, FCN-DK5, FCN-DK6 tested to address the effects of added depth to the DTM extraction problem. FCN-

DK4 is made up of layers DK1 up to DK4.

Name Included in FCN- Layer Filter size M Filter dilation d Number of filters Padding z Receptive field size
(pixels) (pixels) K' (pixels) (pixels)
DK4 DK5 DK6
DK1 X X X Convolutionl 5x5 1 16 2 5x5
Batch normalization
IReLU
X X X Poolingl 5x5 - - 2 9x9
DK2 X X X Convolution2 5x5 2 32 4 17 x 17
Batch normalization
IReLU
X X X Pooling2 9x9 - - 4 25 x 25
DK3 X X X Convolution3 5x5 3 32 6 37 x 37
Batch normalization
IReLU
X X X Pooling3 5x5 - - 6 49 x 49
DK4 X X X Convolution4 5x5 4 32 8 65 X 65
Batch normalization
IReLU
X X X Pooling4 5x5 - - 8 81 x 81
DK5 X X Convolution5 5x5 5 32 10 101 x 101
Batch normalization
IReLU
X X Pooling5 5x%x5 - - 10 121 x 121
DK6 X Convolution6 5X5 6 32 12 145 x 145
Batch normalization
IReLU
X Pooling6 5x5 - - 12 169 x 169
Classification x X X Convolution7 1x1 1 2 0 169 x 169
Dropout
Loss

choice, as deeper networks also have more parameters and therefore
require more sophisticated hardware and longer training times than
smaller networks. In this study, a preference was given to smaller
networks, as the network is trained and tested separately for each da-
taset. However, we provide comparisons with deeper network archi-
tectures in order to justify this decision. For this purpose we select three
FCNs with Dilated Kernels (DK) which were specifically designed for
remote sensing applications (Persello and Stein, 2017). Table 3 displays
the network architecture, where three networks with varying depths
were tested: FCN-DK4, FCN-DKS5, and FCN-DK6. These networks have 4,
5, and 6 convolutional layers respectively (e.g. FCN-DKS5 contains all of
the layers DK1 — DK5 in Table 3 but not DK6). Similar to the proposed
network, the FCN-DK networks consist of modules of a convolutional
layer followed by batch normalization, a non-linear activation function
(in this case leaky Rectified Linear Units or IReLU) and a max-pooling
layer with no downsampling. Dilated convolutions are used to increase
the receptive field size while limiting the number of parameters. Ex-
periments were run using the rule-based reference labels and the
RGBnZ feature set and the same three folds of training samples. All
networks were trained with 150 epochs at a learning rate of 10~ fol-
lowed by another 20 epochs with a learning rate of 10~7. Shallower
network architectures may require less epochs, but using the same
hyper-parameters for all four network architectures enables a fairer
comparison.

3.2.3. Comparison with existing DTM extraction methods

The proposed method is compared to two existing DTM extraction
algorithms, namely LAStools® which implements a variation of pro-
gressive densification DTM extraction (Axelsson, 2000) and gLidar6

S https://rapidlasso.com/lastools/.
S https://gemma.feri.um.si/gLiDAR/index.html.
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which is based on differential morphological profiles (Mongus et al.,
2014). There are three parameters for the LAStools implementation: the
step size, bulge, and standard deviation. The step size indicates the
dimensions of the grid used to select the initial ground samples. This
parameter was optimized for each dataset by trying a step size of 5 m to
40 m at 5m intervals. The bulge parameter refers to the height in me-
ters that the TIN is allowed to go up during the refinement stage. Values
from 0.3 to 1.8 m in steps of 0.3 were tested for each dataset. The final
parameter refers to the maximal standard deviation for planar patches,
values from O to 40 cm were tested in steps of 10 cm. All parameter
combinations were tested for the three datasets, and the combination
which maximized the mPA regarding the true reference data are re-
ported. For the gLidar implementation, parameter settings described in
the work by Mongus et al. (2014) were set to: S = 50m, k = 0.01,
n = 0.10, and b = 0.5. A detailed description of the meaning of these
parameters can be found in the original presentation of the algorithm
(Mongus et al., 2014). Finally, we also compare the proposed method to
the manually generated DTM for the Lombardia dataset. The pixels
which were labelled as ground by the proposed method were selected
and a bilinear interpolation was performed to construct a DTM. The
cumulative error between the predicted and reference DTMs for the
pixels labelled as ground are provided.

3.2.4. Performance on the ISPRS benchmark

The sixteen labelled tiles of the ISPRS benchmark were used to test
the performance of our proposed algorithm. Although good results were
obtained with the parameter settings used for the previous datasets
(Wymay = 6m, wpg = 20m, 7, = 1.0m, and 7, = 0.5m), the presence of
larger buildings and a relatively flat terrain in the ISPRS benchmark
dataset caused slightly better results to be obtained with wy,q; = 3m
and wp;; = 30m. As the roofing material of these larger buildings was
also different from the surrounding buildings, the additional criterion
for off-ground samples mentioned in Section 2.1 was implemented.
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The accuracy of the proposed FCN strategies for classifying ground vs. off-ground pixels in the Kigali, Dar es Salaam, and Lombardia datasets. The labels of the
training samples are either obtained from the reference data (ref) or the rule-based morphological method (mph) whereas the input feature channels are either
derived from the image (RGB), DSM (Z, nZ) or both RGB and DSM (RGBZ, RGBnZ, RGBDTM, RGBnDSM). The average and standard deviation of the mPA and mUA

for three folds of randomly selected training data is presented.

Labels Features Mean Producer’s Accuracy (%) Mean User’s Accuracy (%)
Kigali Dar es Salaam Lombardia Kigali Dar es Salaam Lombardia

ref RGB 94.8 +0.2 94.7 +2.0 89.5 + 0.5 95.2 +0.9 93.6 +25 90.0 +0.9
Z 65.4 + 3.0 77.5 + 0.5 97.1 +0.3 87.6 + 1.5 87.7 +0.9 97.0 +0.2
nz 62.2 + 4.6 77.9 + 3.8 95.3 +1.0 83.8 + 3.6 84.9 +0.7 94.4 + 26
RGBZ 96.1 +0.7 95.8 +1.2 97.7 +0.0 97.4 +0.0 97.2 +0.3 97.9 +0.1
RGBnZ 94.6 +0.7 96.1 +1.3 97.2 +0.2 96.3 +1.0 98.1 +0.8 97.4 +0.3
RGBDTM 94.3 +0.8 93.6 +1.7 91.5 +0.6 96.0 + 0.5 95.2 +0.7 91.9 +0.2
RGBnDSM 97.9 +0.4 99.0 +0.3 99.1 +0.4 96.9 + 0.6 98.6 +0.4 99.3 +0.2

ref RGBnZ (no dilation) 91.9 + 1.4 93.5 +1.0 95.5 +0.1 93.9 +0.5 95.6 + 0.6 96.1 +0.3

mph RGB 93.9 +0.3 92.6 +1.2 88.3 +0.2 88.0 + 1.0 94.3 +0.2 88.7 +0.2
z 81.3 +1.2 75.8 +4.2 95.2 +0.2 77.0 +15 87.5 +15 94.1 +0.3
nZ 74.3 + 0.4 80.6 +3.5 94.1 + 0.4 69.9 +1.9 85.0 +1.0 92.3 +0.9
RGBZ 91.4 +1.3 94.3 + 1.0 94.7 +0.0 88.5 + 0.4 95.8 + 0.4 93.5 +0.3
RGBnZ 92.8 +0.3 95.0 +0.4 94.7 +0.2 83.9 +0.8 95.7 +0.5 93.7 +0.2
RGBDTM 94.0 +0.2 91.6 +1.8 89.7 + 0.5 89.3 +1.7 94.8 +0.2 88.9 + 0.4
RGBnDSM 92.7 +0.3 92.9 +1.5 93.9 +0.0 87.0 +0.2 95.9 +0.2 92.3 +0.2

Conform to the benchmark, the User’s Accuracy (precision), Producer’s
Accuracy (recall), and F1-scores are provided as quality metrics for the
ground (impervious surfaces) and non-ground (buildings, trees, and
cars) classes.

3.2.5. Regression-based DTM experiments

An interesting question is whether the proposed method can be al-
tered to directly predict the DTM using regression-based deep learning
rather than using first classifying the ground pixels and then inter-
polating the DTM (as proposed above). Such a regression-based method
would consist of five steps. The first step is the rule-based identification
of ground vs. off-ground samples using the same methodology as de-
fined in Section 2.1. Secondly, a nDSM can be approximated by cal-
culating the difference between the input DSM and an initial DTM
obtained by interpolating the pixels labelled as ground in the previous
step. The third step then consists of training a regression FCN rather
than the classification FCN proposed in Section 2.2. Changing the
classification FCN to a regression FCN can be done by replacing the soft-
max loss function with a £, loss function to minimize the squared Eu-
clidean distance between the height predicted by the network and the
nDSM created from the rule-based labels in the previous step. The
fourth step then consists of applying this trained (regression) FCN to the
entire dataset to obtain a complete nDSM. Finally, the fifth step then
consists of subtracting the FCN-nDSM from the input DSM to obtain the
DTM of the entire area. This method was tested for the Kigali and Dar es
Salaam datasets. The Mean Error (ME) and Root-Mean-Square Error
(RMSE) for the entire scene as well as only the ground pixels are pre-
sented as quality metrics.

4. Results

4.1. Setting up the proposed network — feature sets, reference labels and
dilation

The results obtained by the proposed FCN method according to
various combinations of training labels and input channels is presented
in Table 4 and Figs. 5-7. The first observation is that networks which
utilize both image-based and DSM-based input channels (i.e. RGBZ,
RGBnZ, RGBDTM and RGBnDSM) outperform networks which utilize
only DSM-based (Z, nZ) channels for the Kigali and Dar es Salaam da-
tasets. Using only image-based (RGB) channels as input obtains good
results for the Kigali dataset, though the inclusion of elevation
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information clearly improves the results in Dar es Salaam and Lom-
bardia. When true reference labels are available, the RGBnDSM method
has the highest performance. This is logical as the nDSM input channel
constructed using the true reference labels essentially defines the height
of objects above the ground. However, the nDSM feature constructed
using the rule-based training labels is an imperfect representation as
these rule-based training labels may be erroneous or incomplete
thereby causing the nDSM feature to be inaccurate.

Rather, the RGBDTM input channels achieve the highest mPA when
using the rule-based training labels for the Kigali dataset. In this case,
using only image-based features (RGB) works quite well for the Kigali
dataset which may be due to the fact that the ground and elevated
objects are more easily distinguished using spectral features in this
dataset and that the topographic information is less informative due to
the steep slopes in the area. Some of the errors in the top left corner
(Fig. 5b) are due to inconsistencies in the UAV flight operations, re-
sulting in a blurring of the orthomosaic and a loss of texture. Previous
research indicated that texture was an important cue for distinguishing
building roofs from ground (Gevaert et al., 2016). One of the assump-
tions of our method is that the pixels along the edges of contiguous
elevated objects will have a similar appearance as the central parts of
those objects. This example in the top-left part of the Kigali dataset is a
case where this assumption does not hold, as some pixels in the central
parts of the contiguous buildings have a blurred texture (unlike the
pixels along roof edges). This may cause errors in the classification
results and interpolated DTM. The RGBnZ works best for the Dar es
Salaam and Lombardia datasets. For the Lombardia dataset, using the Z
channels as input for the FCN slightly outperforms the sets using both
image-based and DSM-based combinations. Most of the errors in the
Lombardia dataset are due to the assignation of incorrect labels to an
elevated road during the rule-based label assignation which are used to
train the FCNs (Fig. 7a), causing systematic mislabeling of this road as
off-ground (Fig. 7b). Furthermore, there are some errors in the vege-
tation in the lower left corner, where errors in the rule-based labels
caused by systematic tree height differences are propagated in the
classification and interpolated DTM. The proposed FCN-RGBnZ method
performs better than gLidar in these areas, although Lastools appears to
perform best in this particular situation. The large extent of contiguous
off-ground objects (forests) and relatively flat terrain in the Lombardia
dataset suggests that increasing wy;g could achieve better results.

These results indicate that although there are slight differences ac-
cording to the scene characteristics of the various datasets, the RGBnZ
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Fig. 5. Classification maps of the Kigali dataset for the rule-based training labels (a), FCN-RGBnZ (b), gLidar (c) and Lastools (d).

input channels generally achieve a high and reliable classification ac-
curacy when using the rule-based initialization of training labels.
Indeed, some errors in the initial labelling of the Kigali dataset (Fig. 5a)
are corrected in the FCN-RGBnZ output (Fig. 5b). This indicates that the
proposed FCN does more than ‘fill in the gaps’ by relearning the top-hat
heuristic used to generate the training labels. We furthermore see that
for all three datasets, the network which does not include the dilation in
the convolutional layers performs worse than the proposed network
when using RGBnZ features. Using this proposed strategy with rule-
based training labels RGBnZ features and dilated convolutional layers,

we can accurately classify ground vs. off-ground objects with an mPA of
92.8% to 95.0% and an mUA of 83.9% to 93.7% for the three datasets.
These results, which exploit simple rules to label the training samples,
have an mPA of only 1.8% (Kigali), 1.1% (Dar es Salaam), and 2.5%
(Lombardia) lower than FCNs trained using manually-labelled training
samples.

4.2. Comparison with deeper network architectures

Results indicate that adding additional convolutional layers in this
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Fig. 6. Classification maps of the Dar es Salaam dataset for the rule-based training labels (a), FCN-RGBnZ (b), gLidar (c) and Lastools (d).

application does not lead to an increased accuracy. Table 5 displays the
average accuracies obtained for each of the three folds of the Kigali, Dar
es Salaam, and Lombardia datasets. The mean producer’s accuracy re-
mains around 93.4% for Kigali, 95.8% for Dar es Salaam, and 94.8% for
Lombardia. The differences in the accuracies reported in Tables 5 and 4
are due to changes in the training rate and number of epochs. Table 6
presents the number of false positives and negatives. The networks
generally show similar tendancies for the three datasets — Kigali has a
larger number of false positives than false negatives, whereas Lom-
bardia has relatively more false negatives. The additional depth of FCN-
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DK4, FCN-DK5 and FCN-DK6 comes with higher computing require-
ments, as illustrated in Table 7. The FCN-DK6 network has 120 000
parameters which require 462 KB of memory which takes around 5.42 h
to train. However, the FCN-RGBnZ network requires only 23,000
parameters which require 90 KB of memory and 1.92 h of traning time.
The smaller network can achieve a slightly higher accuracy than the
deeper architectures in only 35% of the time.
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Fig. 7. Classification maps of the Lombardia dataset for the rule-based training labels (a), FCN-RGBnZ (b), gLidar (c) and Lastools (d).
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Table 5

The mPA and mUA of FCN-RGBnZ (the proposed network), FCN-DK4, FCN-DK5, and FCN-DK6 for Kigali, Dar es Salaam (Dar), and Lombardia.
FCN Network Overall Accuracy (%) Mean Producer’s Accuracy (%) Mean User’s Accuracy (%)

Kigali Dar Lombardia Kigali Dar Lombardia Kigali Dar Lombardia

FCN-RGBnZ (proposed) 93.5 97.6 95.1 93.5 95.9 94.9 83.7 95.3 94.2
FCN-DK4 93.4 97.8 94.7 93.4 96.0 94.7 83.5 95.9 93.7
FCN-DK5 93.6 97.8 94.8 93.6 95.6 94.7 83.9 96.3 93.9
FCN-DK6 93.2 97.9 94.7 93.2 95.6 94.7 83.0 96.4 93.8
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The number of false negatives and false positives of FCN-RGBnZ (the proposed network), FCN-DK4, FCN-DKS5, and FCN-DKG6 for the three datasets.

FCN Network False negatives False positives
Kigali Dar es Salaam Lombardia Kigali Dar es Salaam Lombardia
FCN-RGBnZ (proposed) 152,887 269,509 752,471 979,921 345,090 456,848
FCN-DK4 142,741 278,738 845,153 1,005,187 284,432 455,564
FCN-DK5 152,936 312,670 800,301 961,631 241,046 468,322
FCN-DK6 155,716 320,196 832,636 1,040,235 226,908 456,014
Table 7 ! . == ) 2
Characteristics of the four FCN network architectures. V;JT J
FCN Network FCN-RGBnZ FCN-DK4 FCN-DK5 FCN-DK6 = i 5 # f i%
T e - 3
Number of parameters 23,000 67,000 92,000 120,000 <1 s A i
Memory requirement for 90 260 361 462 . "5 g . S "
parameters (KB) 4 (3 g )
Average training time 1.92 3.35 4.33 5.42 B ALy e Ve
(hours) ‘ : -
Final receptive field size 57 x 57 81 x 81 121 x 121 169 x 169 = 3
(pixels) LY -
F i k.
¢ =
Table 8 ~ s e
The mPA and mUA of LAStools, gLidar, the rule-based labels (Step 1), and FCN- =y
RGBnZ (Step 2) for the three datasets. For the rule-based labels, we provide the * o
mPA of the training samples which were labeled, and the mPA penalizing un- - ""Y'
labelled pixels as classification errors in parentheses. .
DTM Mean Producer’s Accuracy (%) Mean User’s Accuracy (%) .
extraction "%% .
algorithm Kigali  Dar es Lombardia  Kigali  Dar es Lombardia :
Salaam Salaam
LAStools 84.4" 83.8" 98.1¢ 67.3" 74.1% 97.7¢
gLidar 85.3 85.7 93.1 66.2 75.5 94.4
Rule-based 95.1 96.2 97.7 (75.5) 90.8 97.4 97.4 (96.6) I T
labels (71.3)  (68.6) (56.6)  (65.3) .10 05 -0.1 01 05 1.0 m
(Step 1) — >
FCN-RGBnZ 92.8 95.0 94.7 83.9 95.7 93.7 Classified as off ground
(Step 2)

2 The best LAStools results for the Kigali dataset were obtained using a step
of 20 m, bulge of 0.3 m, and standard deviation of 30 cm.

b Using a step of 20m, bulge of 0.3 m, and standard deviation of 40 cm.

¢ Using a step of 40 m, bulge of 1.8 m, and standard deviation of 0 cm.

4.3. Comparison with existing DTM extraction methods

The proposed method also clearly outperforms the reference
methods both visually (Figs. 5-7) and quantitatively (Table 8). Note
that two accuracy measures are provided for the rule-based labels in
Table 8. As the morphological selection method does not label the en-
tire image, we provide the accuracy of the labelled samples, and the
accuracy where unlabelled samples are considered as errors in par-
entheses. The proposed method outperforms the reference methods for
all three datasets with a single exception. LAStools slightly outperforms
the automated method for the Lombardia dataset. However, it should
be noted that the LAStools parameters were optimized separately for
each dataset to maximize the accuracy on the testing data, whereas the
proposed method utilized the same parameters for all datasets and is
therefore more easily implemented in automatic workflows. The pro-
posed method outperforms LAStools in the Kigali (increasing the mPA
by 8.4% and mUA by 16.6%) and Dar es Salaam (increasing the mPA by
11.2% and mUA by 21.6%) datasets. In the Kigali dataset, both LAS-
tools and gLidar clearly suffer from the steep slopes in the lower half of
the image, where parts of the roofs are misclassified as terrain
(Fig. 5¢,d) in a clear example of the problem illustrated in Fig. 2e. This
effect is clearly lower using the proposed FCN-RGBnZ method,
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illustrating the importance of including RGB information in areas where
the surface topography is complicated (Fig. 5b). Indeed, when using
only the height information (i.e. Z and nZ feature sets in Table 4),
LAStools and gLidar outperform the FCN in Lombardia and have a
higher mPA in Kigali and Dar es Salaam. In the Dar es Salaam dataset,
contiguous roof-tops (Fig. 2g,h) appear to cause many problems errors
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Table 9
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User’s Accuracy (= precision), Producer’s Accuracy (= recall), and F1-scores for the FCN-RGBnZ algorithm applied to the ISPRS benchmark dataset. The top row
presents the average percentage for all sixteen tiles, the rows below indicate the results of a tile with a high accuracy and lower accuracy.

Ground (impervious surfaces)

Off-ground (buildings, trees, and cars)

User’s Accuracy (%) Producer’s Accuracy (%) F1 score User’s Accuracy (%) Producer’s Accuracy (%) F1 score
All tiles with reference labels 92.2 74.5 82.0 87.4 96.9 91.8
Tile with high accuracy (N° 34) 92.9 88.1 90.4 95.7 97.1 96.1
Tile with lower accuracy (N° 21) 91.0 71.5 80.1 87.1 96.5 91.5

for glidar and LAStools (Fig. 6¢,d). In the Lombardia dataset, the pro-
posed method outperforms the two reference methods in the correct
classification of forested areas as off-ground. These areas in the bottom
left and top right corners of the image are clearly visible as false posi-
tives in the gLidar results (Fig. 7c). However, the Lombardia
dataset also clearly illustrates how samples on the elevated road
crossing the centre of the dataset were mislabelled in the first rule-
based step (Fig. 7a), causing systematic errors in the prediction map
obtained by the proposed method (Fig. 7b).

A comparison between the DTM obtained through the proposed
method and a manual editing is provided in Fig. 8. Considering only
areas labelled as ground by the proposed method, there was a mean
error of 0.16 m and a mean absolute error of 0.18 m compared to the
manually edited DTM. This indicates that there is a small bias of less
than one GSD in results of the proposed method, which is slightly
higher than the reference DTM provided. 93.1% of the pixels have an
absolute difference of less than 10 cm in the two DTMs — which is less
than half the GSD — and 96.9% have an absolute difference of less than
0.5m (Fig. 8b).

4.4. Results on the ISPRS benchmark dataset

Table 9 displays the quantitative accuracies of FCN-RGBnZ applied
to the ISPRS benchmark. Impervious surfaces are classified as ground
with a User’s Accuracy of 92.2% and a Producer’s Accuracy of 74.5%.
The three ISPRS classes of buildings, trees, and cars are classified as off-
ground objects with a User’s Accuracy of 87.4% and Producer’s Accu-
racy of 96.9%. These results indicate that there are more false negatives
than false positives in the results, which can also be observed visually
(see Fig. 9). Some of these errors can be attributed to inconsistencies in
the benchmark labels. For example, the central area of Fig. 9c indicates
false positives in the central area, where the ISPRS reference label is
tree (Fig. 9a). However, a visual analysis of the image (Fig. 9b) suggests
that these pixels could indeed be ground in between the trees. The re-
sults in Table 9 indicate a relatively large error due to pixels labelled as
impervious surfaces to be classified as off-ground (i.e. false negatives).
A visual analysis of the results indicates that such false negatives
(Fig. 9g) often occur in shadowed streets, where the reference label
indicates impervious surface (Fig. 9f), but the DSM actually shows re-
latively high elevation values (Fig. 9e) and there are few visual cues in
the image due to the shadows (Fig. 9d). The different semantic labels
and inconsistencies between the reference labels and input data make it
difficult to compare the results of the FCN-RGBnZ method proposed for
DTM extraction with the other contributions to the ISPRS benchmark.

4.5. Regression-based DTM experiments

The error metrics in Table 10 indicate that the nDSM returned by
the regression-based FCN are an average of 23 cm higher in the Kigali
dataset than the reference nDSM values. This is 46 cm in the Dar es
Salaam dataset. One difficulty in DTM prediction is that it isn’t clear
which ‘terrain’ height to assign to the terrain under building located on
a slope. L.e. would it be correct to interpolate the height of the sur-
rounding terrain, or should we assume the floor is flat and assign the
elevation of the lowest floor to the entire building footprint? Due to
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such confusions, we also include error metrics of the nDSM predictions
for pixels labelled as ground in the reference data. Table 10 indicates that
the ME of the ground pixels is actually much higher than the global
average, overestimating the reference elevation data by 1.74 m in Kigali
and 2.18 m in Dar es Salaam. The RMSE of the ground pixels is also
higher than that of the entire dataset in both cases. Further investiga-
tions indicated that although the average nDSM values of the predicted
and reference datasets were similar, the variance of the predicted nDSM
was much lower than that of the reference data. In essence, all height
values are therefore closer to the mean nDSM value of the dataset. This
in turn causes the overestimation of the height of ground pixels.

5. Discussion

In UAV applications, variations in flight heights and camera para-
meters are likely to cause a wider diversity in the spatial resolution of
datasets. The representation of off-ground objects in datasets with a
spatial resolution of 3 cm, 5cm, or 20 cm for example, will be quite
different. It is unclear how this wide variation of spatial resolution in
UAV datasets will influence the parameters learned by a FCN. Hu and
Yuan (2016) address this problem by summarizing the elevation in-
formation contained by point clouds in a grid of a fixed spatial re-
solution. Although this allows the utilization of a single FCN trained for
various study areas and datasets, this strategy will not exploit the full
information contained in a dataset which has a higher point density (or
spatial resolution) than the trained network. Therefore, an important
characteristic of the method proposed here is that it demonstrates that
it is feasible to train and apply a FCN on each dataset independently.
The present manuscript demonstrates this using datasets from UAV or
aerial imagery, but the method is not limited to these types of images. It
would also be possible to apply the proposed method to satellite ima-
gery with a lower spatial resolution and a larger extent. Applications
which intend to cover a larger extent may benefit from larger sample
sizes to train the network — this stresses the advantage of using the rule-
based strategy to provide labels for training. The labelling and selection
of training samples is completely automated in the proposed metho-
dology. It is therefore in principle extendible to very large datasets.
Furthermore, although training is time-consuming, FCNs are very fast
in the testing phase and would therefore be a viable option in the
classification of ground over large extents.

Although the point clouds obtained from dense matching tend to
contain more random noise errors than LiDAR point clouds (Nex and
Gerke, 2014), the simultaneous acquisition of both elevation and
radiometric information can be seen as an advantage of UAV datasets
and aerial photogrammetry in general. Making use of the com-
plementary information in imagery may help distinguish ground from
off-ground areas when the elevation information itself is not sufficient.
However, it is important to note that the rule-based selection of training
samples is only an estimation, and that mislabelled samples may cause
systematic errors in the output of the FCN. For example, when con-
sidering scenes with steep slopes where ground and off-ground objects
present a step-like pattern (i.e. Fig. 2e), the rule-based selection of
training samples based on morphological filters will not be able to
distinguish between ground and off-ground objects. However, if such
geometrically ambiguous areas form a minority in the dataset, then a
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ISPRS benchmark legend

|:| Impervious surfaces
. Building

- Low vegetation
. Tree

|:| Car
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Results legend
. True positive (=ground)
|:| True negative(=off-ground)
. False positive

. False negative

Il uniabelied

Fig. 9. Input ISPRS reference labels (a) and false-color images (b), and the FCN-RGBnZ results (c) of tile 34. The bottom row presents an example of causes of false
negatives in tile 05. Note the narrow streets which are labelled as impervious surfaces in the reference data (f), but are classified as off-ground by our algorithm (g)
due to the combination of shadows in the imagery (d) and elevated values in the DSM (e).

sufficient number of correct ground vs. off-ground training samples can
be collected. If a sufficient number of correct samples are captured and
utilized to train the supervised classifier, and presuming the radio-
metric information from the imagery is capable of distinguishing be-
tween the ground and off-ground objects, then these initial errors may
be corrected in the second step.

This second step, the exploitation of deep learning methods refers to
a field of research which is currently developing rapidly. It is likely that
emerging network architectures developed in the near future may
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further increase the accuracy of the proposed method. However, the
observations of the present paper may serve to guide users towards the
selection of a suitable network architecture. Firstly, one important issue
is the redundancy of calculations when performing a pixel-based clas-
sification or semantic segmentation as it is known in the computer vi-
sion community. This motivated the selection of a FCN architecture
rather than a CNN architecture in the current paper. Other emerging
options such as PixelNet (Bansal et al., 2017) could be considered in the
future. Similarly, due to the high spatial resolution compared to the size
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Table 10

ME and RMSE of the nDSM predictions obtained with the regression-based FCN
calculated over the entire dataset (i.e. both ground and off-ground objects) or
only the pixels labelled as ground. All values are in meters.

Dataset ME? (m) RMSE (m) ME (m) Only RMSE (m)
Entire dataset  Entire dataset  ground Only ground

Kigali 0.23 1.62 1.74 1.85

Dar es Salaam  0.46 1.53 2.18 2.21

2 The ME is calculated as the predicted nDSM minus the reference nDSM.
Positive values therefore indicate that the predicted elevation overestimates the
reference values.

of off-ground objects, it is important to increase the receptive field of
the network. In the present case, this was done through the use of di-
lated filters and adjusted DSM features. Alternative strategies could
include multi-scale approaches (Farabet et al., 2013) or skip-archi-
tectures (Song et al., 2017). Thirdly, the depth of the network archi-
tecture, or number of layers should also be considered. In general, the
success of deep architectures may be attributed to their ability to learn
complex patterns in very difficult classification tasks.

Network architecture may also be one of the underlying reasons
behind the high errors obtained in the regression-based experiments.
The main problem was the lower variance of the output nDSM pre-
dictions, causing the elevation of ground pixels to be overestimated.
One hypothesis is that this has to do with the £, loss function which
penalizes outliers. In the case of DTM extraction, small errors over-
estimating the height of bare ground may be more concerning than
larger errors underestimating the height of buildings. Further experi-
ments could try using other loss functions such as the Huber loss
(Huber, 1964) or Tukey’s biweight function (Belagiannis et al., 2015)
which others have found to be less sensitive to outliers when tuning
deep regression networks. Another strategy could be the introduction of
skip connections, which proved to be key to obtaining realistic height
estimations from monocular imagery (Mou and Zhu, 2018). Further
experimental analysis could focus on such direct height estimations to
complement classification-based DTM extraction techniques such as the
methodology proposed here.

In this application of DTM extraction, we are not interested in se-
parating numerous abstract classes associated with complex appearance
features like in other computer vision problems. In the considered ap-
plication, the network should be able to capture features from both
ground and non-ground, integrating radiometric and geometric vari-
ables. Results show that shallow networks with large receptive fields
perform as good or better than deeper networks. On the other hand,
shallower networks have less parameters, are easier and faster to train,
less prone to overfitting, and generally more robust to different radio-
metric/geometric characteristics of the data set. The applicability of
developments regarding the further reduction of parameters in deep
learning networks could be analyzed in future works.

Furthermore, the DTM extraction algorithm proposed here has been
designed to be trained and tested on a single dataset — focusing on UAV
datasets which may have a limited extent and therefore limited number
of training samples. If one were to instead combine UAV data from a
large number of sources, which may become feasible in the near future
due to the wider availability of UAV imagery, e.g. OpenAerialMap,
using a deeper network architecture trained on all of these images could
be an alternative strategy. In this case it would be important that the
selected datasets represent challenging situations (such as those de-
picted in Fig. 2) in order to ensure that the network is able to handle
them. Again, it depends on whether the user would like to have a quick
DTM extraction tailored specifically to a single (UAV) dataset (i.e. the
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purpose of the current manuscript), or a general deep network trained
applicable to a larger spatial extent.

Finally, another important consideration is how to assess the quality
of a DTM extraction algorithm. In this case, we define the DTM as a
classification problem, similar to Sithole and Vosselman (2004). Other
studies use the vertical accuracy of a DTM compared to Ground Control
Points (GCPs) collected in the field with GPS (Hohle and Hohle, 2009;
Hugenholtz et al., 2013). However, we should remember that the final
product is an interpolated DTM surface. As such, false positive rates
which introduce errors into the interpolation could be more malign
than false negatives which lower the detail of the reconstructed surface.
Further research could consider how to assess the quality of DTM ex-
traction methods without the presence of alternative DTMs or the costly
collection of GCPs in the field.

6. Conclusions

Existing algorithms for DTM extraction still face difficulties due to
data outliers and geometric ambiguities of the scene due to contiguous
off-ground areas or sloped environments. This work postulates that in
such cases, the radiometric information contained in aerial imagery
may be leveraged to distinguish between ground and off-ground ob-
jects. This is particularly relevant for, but not limited to, UAV datasets
which simultaneously acquire both elevation and radiometric in-
formation.

The proposed method uses two simple rules based on morphological
filters to select examples of ground and off-ground objects using the
DSM. The underlying idea is not to use these rules to label the entire
dataset, but rather to select reliable samples which together describe
the variability in the geometric and radiometric attributes of both
classes. These samples are then used to train a supervised classifier,
which labels each pixel in the entire scene and may correct errors in the
initial labelling. We propose using a FCN, as deep learning methods are
currently state-of-the-art in supervised classification problems.
Improvements to deep learning methods are rapidly evolving, therefore
it is plausible that the network architecture presented here could be
improved according to the continued developments in this field.

In this research we address a number of issues which are important
when adapting deep learning methods to DTM extraction. Firstly, we
bypass the costly requirement of large amounts of training data by
employing simple rules to automatically select and label representative
samples from the dataset itself. By training the FCN for each dataset, we
can account for both differences in the spatial resolution of different
datasets as well as the natural variability of objects in different parts of
the world. Secondly, we illustrate how FCNs can be adapted to consider
the topographical variations over a larger area without increasing the
computational complexity of the algorithm. This is done both by con-
sidering dilated filters in the network architecture and through the in-
clusion of feature channels which summarize variations in the elevation
over larger areas.

The proposed method is successfully tested using three photo-
grammetric datasets with different spatial resolutions and covering
scenes containing areas which challenge DTM extraction methods, as
well as the ISPRS benchmark dataset. The datasets used for testing are
relatively small but the results can easily be applied to larger study
areas, or imagery and DTMs with a lower spatial resolution. We de-
monstrate the improvements of the proposed method with respect to
two reference DTM extraction algorithms.
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