> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 1

Semantic segmentation of terrestrial laser
scanning point clouds using locally enhanced
Image-based geometric representations

Yuanzhi Cai, Lei Fan, Peter Atkinson and Cheng Zhang

Abstract—Point cloud data acquired using terrestrial laser
scanning (TLS) often need to be semantically segmented to
support many applications. To this end, various point-based,
voxel-based and image-based methods have been developed. For
large scale point cloud data, the former two types of methods often
require extensive computational effort. In contrast, image-based
methods are favorable from the perspective of computational
efficiency. However, existing image-based methods are highly
dependent on RGB information and do not provide an effective
means of representing and utilizing the local geometric
characteristics of point cloud data in images. This not only limits
the overall segmentation accuracy, but also prohibits their
application to situations where the RGB information is absent. To
overcome such issues, this research proposes a novel image
enhancement method to reveal the local geometric characteristics
in images derived by the projection of the point cloud coordinates.
Based on this method, various feature channel combinations were
investigated experimentally. It was found that the new
combination IZ. D, (i.e., intensity, enhanced Z coordinate and
enhanced range images) outperformed the conventional IRGB and
IRGBD channel combinations. As such, the approach can be used
to replace the RGB channels for semantic segmentation. Using this
new combination and the pre-trained HR-EHNet considered, a
mean Intersection over Union (mloU) of 74.2% and an Overall
Accuracy (OA) of 92.1% were achieved on the Semantic3D
benchmark, which sets a new state-of-the-art (SOTA) for the
semantic segmentation accuracy of image-based methods.

Index Terms—deep learning, point cloud, semantic
segmentation, terrestrial laser scanning, transfer learning.

I. INTRODUCTION

HE rapid development of three-dimensional (3D) data

acquisition technologies has led to various types of sensors,
such as terrestrial laser scanning (TLS) devices, RGB-D
cameras and LiDAR [1]. Among these instruments, TLS stands
out for its ability to quickly acquire large-volume (hundreds of
millions of points per scan) and high-precision (millimeter
level) point cloud data and is, therefore, used widely in
applications where high-quality point cloud data are required.
These may include, but are not limited to, 3D building
reconstruction [2]-[6], vegetation and forest assessments [7]-
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[10], and cultural heritage management [11], [12].

In addition to the high-precision geometric information
provided by TLS point clouds, semantic segmentation is often
required as the basis for more complex purposes in the
aforementioned applications. The goal of semantic
segmentation of point clouds is mainly to annotate each data
point with a semantic label, which is often based on the
geometry, the reflection intensity and sometimes the color
information provided by the data point itself and its neighbors.
This can be achieved via traditional supervised classification
methods [13]-[15] or deep learning approaches [16]-[20].
Compared to traditional classification methods using
handcrafted features (e.g., support vector machines, random
forests and conditional random fields), deep learning methods
are becoming increasingly popular because they can
automatically learn the feature representations needed for
segmentation from raw data, avoid complex feature design, and
typically result in higher segmentation accuracy [1], [21], [22].

Existing point cloud segmentation methods can be
categorized into three major groups based on the form of the
input data: point-based, voxel-based and image-based methods.
The pioneering work on point-based methods is PointNet [16],
which used shared Multi-Layer Perceptrons (MLPs) to learn
pre-point features and used symmetrical pooling functions to
learn global features. On the basis of PointNet, many other
point-based networks have been proposed in recent years,
which can be subdivided into pointwise MLP methods [17],
[22], [23]-[31], graph-based methods [18], [32]-[37], point
convolution methods [38]-[43], and RNN-based methods [44]-
[46]. This class of algorithm can typically achieve high
accuracy, and the state-of-the-art (SOTA) method is the RFCR
[31] in this category, which achieved an Overall Accuracy (OA)
of 94.3% and a mean Intersection over Union (mloU) of 77.8%
on the Semantic3D (reduced-8) [31], [47]. However, while
point-based methods are focused on increasing the
segmentation accuracy of point clouds, their high
computational cost makes them too costly for practical
application to large-scale TLS point clouds. For example, for a
use case where the processing time was revealed [47], it ranges
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from 10 to 50 minutes to process 4-point clouds containing 80
million points in Semantic3D (reduced-8).

For the second class of voxel-based methods [48]-[52], they
first convert the point cloud into a dense/sparse discrete voxel
representation and then apply the 3D convolutional neural
network (CNN). Since 3D convolutional networks are
extremely computationally intensive and consume significant
amounts of Graphics Processing Unit (GPU) memory, such
methods have to make careful trade-offs in terms of
segmentation accuracy and processing time. From the
published performance of these methods on various benchmark
datasets [47], [53]-[56], such methods are not only less accurate
than the first type of method, but also very slow in processing
and, therefore, are considered unsuitable for processing large-
scale TLS point cloud data.

The image-based methods utilize 2D convolutional neural
networks (CNNs) to segment multi-channel images generated
from point cloud data. There are two approaches for image
generation. The first approach [57]-[59] projects point cloud
data from multiple virtual camera views onto a plane, while the
second approach [20], [60]-[62] projects the point cloud data
as a panoramic image centered at the scanner. The second
approach is more efficient than the multi-view ones because
processing is limited to only one panoramic image for each
point cloud obtained [20], [58]. Coupled with the use of 2D
CNNs (much more efficient than those networks used in point-
based and voxel-based methods), the panoramic images offer
an extremely fast approach to segmenting point cloud data. For
example, the SOTA image-based method [20] takes only 5.13s
to process the Semantic3D (reduced-8) [47] test dataset.
However, it was noticed that its segmentation accuracy [20]
was relatively low compared to the SOTA point-based method
RFCR [31], achieving an OA of only 89.4% and a mloU of
63.5% on Semantic3D (reduced-8). Therefore, image-based
methods are ideal for processing large-scale TLS point cloud
data, but such methods available in the literature suffer from the
problems elaborated in the next paragraph, which also form the
likely basis for any further improvements in their segmentation
accuracy.

Three types of information of TLS point clouds can be
considered for semantic segmentation (i.e., geometric
information (coordinates and their derivatives), intensity and
RGB if images were taken). In the existing image-based
methods, it was noticed that combinations of feature channels
considered [20], [57]-[59] always included the RGB
information, without which the segmentation accuracy
degraded significantly. This is not surprising as the true colors
include rich information about the objects to be segmented.
However, this means that those methods are highly reliant on
the RGB information and could not effectively handle the cases
where the RGB information is missing (no images taken) or are
mismatched to point clouds due to moving objects in the scene
or the imperfect matching between images and point clouds
taken separately. In addition, the geometric information was
either not considered or not used in an effective way. In
contrast, point-based and voxel-based methods perform well for
point clouds with only coordinate information [18], [22], [41],

[50], indicating that geometric features are valuable for point
cloud semantic segmentation. Hence, it is reasonable to
speculate that the application scope and segmentation accuracy
of image-based approaches can be improved further if the
geometric information contained in the point cloud is utilized
effectively.

Therefore, under the umbrella of image-based methods, this
study aims to improve and generalize this class of methods by
considering the characterization of the geometric information
of scenes/objects in the panoramic images derived from
coordinates of point cloud data. The increase in accuracy relates
to the semantic segmentation while the generalization refers to
cases where the RGB information is missing in the point cloud
data. To this end, an image enhancement method is proposed to
characterize the local geometric features in the images. Based
on the enhanced images, this research proposes a new
combination of feature channels without the RGB information.
In the CNN used for extracting the semantic information in this
study, the Atrous Spatial Pyramid Pooling (ASPP) module [63]
is considered to aggregate multi-scale high-level features from
HRNet [64]. In the past studies [63], [65], [66], the aggregation
was typically executed using coarse-resolution feature maps.
However, in our study, the finest-resolution feature maps in
HRNet are used for the aggregation, the outputs of which are
concatenated with multiple low-level features for segmentation.

The main contributions of this research are the establishment
of a new image enhancement method for characterizing
effectively the local geometric features in the panoramic images
derived from point clouds, and the finding that the utilization of
those local geometric features can increase the segmentation
accuracy of image-based methods. The approach proposed in
this study offers a better alternative channel combination to
replace those involving the RGB channels, which is very useful
for cases where the RGB information is absent or inaccurate.

Il. METHODOLOGY

The methodology considered in this research involves the
following key steps. Firstly, the information (e.g., intensity and
XYZ coordinates) contained in the unstructured point cloud data
was projected into a multichannel panoramic image using the
transformation relationship between the Cartesian coordinate
system and the spherical coordinate system. Secondly, the
local-based enhancement was applied to the panoramic image
channels that contain geometric information such as XYZ
coordinates and range. Lastly, semantic information was
extracted from the panoramic image using a pre-trained
customized CNN, and back-projected to the raw point cloud
data to obtain semantically segmented point cloud. More
detailed descriptions of these steps are provided in Sections
I1.C-ILF.

A. Study data

The large-scale Sementic3D dataset [47] was used to
demonstrate and evaluate the proposed method, which contains
a total of 30 labeled TLS point clouds collected at 10 different
scenes. Point cloud data were labeled as eight classes, namely:
made terrain, natural terrain, high vegetation, low vegetation,
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buildings, hard scape, scanning artefacts and cars. The ground
reference labels for 15 training point clouds are available from
the dataset supplier. The online evaluation frequency of test set
results is limited to once every three days. Therefore, except for
Section I11.D where the test set was used for comparison with
the state-of-the-art results, all other experiments were
conducted on the training set. More specifically, for Sections
111.B-111.C, the performance of our method was evaluated by
employing 5-fold cross-validation on the Semantic3D training
dataset.

B. Segmentation accuracy metrics

To evaluate the segmentation performance, the same
evaluation metrics as used in the Semantic3D online evaluation
were used in this study, i.e., OA and mloU. The OA metric is
the ratio of correctly classified points (regardless of class) to the
total number of points. The mloU metric is the mean loU of all
classes. For class i, the loU metric is the ratio of correctly
classified pixels to the total number of ground reference data
and predicted pixels in that class. The formulae for the
aforementioned metrics are shown in Equations 1-3.

TP
0A = Total number of points (1)
loU=—" )
TP+FN+FP
N .
mloU = Z—iTVIOU‘ 3

where TP, FN, FP, i, N represent the true positive, false negative,
false positive points classified, index of class and total number
of classes, respectively.

In general, OA provides a quick and computationally
inexpensive estimate of the percentage of correctly classified
points, while mloU provides a measurement of accuracy that
not only penalizes false positives, but also increases the penalty
against segmentation errors in small classes. Since the numbers
of points contained in the eight classes of the Semantic3D
benchmark dataset are highly imbalanced (shown in Fig.1),
mloU is considered more critical in this research.
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Fig. 1. The distribution of the classes of points in Semantic3D dataset.

(\\0
(Q‘.‘\
=)

C. Point cloud to image projection

Many terrestrial laser scanners collect point cloud data
through vertically rotating optics that are mounted on a
horizontally rotating base. Since their rotational steps are
usually fixed throughout a single scan, the point cloud data
obtained would theoretically have fixed inclination and
azimuthal resolutions. These two resolutions are typically the
same. In other words, if the point cloud data are considered as
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Fig. 2. Key stages in the projection process: (a). The raw input point cloud
[47], (b). All points scaled to a spherical surface at a distance of 1 from the
origin (i.e., the center of the scanner), (c). The panoramic image rasterized
from the spherical surface.

vectors originating from the origin (i.e., the scanner’s optical
center), these vectors will be uniformly distributed in a
spherical space centered at the origin. Therefore, TLS point
clouds are inherently suitable to be projected into spherical
coordinate systems. Based on this, the following method for
point cloud to image projection was used in this study, which is
demonstrated using the example shown in Fig.2.a Firstly, the
Cartesian coordinates of the point cloud data were transformed
into spherical coordinates using Equations 4-6.

range (r) = \/x? + y% + z?2 (@)

inclination (8) = arccosf (5)

azimuth (@) = arctan% (6)

Secondly, the position of each data point in the unit spherical
surface (i.e., "continuous" spherical image) is determined by its
inclination 6 and azimuth ¢, as shown in Fig.2.b Thirdly, by
using a specific angular resolution w to discretize the
"continuous" spherical image, a rasterized spherical image is
obtained. To ensure the image continuity, the image angular
resolution should be slightly larger than the scanner angular
resolution. Finally, by mapping the available information (e.g.,
RGB, intensity, range) to the rasterized spherical image and
splitting it from a certain azimuth (e.g.,180° used in the
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subsequent experiments), the multichannel panoramic image is
obtained (e.g., the RGB panoramic image in Fig.2.c). More
specifically, for a data point of the inclination 8 and the azimuth
@ in the spherical coordinate system, its pixel location in the
panoramic image is determined using Equation 7.

(=21 2] ™

where the former element represents the row location for the
inclination 6, the latter element represents the column location
for the azimuth ¢, w is the angular resolution, [x] rounds x to
the nearest integer greater than or equal to x.

Because of the fine angular resolutions of laser scanners, the

resolution of the projected panoramic image could be ultra-high.

For example, the equivalent panoramic image size of the point
cloud captured using the RTC360's finest resolution is
8333x20334 pixels.

During the point cloud to image projection, it is often the case
that a single image pixel contains multiple data points. In this
case, the pixel values in the panoramic feature image (e.g., RGB
image) were taken as the average values of multiple data points,
while the pixel values (labeled classes) in the labeled panoramic
image (labeled image used for training) were taken as the ones
corresponding to the rarest class to increase network
segmentation accuracy regarding the imbalanced class
(typically, the class with fewer data is harder to segment).

D. Enhancement of image-based geometric features

As shown in Fig.3.a, the panoramic RGB image is relatively
clear. However, objects in the grayscale images obtained by
projecting the XYZ coordinates and the range information were
not shown clearly, such as the panoramic image of the Z
coordinate shown in Fig.3.b. Due to this phenomenon, existing
image-based methods [20], [57], [58] rely mainly on the RGB
information, and this type of grayscale images was usually used
as auxiliary information only.

By comparing the pixel value distribution histograms
(Fig.3.d and Fig.3.f) of the RGB image (Fig.3.c) and Z-
coordinate image (Fig.3.e) for the same local area (area within
the 256*256 white box in Fig.3.a and Fig.3.b), it was found that
the distribution of grayscale values of the Z coordinate image
was extremely concentrated compared to the RGB image. This
is due to the fact that the range of variation in the coordinates
of adjacent local data points is relatively small compared to that
of the whole dataset. Based on this observation and the fact that
CNNs are good at learning local features rather than global
ones, the proposed enhancement method is local-based and its
detailed description is presented as follows.

Firstly, for a given local area, the grayscale values are
redistributed so that their histogram conforms to the Rayleigh
Distribution defined in Equation 8.

22

f(2) = %e(_m),z >0 (8)

where the value of ¢ is taken as 0.4 so that the expected value
of mean grayscale values is 0.5. After this local enhancement
was applied, the "hidden" geometrical features in Fig.3.e are
revealed clearly in Fig.3.g, and the corresponding redistributed
histogram is shown in Fig.3.h. Intuitively, the enhanced Z
coordinate image (Fig.3.g) contains many detailed geometric

Fig. 3. lllustrations of image enhancement effects: (a). The panoramic image
projected from RGB channels, (b). The panoramic image projected from Z
coordinate, (c). A local RGB image extracted from the box in (a), (d). The
distribution histogram of the pixel values in (c), (e). The local Z coordinate
image extracted from the box in (b), (f). The distribution histogram of the pixel
values in (e), (). The enhanced local Z coordinate image. (h) The distribution
histogram of the pixel values in (g), (i). The enhanced Z coordinate image
without overlapping. (j). The enhanced Z coordinate image with overlapping.
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features that are distinct from the RGB image in Fig.3.c.

In the above example, the local enhancement method
essentially magnifies the Z coordinate differences within the
local area. However, if there is a general trend for the values
within adjacent local areas, applying the local enhancement
method individually to each area will result in discontinuous
pixel values at the edges of the local areas. For example, the Z-
values of the grass area on the right side of Fig.3.a gradually
increases from the bottom to the top. If the local enhancement
method is applied without overlap (the sizes of the local areas
are taken as 256*256 pixels) between two adjacent local areas,
the bottom pixels of the top local area (e.g., Fig.3.g) are set
close to black and the top pixels of the bottom local area (i.e.,
the local area right below the area representing by Fig.3.g) are
set close to white. This leads to those horizontal edge
discontinuities on the right side of Fig.3.i. This phenomenon is
the reason for choosing the Rayleigh distribution instead of a
uniform distribution in this research. In general, an image with
a uniformly distributed histogram will contain the most
information [67]. However, adopting the uniformly distributed
histogram means that more points will be distributed close to
the two extremes (i.e., zero or one), which will exacerbate the
discontinuity at the edges.

To minimize the edge discontinuity, an overlapped local
enhancement was used in this study. More specifically, the
panoramic image was firstly divided into square areas of the
same size that overlap each other by one-eighth of the edge
length, and the local enhancement method was applied to each
square area. During this process, symmetric padding was used
to fill in the blank areas when the actual image area was
insufficient. Finally, for the overlapping part, the pixel values
were taken as the average of the values of the overlapped pixels.
The Z coordinate image enhanced using this method is shown
in Fig.3.j, where the size of the local square area was taken as
256*256 pixels (same as for Fig.3.i) for this example. It can be
observed that the edge discontinuity was effectively mitigated
by the overlapping strategy. It should be noticed that the size of
the local area has a significant effect on the final enhanced
image, and the selection of a proper size is demonstrated in
Stage2

Input Image Stem

Stagel

Section I11.B.

E. Semantic segmentation network structure

To obtain the semantic information from the fine-resolution
panoramic images, a customized CNN was adopted in this
research, which consists of two parts: a backbone and a
segmentation head. The entire network structure is shown in
Fig.4, which is named as HR-EHNet to indicate that it is
designed for the segmentation of fine-resolution enhanced
panoramic images.

The backbone part is responsible for extracting features from
the input images [64]. Although there are various backbone
structures available [64], [68]-[73], only HRNet was designed
for processing fine-resolution images [64], which has widely
been adopted for excellent semantic segmentation results [74]-
[77]. As such, it was adopted in this study. More specifically,
the HRNet_W48 version (larger version) was adopted, where
the number 48 indicates the network width of the finest
resolution branch. The basic network structure of HRNet is
depicted in Fig.4. Different from mostly used single-branch
backbones [78], the HRNet has four parallel branches
corresponding to four downsample levels (4, 8, 16, and 32,
respectively). As for the width of the network (i.e., the number
of feature map channels/ the number of convolutional kernels),
HRNet adopts a scheme where the number of channels is
doubled accordingly whenever the resolution of a feature map
decreases [64]. Compared to single-branch backbones, HRNet
increases significantly the network depth (i.e., the number of
convolutional layers) with respect to fine-resolution features,
and meanwhile retains coarse-resolution features to provide
global contextual information. Since a deeper network structure
extends the receptive field and enhances the discrimination of
each pixel, the fine-resolution segmentation task could benefit
from the deep fine-resolution branch in HRNet.

The segmentation head is responsible for interpreting the
extracted features from the backbone to assign an appropriate
label to each pixel. The ASPP segmentation head was adopted
in this study, which was first proposed by [63] and adopted
widely by others [20], [65], [66], [79]. The ASPP module

Staged
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| 3x3 Convolution I

Branch2: H/8xW/8x2C | Ll L
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Branch4: H/32xW/32x8C

- | Upsample by 4 |
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Fig. 4. lllustration of the HR-EHNet network structure: upsampling and downsampling were implemented by bilinear interpolation and strided 3x3 convolution,
respectively; The colored blocks that represent multiple residual convolution operations were performed.
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employs several parallel atrous (dilated) convolutions with
different dilation rates to extract semantic information from
different spatial scales [65]. The commonly used output stride
for the ASPP module is 16 or 8 (16 most commonly in the
literature), which means that its input resolution corresponds to
a downsampling level of 16 or 8, respectively. This is because
most of the backbones are single-branch structures, which
generate only high-level features at a relatively high
downsampling level. This is not the case for HRNet. Therefore,
the ASPP module is attached to the end of the first branch
(corresponding to a downsampling level of 4) to take advantage
of the fine-resolution features in HR-Net. It was ascertained in
previous research [65], [66] that the proper dilation rate
combination for ASPP with an output stride of 16 includes 6,
12 and 18, which should be multiplied by 2 (i.e., 12, 24 and 36)
when an output stride of 8 was used. Hence, for an output stride
of 4, the dilation rate combination is taken as 24, 48 and 72 in
this research. Finally, similar with the DeeplabV3+ [65], the
output of ASPP is concatenated with three groups of low-level
features (corresponding to the outputs of the first three stages
of the first branch) for the final segmentation.

F. Pretraining of network and transfer learning

For image semantic segmentation, it is a consensus that a
higher segmentation accuracy can be obtained using pre-trained
networks [80]-[82]. This step was also employed in this
research where the Cityscapes dataset [83] was used for
network pretraining. Similar to Semantic3D, Cityscapes was
focused on semantic segmentation in urban scenes and was
collected mainly in Europe. Cityscapes contains 5,000 finely
labeled fine-resolution RGB images, which were originally
divided into 2975, 500, 1525 images for training, validation and
testing, respectively [83]. However, since it is beneficial to use
a larger dataset for the pretraining, all the training and
validation images were used as the training set in this study.
Pixels in these images are labeled into 30 classes. Compared to
Semantic3D, Cityscapes covers a wider range of urban scenes,
has a greater variety of annotations, and suffers from a greater
class imbalance.

The training protocol for conducting pre-training followed
previous research [63], [64], [84], [85]. The stochastic gradient
descent with momentum (SGDM) optimizer was adopted. The
base learning rate, the momentum and the weight decay were
setto 0.01, 0.9, and 0.0005, respectively. The poly learning rate
policy was used for dropping the learning rate, where the power
was set to 0.9. The focal loss function [86] was adopted to
address the issues of imbalanced classes. The size of the input
images was set as 512*1024 pixels. The images were
augmented by random cropping, random resize (0.5~2) and
random horizontal flipping. Finally, HR-EHNet was trained for
180,000 iterations with a mini-batch size of 8 and synchronized
batch normalization.

Since HR-EHNet was pre-trained using the RGB images of
Cityscapes, the number of convolutional kernel channels in the
first convolutional layer was three, which accepts only three-
channel images as its input. However, subsequent experiments
in Section 111.B-111.C need to use input images with various

numbers of channels for comparison. Therefore, in those
experiments, the first convolutional layer of the pre-trained HR-
EHNet was replaced by a new convolutional layer where its
kernel channel number is equal to the number of input features.
Meanwhile, the channel number of the convolutional kernels in
the last two convolutional layers of the pre-trained HR-EHNet
corresponds to the total number of classes (i.e., 19) for
Cityscapes. This was replaced by new convolution layers with
kernels of 8 channels to accommodate the number of classes in
Sementic3D. The weights in these convolution layers were
initialized randomly. When HR-EHNet was fine-tuned using
the images generated from Semantic3D, almost the same
training protocols as those in pre-training were used, expect that
the iteration numbers were reduced to 60,000 and 75,000 for the
training with five-fold cross-validation and for completing the
training with the training set, respectively.

I11. EXPERIMENT AND RESULTS

A. Information loss from point clouds to images

One of the most frequently quoted drawbacks of image-based
approaches is the inevitable information loss during the process
where point cloud data are projected to images [87]. However,
based on the literature surveyed in this research, no previous
studies have quantitatively evaluated the information loss in
that process. Therefore, a quantitative analysis of information
loss was carried out for the projection method proposed in the
first place. In this study, the degree of information loss was
quantified by comparing the labeling information of the
Semantic3D training dataset before and after a complete
projection process (i.e., point cloud to image, followed by
image to point cloud), in which OA and mloU were used as the

—a—Q0A —a—mloU
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Fig. 5. Plot of accuracy (OA and mloU) versus angular resolution.

() (b)

Fig. 6. Effects of an excessive angular resolution on the projected image: (a).
Many black empty pixels for an angular resolution of 1/50 degree, (b). A
continuous image without empty pixels for an angular resolution of 1/20
degree.
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evaluation metrics. Following the projection process described
in Section 11.C and using a set of angular resolutions equal to
1/n degree (where nequals 1, 2, 3, ... 50), the corresponding OA
and mloU were recorded and shown in Fig.5.

Itis observed in Fig.5 that OA and mloU decreased gradually
with increasing angular resolution, and the decreasing rate of
mloU was much higher. Although there was almost no
information loss when extremely small angular resolutions
were used (e.g., OA = 0.998, mloU = 0.991 for the angular
resolutions of 1/50 degree), this will result in excessive
computational demands for subsequent image processing and
leave many noisy blank pixels in projected images (e.g.,
Fig.6.a). The angular resolution of 1/20 degree (i.e., an image
size of 3600*7200 pixels) was used in this research to perform
the point cloud-image projection, as it can provide visually
clean projected images (e.g., Fig.6.b) with a relatively low
information loss (OA = 0.993, mloU = 0.97).

B. Effect of local enhancement area on the segmentation
results

As mentioned in Section 11.D, the size of the local square area
used during enhancement has an impact on the enhanced
images produced. For example, the enhanced images of the Z
coordinate (i.e., Fig.3.b) using a local area of 128*128, 32*32,
and 8*8 pixels were shown in Fig.7a, 7b and 7c, respectively,
in addition to that using a size of 256*256 pixels in Fig.3.j. It is
seen that there are notable differences in the enhanced images
when different local patch sizes are used.

To determine an appropriate local patch size for
enhancement and to test its effects on the segmentation results,
an experiment was conducted for eight local patch sizes (8*8,
16*16... 1024*1024, i.e., 23710« 23~10) Four groups of
original grayscale images were used in this experiment, which
were projected from XYZ coordinates and range (D) in
Semantic3D, respectively. Each group contain 15 images
(corresponding to 15 training point clouds) with a size of
3600*7200 pixels (i.e., an angular resolution of 1/20 degree).

G

() 8*8
Fig. 7. Impacts of the local enhancement area on the enhancement results: (a).
128*128 pixels, (b). 32*32 pixels, (c). 8*8 pixels.
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Fig. 8. Impacts of the local enhancement area on the enhancement results: (a).
OA, (b). mloU.

These original images were enhanced using each of the eight
different sizes, leading to a total of 32 groups of enhanced
images. The pre-trained HR-EHNet was fine-tuned on these 36
groups of single-channel images, respectively. The
segmentation performances of each group are shown in Fig.8.
From Fig.8, it is seen that the segmentation accuracy of the
network was significantly increased by using the image
enhancement in this experiment. However, it was also noticed
that the accuracies of the networks trained using the enhanced
images derived from X or Y coordinates were considerably less
than those based on Z coordinates and range in terms of both
OA and mloU metrics. Therefore, these two types of
information (i.e., X and Y coordinates) were not considered in
the subsequent sections. In addition, it is observed that for the
images derived from Z coordinates and range, the OA and mioU
metrics were relatively similar when the image enhancement
was performed using local area sizes from 32*32 pixels to
256*256 pixels. This suggests that the local area size for the
image enhancement does not require careful adjustments as
long as it is within that range. Nevertheless, since it can be seen
from Fig.8.b that the images obtained from Z coordinates and
range with a local area size of 64*64 pixels produced the
highest mloU index, this size was selected for this research.

C. Selecting combinations of feature channels

In this section, various combinations of the channels were
tested, including the enhanced Z coordinate images (Z.),
enhanced range images (D..), and intensity images (1) where the
raw intensity values of Semantic3D dataset were used without
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QUANTITATIVE RESULTS OF DIFFERENT CHANNEL COMBINATIO-IESAEI\II_EI—:E SEMANTIC3D TRAINING SET (FIVE-FOLD CROSS-VALIDATION)
Channels Index mloU OA QZ&; natural h\jgg I\%’; buildings sr;rp()je scagpting cars
Z.D, 1 68.4 89.3 85.3 75.0 81.9 413 95.3 337 422 92.5
1Z, 2 66.4 90.1 86.5 75.1 68.3 45.3 93.4 26.8 49.2 86.3
D, 3 64.5 88.7 85.5 73.9 71.8 24.0 93.6 27.8 51.5 88.1
1Z.D, 4 70.8 91.9 86.4 77.7 88.5 60.6 94.2 37.3 435 77.8
IRGB 5 63.8 90.0 85.2 76.5 80.5 39.6 92.7 314 33.7 71.0
IRGBD 6 66.0 90.4 85.4 74.4 74.6 319 93.0 452 415 82.0
IRGBZ,D, 7 68.8 90.9 86.5 78.7 83.7 40.6 95.2 413 41.9 82.5
IRGBDZ.D, 8 68.7 90.6 86.4 76.9 81.8 51.0 94.8 36.9 435 78.0

any corrections. This is followed by tests on conventional significantly increased their segmentation accuracy in

combinations involving RGB channels (IRGBD and IRGB) that
were demonstrated to be relatively accurate channel
combinations in previous studies [20]. In addition, the
combinations of Z, and D, with IRGB and IRGBD were tested.
A total number of eight combinations of channels were
investigated in this research. The test results are shown in Table
I. Based on the first four sets of experiments, it is observed that
using I, Z., and D, together is more accurate than any
combination of two of them. In addition, it is clear that the
segmentation accuracy achieved by the 1Z.D, combination was
significantly higher than those achieved by the IRGB and the
IRGBD combinations. For comparisons of the segmentation
accuracy with respect to each class, the segmentation accuracy
of 1Z.D. was found to be higher than the other two
combinations (IRGB and IRGBD) in most of the classes,
especially in recognizing high vegetation and low vegetation. It
was also found that the integration of Z.D, to IRGB or IRGBD

comparison to IRGB or IRGBD aloneg, but both cases failed to
exceed the segmentation accuracy (mloU and OA) achieved by
the combination IZ.D.. However, it was also observed that
1Z.D, did not perform best for some individual classes. The
likely reasons are presented in the following. An individual
channel may be favorable to the segmentation of a particular
class. However, when multiple channels are combined, their
interactions also play an important role in the segmentation
accuracy of that particular class. In other words, the network
will take into account the trade-off between the contribution of
each channel (similar to a weighted average effect) to achieve a
higher overall segmentation accuracy for all classes.
Consequently, the accuracy of the segmented results of
individual classes with or without the use of a particular channel
may vary from one to another.

D. Final performance of HR-EHNet
Based on the experimental results in Table I, the channel

TABLE Il
IMPACTS OF RETAINING OR REPLACING THE FIRST LAYER OF THE PRE-TRAINED NETWORK ON THE SEGMENTATION RESULTS WHEN [Z; D, WERE USED AS THE INPUT
CHANNELS (FIVE-FOLD CROSS-VALIDATION)

First layer mloU OA mggé natural h\jgg I\?g; buildings shczrge scagpting cars
Replaced 70.8 91.9 86.4 777 88.5 60.6 94.2 37.3 435 77.8
Remain 731 91.6 85.5 76.1 89.3 57.3 95.1 46.8 46.8 88.2
TABLE IlI
QUANTITATIVE RESULTS (%) OF DIFFERENT APPROACHES ON SEMANTIC3D (REDUCED-8)
Tésn)we Pagar)ns mloU  OA ;‘;Qé' natural. Cle%h \l/%\g. buildings SZZLde Sczrxing cars
RF MSSF [23] 1643.75 - 62.7 903 87.6 80.3 81.8 364 92.2 24.1 42.6 56.6
ShellNet [30] 3000 0.48 69.3 932 963 90.4 839 41 94.2 347 43.9 70.2
OctreeNet [52] 184.84 - 59.1 899 90.7 82.0 824 393 90.0 10.9 31.2 46.0
Point- GACNEt [34] 1380 - 708 919 864 7.7 88.5 60.6 94.2 373 435 77.8
R,?:teﬁods SPGraph [18] 3000 025 732 94 974 926 879 44 83.2 31.0 63.5 76.2
KPConv [41] 600 14.9 746 929 909 82.2 842 479 94.9 40.0 773 79.7
RandLA-Net [22] - 0.95 774 948 95.6 91.4 86.6 515 95.7 515 69.8 76.8
RFCR [31] - - 778 943 942 89.1 85.7 544 95 438 76.2 83.7
DeePr3sS [57] - 134 585 889 856 83.2 742 324 89.7 18.5 25.1 59.2
Projection-  SnapNet [58] 3600 29 59.1 886 820 77.3 79.7 229 91.1 18.4 373 64.4
R,?zteﬁods XJTLU [20] 5.13 706 635 894 854 744 746 319 93.0 25.2 415 82.0
HR-EHNet (Our study) ~ 11.72 73.6 742 921 851 75.5 89.6 559 95.5 50.8 48.3 925
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combination IZ.D, was selected as the final input to HR-
EHNet, which happened to be a three-channel image. This
means that for this particular combination, the first
convolutional layer of the pre-trained HR-EHNet is
unnecessarily replaced with a randomly initialized one.
According to previous work [21], the operation of replacing the
first convolutional layer could reduce the segmentation
accuracy. Therefore, an experiment was conducted to determine
whether to retain the pre-trained first convolutional layer in the
final version of HR-EHNet. More specifically, the fourth
experiment in Table | was repeated on the condition that the
first pre-trained convolutional layer of HR-EHNet was retained.
The corresponding segmentation results are summarized in
Table 1l. As expected, the strategy of retaining the first pre-
trained convolutional layer is beneficial for segmentation
accuracy in mloU and, therefore, adopted in the final version of
HR-EHNet. All the prerequisites for performing the final
training of HR-EHNet have now been determined. Therefore,
the pre-trained HR-EHNet was fine-tuned with the complete
training set (i.e., 15 images with IZ.D, feature channels and a
size of 3600*7200 pixels) for 75,000 iterations according to the
training protocols described in Section I1.F.

The performance of HR-EHNet was evaluated on the
Semantic3D (reduced-8) test dataset, which contains four point
clouds. The four pseudo color images of [Z.D, and the
corresponding segmentation results are illustrated in Fig.9.
Through visual inspection, it is observed that the majority of the
objects are correctly segmented and that most of the mislabels
are concentrated at the edges where different objects intersect.
These two-dimensional segmentation results were projected

man_made_terrain

natural_terrain high_vegetation

low_vegetation

onto each data point in the point clouds to produce the
segmented point clouds, which were uploaded to the online
evaluation system of Semantic3D. The evaluation results have
been made publicly available in the Semantic3D website under
the name HR-EHNet (IZ.D.). The quantitative results of HR-
EHNet and the recently published methods on Semantic3D
(reduced-8) are summarized in Table Ill. Without RGB
channels, HR-EHNet significantly outperforms the best
outcomes of the previous image-based methods by 2.7% (OA)
and 10.7% (mloU), and meanwhile performed better than most
of the point-based methods. It is also noted that HR-EHNet
achieved the best segmentation accuracy with respect to high
vegetation and cars among all the published methods.

The time spent on each step of HR-EHNet is recorded in
Table IV. The data used in this test is the Semantic3D (reduced-
8) test dataset, where the four-point clouds contain a total of
78.7 million data points. The inference was conducted with an
AMD 3700X @3.6GHz CPU and an NVIDIA RTX2080Ti
GPU. The total processing time was 11.72s, which was much
faster than the other methods in Table I11 except XJTLU (Cai et
al., 2021a). As shown in Table 1V, HR-EHNet is slower than

XJTLU because of the additional image enhancement step used.
TABLE IV
THE TIMES TAKEN BY EACH STEP OF HR-EHNET TO PROCESS THE
SEMANTIC3D (REDUCED-8) TEST DATASET

Time () % of total time
Point cloud-image projection 0.17 1.5%
Enhancement 6.89 58.8%
Inference with neural network 4.55 38.8%
Image-point Cloud projection 0.11 1.0%
Total time 11.72 -

buildings hard_scape scanning_artefacts cars

Fig. 9. (a). The pseudo color images of 1Z.D, feature channels for the point clouds in Semantic3D (reduced-8) test set, (b). The corresponding segmentation results

(The legend is only for the visualization of the segmentation results in (b)).
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IV. DISCUSSION

The core idea of HR-EHNet is to provide CNNs with
distinguishable  local  geometric ~ characteristics by
enhancements of images derived from point cloud data. In this
research, local image enhancement was implemented by a
hand-crafted algorithm. Although the image enhancement
method proposed was experimentally demonstrated to be
effective and insensitive to the local patch size, it consumed
more than half of the processing time as shown in Table 1V.
Considering that image enhancement is a relatively simple task
in comparison to image segmentation, it is worth investigating
how to reduce its processing time in the future. For example,
one potential solution is to use the current image enhancement
results as the target images to train a relatively simple neural
network.

In this research, not all possible channel combinations were
tested and as such there is no guarantee that IZ.D. is the best
among all possible channel combinations. This is because the
computational effort required would be enormous and the focus
of this research was not on screening the optimal channel
combinations. As such, developing an efficient way to identify
optimal channel combinations is highly desirable in future
research. Nevertheless, the results in this research showed that
the channel combination IZ,D. represents a promising choice.

man_made_terrain

natural_terrain high_vegetation

low_vegetation

(b)

Fig. 10. Incorrect RGB information in TLS point cloud data: (a). The RGB
image contains the cyclist that were not scanned by TLS, (b). The enhanced Z
image for the same scene.

The experimental results in Section I111.C show that adding
additional information (e.g., RGB or RGBD) to IZ.D, had a
negative impact on the overall results (i.e., mloU and OA). The
primary reason for this phenomenon is the low reliability of the
RGB images as mentioned Section I. For example, the RGB and
the Z, images of the same scene were shown in Fig.10.a and
Fig.10.b, respectively. The RGB image shows a cyclist that
does not exist in the Z, image because the acquisition was not
done simultaneously. The experimental results in Table |
indicate that such false RGB information is an obstacle for
neural networks to learn correct features. More evidences are
shown in Fig.11, where Fig.11.b shows the classes predicted
using the pseudo color images of 1Z.D. in Fig.1l.a, and

buildings

hard_scape

scanning_artefacts cars

Scene3

@ (b)

(d)

Fig. 11. Comparisons between 1Z.D, and IRGBZ.D.0on segmentation results for three scenes: (a). The pseudo color images of 1Z.D,, (b). The segmentation results
using the corresponding 1Z.D, images, (c) The RGB images, (d). The segmentation results using the feature combination of IRGBZ,D,.
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Fig.11.d shows the classes predicted using IRGBZ.D, (i.e.,
1Z.D,. in Fig.11.a and the RGB images in Fig.11.c). For Scene
1, itis seen that the vehicle in Fig.11.b was correctly segmented
using only IZ.D. . However, when the erroneous RGB
information was added, chaotic segmentation results (Fig.11.d)
were obtained. A similar situation occurred for the vase in
Scene 2. Nevertheless, Table | shows that for some particular
classes (i.e., buildings, hardscape, man-made and natural),
combining RGB information with IZ.D. improved their
segmentation accuracies. This is because the accuracy of the
RGB information is uncertain. When the RGB information of a
particular class is accurate, it may be beneficial to include the
RGB information for the segmentation of that particular class.
For example, although the vehicle was segmented incorrectly
in Scene 1 in Fig.11.d due to the erroneous RGB information,
the vegetation at the windows was segmented correctly due to
the correct and high contrast RGB information. However, when
the RGB information of two adjacent classes does not show
clear contrast, the inclusion of it may be problematic for the
segmentation as demonstrated in the next paragraph. Future
research may address the quality of RGB information from two
perspectives. The most straightforward solution is to design a
TLS strategy that simultaneously collects point cloud and
imagery data to reduce as much false information as possible.
The second possible solution is to design a neural network
structure to enhance its ability to discriminate correct
information from redundant/false information.

Compared with other segmentation methods, HR-EHNet was
found to performance excellently in the recognition of plants
and vehicles. This finding suggests its potential application to
applications such as forest classification and autonomous
driving. The possible reason for lower accuracies in the other
methods for these two types of objects is that the use of the RGB
information may cause confusion to neural networks if plants
or vehicles have similar colors (i.e., spectra) to their
surrounding objects. In contrast, HR-EHNet performs semantic
segmentation mainly via the geometric features in the enhanced
images, which are independent of color and can replace RGB
images. For example, although the RGB colors of the
vegetation in Scene 2 and Scene 3 seem to be accurate visually,
the segmentation results obtained after adding the RGB
information became worse due to its similarity to the
surrounding objects. Furthermore, this characteristic is
presumed to have significant advantages in terms of resistance
to adversarial attack, which may offer better security for certain
applications such as autonomous driving. There are many
studies demonstrating that deep learning relying on RGB
images is vulnerable to color perturbation attacks [88]-[90]. For
example, shining light from a laser pointer on a stop sign may
cause neural networks to fail to recognize the stop sign, which
poses a significant safety challenge for autonomous driving
[88]. Thus, it may be beneficial to extend the idea in this
research to point cloud data that are used typically for a wider
range of applications, including autonomous driving.

At present, there is only one TLS point cloud dataset (i.e.,
Semantic3D) publicly available for evaluating algorithms.
Although Semantic3D is a large point cloud dataset in terms of

the number of data points, it is small when it is processed as an
image dataset (i.e., project each point cloud as a panoramic
image), in comparison to image datasets such as the Cityscapes
and Mapillary Vistas datasets [47], [83], [91]. Therefore,
establishing a larger point cloud dataset would be extremely
beneficial to the development of relevant research fields. It is
also thought interesting to explore the feasibility of few-shot
learning using the relatively small existing point cloud dataset.

Only 15 labeled panoramic images can be derived from the
Semantic3D training set, which is not sufficient to support the
decent training of HR-EHNet from scratch. Therefore, the
Cityscapes dataset - that was taken in similar urban scenes and
semantically labeled - was used for the network pre-training in
this study. However, such semantically labeled images are often
not publicly available. In contrast, unlabeled image datasets can
readily be obtained for various application scenarios, through
online resources and/or field acquisitions. Therefore, it is
interesting to investigate how to effectively use techniques such
as self-supervised learning [92]-[96] to pre-train networks
using unlabeled images.

V. CONCLUSIONS

In this paper, a novel image enhancement method was
proposed to characterize effectively the local geometric features
in the panoramic images derived from TLS point cloud data.
The enhanced images (i.e., enhanced Z-coordinates Z., and
enhanced range D.) alone and in various combinations of other
popular feature channels (i.e., intensity I, RGB, range D) were
used in a pre-trained CNN to assess the potential for semantic
segmentation of the Semantic 3D datasets. It was found that
compared with the commonly used channel combinations
IRGB or IRGBD, our proposed combination IZ.D, produced
more accurate semantic segmentation predictions. By fine-
tuning the customized pre-trained HR-EHNet with the channel
combination IZ.D., an OA of 92.1% and a mloU of 74.2% were
obtained on the Semantic3D (reduced-8) test dataset, which
substantially outperformed the other image-based methods.
This suggests that effective utilization of local geometric
features in images can increase the segmentation accuracy of
image-based methods. This study also offers a better alternative
channel combination to replace those involving the RGB
channels, which may be extremely useful for cases where the
RGB information is absent or inaccurate.
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