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Abstract

Ground point filtering on national-level datasets is a challenge due to the presence
of multiple types of landscapes. This limitation does not simply affect to individual
users, but it is in particular relevant for those national institutions in charge of pro-
viding national-level Light Detection and Ranging (LiDAR) point clouds. Each type
of landscape is typically better filtered by different filtering algorithms or param-
eters; therefore, in order to get the best quality classification, the LiDAR point cloud
should be divided by the landscape before running the filtering algorithms. Despite
the fact that the manual segmentation and identification of the landscapes can be
very time intensive, only few studies have addressed this issue. In this work, we
present a multistage approach to automate the identification of the type of landscape
using several metrics extracted from the LiDAR point cloud, matching the best fil-
tering algorithms in each type of landscape. An additional contribution is presented,
a parallel implementation for distributed memory systems, using Apache Spark, that
can achieve up to 34X of speedup using 12 compute nodes.
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1 Introduction

At the present time, the transversal role of ALS (Airborne Laser Scanning) point
clouds is unquestionable in large-scale geospatial applications such as agrofor-
estry, archeology, 3D urban characterization or landslide recognition [1-4]. The
transversality of LIDAR (Light Detection and Ranging) data has been made pos-
sible thanks to the rapid development of 3D acquisition techniques and data pro-
cessing software (specialized tools for extraction, manipulation and analysis of
3D data) [5, 6]. These technological developments together with the multi-pur-
pose character of ALS point clouds have resulted in many geographical national
agencies collecting and delivering large size 3D point cloud datasets covering
large areas. In Spain, the IGN (Instituto Geogrdfico Nacional) has gone from
providing LiDAR data with a nominal point density of 0.5—2 points/m? (sec-
ond LiDAR cover, 2016-2021) to delivering data with a nominal point density
of 5 points/m? (third LiDAR cover, 2022-2025), although, depending upon the
region, higher densities may be available (14 points/m? in the region of Navarra).

A major step in the use of LiDAR data is per-point classification to better
address the needs of the applications based on it, especially the differentiation of
ground and non-ground points. By point classification, we refer to the process of
assigning a class to each point from a wider set of possible classes, not limited to
ground or non-ground. This differentiation is a critical step in multiple applica-
tions since it allows to clearly identify the ground level for further applications
[7, 8].

The task of point classification has been around for years, and there has been
large amounts of work done in improving the existing proposals [9], either to
increase accuracy, defined as the ratio of points correctly classified in several ref-
erence or benchmark datasets; or performance, defined as time required to clas-
sify a set. Improving the precision of the classifiers increases the quality of the
results, which can have benefits in further processes. Increasing the performance
allows to finish the classification task faster, or classify larger point clouds in rea-
sonable amounts of time.

As a result of the longevity of this process, there is a plethora of different
approaches to point cloud classification in the literature [10]. All of those propos-
als can be categorized in different ways, according to different features. We can
differentiate four types of classifiers: geometric classifiers, traditional machine
learning classifiers, modern machine learning classifiers, and hybrid classifiers
that use geometric and machine learning together.

Geometric classifiers use purely heuristic algorithmic approaches to perform
the classification of the points, using the data contained in the point cloud or
derived from it. Multiple analyses can be performed on the geometric data in the
point cloud, such as local point density, slope, elevation, normal vectors or copla-
narity [11]. A critical step in most of these classifiers is segmentation, a process
in which the point cloud is divided into multiple homogeneous regions, and there
are multiple techniques for it, from edge detection [12] to region growing [13],
model fitting techniques and unsupervised clustering [14].
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The second type uses machine learning techniques from other fields, like image
processing. The typical examples are creating images and then applying image seg-
mentation techniques followed by assigning the class from each pixel to all of the
points that the pixel is representing. There are multiple examples of these classi-
fiers, using several approaches like support vector machines (SVM) [15], Markov
Random Fields (MRF) [16] and Conditional Random Fields (CRF) [17]. There are
also some established approaches, AdaBoost-based proposals are common [18], and
CapsNet deserves a special mention since it is the basis of several other approaches
[19].

The third type of classifiers fully exploit the recent advancement in machine
learning using new techniques and exploiting the point data directly, instead of con-
verting it to other types of data, a task that was very challenging due to the size of
the data. However, the surge of deep learning opened the way to exploit this path,
with competitive results compared to other proposals. One of the most important
classifiers of this type is PointNet [20] and its derivatives such as PointNet++ [21],
due to being one of the first to use point data directly in a neural network, and being
the base for multiple improvements and extensions, becoming a sort of reference
when benchmarking new proposals. Multiple proposals in this category exploit the
convolution operation, some generating multiple images from different viewpoints
to apply a more traditional convolution layer, for example, SnapNet [22], or using a
voxelized version of the data like VV-NET [23]. Some works focus their efforts on
the application of machine learning for geospatial point clouds to build geospatial
digital twins at several scales, from indoor models to virtual 3D city models [24].

The last category encompasses approaches that combine machine learning with
geometric approaches, and as such it can cover vastly different proposals, but there
are fewer examples. Some proposals are more similar to geometric approaches, for
example, using traditional region growing to segment the point cloud, then using
a SVM to classify each region [25]. Other proposals use more complex steps, for
example, combining Morphological Profiles and Convolutional Neural Networks
[26].

Ground point filtering, the differentiation of ground and non-ground points, has
specific characteristics that can be exploited to improve the results. As a result,
ground point filtering has dedicated research as well as algorithms, usually in the
geometric category. In this field, hybrid methods usually refer to those methods
that combine other ones in some way, with no regard to the type of each method
combined. In the literature, there are multiple classifiers based on morphological
filters, such as the Simple Morphological Filter (SMRF) [27] used by the Point
Data Abstraction Library (PDAL), the displacement segmentation filter [28] or
the LIDAR2MDTPIlus [29] algorithm. Other approaches are based on the surface
method such as the Cloth Simulation Filter (CSF) [30], expectation maximization
[31], Progressive Triangulated Irregular Network [32] used by Lastools or the com-
bination of multiple methods [33]. A review of the updated ground filters can be
found at [34].

Another challenge in this process is that different classifiers are more suited
for some types of landscape and data sources. In [35] an in-depth study of several
ground point filtering algorithms is shown on data from airborne LiDAR as well
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as UAV (Unmanned Aerial Vehicle) photogrammetry-based point clouds, including
some of the ones used in this work, while another study on the impact of differ-
ent characteristics is shown on the performance of different classifiers in [36]. Most
studies into point classification are focused on one type of landscape, with urban
landscapes being the most frequent. This responds to the fact that urban landscapes
present more types of non-ground objects (buildings, vehicles, low and high vegeta-
tion, or road signaling) in higher concentrations in the same area, they are a more
challenging landscape with more potential applications of the filtered point cloud.

On a larger scale, county-, province-, state- or even nation-wide, multiple types of
landscape are present. These massive point clouds present additional challenges in
the ground point filtering task due to the sheer size of the data (excessively long exe-
cution times, around 11 days for the complete dataset used in this article) and due to
the heterogeneity of the different landscapes. Using only one classifier is not the best
for every case. In some landscapes, like mountainous regions with little vegetation,
most classifiers offer worse precision in the results compared to other landscapes,
and different classifiers have wildly different results.

Our proposal consists of a multistage approach for ground filtering, using the
geometric data contained in the point cloud to identify the type of landscape present
in each area. The classifier and configuration to use for each area is selected accord-
ing to the type of landscape identified in the area.

The sizes that modern datasets can reach are large enough, with 5 Terabytes (TB)
of compressed data and over 130 billion points for the complete dataset used in this
work, to exceed the computational capabilities of current computers. Some distrib-
uted computing proposals have been presented to exploit the computational power
of distributed memory systems for point classification and other tasks [37-39]. Our
proposal can make use of these distributed memory systems to increase perfor-
mance, being able to parallelize the execution of the same stage for every area in the
dataset. This is achieved through the use of the Apache Spark framework running on
a local cluster.

This article details our proposal followed by an analysis of the results obtained.
Section 2 introduces the dataset used and the specific areas of study. Section 3
describes in detail each of the stages of the proposal. Section 4 details the distrib-
uted memory implementation using Spark. Section 5 shows the analysis of the
results obtained from different points of view and Sect. 6 closes the paper with some
conclusions and future work.

2 Datasets

Considering that this research is conducted at national-level, which seeks to maxi-
mize the use of the compute resources, the PNOA LiDAR data over the region of
Navarra [40] is used as benchmark and validation sets of the proposed methods
(National Plan for Aerial Orography, hereafter referred to as PNOA) (see Fig. 1).
One of the most distinctive characteristics of these point clouds is the point den-
sity, 14 points/m?, while the point density is less than 4 points/m? in the remaining
regions of Spain.
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Fig. 1 Study area and the location of each LiDAR data file

LiDAR data used in this study were collected using a Single Photon LiDAR sen-
sor (SPL100) mounted on the Beechcraft B200 King Air aircraft between September
and November 2017 and covers the region of Navarra (Spain). The point clouds cor-
respond to the second round of nationwide ALS measurements, which are publicly
available in Spain through PNOA. Square LiDAR blocks (files) of 1 km side, with
a nominal point density of 14 points/m> were obtained from [40]. Each file (LASzip
files, compressed version of LAS files, version 1.4 [41]) contains the points located
in the 1 km? area it covers. We will refer to these files as tiles.

The point cloud in each tile includes, in addition to the usual point coordinates,
RGB (Red, Green and Blue color channel data) and NIR (Near-InfraRed) attributes
for each point, derived from a fast orthoimage collected using an RCD30 camera on
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a joint flight with the LiDAR sensor. Although this orthoimage may be displaced
several meters in relation to the ALS point clouds, this limitation will not negatively
affect the identification of the landscape. Furthermore, the data are already classified
using automatic classification with machine learning processing and a subsequent
process adjustment before being made public as a product of the PNOA project.
Finally, the data used in this research are stored in 107 tiles, each one covering
a 1 km X 1 km area, for a total of 75 Gigabytes (GB) of data containing over 2
billion points. Forty tiles, 10 for each type of landscape (agriculture, forest, urban,
and mountain), were used during the development of the lanscape classification pro-
cess (benchmark set), while another 67 tiles (validation set) were used to evaluate
the process developed with the benchmark set. The type of landscape of each tile
has been manually identified. Table 1 includes the characteristics of benchmark and
validation data sets, and Fig. 1 shows the location of tiles in the region of Navarra.

3 Overall structure

This section details how the proposed system works, including implementation
details. Figure 2 shows the preprocessing phase and the multistage approach work-
flow. Before the execution of the multistage approach, a preprocessing phase is per-
formed to prepare the LiDAR point cloud with the goal of avoiding problems due
to the size of the files. This preprocessing can keep the original LAS files or split
them if they exceed a defined size (e.g., 1 million points). This preprocessing is due
to several factors. For example, some classifiers may have some limitations on the
amount of points that they can process at a time, regardless of whether or not that
limitation is intentional. More importantly, the size of the tiles plays an important
role since it has a very notable impact in the correct identification of the landscapes.
On the one hand, tiles that cover areas too large increase the chances on containing
multiple types of landscape in different parts of the tile, which results in less clear-
cut metrics for the tile difficulting the identification of the predominant landscape, as
well as forcing the use of a potential suboptimal classifier in the less dominant types
of landscape. On the other hand, tiles that cover areas too small create challenges for

Table 1 Characteristics of the

set of tiles used as benchmark Sets Landscape  Points (million) Der}sﬁy Size (GB)
L (points/
and validation for each type of m?)
landscape
Benchmark Agriculture 125 12.5 4.7
Urban 165 16.5 6.3
Forest 331 33.1 12.6
Mountain 128 12.8 4.9
Validation  Agriculture 258 12.9 9.7
Urban 246 13.6 9.4
Forest 324 16.2 12.3
Mountain 427 47.4 16.2
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Fig.2 Preprocessing phase and the multistage approach workflow

landscape identification since they may not contain enough data for the metrics to
have a strong basis and can cause misclassifications of the landscape. The best sce-
nario is to have tiles as large as possible containing only one type of landscape. This
effect will be explored in Sect. 5.2.

The stages in our proposal are as follows. In the first stage, all of the necessary
metrics for the second stage are calculated (see Sect. 3.1). The second stage is land-
scape identification and algorithm assignment, in which the metrics extracted are
used to identify the type of landscape and assign the algorithm or configuration (or
several of them) to use for that tile (see Sect. 3.2). In this work, 4 types of landscape
are differentiated: agriculture, urban, forest, and mountain areas. In the example tile
shown in Fig. 2, the tile is identified as an urban landscape and therefore SMRF
done by PDAL is chosen for that tile, represented in the figure with a light blue
highlight of the urban landscape and appropiate filter. The third stage is the main
stage where the point filtering is performed using the selected algorithm for each tile
(see Sect. 3.3).

3.1 Metric computation

Different datasets provide different types of data. Most modern datasets provide
color information in the form of RGB data, while a few of them also provide NIR in
addition to the RGB data. This variablity in data provided is supported in the data
format normally used to make the datasets available, the LAS data format. The data-
set used in this work uses the LAS data format version 1.4, using the point record
format 8 of the standard, which stores both RGB and NIR data for each point, which
can be used to get some metrics that cannot be obtained in other datasets.
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In this work, three metrics are used: height histogram, NDVI ratio (normalized
differential vegetation index) and return number ratio. If NIR data are available,
NDVI can be calculated for each point. Alternatively, if NIR field is not available,
the intensity field can be used instead. NDVI is a widely used metric for measuring
the presence of vegetation [42]

Height histogram is calculated by binning the points by their elevation over the
minimum elevation (minZ) of the tile, using 1 m high bins. The height of the bins
(1 m) was selected due the speed of computing the corresponding bin for each point
and it provides enough differentiation between the types of landscape to be detected.
The corresponding bin for a point can be easily calculated by subtracting minZ from
the Z coordinate of the point and truncating the resulting value to the closest lower
integer and increasing the count on the corresponding bin. This metric can differen-
tiate between largely flat areas, that show notable peaks in the histogram, and areas
with a wide range of elevation, such as areas with steep inclination.

NDVI is an indicator widely used to analyze remote sensing measurement, usu-
ally from satellite or aerial photogrammetry, and it can assess whether or not the
target contains live green vegetation. With point-wise red and NIR data, the NDVI
value can be calculated for each point. The NDVI ratio used in this metric is calcu-
lated by obtaining the NDVI for each point using NIR and red channel data accord-
ing to the following equation:

NDVI = NIR — R (1)

NIR + R

In the equation NIR and R are the infrared and red color channels, respectively. The
range of NDVI is divided into three categories: low (NDVI < 0.1), medium (0.1 < =
NDVI < =0.5) or high (NDVI > 0.5). A low NDVI value is indicative of no vegeta-
tion, a medium value indicates some types of soil or growing vegetation, growing
crops in the early stages for example, and high NDVI values indicate strong pres-
ence of vegetation like tree canopies or fully mature crops. The NDVI is calculated
for each point and the counter of points in the corresponding category is increased.
The end result is the amount of points in each category of NDVL.

Additionally and specially important for the cases where NIR is not available,
return number ratios are also calculated. For this metric, we count the amount of
points of each return number. Although this data can be extracted from the LAS
format header, to avoid using incorrect or outdated data, our proposal computes this
metrics by checking each point while computing the other metrics.

3.2 Landscape identification

This stage performs two tasks that are tightly linked. The first task is using the met-
rics obtained to identify the landscape present in the tile, and the second task is
selecting which classifier to use for that landscape.

For the first step, a decision tree based on the categorization of the metrics
obtained in the first stage is used. This decision tree is based on knowledge from
experts in the field and a visual analysis of the computed metrics, with further tests
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of multiple configurations to fine-tune the values of each parameter involved. All
of the metrics for each of the benchmark data tiles (see Table 1) are analyzed to
develop the conditions to identify each landscape type.

Figure 3 shows the height histograms for one example of each type of landscape,
agriculture in Fig. 3a, urban in Fig. 3c, forest in Fig. 3e and mountain in Fig. 3g. The
vertical axis displays the bins, and the values are the height over minZ for the tile, in
meters. The horizontal axis shows the ratio of points that are in each bin, as a ratio
of the total points. If the bar for a bin reaches 0.55, 55% of the points in the tile are
located 1 m apart in the vertical coordinate. Please note that not all of the figures
have the same horizontal range. In the graphs one bar is drawn for each bin and in
high slope tiles there are a lot more bins and they blend together. The goal of the
first part of this stage is to detect patterns in the metrics that allow the categoriza-
tion of them and identify the predominant landscape present in the tile. 10 tiles of
each type of landscape are analyzed to identify patterns that differentiate the needed
categorizations.

The height histogram for agriculture shows a clear peak of points between 3 and
4 ms above minZ (third bar from the bottom), containing more than 50% of the total
points in the tile, and the total vertical range is small compared to the other histo-
grams, all of the points are within 30 ms of minZ. Figure 3b shows an image of one
of the agriculture tiles. In the urban tile, the vertical range is larger and the points
are more distributed, but there is still a bin with much more points than the rest, at
35 ms above minZ, even though it only contains 13% of the total points. Figure 3d
shows an image of one of the urban tiles.

In the forest tile there is no outstanding peak, no bin reaches 2% of the total
amount of points, with a more smooth distribution of points, which contrasts with
the two previous examples. Figure 3f shows an image of one of the forest tiles. The
mountain tile, defined as a high slope area with little vegetation, shows a similar
picture to the forest tile, very few bins reach barely over 1%, and there are even more
bins increasing the vertical spread. Figure 3h shows an image of one of the moun-
tain tiles.

These height histograms can be categorized into two categories based on the
presence of peaks or whether there are large concentrations of points into small
ranges of elevation. If peaks are present, the height histogram is classified as a com-
pact height histogram and when the points are more uniformly distributed it is clas-
sified as sparse height histogram. Agriculture and urban areas have compact height
histograms since they are flatter areas. Forest and mountain areas have sparse height
histograms since the tend to have steeper inclines and in the case of forests on flat
land, they will have multiple returns inside the canopy which spread the points along
the height of the trees. The exact conditions and values to classify a height histo-
gram as compact or sparse will be studied and tuned in Sect. 5.1.

The NDVI metric can be used to detect a relevant presence of vegetation. The
top part of Fig. 4 shows the ratio of points in low and medium NDVI ranges,
aggregating the data of the 10 studied tiles for each type of landscape. There is
not enough points in the high NDVI range to show in the graph. In the agriculture
and forest areas the ratio of points in the low NDVI range is noticeably lower, less
so in the agriculture areas since the data was captured in autumn where less crops
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Fig. 3 Example height histograms for a tile of each landscape type
give higher values for NDVI. It is possible to use this to differentiate between

tiles with and without vegetation. The tile can be categorized as vegetation-sug-
gesting NDVI when the ratio of points in either medium or high is large enough,
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or bare ground-suggesting NDVI otherwise, when the vast majority of points fall
into the low NDVI category. The exact ratios to classify the tile as vegetation-
suggesting NDVI will be studied and tuned in Sect. 5.1.

When NDVI is not available, the ratio of points with each return number can
be used. The bottom part of Fig. 4 shows the results aggregating the data of the
10 tiles of each type of landscape. The margins are much tighter with this metric,
for example mountain areas have more points with higher return numbers than
forest areas. This metric is more sensitive than NDVI and therefore we recom-
mend the use of NDVI when it is available.

With all of this data at hand, a decision tree based on the possible categoriza-
tions is developed, shown in Fig. 5. This tree has two decisions, the first one uses
the height histogram to separate the agriculture and urban tiles from forest and
mountain tiles. The second decision uses the NDVI to differentiate between agri-
culture and urban, and between forest and mountain, depending of the result of
the first decision. A more detailed explanation of how this decision tree is used in
provided in Sect. 5.1.

Once the type of landscape is identified, the classifier to use for the tile is
selected using a direct mapping of landscape type to a classifier. The mapping
shown in the figure is the result of the testing performed in Sect. 5.2.
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LIDAR2MDTPLUS-1.0C

Fig.5 Decision tree with the classifiers to use in each landscape

3.3 Ground point filtering and assessment

The third stage performs the ground point filtering. The actual inner working of this
stage depends heavily on the classifier in use since this stage is tasked with getting
the data of the tile ready to be filtered.

In this proposal, three different classifiers are used: LIDAR2MDTPlus [29],
SMREF using PDAL [27] and lasground from LAStools [43]. These classifiers were
selected due to the capability of being able to integrate them into the multistage
pipeline and Spark distributed implementation. Both LIDAR2MDTPlus and PDAL
are based on morphological filters, exploiting the changes in the elevation of non-
ground points after the morphological operation is performed. Lasground, on the
other hand, uses an adaptive TIN method, using triagulation and densification steps
to progressively include all ground points in the triangulated DTM (Digital Terrain
Model). Two different configurations for LIDAR2MDTPlus are analyzed, as they
behave notably different in each landscape. More algorithms were considered but
those were unable to be integrated into the multistage pipeline for several reasons,
for example the software ecosystem present in the cluster.

The need to have RGB and NIR values makes it not possible to test on more com-
mon datasets such as ISPRS, as it does not have the required data to calculate NDVI
for each point.

We have access to LIDAR2MDTPIlus’ source code, and it is already written in
Java so it can be directly integrated into our proposal, loading the data into mem-
ory before performing the filtering. PDAL and LAStools are external tools, inte-
grated into our proposal by invocating the command line tools from the Java Virtual
Machine. The results with LAStools are obtained by dividing each tile in order to
not violate the licensing restrictions.
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For the analysis of the the effectiveness a comparison of the results of each classi-
fier is performed, comparing against the point class with the classification for each
point provided by the PNOA project, checking that each point has the correct classi-
fication, identifying true positives (TP) or correctly classified ground points, true
negatives (TN) or correctly classified non-ground points, false positives (FP) or non-
ground points incorrectly classified as ground, false negatives (FN) or ground points
incorrectly classified as non-ground, and total point count (TPC). With those statis-
tics, the three often used errors are calculated: type I error (omission error, ground

. . FN ..
points wrongly classified as non-ground FN+TP)’ type II error (commission error,
FP

non-ground points wrongly classified as ground PN

. . FN+FP
sified points TPC ) [44].

Each application and use case of the filtered point cloud is more dependent on
low error rates of different types and therefore all of the error rates are shown so
the reader can make an informed decision based on their particular case. Table 2
shows the error rates for the agriculture tiles used in the previous section. Table 3
shows the error rates on urban tiles. Table 4 shows the error rates on forest tiles, and
Table 5 shows the error rates on mountain tiles. The best classifier in each case is
indicated by a italics.

It is clear that some classifiers show better results in different types of landscape,
with agriculture being a bit more challenging for all classifiers and mountain being
a very challenging landscape for all of them. Every classifier has one of the partial

) and total error (wrongly clas-

Table 2 Classifier error rates on

. . Classifier Total % Type I % Type I %
agriculture tiles
PDAL 8.17 0.33 25.07
LAStools 9.46 8.44 11.63
LIDAR2MDTPlus-0.25CS 8.99 0.24 27.84
LIDAR2MDTPlus-1.0CS 6.72 4.33 11.89
Table 3' Classifier error rates on Classifier Total % Type 1 % Type 1 %
urban tiles
PDAL 3.71 2.89 4.50
LAStools 5.69 8.47 3
LIDAR2MDTPlus-0.25CS 6.00 231 9.59
LIDAR2MDTPlus-1.0CS 4.79 7.28 2.38
Table 4‘ Classifier error rates on Classifier Total % Type 1 % Type I %
forest tiles
PDAL 2.16 0.96 2.33
LAStools 5.21 40.41 0.38
LIDAR2MDTPIus-0.25CS 2.44 1.47 2.57
LIDAR2MDTPlus-1.0CS 2.57 15.15 0.85
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Table 5 - Clgssiﬁer CITOr Tates on (<. i Total % Type 1 % Type 11 %
mountain tiles
PDAL 12.86 2.08 34.59
LAStools 25.43 34.80 6.55
LIDAR2MDTPlus-0.25CS 12.87 4.49 29.74
LIDAR2MDTPlus-1.0CS 29.09 39.68 7.78

errors much higher than the other, but not all the classifiers agree on which type of
error is low. With this information the decision tree in Fig. 5 is completed to include
which classifier should be used in each landscape type.

Some external tools provide the results in a LAS format different from input,
which causes loss of data in some cases. One example is input in LAS version 1.4
but output is in LAS version 1.2 which does not support NIR data. Some post-
processing of the results of the classifiers can be performed to avoid this loss of data,
by loading the point data from the input tile, identifying the same point in the output
of the classifier and overwriting the classification on the input tile data with the class
of the point taken from the output of the classifier.

The process of identifying the same point in both files is performed using the
point coordinates, allowing a configurable margin of error, set to 1 cm for the data-
set used in the test with a point density of 14 points/m?. Nonetheless, not all of the
points are matched sometimes and some points are lost in the classification process,
but this amount is small enough to not be too relevant. In order to keep that amount
as low as possible, after all of the points have been tested for a match, a final match
is attempted on every remaining point increasing the margin to 10 cm.

4 Distributed computing execution

While all of the processes described to this point can be executed using traditional
data structures from Java like lists, the pipeline is designed to be executed in par-
allel through Apache Spark. Apache Spark is a parallel framework that allows the
use of distributed memory system to parallelize the execution of pieces of code on
large amounts of data. Spark achieves most of its goals through the use of Resilient
Distributed Datasets or RDDs, an abstraction similar to a list that represents a set of
elements distributed among the compute nodes available. Operations executed on
the elements of this RDD are executed in parallel in the compute nodes that hold the
elements, each node performing the operation on the elements it is storing. As long
as there is enough memory to store the data in the RDD aggregating the memory
available on all of the nodes, the data is kept in memory accelerating the execution
of the operation, persisting and recovering from disk data when the total size is too
large, providing a transparent out-of-core computation on very large datasets.

RDDs are also the basis to other benefits that Spark provides. All of the opera-
tions executed on the RDD are added to a graph and when a task fails, Spark auto-
matically recovers from the error by reconstructing the part that was lost using this
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graph, executing the necessary operations since the last persisted state of the lost
part of the RDD. This makes Spark an excellent choice for parallelizing the process-
ing of large amounts of data, as it provides fault tolerance with no extra effort.

Our multistage approach is designed to leverage Spark to parallelize each stage.
This is performed by creating an RDD with the paths of every input tile and per-
forming each stage as a map operation on the RDD. Figure 6 shows how the RDD
evolves during the entire pipeline. Each map and reduce operation (the transitions
between RDDs) can be applied at the same time on all elements of the RDD as long
as there are enough resources available.

This parallel execution puts a lot of strain on the filesystem due to all of the read-
ing operations required to perform each of the stages, specially in the filtering stage
with external tools where writing is also involved. The input and output folder are
required to be accessible by all computer nodes, using a network accessible filesys-
tem. This is required since the input tiles are read in several stages by the worker
nodes, and also written to disk in the filtering stage to be able to use external tools.

Spark follows the design of moving the computations to the location of the data.
The distribution of the data in the RDDs is what allows this feature, however, it
requires the data to be completely loaded into a RDD. In our proposal, we need
to use external tools that cannot access the data in the RDDs from outside of the
processes managed by Spark, so those external tools are not aware of the locality of
the data. It could still be exploited by exporting the data from the RDD to local disk
before using external tools, introducing the I/O overhead once again and negating
most of the benefits.

Some measures were taken to reduce the I/O overhead. The proposal uses local
storage on the compute node for storing input and output data for external tools,
avoiding the I/O traffic caused by the filtering process through the network. For each
task that needs to use external tools, the input tile is written on local storage in the

Fig.6 Evolution of the RDD during the multistage approach execution
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node that will execute the external tools, and the final result is moved, writing it
in the shared filesystem that stores all of the filtered tiles resulting of the filtering
stage. Replacing the external tools with other classifiers more tightly integrated in
the pipeline helps to reduce the I/O overhead since less data needs to be written to
disk to be filtered, it can be done directly in memory.

All of the processing in the different stages other than the execution of the clas-
sifiers themselves is performed with an out-of-core strategy, reading and writing to
disk in chunks to keep memory consumption low. The size of the chunks is defined
as a set amount of points read/written each time and the exact amount is adjusted to
allow the concurrent processing of multiple tiles without exceeding available mem-
ory when Spark executes multiple tiles in the same node.

5 Performance analysis and results

In this section, the performance of our multistage approach is analyzed from differ-
ent points of view. In Sect. 5.1, the first two stages are evaluated with an analysis
of the landscape identification success rate. In Sect. 5.2, the complete multistage
approach is assessed in accordance with the accuracy of the ground filtering process.
To close the section, the Spark implementation is evaluated in Sect. 5.3 by measur-
ing the time required to perform the ground filtering on all of the tiles used in this
work using different amounts of resources.

Throughout this section and in view of the characteristics of LiDAR data (see
section 2), we can compare the results of our multistage approach to the classifica-
tion in the original data to measure the errors in classification. This dataset includes
overlap points, sensor noise and other problematic data, but it is clearly labeled
using custom LAS classes for the points and is simple to remove those noisy points
simply removing the points with certain classes in the preprocessing phase.

5.1 Landscape identification

The first set of tests are focused on the two first stages of our proposal. The goal is
to evaluate the capabilities of the metrics and decision tree used. The testing is per-
formed on 10 tiles of each type of landscape as benchmark, manually selected and
classified using satellite image. Table 1 shows the characteristics of the set of tiles
used for each type of landscape, number of points and memory requirements. As
indicated above, each tile occupies an area of 1 km?, so 40 km? are being processed.
It should be noted that, in general, the tiles are located in different zones of Navarra
(see Fig. 1). These tests have a double purpose, fine tuning the values of the param-
eters and conditions used in the decision tree and show the capabilities of the second
stage in detecting the type of landscape present, both with and without optimized
values for the parameters.

On each step of the decision tree, there are several conditions according to the
metrics presented in Sect. 3.1 to classify the metric toward one type of landscape.
Different values for each parameters of those conditions are tested and the success
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rate of the second stage is evaluated, the one that performs the type of landscape
detection. More than 60 different configurations were tested, only the most repre-
sentative are shown in this work. The descriptions of the conditions used in each
step of the decision tree as well as the terminology used to reference each parameter
are detailed in the next paragraphs while the values used in each configuration tested
are shown in Table 6.

For the first step of the decision tree, the one that categorizes the height histo-
gram, a couple of definitions should be provided first. The histogram peak is defined
as the bin with the largest amount of points. A close fo the peak bin is defined as a
bin that contains more than a set percentage of the points of the peak bin, said per-
centage being named histogram peak percentage (hpp). A minor bin is defined as a
bin with less points than a set percentage of the total, named minor bin limit (mbl).
With those terms defined, the conditions checked to categorize the height histogram
are as follow: A histogram is directly categorized as compact if there are less than
30 bins, once those bins with less than 5 points are discarded to eliminate outli-
ers that disrupt the height histogram. A histogram is directly categorized as sparse
if the peak contains less than than a set percentage of the total points, referred as
peak minimum percentage (pmp). A histogram is directly categorized as sparse if
the minor bins accumulate more than a set percentage of the total points, referred as
minor bins aggregated ratio (mbar). Lastly, a histogram is categorized as compact if
the percentage of bins close to the peak exceeds a set amount named percentage of
peak bins (ppb) and it is categorized as sparse otherwise.

For the second step in the decision tree, the one that uses the NDVI or return
number metrics, one conditions for each metric is applied. If the NDVI is used, a
tile is categorized as vegetation-suggesting NDVI if the sum of points with medium
or high NDVI values exceeds a set percentage of the total points, named ndvi_veg.
When the return number is used, a tile is classified as vegetation if the points of sec-
ond return exceeds a set percentage of the total, named nr2, or the the points of third
return exceeds different set percentage of the total points, named nr3.

An explanation of the classification of each tile is as follows: the height histogram
and NDVI ratios for the tile are calculated. The tile is then categorized as compact
height histogram or sparse height histogram using the corresponding values of the
parameters: hpp, ppb, pmp, mbar and mbl. The NDVI ratios are used to categorize
the tile as vegetation-suggesting NDVI or not using the ndvi_veg parameter if the
NDVI data is present, otherwise the return number ratios are checked using the nr2
and nr3 parameters. The tile is then classified following the decision tree of Fig. 5,

Table 6 Values, in percentages, D
used for the categorization of
the metrics in the decision tree

hpp ppb  pmp  mbar mbl ndvi_veg nr2 nr3

1 75 10 1 80 1 15 - -
2 75 10 1 80 1 - 20 10
3 75 10 1 80 1 10 - -
4 75 5 1 80 1 15 - -
5 - - 5 - - 13 - -
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the type of height histogram is checked, if it is a compact histogram, it will be either
an agriculture or urban tile. If it has a vegetation-suggesting NDVI it is categorized
as agriculture, otherwise it is categorized as an urban tile. If the height histogram
was sparse, it can be either a forest or mountain tile. If it has a vegetation-suggesting
NDVI it is categorized as forest, otherwise it is categorized as a mountain tile.

Table 6 shows the exact values used for these parameters in each configuration.
Table 7 shows the results in landscape identification with a confusion matrix using
overall accuracy as the metric to base the decision of which configuration is bet-
ter. The table shows the amount of tiles of each type of landscape detected for each
set of tiles, for the configurations tested. For each landscape type shown in the first
row of Table 7, it displays the amount of tiles classified as agriculture (A), urban
(U), forest (F) and mountain (M). The first column of both tables contains an iden-
tification number for referencing the configuration used between the tables and the
following list describing them in text. The last three columns show the correct iden-
tification rate on the two steps of the decision tree (S1 indicates the success rate of
correclty categorizing the height histogram as compact or sparse and S2 indicates
the success rate of correctly categorizing the NDVI ratios or return number ratios
as vegetation-suggesting), as well as the final identification rate on the last column
(S3).

Of all of the combinations used, the one that shows the best results is the fifth
one, which checks whether or not any bin of the tile exceeds 5% of the total points.
This is a condition that differentiates the flat tiles from the inclined tiles with an
accuracy of 100% in the 40 tiles tested.

For the second step of the decision tree, NDVI shows better results, with a cor-
rect identification on the second step of up to 92.5%. Agriculture and mountain
regions are more challenging. The only misclassified agriculture tile is caused by
the presence of crops with lower NDVI values in the time of year at the moment of
data acquisition. Figure 7 shows the tile in question using the RGB data in the point
cloud. While it is evident that it is an agriculture area, the vegetation present does
not reach the threshold for medium NDVI values, the fields around the center of the
image being a good example. In the case of the misclassified mountain tiles, it is due
to the presence of enough vegetation to reach the NDVI threshold, even though the

Table 7 Landscape identification for each landscape type

Agriculture Urban Forest Mountain Total (%)

D A U FMAUFMAUTF MAUTFMSL S S3

1 § 2 0 0O 0 10 OO0 O O 10 0 O 8 1 1 80 925 725
2 6 4 0 0 3 o0 0 o0 2 8 6 2 0 2 80 475 425
3 9 1 0 0 2 o o0 o0 o0 10 0 1 7 2 0 80 85 67.5
4 8§ 2. 0 0 0 7 03 O O 10 0 O 8 1 1 725 925 65

5 91 0 06 0 10 0 0O 0O 0 100 O O 2 8 100 925 925

For each metric configuration (ID rows), the number of landscape types is indicated: Agriculture (A),
Urban (U), Forest (F) and Mountain (M). The total percentage of succes on the first stage of the tree
(S1), the second stage of the tree (S2) and the whole tree (S3) is indicated in the last columns
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Fig.7 Misclassified agriculture tile, classified as urban, shown using the RGB data of each point

slope is high enough to be classified as mountain. These two cases, agriculture tiles
with non green types of crops or mountain with forest present, would be subclas-
sifications of the landscapes used in this paper. However, we have left those tiles in
our analysis in order to test our proposal in some borderline cases. Figure 8 shows
one of the tiles using the RGB data in the point cloud. The configuration in row 5 of
Table 7 is the one that will be used for the rest of the tests.

5.2 Classification results

In this section, the accuracy of the whole multistage approach is analyzed on the
final results, ground filtering. All of the stages are performed in each set of tiles,
extracting the metrics, identifying the landscape and running the best classifier for
the landscape detected, for each tile. The results are measured by comparing the
classification produced by our multistage approach with the original classification
provided by the dataset provider.

Fig.8 One of the misclassified mountain tiles, classified as forest, shown using the RGB data of each
point
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Table 8 Error rates of the

. . Classifier Total % Type I % Type I %

different classifiers and the

multistage approach on PDAL 8.17 0.33 25.07

agriculture landscape using the

benchmark tiles LIDAR2MDTPlus-0.25CS 8.99 0.24 27.84
LIDAR2MDTPlus-1.0CS 6.72 4.33 11.89
Multistage 6.84 4.27 12.37

T'.."ble J Err0r~rates of the Classifier Total % Type 1 % Type II %

different classifiers and the

multistage approach on urban PDAL 3.71 2.89 4.50

landscape using the benchmark

tiles LIDAR2MDTPlus-0.25CS 6.00 2.31 9.59
LIDAR2MDTPlus-1.0CS 4.79 7.28 2.38
Multistage 3.71 2.89 4.49

Ta‘\ble 10 Errqr rates of the Classifier Total % Type I % Type II %

different classifiers and the

multistage approach on forest PDAL 2.16 0.93 233

landscape using the benchmark '

tiles LIDAR2MDTPlus-0.25CS 2.44 1.47 2.57
LIDAR2MDTPlus-1.0CS 2.57 15.15 0.85
Multistage 2.16 0.93 2.33

Table_ 11 Error ra.te‘s of Classifier Total % Type I % Type II %

the different classifiers and

the multistage approach on PDAL 12.86 208 34.59

mountain landscape using the

benchmark tiles LIDAR2MDTPlus-0.25CS 12.87 4.49 29.74
LIDAR2MDTPlus-1.0CS 29.09 39.68 7.78
Multistage 12.86 2.08 34.59

Type I and Type II reference errors are calculated, as well as the total error.
Applications that use ground filtering as a step preferably use a type of filter
that minimizes one of the above errors, even if the other error is increased. For
example, in power line detection applications, ground points are removed and
only non-ground points are processed, so low Type II errors are critical to avoid
removing points that need to be processed. However, in applications for railway
infrastructure, low Type I errors are desired, as the relevant points are the ground
points to analyze the condition of the terrain along the track.

Tables 8, 9, 10, 11 and 12 show the tests performed on the same set of tiles
used in the previous section, called benchmark tiles, with 10 different tiles of
each type of landscape. LAStools is not considered in these tests since it was not
found the best in any of the landscapes. The best classifier is highlighted by a
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Table 12 Error rates of the

different classifiers and the Classifier Total % Type % Type IT%

multistage approach aggregating  ppay 5.33 1.64 7.69

all four landscapes using the

benchmark tiles LIDAR2MDTPlus-0.25CS 6.10 2.23 8.57
LIDAR2MDTPlus-1.0CS 8.28 16.98 2.73
Multistage 5.11 2.79 6.59

italics in its row based on the total error, highlighting the best total error for each
case in bold text.

These tables show that our multistage approach obtains the same result as the
best classifier for each case, except for agriculture regions. In agriculture tiles, the
misclassified tile causes the multistage approach to use PDAL in that tile, which
results in a difference in the errors in the direction of the values achieved by PDAL.

The results for mountain tiles show a high error rates in some of the errors types
checked, and therefore it is more difficult to name one classifier as best. Due to the
fact that the misclassified mountain tiles are identified as forest, which also uses
the same filtering algorithm (PDAL), our multistage approach achieves the same
error rates as PDAL. When all 40 tiles are agregated, the results for the multistage
approach are better than using only one classifier in all of the tiles, this is the main
goal of the proposal.

To evaluate the selected metrics and conditions, a set of validation tiles are incor-
porated to each type of landscape (see Table 1), tiles that were not used during the
development of the metrics. Table 13 shows the type of landscape detected, both for
benchmark and validation tiles, while Tables 14, 15, 16, 17, and 18 show the ratio
of errors when these tiles are incorporated. The best configuration from Table 7 is
able to detect the correct type of landscape in an automated way with a success rate
of 91% on these additional tiles, with an overall success rate of 91.5% when both
benchmark and validation tiles are considered.

The results when the validation tiles are incorporated remain similar to the results
with only benchmark tiles, although the results for forest tiles deserve further expla-
nation. With the additional tiles, the best classifier according to the total error for the

Table 13 Landscape

. . . Tile set Landscape detected Success %
identification success rate

AG UR FO MO Total

Benchmark Agriculture 9 1 0 0 10 90
Urban 0 100 0 O 10 100
Forest 0 0 10 0 10 100
Mountain 0 0o 2 8 10 80

Validation ~ Agriculture 20 0 0 0 20 100
Urban 2 13 1 2 18 72.22
Forest 1 0 19 0 20 95
Mountain 0 0 0o 9 9 100
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Table 14 Error rates of

the different classifiers and

the multistage approach on
agriculture landscape using the
benchmark and validation tiles

Table 15 Error rates of the
different classifiers and the
multistage approach on urban
landscape using the benchmark
and validation tiles

Table 16 Error rates of the
different classifiers and the
multistage approach on forest
landscape using the benchmark
and validation tiles

Table 17 Error rates of

the different classifiers and
the multistage approach on
mountain landscape using the
benchmark and validation tiles

Table 18 Error rates of the
different classifiers and the
multistage approach aggregating
all four landscapes using the
benchmark and validation tiles

Classifier Total % Type I % Type I %
PDAL 7.43 0.32 27.11
LIDAR2MDTPlus-0.25CS 8.62 0.28 31.71
LIDAR2MDTPlus-1.0CS 6.66 4.39 12.96
Multistage 6.7 4.38 13.15
Classifier Total % Type 1 % Type II %
PDAL 5.66 342 8.30
LIDAR2MDTPlus-0.25CS 8.08 2.39 14.79
LIDAR2MDTPlus-1.0CS 6.99 9.79 3.67
Multistage 5.93 4.02 8.18
Classifier Total % Type I % Type I %
PDAL 3.95 1.17 4.40
LIDAR2MDTPlus-0.25CS 4.49 1.45 4.98
LIDAR2MDTPlus-1.0CS 3.19 12.54 1.70
Multistage 3.94 1.26 437
Classifier Total % Type I % Type II %
PDAL 23.70 18.83 38.99
LIDAR2MDTPlus-0.25CS 26.84 25.23 31.88
LIDAR2MDTPlus-1.0CS 59.24 76.65 4.55
Multistage 23.70 18.83 38.99
Classifier Total % Type I % Type I %
PDAL 10.43 8.75 12.16
LIDAR2MDTPlus-0.25CS 12.20 11.19 13.24
LIDAR2MDTPlus-1.0CS 20.15 36.25 3.62
Multistage 10.35 10.02 10.69

whole set of tiles is LIDAR2MDTPlus-1.0CS, while the best one was PDAL when
only the benchmark tiles were considered. However, even if LIDAR2MDTPlus-
1.0CS achieves a lower total error, Type I error is notably higher than PDAL’s Type
II error, exceeding 12%, while PDAL achieves both partial errors below 5%. For this
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reason, we consider PDAL a better balanced classifier, and preferred for a general
use of the filtered point cloud. Since the one used by the multistage approach on
forest tiles is still PDAL, the results achieved by the multistage approach are very
similar to the ones achieved by PDAL, since it is the classifier selected for all but
one tile, as shown in Table 13. 10 benchmark tiles and 19 out of 20 validation tiles
are classified as forest and use PDAL, while the remaining tile is classified as agri-
culture and LIDAR2MDTPlus-1.0CS is used in that tile, causing the difference in
Type I and 2 errors, in the direction of the values achieved by LIDAR2MDTPlus-
1.0CS. Both PDAL and Multistage rows are highlighted in a lighter gray to indicated
that, while not the best result in this particular set of tiles, PDAL is the reference for
forest tiles.

Once again, our multistage approach is capable of achieving the best total error
when all of the tiles are aggregated. The proposed system is capable of matching the
designated best classifier in each type of landscape using an automated process, with
a maximum deviation on the total error of 0.27%.

5.3 Distributed computing performance

To close this section, the performance that Spark achieves is analyzed. For this
analysis, we use a cluster with 13 nodes, each one equipped with two Intel Xeon
E5-2660 Sandy Bridge-EP with 8 cores each at 3.0 GHz for a total of 16 cores, 64
GB of memory and one 1 TB local hard disk drive. Multiple sets of tiles are used to
get a more comprehensive analysis. The files are hosted in a shared filesystem acces-
sible by all of the compute nodes.

Table 19 shows the execution time of the complete multistage pipeline in hours
(T), the speedup (SP) achieved of the parallelization for different amounts of com-
puter nodes, reserving one node for the Spark driver to reduce the interference with
the nodes performing the classification, and the performance in millions of points
processed per hour (pt/hr). Each configuration is named with the number of nodes
used (N) and the total number of cores (C) available for performing the filtering. The
sequential configuration performs the processing without using Spark, using only
one processing thread that performs each stage for all of the tiles before progressing

Table 19 Spark implementation execution times and speedups on Plutén. T shows the time in hours and
SP shows the speedup compared to sequential

Configuration B B+V 4-split B
T SP pt/hr T SP ptthr T SP pt/hr
Sequential 820 - 90 1839 - 109 745 - 101
Spark IN 16C 224 367 335 2.97 6.18 673 1.07 698 703
2N 32C 1.79 46 420 2.26 8.15 887 054 1379 1387
4N 64C 096 853 779 1.89 9.75 1062 037 2022 2034
8N 128C 093 88 803 0.92 1996 2173 026  29.11 2927
12N 196C - - - - - - 022 3432 3452
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to the next stage. B test uses the Benchmark tiles, 40 tiles described in Table 1. B+V
test uses as input data the Benchmark+Validation tiles, also using tiles described
in Table 1, for a total of 98 tiles. 4-split B test shows the results when each tile of
the benchmark set is divided into 4 by dividing each axis in half, totaling 160 tiles.
With sufficient computational resources to perform the parallel classification of each
tile, the total execution time of a test is the processing time of the slowest tile. To
explore the impact of this time on parallelization performance, each tile was split
into 4 smaller tiles to reduce the number of points in each tile with the goal of reduc-
ing the execution time of the slowest tiles.

The speedup achieved in the B test stagnates around 8.5x using 4 nodes, with
little improvement going to 8 nodes since with only 40 tiles, 4 nodes already have
enough cores to dedicate one to each tile. The speedup is therefore dictated by the
time required to complete the slowest tile.

To analyze these results, Fig. 9 shows the time required to process each of the
tiles in each set. These tiles are not balanced in terms of the run time required to
filter the ground points. With few tiles, the slowest tile quickly becomes the bot-
tleneck, while in cases with a larger number of tiles, there is a possibility that the
slowest tiles are grouped with the fastest, spreading the heavier workloads among
different nodes.

When the size of the tiles is reduced, the execution time required to process each
one is also reduced. In the 4-split B Test, the capabilities of our proposal is proved
reaching speedups of 34x. This is due to there being no tiles that dominate the exe-
cution time too much. If a large enough number of tiles is processed, no individual
tile represents a large part of the total processing time, as well as allowing more bal-
anced workloads.

4000
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Time (s)
o ®@oo
® Odo

1000

= -

B B+V 4-Split B
Tile sets

Fig. 9 Times required to filter each tile in each set
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6 Conclusions and future work

A multistage approach for ground point filtering for automatic territory-level
classification with no human intervention is presented in this paper, requiring low
execution times thanks to the parallelization using Spark. Our proposal uses sev-
eral stages before performing the ground point filtering to identify the type of
landscape for each tile and uses a classifier well suited for each tile. The first
stage extract several metrics from the point cloud data, metrics that are used in
a second stage to identify the type of landscape present. A third stage performs
the ground point filtering using the configured classifier for the type of landscape
found. A Spark implementation is also presented, allowing the use of distributed
memory systems to reduce the time required to perform the ground point filter-
ing. This is thanks to the implementation of each stage as a map operation in
Spark, using RDDs that transfer the relevant data between the different stages.
Spark performs the execution of each stage in parallel in multiple tiles.

The results achieved in the landscape detection stage show a 92.5% of success
rate on the benchmark tiles, and an overall 91.5% correct landscape identification
when additional unseen tiles are incorporated to the dataset. The results achieved
in the ground point filtering when using the multistage approach are similar with
the best classifiers in each type of landscape. While, due to its nature, the pre-
sented multistage approach cannot improve the results of the best classifier when
looking at only one type of landscape, it allows the automatic use of the best clas-
sifier for the landscape present on large-scale datasets where multiple types of
landscape are present, improving the results of the entire dataset.

The Spark implementation presented allows a speedup of the entire multistage
approach up to 34 times in a distributed memory system using 12 compute nodes.
The performance ceiling is highly dependent on processing time required by the
slowest tile in the set.

The work ahead begins with exploring more metrics and classifiers, in order to
increase the diversity of landscapes that can be detected, as well as increasing the
accuracy of the landscape identification, critical to achieve the best classification
results. There are some that will be studied such as horizontal coplanarity, normal
vector diversity, local point density, slope and elevation, but not limited to those.
With regards to classifiers, our focus will be incorporating different classifiers
that use different algorithms, as well as looking for more specialized classifiers as
long as the landscape they specialize can be detected.

There are more open research paths that will be explored later on. New stages
can be incorporated to the pipeline, for example to divide and group tiles to fit
the best size for the metrics and classifiers used, automatically. The multistage
approach can also be adapted to other application domains like indoor scans or
mobile mapping data, by changing the situations that can be indentified in the
second stage and changing the classifiers in the third stage.
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