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ABSTRACT

The integration of Airborne Laser Scanning survey into archaeological research and
cultural heritage management has substantially added to our knowledge of
archaeological remains in forested areas, and is changing our understanding of how
these landscapes functioned in the past. Further, the results of ALS-based surveys of
woodlands can now potentially be incorporated into micro-regional and landscape scale
studies which rely on survey data, making an important contribution to our
understanding of settlement patterns and land use — but doing so requires us to recognize
and manage a host of biases inherent in ALS-based survey data. While many types of
archaeological remains manifest as micro-topography, several important classes of
features commonly appear as standing remains. The identification of these remains is
important for archaeological prospection surveys based on ALS data. Standing
structures in mixed scenes with vegetation are not well addressed by standard
classification approaches. In this paper we propose an approach to the identification of
these structures in the point cloud based on multi-scale measures of roughness, and
measures of local density and normal orientation. We demonstrate this approach using
discrete-return ALS data collected in the Franche-Comte region of France.

1. INTRODUCTION

1.1 Why identify standing archaeological remains in woodland and scrub landscapes?

The integration of Airborne Laser Scanning (ALS) survey into archaeological research and cultural
heritage management has substantially added to our knowledge of archaeological remains in forested
areas, and is changing our understanding of how these landscapes functioned in the past. Further,
the results of ALS-based surveys of woodlands can now potentially be incorporated into micro-
regional and landscape scale studies which rely on survey data, making an important contribution to
our understanding of settlement patterns and land use over time — but doing so requires us to
recognize and manage a host of biases inherent in ALS-based survey data. Ameliorating these biases
requires methodological development, especially in point clouds segmentation, because points
identified as terrain are the basic data for the digital terrain model, and for models of surface objects,
used for archaeological analysis and interpretation.

To date, the majority of the remains identified through ALS can be characterized as earthworks-
slight or sometimes substantial local variations in micro-topography [1]. While many types of
archaeological remains manifest as micro-topography, several important classes of features
commonly appear as standing remains. These remains typically represent structures from the Roman,
Medieval and early Modern periods in Old World (European) archaeology, and a failure to regularly
identify them in ALS could result in the underrepresentation of these periods. This problem is not
restricted to Continental and Mediterranean Europe; standing remains constitute important evidence
for settlement and other activities across a spectrum of culturalhistorical periods globally, for
example Puebloan archaeology of the Southwest United States[2], Mayan archacology in Central
America [3], or Angkor Period archaeology in Cambodia [4]. Broadly we may say that stone built
architectural remains are essential to the characterization of the site distribution and landscape
organization of many proto-historic and historic periods.

Version acceptée



Problematically for archaeologists, standing archaeological remains are frequently found in areas
characterized by dense low vegetation. In fact, the presence of standing remains can encourage the
growth of low and medium height vegetation. The presence of dense scrub surrounding standing
remains results in poor visibility on the ground, and can even prevent access to the remains in
extreme, but numerous, cases. This introduces a significant bias into pedestrian surveys.

Equally, standing structures in mixed scenes with vegetation are not well addressed by standard
classification approaches developed to identify bare earth (terrain), individual trees or plot
characteristics, or buildings (roofed structures). These structures are typically mixed into the low- or
medium- vegetation classes by terrain-seeking algorithms, and into ‘understory’ by vegetation
building-extraction algorithms. Thus, in ALS-based surveys we have a parallel bias to that seen in
pedestrian surveys: poor visibility of standing remains and a low likelihood that they will be noticed
and recorded.

In this paper we present a method for the identification of standing archaeological remains in
mid-resolution discrete return ALS data. We note that while in ALS-based survey, full-waveform
lidar data can provide a relatively straightforward path to distinguishing standing structures from the
surrounding vegetation based on echo-width filtering [5], the substantial archive of discrete return
ALS data must be treated using purely geometric measures, as in the method proposed below.
Further, echo-width filtering is not always sufficient to distinguish small archaeological remains
from surrounding vegetation, and the best approach for full waveform lidar classification may be
one that combines echo width filtering and the approach proposed in this paper. The case studies
presented here use ALS data collected for temperate European landscapes, but the results should be
applicable in Mediterranean landscapes where the detection of these remains has been particularly
difficult [6][7] and elsewhere.

2. METHODS AND ALGORITHMS

2.1 Summary of the proposed method

In this paper we propose a method to segment ALS point clouds representing mixed scenes
containing returns from terrain, vegetation, and standing archaeological remains using purely
geometric measures. This method has been developed using ALS data at a nominal density of 8
pts/m2, a resolution likely to become increasingly available to researchers and managers through
regional and national mapping schemes. In the proposed approach a point cloud representing a
mixed scene containing terrain, vegetation and standing archaeological remains is selected for
analysis. The point cloud was initially classified using a terrain-seeking algorithm implemented in
TerraScan (TerraSolid software). TerraScan relies on an adaptation of Axelsson’s algorithm, which
discriminates between terrain and vegetation points using a series of adaptive TINs [8]. This
algorithm is well suited for large scale terrain/non-terrain segmentation of point clouds, but
significantly less well suited to identifying individual components within the vegetation segment of
the point cloud. The pre-classified point cloud is then segmented on the basis of three criteria:
roughness (a measure of dimensionality), local density, and normal orientation. For the examples
presented here all roughness calculations were performed in CloudCompare, and density and normal
calculations were performed in Meshlab. Regions of points representing standing remains, which
were initially identified as vegetation by the Terrascan algorithm, are reclassified on the basis of
their low roughness, as calculated at multiple scales, low density as compared to terrain points, and
consistent normal orientation as compared to vegetation points.

In addition to presenting our core, original approach using multi-scale roughness, as presented at
CIPA 2013 [9] in this paper we demonstrate that the results obtained using Brodu and Lague et al.’s
metric, as implemented in CANUPO [16], can be used as an alternative to roughness, and serve as
an alternative input to the segmentation steps based on density and normal orientation. This is
consistent with the point made below, that the ideal measure of dimensionality (how 1D, 2D, or 3D
a geometry is) is not established. Presenting the use of an alternative metric to characterize
dimensionality serves to emphasize that our approach is not strongly dependent on the specifics of
the dimensionality metric used, or reliant on how it is calculated in a specific software program - the
principle of segmentation based on dimensionality characterized at multiple scales combined with
an opening operation is robust. Further, we demonstrate that in the special case of mixed scenes with
architecture and vegetation, further segmentation on density and normal orientation is necessary, as
implemented in our approach.

2.2 Related Approaches to Mixed Scenes



2.2.1 General ALS vs TLS classification approaches

The segmentation of point clouds created through laserscanning is a well-established problem. A
number of methods have been developed for ALS point clouds (see [10] [11] for an overview, [7]
for an overview as applied to archaeology) and for TLS point clouds (see [12] [13]). While we are
applying the approach proposed here to ALS data, the inspiration for the proposed method is drawn
primarily from approaches to the segmentation of TLS data. ALS classification strategies for
separating terrain, vegetation and buildings in rural scenes, operate on the principle of identifying a
more or less continuous surface, the ground, and then identifying other objects in relation to that
primary surface. This is not particularly useful in our application, as vegetation and standing remains
classes will be mixed, as noted above. Urban scene segmentation is now treated separately in the
ALS literature (see [14] [15] for urban scene segmentation), and our proposed approach is related to
some urban scene segmentation strategies, notably those using contextual classification strategies.
TLS segmentation has generally followed a connected components approach, segmenting a point
cloud into amorphous patches based on local statistical similarities, rather than searching for
surfaces. The identification of specific forms in the point cloud is carried out on a case-by-case basis,
with a signature developed for each form, e.g. cylindrical forms to detect branches and trunks in
vegetation scenes. Our method can be understood in this context, and addresses the class of forms
which typically describe standing remains, as they appear in mixed scenes with low and mid height
vegetation.

2.2.2 Multi-scale Segmentation applied to TLS point clouds of natural scenes

TLS scans of natural scenes that contain multiple elements, including vegetation, stones, and soil,
pose many of the same problems as mixed natural scenes in ALS, including heterogeneity in the
morphological characteristics of each class of features, random orientation of structural elements,
and local shadow effects in the point cloud. Consequently the fundamentals of the approaches
developed to segment scenes are similar. The approach developed by Lague et al. [16] [17], like the
one presented here, uses a measure of multi-scale dimensionality to characterize the local geometry
of the neighbourhood around each point. They develop a metric for multi-scale dimensionality based
on the dimensionality of a local neighbourhood sphere at varying scales around each point. The
metric implemented by Brodu and Lague is conceptually close to the roughness metric used in our
approach, in that it describes the local dimensionality of part of a point cloud.

2.2.3 Hierarchical Segmentation of ALS of Urban Scenes:

The classification of urban scenes in ALS data relies of different algorithms from those used for rural
scenes, and much work in this area focuses on correctly separating buildings, individual trees, and
other structures from the terrain. Successful approaches to urban scene segmentation include
wavelets (e.g. [18]), region growing (e.g. [19]) and RANSAC (e.g. [20]). Because the main features
of interest, e.g. roofs and building walls, are approximately planar, comparatively large, and not
immediately surrounded by other off-terrain returns, and the vegetation present is usually individual
or small groups of trees, without the presence of an understory, the approaches applied to urban
scene segmentation are unlikely to be successful for separating standing archaeological remains
from surrounding vegetation. Consequently, we do not review the methods in detail here.

2.1.1 A note on the metrics used

Roughness, a measure of spatial dimensionality, is calculated as the distance from each point to the
locally (least square) fitted plane. This least square plane is computed with all the neighbouring
points inside the sphere defined by a kernel radius. There are a number of alternative ways to
calculate roughness. Various methods have been proposed including analysis of fractal dimensions
[21], analyzing multi-scalar surface variograms [22][23], taking the standard deviation or range of
elevations at a set scale, taking the multi-scalar variation of slope or curvature, or calculating
variability after trend removal [24]. At the landscape scale Brubaker et al. [25] use four methods:
standard deviation of slope, standard deviation of curvature, standard deviation of residual
topography, and a pit fill metric, and note that different metrics will be appropriate at different scales
and data resolutions. In the approach presented here in first instance we defined the kernel sizes
based on the ALS data resolution, the scale of the remains studied, and by approximation guided by
a series of tests.

Density is calculated as the radius of the sphere that contains a point and its x number of
neighbours. Here we use 27 neighbours, representing a 3x3x3 matrix around each point. Density can
also be calculated as the number of points in a sphere or cube of a fixed radius. Because using a
fixed radius requires testing to determine the appropriate radius to correctly represent local densities



in the point cloud, and choosing an inappropriate value can lead to misleading results, we prefer the
neighbours-based approach.

Normal orientation is calculated at each point by selecting the closest neighbours and fitting a
least squares plane on those points. The normal direction is perpendicular to the center of that plane,
and stored as an unoriented normal on the vertex. In our approach we use 27 neighbours, typically
allowing points within 1-1.5m to affect the orientation of the LS plane. There are several alternative
means of calculating normal orientations for point clouds. Numerical optimizations, Area Weighted
and Angle Weighted Averaging, and Voronoi diagrams [26] are well known solutions for the
problem. Klasing et al. [27] present a good overview of the topic. While we have taken a simplistic
approach to normal estimation, in more complex scenes with standing remains in close proximity at
multiple orientations a more sophisticated approach may be needed.

The ideal measure of dimensionality to characterize 3D point clouds is a matter of debate. Fractal
dimensionality and multifractal measures [28] and spatial correlation measures [29] have been used
successfully on TLS data. Measures of roughness [30], density [31] and normal vector [32] are all
regularly used to segment point clouds. In our approach the combination of roughness, density and
normal orientation is preferred for distinguishing between approximately planar features (walls) and
surrounding amorphous points (understory canopy) at relatively coarse resolutions compares to
typical TLS data. The originality of our approach is in combining the measures, and iteratively
calculating them across multiple scales in what is essentially an opening operation. The application
to standing archaeological remains in mixed scenes is also, according to the literature, original.

2.1.2 Advantages of the proposed method

The proposed method has several advantages. First, computation is relatively rapid, because the 3D
point cloud is treated directly and interpolation is avoided. Further, it is implementable using basic
point cloud morphology metrics, meaning it can be carried out using a variety of open source
software packages. Finally, only a few parameters need to be tested and set. Consequently, this
approach can be implemented and adapted by researchers with limited computing resources, making
it widely accessible. Further, the approach proposed here is flexible, in that the number of scales
over which the calculation is performed can be varied, and the dimensionality metric, as discussed
below, can be varied. This flexibility provides the means to adapt the filtering process to variations
in conditions and to more or less complex study areas.

2.3 Detailed Description of the proposed method

2.3.1 Multi-scale iterative roughness calculations

In the first stage of the analysis local roughness values are calculated for each point at a scale sl.
The roughness calculation is basic: at each point the roughness is calculated as equal to the distance
between the point and the least square best fitting plane computed on its nearest neighbours. Points
with fewer than 3 nearest neighbours within the sphere defined by the scale of the analysis are
assigned an invalid scalar value (NaN) [33]. The Weibull distribution of the roughness values is

calculated and points falling within one and two standard deviations (g) of the distribution are

identified. Points with roughness values exceeding 1 ¢ of the roughness distribution are removed.
Roughness values are then recalculated on the modified point cloud on a smaller spatial scale S2 and

points exceeding | g are again removed. In the third pass, the roughness values are recalculated on
a larger scale S3. For ALS data at nominally 8 pts/m2 and archaeological features at the 1-5m scale,
S1 is set at Sm. The parameters S/, S2 and S3 (figure 1) should be varied with respect to the scale of
the standing remains sought and the nominal point
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Figure 1: Spatial scales of analysis are represented as spheres, shown in relation to points from
the point cloud.

density of the ALS data. (See below for a more general discussion on setting spatial scales of
analysis.) For the case studies here, these parameters were set at 5, 3 and 11m. The selection of
appropriate scale parameters is essential for the identification of standing architecture, and
successful segmentation.

2.3.2 Alternative multi-scale spatial organization calculation using CANUPO

The results of the CANUPO program developed by Lague and Brodu work well as an alternative
dimensionality input (alternative to roughness) in our approach. In their metric for each point a
spherical neighborhood is computed at each scale of interest S, and a Principal Component Analysis
(PCA) is performed on the re-centered point coordinates. The proportions of the eigenvalues of the
PCA are used to define a measure of local dimensionality per scale. The full feature space, taken
over multiple scales S is used in defining a classifier by projecting the data into a plane of maximal
separability and then separating the classes in that plane [16].

2.3.3 Setting scales for multi-scale spatial organization calculations

Selecting appropriate scales for the multi-scale analysis, and the best number of neighbours for
density and normal estimation calculations, is essential. To best select the scales appropriate to the
data at hand, we begin by posing the question: at what scales do the different classes of objects look
different? This is the key question, whether the roughness metric or a PCA of eigenvalues like that
used in CANUPO or another metric of dimensionality is used. With data at a point spacing of 0.5m,
at the 1m scale all objects will look morphologically similar because there are not many points
available in a Im radius and the number of possible shapes formed by these points is limited. At Sm
meaningful differences between different classes of objects can be. At large scales, all shapes again
begin to look similar. If the largest object in a scene is 15m tall and 8m wide, measurements of
dimensionality at the 50m scale will not be meaningful. The aim is to select a range of scales from
where spatial structures begin to emerge through where the largest object is smaller than the scale
of analysis.



2.3.4 Segmentation on local density:

After initial segmentation of the point cloud based on multi-scale roughness, some points classified
as vegetation remain in the scene. In the case studies here, these are clearly distinguishable by local
point density. Local point densities are calculated on a 3x3x3 matrix of neighbours, and areas with

low point densities, typically beyond 2¢ in the distribution, are excluded. In the first two examples
shown here, the use of a 3x3x3 matrix of neighbours produces good results. At other scales, it may
be appropriate to vary the size of the neighbourhood. Optionally, a second pass of density
segmentation may be undertaken, varying the size of the neighbour matrix.

2.3.5 Segmentation on normal orientation

After segmentation on local density remaining components can be separated into individual walls,
and walls distinguished from terrain and any remaining vegetation components on the basis of
normal orientation. Normal orientations are calculated for the resulting point cloud on the basis of
each point’s neighbours (26 neighbours are used in these calculations, representing an extended
plane without a preferred orientation) [34]. The normal orientations are also used to differentiate
between multiple structures at different orientations in the scene, on the basis of dominant normal
orientation. As with local point densities, a second pass may be needed if features at substantially
different scales are present in the scene.

2.4 Intended Applications

Archaeological sites on which standing remains may be expected are often identified in ALS data
on the basis of more easily detected and visualized microtopographic features, e.g. mounds, ditches,
cuttings, or platforms. This approach is intended for the analysis of forested scenes, where the
potential for standing structures has been established. Consequently, the sites assessed for this paper
are relatively small (under 1 ha.). This approach could be scaled up to address larger areas, but the
problems of doing so, notably increased computational expense, are not addressed here.

3. CASE STUDY SITES

The approach developed to identify standing remains was tested at three sites with known standing
structures. Two of these sites, Montfaucon and Bregille, contain substantial preserved walls, and the
dominant scale of the standing archaeological features is 2-5m. At the third site, Chapelle des Buis,
the dominant scale of standing features is 0.25-1m. All three sites were characterized by mixed
deciduous forest with medium to dense understory canopies.

Figlire 2: Standing remains at Montfaucon. Correct classification in the ALS point cloud
(inset).



3.1 Montfaucon

3.1.1 Results using the original roughness metric

In the sample scene of the chateau and the deserted village of Montfaucon a single long wall,
preserved to more than 2m in height and less than 1m in width is present (figure 2). 3.1.1. Results
using the original roughness metric. After the roughness segmentation, as explained in the protocol
above, some vegetation points remain (figure 3). Local point densities are calculated for the resulting
point cloud and final remaining vegetation components, characterized by low point densities, are
removed. Areas with consistent normal orientations (figure 3) define regions of terrain and standing
architectural remains.

These regions of coherent normal orientations can be identified using a connected components
calculation, a clustering approach, or by using a metric for similarity to neighbours. Terrain regions
are confirmed by checking against the initial Terrascan classification of the point cloud. The resulting
point cloud contains three classes: terrain, standing remains, and vegetation (figure 5).

3.1.2 Results using the alternative CANUPO metric

As with the original roughness metric, using CANUPO (scales S 1m-10m, 0.5m intervals) for the
dimensionality metric points belonging to the wall class are correctly classified, and some vegetation
points remain. These components, representing the strongly structured parts of the vegetation
canopy, e.g. branches, have a similar roughness and density to those from wall components, and
therefore remain after the density step. However, these components have normal oriented strongly
toward the Z+ axis or less coherently oriented than those from the wall component, and are therefore
removed through the normal orientation segmentation step (figure

4).

Density (27 neighbours) Normal Vector
y g

10000 ®

Figure 3: Some vegetation components remain in the Monfaucon scene after roughness
segmentation, but can be distinguishes on density and normal orientation coherence.
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Figure 4: Profile slices after CANUPO classification.
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Figure 5. Final segmentation of the Montfaucon scene.
3.2 Bregille

_
—
Figure 6. (a, left) Points coloured by density and normal direction represented as vectors.
Individual walls are distinguished in this example on the basis of normal orientation. (b, right)
The results of the CANUPO classification as an alternative first step. The rectangle marks the
location of some mis-classified terrain points. Again, Individual walls are distinguished in this
example on the basis of normal orientation



3.2.1 Results with the primary method

The remains at Bregille are, as for the Montfaucon scene, initially segmented based on roughness
values, iterating over the point cloud at scales S1=5m, S2=3m, and S3=11m. Two vegetation
components remain. The local density values for the remaining points are calculated, and points with

density values falling outside 2 ¢ of the density distribution are classified as vegetation and removed.
At this point only returns from the terrain and the standing remains are present in the point cloud.

Terrain points, as identified in the initial TerraScan classification, are removed and the standing
remains can be segmented into individual walls based on normal orientation (figure 6a). Some
misclassified terrain points remain after the density segmentation and removal of TerraScanclassified
terrain points, but these can be distinguished on the basis of their normal orientation, strongly along
the z-axis.

3.2.2 Alternative calculations based on CANUPO

To demonstrate the robustness of our approach to variations in the calculation of dimensionality, we
classified the Bregille scene using CANUPO. Spatial scales between 1m and 10m were used, at
0.5m intervals on training datasets for ‘wall’, ‘vegetation’ and ‘terrain’. As with our original
calculations using roughness, these scales are defined based on the resolution of the data, size of the
objects in each class, and preliminary tests at various scales to determine which produced the best
separation between classes (following the data driven approach used by Brodu and Lague). The
reported balanced accuracies for the classifications were very good (ba>0.98). The classification
resulting from this step is in many ways similar to that from the roughness step in our standard
approach, but we note edge effects at the limits of the dataset (figure 6a). Removing these edge areas
leaves a ‘walls’ class similar to that obtained using the standard approach.

3.3 Chapelle des Buis

In this scene small walls, of less than 50cm in width and preserved to less than 1m in height are
present among dense scrub, under a mixed deciduous canopy. In this case initial calculation of the
roughness values at scales of 1, 3, 5, and 7 m reveal a different situation than at Montfaucon or
Bregille. Here the lowest roughness values correspond predominantly to the understory canopy
rather than to the terrain (figure 7).

Roughness (5m)

Figure 7. Dominant vegetation in this scene results in the lowest roughness values at the
5m scale (shown here) appearing in the understory canopy, and higher roughness values appearing
on the terrain and standing archaeological remains.

It is clear from this initial step that the approach taken at Montfaucon and Bregille will not
succeed in this case, due to the extremely dense understory combined with the small scale of the
features present. Rather than removing points with roughness values beyond 1o in the roughness
distribution, we invert the procedure and retain these points. The result is a point containing the
majority of the terrain points and a number of vegetation components.

The usual procedure is now followed, segmenting the cloud on roughness, local point density,
and normal orientation. The resulting point cloud does not contain concentrations of low roughness
returns with coherently oriented normals. Visits to the site reveal structures (figure 7, inset) were not
identified using the proposed approach. Based on a visual inspection of the point cloud we conclude
that the small number of returns from these structures, fewer than 12 on a typical wall, combined
with a strongly structured vegetation canopy, prevents their successful identification using this
approach.



4. RESULTS

In this paper three scenes were used to demonstrate an approach to the identification of standing
architectural remains in mixed natural scenes using purely geometric measures of the point cloud.
Using data collected at 8 pts/m2 standing architectural remains at the 2-3m scale (vertical height)
are successfully identified in medium density understory beneath a deciduous canopy. However,
smaller remains, of less than 1m in height and located in dense understory canopy, are not detected
regardless of the metric used for spatial dimensionality. We predict that remains on this scale would
be detected under similar vegetation conditions with ALS data collected at a higher point density.

5. DISCUSSION

The principles of distinguishing standing archaeological remains, terrain and vegetation in ALS data
by using local measures of dimensionality (roughness or PCA), density and normal orientation are
illustrated in this paper. The results presented here show that a combination of metrics results in a
better classification than the use of a single multi-scale metric. For example, after the classification
of the Bregille scene based on multi-scale roughness or dimensionality as calculated in CANUPO,
some vegetation points are present in the segmented point cloud, which should only contain terrain
and standing remains’ points. However, further segmentation on the basis of point density allows us
to correctly identify these points as vegetation.

Sloping or otherwise varied terrain and standing architectural components of the point cloud can
have very similar roughness values across multiple scales, but can be clearly distinguished based on
dominant normal direction because terrain components will have normals predominantly oriented
towards the z-axis (except on extremely steep slopes) and standing architectural components will
have normals predominantly oriented in the plane of the x-y axes. Even in the cases of relatively
steep local slopes, as seen at Montfaucon (figure 3) the normals on the sloping terrain are oriented
more strongly toward the z-axis than the normals from architectural components. This allows for
successful segmentation into connected components and discrimination based on dominant normal
orientation. In conclusion, we emphasize the flexibility and robustness of the proposed approach, as
demonstrated by the parallel tests in the Bregille and Montfaucon case studies in which we use both
CANUPO and the traditional roughness metric. The approach is, as explained above, robust to the
details of the metric used, which is beneficial as researchers may implement it in software with
variations on algorithms and are not restricted to using the programs used here. The principles of
combining metrics for dimensionality (roughness), density and normal orientation, and the opening
operation within the multi-scale dimensionality calculation, are the core of the proposed method.
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