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Abstract
Accurate Digital Terrain Models (DTM) are invaluable inputs for mapping and
analyzing areas subject to natural hazards. Topographic airborne laser scanning has become an established technique to characterize the Earth surface:
lidar provides 3D point clouds allowing for a fine reconstruction of the topography while preserving high frequencies of the relief. For flood hazard modeling,
the key step, before going onto terrain modeling, is the discrimination of land
and water areas within the delivered point clouds. Therefore, instantaneous
shorelines, river banks, inland waters can be extracted as a basis for more reliable DTM generation. This paper presents an automatic, efficient, and versatile
workflow for land/water classification of airborne topographic lidar points, effective at large scales (>300 km2 ). For that purpose, the Support Vector Machines
(SVM) method is used as a classification framework and it is embedded in a
workflow designed for our specific goal. First, a restricted but carefully designed
set of features, based only on 3D lidar point coordinates and flightline information, is defined as classifier input. Then, the SVM learning step is performed
on small but well-targeted areas thanks to a semi-automatic region growing
strategy. Finally, label probability output by SVM is merged with contextual
knowledge during a probabilistic relaxation step in order to remove pixel-wise
misclassification. Results show that a survey of hundreds of millions of points
are labeled with high accuracy (>95% in most cases for coastal areas, and >90%
for rivers) and that small natural and anthropic features of interest are still well
classified even though we work at low point densities (0.5-4pts/m2 ). We also noticed that it may fail in water-logged areas. Nevertheless, our approach remains
valid for regional and national mapping purposes, coasts and rivers, and provides a strong basis for further discrimination of land-cover classes and coastal
habitats.
Keywords: lidar, airborne, classification, water, support vector machines,
seashore, rivers, large scale mapping.
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1. Introduction
1.1. Seashore and river monitoring
Global climate change is said to lead to an increase in the sea level in the
forthcoming years. Coastal areas are particularly at risk, mainly because almost
50% of the Earth’s population lives in such areas. Numerous thematic maps
and Geographical Information Systems have been developed to meet management and forecasting needs on these areas subject to flooding. In addition,
other legal requirements have emerged. For instance, the European Water and
Flood Framework Directives (2000-2007) influenced strategies in Europe for establishing prevention and protection policies by imposing repeated nation-wide
surveillance of all kinds of inland water reservoirs, rivers, and large catchment
basins. Therefore, these issues are no longer considered merely at a local or
regional level. A local scale analysis may be sufficient for providing specific vulnerability documents or leading studies on chosen objects but not for assessing
the socio-economic impact of natural hazards and in order to efficiently implement the appropriate policies. However, the accurate topography of areas with
high human, economic or environmental stakes, and subject to such hazards,
has barely been described.
The characterization and quantification of coastal and river habitats have been
improved over the last decades due to synergistic remote sensing techniques, that
are able to deliver high-resolution spatio-temporal by-products (Yang, 2008). In
addition, in order to provide some initial maps, remote sensing is also essential
for monitoring and analyzing the evolution of the measured physical characteristics. Repetitive measuring is also crucial for areas undergoing most changes
i.e.: flooding, erosion, accretion or retreating such as beaches, cliffs or unstable
slopes (Revell et al., 2002; White and Wang, 2003; Miller et al., 2008; Addo
et al., 2008). Moreover, up-to-date information is necessary for building setback
lines, estimating beach width (Rango et al., 2000), making an inventory of wetlands and agricultural land resources, delineating flood and hurricane hazard
areas, so as to estimate sediment transport volumes or alterations in intertidal
habitat (Chust et al., 2008).
Using low or medium size resolution optical data or Synthetic Aperture Radar
data allows for a quick and cost-effective way to obtain a landscape-level overview
of coastline changes (Ryu et al., 2002; Yu and Acton, 2004; Pardo-Pascual et al.,
2012), and helps to identify areas concerned that will require a more in-depth
study. For this purpose, the small-footprint airborne lidar technology appears
to be attractive because it provides fine scale seamless coastal Digital Terrain
Models (DTM) over a large coverage area. It allows to survey hundreds of kilometers of shoreline and rivers with a high spatial resolution within a few days
only. Its very high vertical accuracy (<0.15 m) has opened up new possibilities
of tackling very precise and specific problems, that were impossible to deal with
before (Saye et al., 2005; Young and Ashford, 2006; Hladik and Alber, 2012;
Collin et al., 2012), true even for country-based purposes (Mandlburger et al.,
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2009), such as proper management of water defences (Pe’eri and Long, 2011). In
addition, lidar swath widths of a few hundred meters are ideal for coastal, river,
and even tidal channel monitoring. The offshore ocean surface, subaerial beach
areas and the backbeach, or river channels and their banks, can be mapped
simultaneously (Irish and Lillycrop, 1999; Shrestha et al., 2005; Yates et al.,
2008). Moreover, repetitive lidar surveys allow to analyze coastal and dune
development (Thoma et al., 2005; Richter et al., 2011). In the specific case of
shoreline mapping, lidar data only need to be acquired when the water level is
below a specified level, which makes the method less stringent than airborne
imagery (Parrish, 2012).
1.2. Motivation: towards automatic coastal lidar DTM generation
In France, in addition to the European Water and Flooding Directives, the
National Institute of Geographic and Forest Information (IGN) and the Marine
Hydrographic and Oceanographic Service of the Defence Ministry have initiated
a national program, started in 2005, that aims to create a three-dimensional
model of the French coastline. It is called Litto3D R (Pastol, 2011) Lidar is
currently used to produce a continuous land-sea representation of the coast, allowing for accurate manual shoreline mapping.
Generating DTMs in coastal and river areas first requires to classify water areas
in order to accurately extract the instantaneous shoreline1 . Consequently, the
aim of this paper is to propose a workflow for water/land classification in topographic lidar datasets, that are efficient at large scales, and adapted to various
landscapes (rivers and seashores). Very high classification accuracies(>90%)
are targeted since such coast delineation forms the basis of improving political decision-making in high-staked areas. In addition, this should allow for
seashore delimitation with a horizontal accuracy less than 2 m, which is a significant improvement with respect to the existing historical coastline (HCL). HCL
is available for the whole French territory, and is the geographical reference for
sea and land delineation. HCL is a 2D polyline generated at a scale of 1:15,000,
with a planimetric accuracy of 10 m, corresponding to the highest water mark
for an astronomical tide of coefficient 120 in normal weather conditions.
1.3. Related works on water detection from lidar data
We focus on airborne topographic lidar data, that operates on the nearinfrared channel (NIR, 1064 nm wavelength). Multi-spectral analysis coupling
green and NIR wavelengths are excluded (Mallet and Bretar, 2009).
To the best of our knowledge, there is an abundant literature on shoreline extraction from Digital Terrain Models but only few papers exists about water
detection in river and coastal areas from raw lidar topographic data. The simplest methods directly determines the water/land interface using either a Digital
Surface Model (DSM) or a Triangular Irregular Network (TIN) computed from
a 3D point cloud. Water areas are delineated as a junction of a given water level,
1 The

term ”shoreline” will be used here to refer to the land-water interface
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water surface elevation or more simply by the 0 m line (Roberston et al., 2004;
Liu et al., 2007; White et al., 2011). Such a model-driven strategy is focused on
land/water interface delimitation and it is not adapted to inland waters, and
can only be performed consecutively to a correct DTM generation step, that
efficiently deals with varying tidal conditions (Yates et al., 2008).
Water detection methods from lidar point clouds are divided into two main
approaches. First, segmentation of water areas can be based on pattern recognition techniques. Features of interest can be breaklines (Brzank et al., 2005b),
tidal channels (Mason et al., 2006; Lin et al., 2008) or gullies (Baruch and Filin,
2011). A scan line segmentation method is performed and water classification
accuracies between 91 and 99% have been obtained, depending on the landscape.
Nevertheless, the approach is based on the detection of vertical high frequencies
of the relief. This means that planimetric lidar point distribution should be
sufficiently regular and water areas are located in trenches and gullies. Such
an assumption is efficient for specific habitats and areas but cannot be generalized to other kinds of landscapes. Conversely, Höfle et al. (2009) looked for
atypically large triangles in a TIN, which are a strong hint about the presence
of water. Indeed, the reflection properties of water surface for NIR lidar beams
are characterized by either significant absorption or specular reflection resulting
in numerous non-recorded laser echoes (unless there is excessive scatter due to
water turbidity or close bottom features).
Secondly, more general classifiers can be adopted to discriminate water points
from 3D lidar data. Since merely height information is insufficient, additional information was inserted, namely lidar intensity and point density. Brzank et al.
(2008) used both features in a fuzzy logical classifier. The method performs
well for water/mudflat discrimination (89-99%) for various lidar point densities but necessitates a preliminary object based analysis, based on the scan-line
method developed in (Brzank et al., 2005a). The authors also noted that calibration/correction steps should be carried out to normalize the intensity feature.
Even when such steps were performed, with a rule-based approach, Höfle et al.
(2009) noted poor discrimination between asphalt and water surface. An Overall Accuracy of 95% was obtained but it requires the knowledge of the position
of the sensor, GPS timestamps and scan angle to model lidar drop-outs. In
addition, such an approach cannot be adopted since no procedure correcting
the influence of soil moisture and water depth exists. To deal with such issues,
the RGB channels of an orthoimage were inserted into an unsupervised MeanShift classifier (Lee et al., 2012). The approach is limited since the timing of
optical data acquisition is critical and difficult to obtain over large scales. More
advanced lidar geometrical features were proposed in (Schmidt et al., 2013), coupled with full-waveform attributes, and it allowed to discard optical imagery.
To cope with the local analysis of existing approaches, the authors adopted
Conditional Random Fields in order to introduce contextual knowledge and improve classification. In addition, other land categories (mudflat and mussel bed)
were discriminated too (Schmidt et al., 2012). Very satisfactory water detection
results were obtained (90-98%). Nevertheless, the approach is not conceivable
for large scale mapping since graphical models require significant training and
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inference steps. Consequently, despite relevant existing work all of which led to
good water detection accuracies, none of these approaches can be adopted to
deal with the issue of large-scale and its adaptability to various landscapes.

2. Datasets
Various datasets (Table 1) were processed in order to study the behaviour
of the method for both large and smaller areas. The aim was to assess whether
the proposed workflow was valid for massive processing, while preserving the
accurate classification of water areas, especially their inland parts.
Two large areas (>100 km2 ), called hereafter Perpignan and Mayotte, were
covered by our analysis.
• Perpignan corresponds to 50 km of the French Southern Mediterranean
coast. It concentrates a wide set of morphologies and coastal environments
(Aleman et al., 2011). This region is classified by the French national authorities as an area with high human, economic, and environmental stakes
since significant water level variations have been observed in response to
setups and setdowns (up to 1 m) as a result of both, wind and atmospheric pressure fluctuations. In 2012, more than 30% of the LanguedocRoussillon coastline was equipped with protection structures and breaklines. The goal is therefore to classify large areas while preserving small
anthropic elements.
• Mayotte is a French tropical island in the Comoro Archipelago. It has been
studied with remote sensing techniques for two main reasons. On the one
hand, many natural hazards (erosion, flooding, landslides etc.) commonly
occur in such areas (Straatsma and Baptist, 2008). On the other hand,
the urban sprawl has been promoting natural hazards and endangering its
biodiversity, demanding up-to-date land-cover maps (Dupuy et al., 2012).
Furthermore, several additional areas of a smaller size (1-10 km2 ) featuring
challenging topographic surface were processed.
• Martinique corresponds to the Northern part of the Martinique island
located in the Lesser Antilles in the Caribbean Sea. It was selected for
the sharpness of the seashore and the high density of the vegetation, which
rarely generates echoes beneath the canopy overstory.
• The island of Noirmoutier is 2 km off the French Atlantic coast. It has
been chosen for the presence of salt marshes and sand dunes.
• Brittany is located in the North-West of France. It has been selected for
our study because the survey was carried out during a high-tide period.
Consequently, different water surfaces may exist at the same location depending on the time of data acquisition.
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• The length of 6 km of the Moselle river in the North-East of France was
selected. In the region, the river is 50 m width and it meanders due to
the flat topography. The area is challenging since many small islands
and sandbanks are scattered on the river bed, and there are many lakes
and reservoirs closely located to the river. Therefore, there was a large
fluctuation in the lidar point density. In addition, a canal, 20 m in width
with several locks, runs in parallel to the Moselle, with more constant 2D
data distribution.
• Rhone corresponds to a Southern part of the Rhone river (France). In this
area, the river is 500m in width. The Western part of the area was analysed
where there is the mouth with a smaller river. Conversely to seashore and
Moselle areas, the plane flightlines are almost located at the nadir of the
river bed. This means that many lidar pulses are backscattered by the
water surface and that the 2D lidar point distribution is homogeneous
and equal for both land and water areas.
• Miami covers a district of the city of Miami (Florida, USA), representative
of a dense city center, with complex structures (bridges, cranes, buildings)
located close to water areas.
• Louisiana corresponds to an area in a bayou of Louisiana, USA (Passe A
Loutre State Wildlife National Park, East part of the Timbalier Bay). It is
a complex natural wetland, composed of many meandering water channels.
There are shallow slopes and not much topographic relief (Kokaly et al.,
2013).

Table 1: Areas of interest characterization. Miami and Louisiana datasets have been provided
by the NSF through the OpenTopography portal (NSF, 2012) and acquired with Leica ALS50
and ALS40 respectively. Other datasets have been acquired by the French Mapping Agency
using an Optech 3100EA device.
Perpignan
Mayotte
Martinique
Noirmoutier
Brittany
Moselle
Rhone
Miami
Louisiana

Coordinates
(Lat./Long. in o )
42.62/3.04
-12.83/45.17
14.65/-60.89
46.96/-2.24
48.64/-2.48
48.32/6.37
43.73/4.59
25.77/-80.19
29.15/-90.24

Area
(km2 )
365
193
1
1
1
2.75
1
1.1
11

# points
831,814,063
620,120,967
478,285
872,345
3,612,322
65,187,118
6,959,023
2,290,111
10,275,285

Density
(pts/m2 )
2.3
3.2
4.3
3.1
3.7
6.3
1.7
0.3
0.7

Footprint
(m)
0.8
0.8
0.8
0.8
0.8
0.8
0.8
0.4
0.6

Characteristics
Large area
Large area
Dense vegetation
Marshes
High tides
River + canal
River
Dense city center
Flat wetland

3. Methodology
3.1. Overall strategy
As we targeted a flexible approach suitable for coastal and river areas, a
supervised classifier was adopted. The core of the workflow was designed in
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a 2D-raster mode in order to provide a large-scale and fast classifier of water
areas, using a tailored learning step. When large areas have to be processed, the
learning step of the classification procedure took advantage of the great number
of available information to capture the diversity of the land and water classes,
and improve the discrimination performance. Furthermore, the approach was
fully automatic and versatile: no multi-echo, intensity, full-waveform or multispectral information was necessary, thus making our work easy to reproduce.
We noted that our system required to set the parameters in the different steps.
The parameter values provided in what follows were set for all our experiments,
i.e., they were not tuned on a per-dataset basis. The section below describes
the processing chain, which can be divided into three steps (Figure 1).
1. Computation of features of interest. Six attributes were defined for
discriminating water areas. The 3D lidar attributes were then interpolated
in a 2D regular grid for large scale processing (Section 3.2).
2. Learning procedure. The knowledge of the land/water interface (provided by available historical coastlines or a rough polyline describing this
interface) was used to define the training pixels that were most likely to
belong to one of two classes. However, as this delineation may not be
up-to-date or accurate enough, more representative training pixels were
automatically selected using spatial reasoning (Section 3.3).
3. Land/water classification. A supervised Support Vector Machine (SVM)
classifier was fed with the six features and run on the pixels of the raster
grid. Pixel-based results were finally regularized using probabilistic relaxation, while taking into account the probabilities given by the SVM
classifier (Section 3.4).
SVM was selected because they are adapted to deal with high-dimensional
spaces (Schölkopf and Smola, 2002) and have shown considerable potential in
the supervised classification of remotely sensed data, with very limited training
amount (Onojeghuo and Blackburn, 2011; Dalponte et al., 2012). In addition,
they outperform standard classification methods, as demonstrated by several
general or application-driven comparative studies (Mountrakis et al., 2011; Shao
and Lunetta, 2012), and in particular with airborne lidar data (Secord and Zakhor, 2007; Braun et al., 2011).
3.2. Discriminative lidar features and 2D interpolation
We have focused on three families of features (Figure 2). They were based on
(i) the height, (ii) the local point density, and (iii) the local shape of the 3D point
neighborhood. To deal with any kind of lidar point cloud, we have consciously
discarded the echo-based features, i.e., information about the position of the
3D point within the current emitted lidar pulse (e.g., first, last, etc.). The
values derived from the amplitude attribute remained noisy since no suitable
calibration procedure had been proposed yet. As a result, our method applied
only to the 3D point coordinates.
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Figure 1: Flowchart of the classification procedure. It is composed of three main steps (see
Section 3.1). Suitable features were first derived from 3D lidar point coordinates, and then
resampled in a 2D 1 m resolution regular grid. Secondly, an automatic procedure was designed
to select discriminative training data. The mandatory input is a coarse knowledge of the
land/water interface. Finally, SVM classification was performed and output labels were refined
with spatial constraints using the probabilistic regularization framework.
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Figure 2: Illustration of the six features of interest selected for the training and the learning
step of the SVM classification (Perpignan area). In particular, we can see different behaviours
of the three density features D, Dm , and Dr . A 3×3 m window size centered on each pixel
was adopted to compute such features.
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3.2.1. Feature computation and 2D interpolation
Features were computed in 3D. This means that for each 3D lidar point,
attributes were obtained by analysing the distribution of the surrounding lidar
points. In our case, we used a cylindrical vertical neighborhood, centered on the
point of interest (cylindrical means that no restriction is applied on lidar point
altitudes). The size of this neighborhood is the single parameter to be tuned
in the feature computation stage. Given d is the point cloud density and n the
minimal number of points neededrto calculate robust 3D descriptors, the radius
n
. In practice, 10 points are sufficient. The
r of the sphere is defined by r =
πd
mean density was between 1-4 pts/m2 for areas with equivalent surface (land
and water). Thus, r ∈ [1-1.8 m].
Furthermore, the interpolation of the 3D point cloud features on a regular 2D
grid allowed to better handle the large data volume and high dimensionality of
the raw point clouds. Lidar data was resampled at a spatial resolution commensurated with the scale of analysis. The main areas of interest were the
land-water interface, and, in particular, shallow waters. The larger the grid
cell, the more inaccurate the classification. Therefore, the point cloud was resampled at a resolution of 1 m, which means that each cell contained from 1 to
4 points (Section 2). This was sufficient for retrieving the land/water interface
with a horizontal accuracy less than 2 m. The mean value of each feature was
selected as the final descriptor.
3.2.2. Feature description
We selected the height of the lidar point with respect to the geoid,
HG (Figure 2b). This is the most appropriate height-based attribute, since the
mean sea level was defined by the value zero in this feature. Nevertheless, it did
not help to discriminate water points in inland areas.
However, near-infrared pulse penetrates very little in water volumes, and therefore the 2D distribution of the lidar points can be used to detect such areas
(Guenther et al., 2000). For wide laser pulse scan angles (>15◦ ), part of the
emitted radiation returning from water varies significantly and may not be distinguished from the background noise. Therefore, the point density is much
lower in the tails of the swath compared to inland areas (see Figure 2c). Several 2D density-based features can be derived. First, the local mean point
density (D) can be computed for each point, independently from the lidar strip
they belong to (with a 1 m×1 m neighborhood, this is equal to the number of
lidar points per pixel). Instead of simple per-pixel analysis, for each cell, the
density can be computed for larger window sizes, enhancing more or less land
areas as well as water areas at the nadir of the aircraft (3×3 m and 25×25 m
sizes for Figure 2c and 2d, respectively). The 3×3 m window size was adopted
for this paper. However, this feature is preferable for single strip analysis. The
increase in neighborhood allows to deal with overlap sensitivity (overlapped lidar strips locally increases point density). Nevertheless, this leads to the loss
of small structures. To deal with such an issue, the majority density (Dm )
was computed: only lidar points from the strip with the highest number of lidar
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hits were taken into account (Figure 2f). In order to avoid the sensitivity to the
strip overlap, we define:
Dm =

max

strip1, strip2

{Dstrip1 , D strip2 } = Dmax

(1)

In addition, the density ratio (Dr ) was introduced to favor areas acquired
with several strips but not equally sampled, which was not the case in water
surface. Dr was computed as follows:
Dr =

Dmax − Dmin
∈ [0, 1],
Dmax

(2)

where Dmax and Dmin are the point densities corresponding, in each cell of the
grid, to the strips with the highest and lowest number of points, respectively.
Such a value is close to 0 in water areas. Although noisy values can be found at
water strip borders (Figure 2g), it is particularly suited for our problem. Dm
and Dr are both computed for a 3×3 m window size.
Finally, the 3D distribution of lidar points can also be evaluated through the
computation of eigenvalue features (Mallet et al., 2011). A covariance matrix of the 3D coordinates was computed in a cylindrical vertical neighborhood
of a fixed radius (Section 3.2.2 and Figure 2). Such a matrix provides three
eigenvalues λ1 , λ2 , and λ3 (in decreasing order). An eigenvalue significantly
larger than the two others corresponds to a linear structure (e.g., breaklines).
Two significant eigenvalues correspond to local planar regions, whereas three
eigenvalues with the same order of magnitude are representative of volumic
structures. Such textures allow to discriminate water points, which are both
horizontal and planar, from land, even for pixels lying on the ground. Two
eigenvalue-based features were computed. The first one was the smallest eigenvalue, λ3 (called volume afterwards). Indeed, λ3 ' 0 for planar elements,
λ3 > 0 for ground pixels (due to ground microreliefs and surface roughness) and
λ3 >> 0 for real 3D Earth surface (see Figure 2h). The second feature was the
scatter (Figure 2h):
λ3
S=
∈ [0, 1].
(3)
λ1
As demonstrated in (Chehata et al., 2009), λ3 and S have a strong discriminative
power between 2D and 3D objects.
After all, in case of lidar data with multiple strips, the feature set is: {HG , Dm ,
Dr , λ3 , S }. For single strips, we used: {HG , D, λ3 , S }.
3.3. Learning step
Many authors have shown that the size and composition of the training samples have a substantial impact on classification accuracy (Foody and Mathur,
2004). Emphasis is often placed on the selection of a suitable number of pure
pixels describing each category rather than on the provision of information to
separate it. However, for non-parametric classifiers such as SVM, only samples
lying on the edges of a given class distribution in data space contributed to the
11

analysis.
The generation of land and water training subsets was carried out automatically
using the scatter and the volume features. Extreme values are representative of
land and water classes, respectively. High scatter values corresponded to areas
with significant vertical scattering such as vegetation and buildings. Lowest
volume values indicated the flattest areas i.e., water surfaces close to the survey
nadir. Thus, we retrieved pure pixels (hereafter called seeds) by thresholding
volume and scatter cumulative distribution functions (computed with 500,000
pixels randomly taken). Gradient was computed on both curves. For the volume (scatter) curve, areas of less that (more than) the highest gradient value
were preserved, i.e., all pixels such as λ3 < 4.10−8 and S > 10−6 were labeled
as water and land seeds, respectively (Figure 3a-b). Both features were normalized and their values were valid for a whole dataset. However, seed distribution
was not satisfactory. For water areas, few nadir points were selected whereas
they were the most similar to land surfaces, while for land regions, there was
significant spatial heterogeneity and heterogeneous training pixels cannot be selected using such a method. Classification using such input would result in poor
performance, as illustrated in Figure 3c.
Since they were not representative of both classes, they were only used as a basis
for designing a more adapted training set. This step was based on the historical
coastline (HCL). Discrepancies existed between the dataset and the HCL (due
to the combined fact that the HCL may not be up-to-date and a lidar survey
can only reveal the instantaneous shoreline), which meant that HCL cannot be
used directly for enrichment. Consequently, we generated a buffer area centered
on the HCL, to prevent the aggregation of unreliable pixels that would deteriorate the accuracy of the final classification. A fixed distance would exclude all
water and land areas located near the rough coastline, whereas these are highly
representative of such landscapes and may provide support points for the SVM
classifier (Figure 3d). As a result, a percentage of seed points within such buffer
areas was preferred. Starting with pixels belonging to the HCL, the dilation
of such regions was stopped when 40% of the seed points in both classes were
included in the buffer (the [35-50%] interval leads to similar results). Then,
connected regions were retrieved by use of a standard binary region growing
procedure, and these regions were labeled as water or land according to the
majority of seed points existing in such regions (Figure 3e). 1% of the pixels of
these regions were then randomly selected as training pixels (Figure 3f).
The procedure is extended for very large areas. The area is divided into 1km2
square tiles. Among all these tiles, those intersecting the historical coastline have
been preserved. Then, a maximum number of 5% of these tiles was selected.
For that purpose and to capture a large variety of landscapes, the selection was
randomly performed with a minimum distance between two tiles, empirically
tuned to 10 km. In practice, the rate of training samples can fall to 0.03-0.15%
in a complete area.
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Figure 3: Illustration of the relevance of the learning step for the Languedoc dataset. (a)
Orthoimage c IGN. (b) Seed pixels for both classes and (c) the resulting classification.
One can see that selecting pure pixels results in poor accuracy. (d) Historical coastline (HCL,
cyan) and its buffer of unreliability (red). The seed points and the coastline allowed to retrieve
(e) the main regions of interest (displayed in red, yellow, and green), in which (f ) training
pixels are random selected. (g) Better classification was obtained. Water and Land pixels
are displayed in blue and orange, respectively. No-data pixels are shown in grey.

3.4. Land-Water classification and regularization
For Support Vector Machine classification, the standard Gaussian kernel was
selected and the SVM hyperparameters were optimized with a simple grid search
(Mallet et al., 2011). Despite their ability to handle high-dimensional feature
spaces, SVMs were limited to a local classification of pixels, which resulted in
noisy outputs. Several solutions are possible to overcome such limitation. Contextual knowledge may for instance be introduced to the classifier, as performed
with graphical models. Such global methods are known to provide significantly
more accurate results (Schindler, 2012) but present two disadvantages. For large
datasets, their learning and inference steps are expensive to compute. Furthermore, parameters must be carefully chosen for optimal performance, and authors
that managed to alleviate the latter problem still report significant a computation cost (Lucchi et al., 2012). The simplest solution, which was adopted in
this paper, is the filtering approach. For each pixel, a new label was computed
with respect to the weighted incoming labels of a given neighborhood. Such a
solution offers the advantage of linear growth of the computational cost with
the number of pixels. For that purpose, we have adopted the relaxation probabilistic framework (Gong and Howarth, 1989; Fu and Yan, 1997). We took
into account both neighborhood information and the probability of belonging
to each class, as provided by libSVM (Chang and Lin, 2001; Wu et al., 2004).
This is an iterative algorithm whose probability values for each pixel were up-
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dated to make them closer to the probability of their neighbours. Thus, we
computed the membership energy for both classes and assigned the label corresponding to the lowest value. Such energy E for label l and pixel i is computed
as follows:
X
El (i) =
Gσ (ki − jk) · El (j) · Mi,j [l, lj ].
(4)
j∈V (i)

V (i) is the vicinity window (here a 5×5 window), Gσ (ki − jk) is the weight of
pixel j, where Gσ corresponds to the zero-mean Gaussian density function with
variance σ 2 (σ = 1 in our experiments). Finally, M is called the compatibility
matrix since it measures the compatibility between pixel i with label l and pixel
j with label lj . Thus, it defines a priori correlations between the probabilities
of neighboring points and
P corresponds to conditional probabilities verifying:
0 ≤ Mi,j [l, lj ] ≤ 1, and l Mi,j [l, lj ] = 1. The coefficients have been empirically
selected so as to enforce spatial homogeneity. However, in order to preserve
water/land boundaries, the coefficients out of the matrix diagonal are not equal
to 0. Thus, we have:


0.8 0.2
M=
(5)
0.2 0.8
In practice, convergence was obtained after a single iteration.
4. Results and discussions
4.1. Performance of the method
4.1.1. General statements
The standard Overall Accuracy (OA) and κ coefficient were used as classification accuracy measurement (Foody, 2002), even if the simple use of the coefficients of the confusion matrix may not accurately report the error distribution
within the classified datasets (Pontius and Millones, 2011). Reference data was
obtained by manually labeling all points in a two-step approach. First, ground
(land+water areas) and non-ground points (low and high vegetation+buildings)
were automatically separated using TerraSolid software (Soininen, 2012), based
on the iterative densification of a Triangular Irregular Network. Then, ground
points were manually labeled as land or water with the joint use of lidar data
intensity, cross-sections computed in the 3D point clouds and very high resolution aerial images (0.25 m).
For Rhone, Moselle, Miami and Louisiana datasets, since no historical coastline
was available, such input was substituted by rough 2D manual plotting of the
seashore.
The processing time of the method has been evaluated for 12 distinct areas
within the eight datasets. The average computing time for the full workflow
was around 30 minutes for 4 million points and 1 km2 . Half of the time was
spent on 3D feature computation and probabilistic relaxation. The introduction
of the large-scale strategy did not allow to save much computing time per tile
(<2 minutes) but allowed for significant improvement when a high number of
areas is processed.
14

4.1.2. Methodology assessment
The workflow has been applied to the nine different datasets. Results are
presented in Tables 2 and 3. First, one can see that high accuracies were obtained (>85%), even with reduced training sets (0.1-3%). This shows that both
the feature choice and the learning strategy are tailored and efficient for the
classification at large scales of individual water points. The wide range of behaviour of both land and water areas was captured and accurate results can
be obtained for hundreds of a million points. Even though the training step
focused on land/water interface areas, the SVM was able to generalize on inland waters, harbours and rivers. This is illustrated in Figures 9 and 10 for the
two largest areas, where various landscapes far off training areas were correctly
labeled (e.g., Figures 9b, 9c, 9e, or 10f). In addition, the large-scale strategy
proved to be effective since Perpignan and Mayotte exhibited higher (or at least
similar) OA and κ values compared to the seven smallest areas. Therefore, our
approach is valid for regional mapping purposes without deterioration of the
overall performance.

Table 2: Overall Accuracy (OA) and κ coefficients, before and after filtering, for the two large
areas of interest.

After SVM
Area
Perpignan
Mayotte

After relaxation

OA (%)

κ

OA (%)

κ

97.47
96.55

0.91
0.86

98.27
96.62

0.82
0.74

Training
set size
(%)
0.14
0.03

Table 3: Overall Accuracy (OA) and κ coefficients for seven areas introduced in Section 2,
after the regularization process. Accuracy has been assessed of the whole point clouds.

Area (# pixels)
Martinique
(1,004,004)
Noirmoutier
(1,004,004)
Brittany
(1,006,009)
Moselle
(10,338,307)
Rhone
(2,005,985)
Miami
(2,001,187)
Louisiana
(14,385,225)

OA

κ

Training set size (%)

97.91

0.95

1.45

85.40

0.72

2.17

95.40

0.91

1.21

89.47

0.81

0.02

98.85

0.98

3.14

97.15

0.93

1.41

88.41

0.87

2.14
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Furthermore, classification performance does not depend on the provision of
larger training sets and accurate initial land/water interface. Very high accuracies were reached for Rhone or Miami datasets (>97%) even if river banks and
seashore have been coarsely delineated from aerial images.
Two main types of behaviour can be seen. First, contrary to existing water
classification methods, our approach was not limited to natural areas where no
anthropic items exist. It was able to deal with land regions with a complex
topography as well as terrains with high frequencies corresponding to cities:
harbours (Figure 9), a city located on a hill (Figure 10c), many small villages
around a bay (Figure 10d), and even islands with a mountainous tropical vegetation (Figure 10e-f). Indeed, land pixels were perfectly classified despite varying
slopes, land cover and use, and city density. Secondly, results show the robustness of the spatial features for quantifying the 2D and 3D distribution variability, namely fluctuations and low point densities. In Figure 9d, the measurement
density varies with the strength of the sea stream (higher in the direction of the
estuary and lower on the borders of the main current), but the water areas are
still correctly classified, as well as the immersed rocks close to the sea stream.
In Figure 9e, despite very low and fluctuating point density, the river pixels are
well labeled even for regions close to two small bridges. Furthermore, one of
the most challenging areas in terms of spatial distribution characterization is
presented in Figure 10f. The lidar point density largely varies for water and
land areas. In water areas, this is due to the absorption of the water column
and the varying number of strips, sometimes only acquired in parallel (West
part of the island), sometimes in parallel as well as orthogonal configurations
(Eastern part). For land area, lakes and reservoirs are present, the coast is
sharped with many disseminated small islands. In addition, the land cover and
the topography are very heterogeneous (airport, city center, crops, mountains
etc.). However, we noted that the results were very satisfactory (OA=95.2% for
Figure 10f), and that the method is adapted to many kinds of landscape.
The relevance of the filtering strategy using probabilistic relaxation is assessed
in Table 2 and Figure 4. Table 2 shows that the Overall Accuracy is only slightly
improved (+0.05%→0.8%), whereas in Figure 4 one can see that salt-and-pepper
noise resulting from pixel-based classification has been removed while preserving sharp boundaries. Misclassified pixels located in the middle of both regions are corrected, as well as those lying on class edges. Contrary to a simple
Gaussian weight that would have blurred such edges, the addition of the high
reliability of the SVM classifier using suitable training data allows to preserve
land/water borders. Both human structures and natural transitions (e.g., jetties
and beaches in Figure 4) can thus be correctly labeled despite initial individual
errors.
4.1.3. Classification assessment
Visual inspection is sufficient to validate the workflow but a closer look at
accuracy figures is necessary to prove the versatility of the method for various
datasets (Tables 2 and 3) and even for various landscapes in a specific region of
interest (here Perpignan, see Table 4). In the two largest areas, higher overall
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Figure 4: Improvement of classification performance with probabilistic relaxation. Water and
Land pixels are displayed in blue and orange, respectively. No-data pixels are grey. (a) Before
filtering: very local misclassification exists in both classes. (b) After filtering: such errors have
been removed using weighted neighboring labels. The focus on the particular areas show that
class boundaries are correctly preserved for both sharp and smooth edges.

accuracy has been reported for the Perpignan area (water: 99.7%-land: 96.8%).
This corresponds to a simpler landscape, with less carved and less steep shores,
as well as less complex inland water surfaces than in Mayotte (water: 98.1%land: 95.1%). In both areas, water areas are better discriminated than land
points. This is due to the great consistency in behaviour of the water points. In
the seven other areas, again the high accuracy reveals there was no significant
misclassification (in terms of area).
Table 4 shows that very good results were obtained in land/water classification
for a specific region and that we were also able to capture the high variability
of specific landscapes. The Overall Accuracy ranges from 95 to 99.5% for the
nine regions of interest (1 km2 each). Four of them did not contain any training
pixels, and 2-4% of the classified pixels in the other five ones. This once again
proves the SVM ability to generalize as well as its efficiency in the designed
learning procedure. Harbours, estuaries, cliffs, complex rocky shorelines, sandy
beaches can all be correctly classified with equal accuracy without requiring a
specific focus during the training step. Indeed, Figure 5 shows the versatility of
the approach in spite of the significant heterogeneity of the land object 3D signatures and the very different sizes of land objects to be discriminated within
each area. Moreover, the classifier was not disrupted by strong variations in
the surface relief and was able to deal with various vegetation canopy covers or
building densities. This ability is illustrated in Figure 5 (Complex land area and
Cliffs), where very high OA are reached (99.85% and 98.84%, respectively), de-
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spite steep slopes. The high vertical scattering of the lidar measurement is well
modeled with the scatter feature and is used in conjunction with 2D densitybased attributes, as proposed, to discriminate forested areas with dense canopy
covers (Martinique dataset) from water areas (OA=97.9%).
Furthermore, even though the workflow has been designed for large-scale discrimination, small features were correctly preserved: rocks (Cliffs, Figure 5),
bridges (Harbour ), canal locks (Figure 6) or ships of 5-10 m in length (Harbour,
Rhone, or Brittany), and small water surfaces in land regions (Brittany). In
the Miami dataset, bridge pillars were correctly labeled as land even though
the point cloud was locally very sparse (mean density around 0.3 pt/m2 for an
OA=97.15%).
Similarly to Schmidt et al. (2013), smooth transitions between both classes were
detected well. This was the case for sandy beaches, river banks, and even for
more complex landscapes such as the Louisiana bayou (Figures 5 and 8). This
is all the more mandatory in DTM generation and subsequent flood modeling,
rocks, breakwaters and bridges that must be well classified (>99% in all cases).
Despite low point densities (<4pts/m2 ), these items were correctly retrieved enhancing the relevance of the proposed classification features. This means that
surveys with relatively low spatial resolution are sufficient for water monitoring since oceans, rivers, and shallow channels were correctly classified. This is
enhanced in Figure 5 (Estuary and Rhone), Figure 6, and Figure 8 where the
hydrographic network is accurately delineated. Particularly in Figure 6, one can
see that the canal, small lakes and river branches were detected as water areas
despite very few lidar points. Therefore, our method proposes a strong alternative for coastal object detection (tidal channels, trenches, gullies), providing
they are filled with water. It is no longer necessary to develop an on-purpose
tracking method, dedicated to a specific pattern.
For urban areas (e.g., Complex land area and Harbour in Table 4 and Figure 5), water detection accuracy is higher than those obtained by Brzank et al.
(2008) and Schmidt et al. (2013), that range from 90 to 93%. The likely reason
for this is that their attributes may not have always been discriminative (e.g.,
lidar intensity).
4.2. Errors and uncertainties
Apart from specific issues discussed below, a visual assessment confirms that
errors mainly correspond to isolated misclassification (Figures 5, 9c and 10f),
even after regularization. Wrongly assigned isolated pixels were present in both
classes and are located when similar behaviour occurs. In water areas, this corresponded to 3D points close to the strip centers, for which higher and regular
point density was reported. This was due to the specular property of water
surfaces. Such errors can be easily filtered with the knowledge of the sensor position, similarly to (Höfle et al., 2009). Conversely, for land regions, pixels were
labeled as water for flat and very irregularly sampled surfaces. This was the case
for asphalt roads (Figures 11d,e): lidar pulses illuminating with high incidence
angle (>15◦ ) areas with low reflectance values were absorbed, resulting in lower
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Figure 5: Results over several areas of interest. The first three lines correspond to areas
selected within the Perpignan dataset. Specifications of all areas can be found in Table 1.
(a) Orthoimage c IGN. (b) Classified raster grid. Land and water pixels are displayed in
orange and blue, respectively. No-data pixels are white. (c) 3D view of the classified point
cloud. Water points are displayed in grey whereas land points are colored with respect to
their altitude.
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Figure 6: Results for the Moselle dataset. (a) Orthoimage c IGN. (b) Classified point cloud
(Land: orange – Water : blue – No-data: grey). Despite many lidar drop-outs resulting in
No-data pixels, the algorithm is able to retrieve most of the water pixels inside the river, the
canal, and the lakes.

Figure 7: Results for the Miami dataset. (a) Orthoimage c Google. Red and green triangles
show the location of the training areas for the two classes. (b) Classified point cloud (Land:
orange – Water : blue – No-data: grey). (c) and (d) 3D view of the classified point cloud.
Water points are displayed in grey whereas land points are colored with respect to their
altitude.
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Figure 8: Results for the Louisiana dataset. (a) Orthoimage c Google. (b) Classified point
cloud (Land pixels: orange – Water pixels: blue). We can note that the classification accuracy
varies with the point density, which comes from the overlapping rate between adjacent lidar
strips.
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Table 4: Overall Accuracy (OA) and κ coefficients for several areas of interest (AOI) of the
Perpignan dataset, after the regularization process. Accuracy of all the point clouds has been
assessed. No training set size is specified (–) when no pixels were selected in such regions
during the learning step, due to the large-scale process.

Area (# pixels)
Breakwater
(1,002,001)
Rocky sharped coast
(1,002,001)
Complex land area
(1,002,001)
Coast with rocks and ships
(1,002,001)
Estuary
(1,000,001)
Sandy beaches
(1,002,001)
Harbour
(1,002,001)
Cliffs
(1,002,001)
Beaches
(1,002,001)

OA

κ

Training set size (%)

99.44

0.98

2.18

99.00

0.97

3.65

99.85

0.99

–

98.79

0.97

4.45

98.09

0.96

–

96.95

0.93

3.04

99.20

0.98

3.77

98.84

0.98

–

95.40

0.86

–
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Figure 9: Classification results for the Perpignan dataset. (a) Orthoimage c IGN. (b)
Classification of the full dataset. (c) Focus on a complex harbour area. (d) Results for
an estuary with varying sea speeds. (e) Illustration of the effectiveness of the method for
a small river with bridges. The water class is blue, whereas the ground is orange. No-data
pixels are grey.
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Figure 10: Results for the Mayotte dataset. (a) Orthoimage c IGN. (b) Full dataset. Focuses
for several regions of interest: (c) Bay with cliffs and a city center; (d) Rocky cape and a
large sandy bay; (e) Island; (f ) A large island with a sharp seashore and a lake. The water
class is displayed in blue, whereas the ground is in orange. No-data pixels are colored in grey.
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point density. Such erroneous labeling may be solved using contextual and topographic knowledge, establishing whether such linear structures are linked to
other water surfaces or locally lie on a thalweg. Such misclassification would not
corrupt a land Digital Terrain Model computed from the labeled point cloud,
even at a high resolution (e.g., 0.5 m)
Nevertheless, two main problems can be noticed, corresponding to the areas with
lowest quality measures (namely Brittany, Noirmoutier, Moselle, and Louisiana),
where 85%<OA<95%. On the one hand, classification can locally fail in waterlogged areas. In the case of shallow waters such as marshland (Figure 5, Noirmoutier ), the laser pulse backscattering varied with both incidence angle and
water depth. In addition, the presence of many small linear anthropic structures led to difficult 2D and 3D point distribution modeling. Consequently, the
confusion between classes was higher (OA=85%). A similar behaviour was noticed for the Moselle dataset. While the canal is correctly classified, the river
exhibits a larger number of erroneous labels (Water accuracy: 80.2%) due to
very shallow depths and sandbanks coupled with narrow river branches. In the
case of mangroves, off-ground objects, especially vegetation, are submerged by
water and may not always be well discriminated (Figure 11a-b-c). The accuracy
of the results also depends on the tide strength, on the depth of the catchment
basins, and on the sediment level. For instance, Figure 5 (Brittany) illustrates
problems occurring when an area is acquired by several lidar strips with high
tidal conditions. Several parallel sea surfaces exist in the point cloud at the same
2D location, and the classifier labeled such areas as land (top left of the area).
Moreover, for low point density, the strong overlap between laser strips may result in densities similar in land and water areas. For nearly featureless areas, if
the terrain is flat or shallowly slopped (e.g., Louisiana dataset), misclassification
occurs for water points where the density is doubled (Figure 8). Nevertheless,
since the land/water classification was mainly performed for shoreline derivation, such errors did not result in a decrease in accuracy of the land/water
interface. Classification accuracy is still slightly higher than those obtained by
Brzank et al. (2008) and Schmidt et al. (2012) for similar terrain with more
advanced machine learning techniques. Furthermore, the choice of a 2D-based
classification can also lead to misclassification. First, for pixels mixing water
and land points, both labels are conceivable. The selection of a 1 m cell size
offered the right trade-off between computing time and accuracy but did not
prevent erroneous labeling. This can be seen for cliffs where high vertical shifts
existed, resulting in a small dilation of the land areas (Figure 5). This was also
the case for harbour areas where small objects such as jetties and boats were
classified as water.
The final probabilistic relaxation step had three negative aspects. First,
misclassification may be exacerbated. This happens when there is too large
a number of neighboring wrong labels (Figure 5, Harbour ), which favors the
spread of erroneous labels: this corresponds to a decrease of less than 1% in
accuracy, that is why Overall Accuracies (OA) are slightly smaller (95-96%) for
regions with larger water borders. This explained the difference in accuracy
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between regions with almost similar landscapes. For instance, Harbour and Estuary areas exhibited close topographic behaviors but sharp anthropic elements
within the Harbour dataset allowed to better delineate the land/water interface
(OA=99.2% > 98% for the Estuary dataset).
Secondly, whatever its label (correct or wrong), the class with the highest
local reliability was dilated. Since for the 1m resolution grid a 5×5 neighborhood
and a spatial Gaussian weight of σ=1 were adopted, the local erosion of either
land or water classes can reach up to 1m. The global high classification accuracy
allowed for a correct instantaneous shoreline and river bed extraction. However,
erroneous labels within the strip of 1-2 pixels width located on each side of the
land/sea interface will lead a 2 m planimetric accuracy after relaxation.
Thirdly, regularization may remove very thin objects but does not affect
larger objects of interest such as canals, breakwaters and bridges (Figure 4b).
Such an effect is emphasized with the variation of the κ-coefficient in Table 2.
Its values decreased for both Perpignan and Mayotte datasets. This reveals
that despite the fact that the probabilistic relaxation step provides smoother
and visually more satisfactory results, classification with lower confidence rate
was obtained, mainly due to the border effect explained above. In our context, the κ-coefficient was not useful for accuracy assessment but for evaluating
how we trusted our results, especially at the land/water interface. It indicated
whether such border has been correctly retrieved. Therefore, it could be used
to compare two areas with almost the same OA. The dataset with the highest κ
corresponds to an area with less sea/land transitions with probable indecision.
For instance, Beaches and Brittany areas (Table 4) have the same accuracy but
the latter one presents a higher κ value. A visual inspection (Figure 5) shows
that the Brittany coast was composed of a minority of beaches and a majority
of objects easy to delineate (harbours, cliffs). The very low κ-coefficient value
for the Noirmoutier dataset tends to show that many transitional areas should
exist within the area, which is true since it is mainly composed of marshes (confirmed in Figure 5).
Finally, even if most of the errors mentioned above may have been corrected
with a more efficient final regularization approach, our method failed and would
fail in more complex situations. The features we proposed and a pure pointbased method are not designed to discriminate land water-logged areas and with
shallow topographic relief such as many wetlands, marshes, flooded plains, or
rivers with a low water level. This is also true for sea surfaces in case of a
significant swell since such behaviour is not taken into account.
5. Conclusions
In this paper, we proposed a workflow for point-based land/water discrimination, which is efficient in terms of both classification accuracy and computing
time. It applies to various landscapes: it is suitable for small or large area mapping and it is able to deal with single strips or complex survey configurations.
Furthermore, we have designed a fully automatic workflow that only needs a
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Figure 11: Examples of areas with misclassified pixels. Above: Mangrove area of the Mayotte
dataset. (a) Orthoimage c IGN. (b) 2D classified grid (land: orange – water: blue). (c) 3D
view of the classified point cloud. The historical coastline is indicated by the continuous line.
One can see that the water channel is correctly retrieved but not the ditch water surfaces
(red circles). Below: Land area of the Perpignan dataset. (d) Orthoimage c IGN. (e) 3D
view of the classified point cloud. Water points are displayed in grey whereas land points are
colored with respect to their altitude. No water elements exist but the highway is labeled as
water.
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coarse delineation of water and land regions or an existing coastline or river
delimitation. Such inputs do not need to be accurate in planimetry, and the
effectiveness of our approach shows the potential for both coastline database
refinement and updating. The different landscape classifications proved the reliability of the method for both inland water surfaces, rivers and seashore areas,
while preserving a high accuracy and sharp boundaries between land and water
regions. Objects of high relevance such as bridges or canal locks are preserved,
even with low point density, allowing subsequent surface modeling valuable for
many applications such as flood simulation purposes.
Our method is limited to point-based analysis. Some reported failure cases
(asphalt roads, high-tidal variation) may be solved with contextual knowledge
integration and would not negatively impact Digital Terrain Model generation.
However, the classification of water-logged surfaces fails and requires a different
approach.
Our approach provides a satisfactory solution for updating national hydrographic databases and offers a strong basis for several more detailed landcover/land-use (LCLU) classifications that have already been tackled in the
literature. Such studies did not integrate land/water discrimination that eased
such processes: more categories could be found e.g., surface and vegetation
types (Straatsma and Middelkoop, 2006; Antonarakis et al., 2008), advanced
classifiers could perform better for LCLU classes with similar characteristics
(Gong et al., 2011), and evolving/non-evolving areas can be well detected for
correct topographic and bathymetric dataset fusion.
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