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Abstract: Automatically identifying mine and tunnel infrastructure elements, such as rock bolts,
from point cloud data improves deformation and quality control analyses and could ultimately
contribute to improved safety on engineering projects. However, we hypothesize that existing
methods are sensitive to small changes in object characteristics across datasets if trained insulfficiently,
and previous studies have only investigated single datasets. In this study, we present a cross-site
training (generalization) investigation for a multi-class tunnel infrastructure classification task on
terrestrial laser scanning data. In contrast to previous work, the novelty of this work is that the models
are trained and tested across multiple datasets collected in different tunnels. We used two random
forest (RF) implementations and one neural network (NN), as proposed in recent studies, on four
datasets collected in different mines and tunnels in the US and Canada. We labeled points as belonging
to one of four classes—rock, bolt, mesh, and other—and performed cross-site training experiments
to evaluate accuracy differences between sites. In general, we found that the NN and RF models
had similar performance to each other, and that same-site classification was generally successful,
but cross-site performance was much lower and judged as not practically useful. Thus, our results
indicate that standard geometric features are often insulfficient for generalized classification of tunnel
infrastructure, and these types of methods are most successful when applied to specific individual
sites using interactive software for classification. Possible future research directions to improve
generalized performance are discussed, including domain adaptation and deep learning methods.

Keywords: mine infrastructure; generalization; terrestrial lidar; semantic segmentation; tunnel
infrastructure; rock bolt segmentation; wire mesh segmentation

1. Introduction

Lidar point cloud data are an increasingly integral component of tunnel engineering
practice, enabling inspection of site conditions at much higher accuracy and repeatability
than was possible just ten or twenty years ago [1]. Fixed and mobile lidar data, in particular,
are being used to extract and analyze concrete thickness [2] and cracking [3], segment
relevant features of rail tunnels [4,5], identify changes through time [6,7], map rock struc-
tures [8], and characterize mine infrastructure such as rock bolts [9] and wire mesh [10].
There is also much interest in using mobile lidar in autonomous or semi-autonomous robots
to improve safety [11,12].

Analysis of point clouds often requires segmentation to isolate the features of interest,
which can be a manual, time-consuming task [13,14]. This has motivated the development
of automated algorithms to filter and segment point clouds. The literature on point cloud
segmentation algorithms has been well-established since the 1990s [15], with authors
exploiting various geometric and spectral characteristics of individual points and point
clusters to classify them [16]. However, early algorithms generally used small numbers
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of features and/or rules [17]. In contrast, as data become easier to collect and higher-
dimensional, more research has focused on using machine learning (ML) to quickly develop
new problem-specific models with more features [18-20].

The two most popular ML approaches currently are (1) computing hand-crafted
point/object features and applying traditional ML approaches such as random forest (RF)
or knowledge-based rules to create a decision boundary (recent examples: [20-26]); and
(2) various deep neural network (DNN) architectures that primarily use representation
learning instead of manual feature engineering (e.g., PointNet [27] and KPConv [28]). The
potential benefits of deep learning methods are improved accuracy on complex object types
and the ability to control the input using natural language and pre-trained generalized
models (such as the segment-anything model (SAM) applied to geospatial data [29-31]).
However, two major downsides of deep learning are the need for large, annotated datasets,
which are currently much less available for point clouds than for text and 2D data, and
much higher computational costs for training [9,18,32]. For example, Ref. [32] compared
PointNet++, KPConv, and SparseCNN and found that training alone took dozens to hun-
dreds of hours on a GPU-equipped computer with high memory (512 GB RAM, NVIDIA
RTX 2080 Ti with 11 GB RAM). In contrast, the efficiency in computing geometric features
and, critically, the lower training data requirement makes them preferable for many prac-
tical applications [33,34]. However, new network architectures such as RandLA-Net are
continually being developed to address this limitation [35]. A further limitation of deep
learning is that the models are inherently less interpretable than traditional ML approaches,
and there is resistance to their use in safety-critical applications [36]. It is, in part, due
to these limitations that new applications of traditional ML continue to be explored in
research. Similarly, in this study, we focus on traditional ML approaches because of their
applicability in practical engineering scenarios with short timelines and limited resources.

Several recent papers have focused on the extraction of rock bolts using classical ML
approaches; they are illustrative examples of the continued development of non-deep
learning approaches for classification in underground excavations. Gallwey et al. [9] and
Singh et al. [37] employ an approach for roof bolt identification by computing geometric
features, training and applying RF and NN classification models, then using a clustering
algorithm to separate bolt instances. Singh et al. [38] developed another similar approach
using the CANUPO classifier [39] instead of RF or NN; however, RF and NN have shown
generally higher accuracy than CANUPO [13]. Saydam [40] added a deep-learning-based
classification step to this process to distinguish between true positive and false positive
bolt instances. Li [41] recently created an entirely heuristic (non-ML) approach for roof bolt
identification. While the ML techniques used by these sources are rarely new, they highlight
that non-deep learning approaches continue to be attractive for engineering applications.

In point cloud ML research, it is increasingly common to perform generalization tests
across completely separate datasets as a way to assess the real-world performance more
accurately [18,42—44]. It is often found that generalized accuracy is lower than single-dataset
accuracy, prompting the development of alternatives for domain adaptation to address this
gap. However, to date, there have been no generalization tests performed for the task of
identifying underground infrastructure such as rock bolts, which, in turn, may overestimate
the real-world performance of the proposed methods. A further challenge in underground
engineering contexts is that point cloud data are often collected by subcontractors and for a
specific design purpose, without knowledge of how this may affect later attempts to extract
certain attributes. As a result, most project-based point cloud analysis is an exercise in
working with imperfect data.

With the above limitations in mind, the goals of this study are threefold: (1) To perform
an independent evaluation of RF and NN classification methods from [9,37,38], focused
on identifying rock bolts, wire mesh, and rock. These tests will use the same or similar
geometric features as used in previous studies. (2) To perform novel testing of the classifiers
across multiple different tunnels instead of just one, evaluating, for the first time, the
impact of infrastructure object shape on classification accuracy and contributing to closing
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a gap in the underground remote sensing literature. (3) To demonstrate the classification
approach in an engineering project example. In doing this, we highlight which problem
areas need additional investigation and suggest areas that could be deprioritized in future
research studies.

2. Methods

The methodology of this study consists of collecting point cloud datasets from different
sites, training multiple ML classifiers with different models, hyperparameters, and training
site combinations, and analyzing the outputs for their ability to extract rock bolts and other
objects. The overall workflow is illustrated in Figure 1, and the following sections describe
each step in this process.

CloudCompare
Data ) Case Study:
Collection Labeling Tunnel 4

+ Mines 1,2, 3 * Rack, bolt, mesh, other + 3DMASC
« Tunnel 4

Model Training Feature
. . « RF1 (deep trees) Computation
Cross-Site Testing + RF2 (shallow trees)
NN

- Multi-scale geometry
« Intensity

CloudCompare

Object Extraction

/
Figure 1. Workflow diagram of the research.

2.1. Datasets and Labeling

Three underground mine datasets and one unlined tunnel dataset were used for this
research. Each mine wall surface was scanned using a tripod-mounted terrestrial laser
scanner (TLS) and manually labeled into classes, as described below. TLS was used with
the goal of maximizing point density on the tunnel walls and maximizing the coverage
of fine details such as wire mesh. In each case, multiple scan positions were collected at
different locations to maximize the coverage of features of the tunnel walls. Individual scan
positions were merged using a combination of manual point matching and iterative closest
point (ICP) alignment. The scanners used have a typical ranging error of approximately
2 mm or less at 25 m distance (one sigma) (see product specifications at [45-47]). Given
that the diameter of steel wire mesh is of a similar dimension, and that a typical laser beam
diameter is 2 mm, wire mesh is expected to be captured more poorly compared to other
objects, which are generally much larger than the point precision and beam diameter.

e  Mine 1: Approximately 10 m (in length) of supported mine tunnel face in Colorado,
USA (Faro Focus TLS, Korntal-Miinchingen, Germany; Figure 2). Average point
spacing: 1 mm. Note that no wire mesh was present in the Mine 1 dataset.

e Mine 2: A 15 m long mine drift in Ontario, Canada (Leica HDS6000 TLS; Figure 3).
This mine drift was surveyed at a point spacing of about 1 mm, which captures details
of the wire mesh covering the tunnel’s walls and roof.

e Mine 3: A 15 m mine tunnel face in Colorado, USA (Faro Focus TLS; Figure 4).
Average point spacing 3 mm. Mine 3 includes wire mesh, rock bolts, bare rock, and
other infrastructure such as pipes.

e Tunnel 4: A 4 km long unlined water conveyance tunnel in eastern Canada (Leica
ScanStation C10 TLS; Figure 5). Two sets of TLS scans were collected in two different
years. The primary purpose of the data collection was to support geotechnical design
investigations, but the data were also used to perform change detection over time and
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to identify rockfalls. The depth of the tunnel below the ground surface is generally
less than 200 m, and the tunnel is affected by brittle, kinematically controlled rock
failures. Average point spacing is approximately 2 cm.

(A)

Il Rock

M Bolt

Il Other
Unlabeled

(B)

Figure 2. Illustration of the Mine 1 point cloud showing (A) point labels and (B) division of the
dataset into left (blue) and right (red) portions for training and testing purposes.

Right Side Labeled Points

B Rock A AAROT
[ Bolt : :
Mesh

Il Other

Figure 3. Illustration of the Mine 2 point cloud showing (A) point labels and (B) division of the
dataset into left (blue) and right (red) portions for training and testing purposes.
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Figure 4. Illustration of the Mine 3 point cloud showing (A) point labels and (B) division of the
dataset into left (blue) and right (red) portions for training and testing purposes.

(A)

Training data: Year 1
Il People/Tripods
I Rock

Figure 5. Illustration of the Tunnel 4 point clouds: (A) Year 1 with point labels (blue: people/tripods,
red: rock, grey: unlabeled); (B) Year 2 with point labels. The top half of the Year 1 dataset was

manually removed to make labeling of the tunnel floor easier.
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As listed above, it is clear the Tunnel 4 dataset is relatively different from the three mine
datasets. This is because of the different project scope, as well as limitations dictated by
budget constraints and client requirements. The goal of scanning Tunnel 4 was to perform
change detection to identify fall-of-ground locations and assess the stability conditions of
the tunnel walls. As the tunnel is affected primarily by localized falls of ground, as opposed
to stress-driven convergence, we do not explicitly consider or measure tunnel deformation
in this study. Data collection was supported by tripod-mounted survey spheres to aid
in the precise registration of each individual scan position and minimize accumulating
errors. Consequently, however, each scan captured the sphere, tripod, and the human
operator, and this was kept in the final point cloud dataset. Without the removal of these
objects, change could not meaningfully be computed for the floor of the tunnel, but manual
data cleaning would be impossible given budget constraints. Therefore, this dataset is
an example practical application of a specialized /atypical machine learning classification
problem. Also note that while bolts and mesh were present in the first 300 m of Tunnel
4 from the inlet, they are not generally resolvable from the point clouds due to the lower
resolution of the data compared to Mines 1-3.

The point clouds were manually labeled into one of four classes: exposed rock; bolt;
wire mesh; and “other infrastructure”, which included pipes, corrugated metal, and scrap
metal (and people/tripods for Tunnel 4). While rock, bolts, and wire mesh classes were gen-
erally present in the mine datasets, the types of “other infrastructure” elements comprising
the fourth class varied widely across sites (e.g., different diameters of pipes and ducts; the
presence of chains or scrap piles only in one dataset). As such, we do not present or analyze
results related to the fourth class in detail for the mine sites as they are not expected to
generalize well.

As illustrated in Figures 2-5, not every point in the clouds is assigned a label; instead,
a representative subset of regions is labeled across the tunnel wall. Labeling was completed
by the lead author, an engineering researcher experienced in point cloud manipulation.
In our experience, the labeling process is sufficient for ML training if it results in good
spatial coverage of the dataset for all classes and emphasized accuracy over speed. As
such, it is not necessary to label every point. In some cases, poorly defined classes could
result in less precise classification results because objects may be labeled inconsistently in
training data [13]. For this study, however, we find that the four classes are clearly and
unambiguously distinct from each other. Previous research [48] has shown that occlusions
and missing data could negatively affect classification results. In this study, the TLS datasets
were collected from multiple vantage points to avoid the presence of occlusions in the
center of the data, and regions along the edges of the datasets with poorer coverage were
not included in the training or testing data. This represents a typical scanning scenario as
could be expected in practical applications, where multiple scans are collected, or a mobile
system is used, to capture data from multiple vantage points and minimize occlusions.

For each mine site, the point cloud is also separated into approximately equal left and
right regions for training and testing purposes. This splitting was performed generally
along the tunnel axis for convenience, as labeling a single face at a time in CloudCom-
pare [49] is easier for the operator compared to labeling the entire tunnel diameter. For
Tunnel 4, labeled data from the Year 1 dataset were used as training data, and data from
the Year 2 dataset were used as testing data. Labeled data from an approximately 400 m
tunnel was used as training data for Tunnel 4, subjectively deemed as just enough data to
adequately capture the variation in the two classes (Figure 5). For labeling training data,
the tunnel roof was manually segmented out of the Year 1 dataset to aid in visualization of
the floor.

2.2. Point Cloud Classification

This paper implements and compares previously developed methodologies for point
cloud classification and generalization.
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First, we compute a series of standard multi-scale geometric features based on princi-
pal component analysis (PCA) of a series of spherical point neighborhoods. The geomet-
ric features are mainly computed as various combinations and ratios of the normalized
eigenvalues computed during the PCA. Geometric features are sometimes referred to as
“dimensionality” features because they describe the degree to which a local point neighbor-
hood can be considered as “1-dimensional”, “2-dimensional”, and “3-dimensional” [39].
“Multi-scale” refers to the fact that the features are computed for multiple different spherical
search radii around each analysis point, creating a representation of the local structure of
the point cloud at different scales. Similar works on rock bolt classification use varying
methods for defining the point neighborhood, but all are based on roughly how large rock
bolts are in the datasets. Gallwey [9] used a single neighborhood defined by 100 nearest
neighbors, while Saydam [40] used a single 10 cm radius. Others [37,38] use multiple radii
between 1 cm and 15 cm. Because these features are widely used, there are a number of
high-quality references which describe the feature calculation, and they are not described
in detail here (see [9,19,39,44] for definitions of geometric features; our feature computa-
tion code is available at [50]). Similarly, previous works have extensively evaluated how
different combinations of features affect performance [9,33,51,52]. In our experiments, we
employed a core set of features that are common to most or all recent studies.

Table 1 summarizes the point features and scales calculated (70 geometric, 20 intensity).
Each feature is computed at five different search radii (scales) between 0.2 m and 0.02 m.
This range was chosen to be larger than the point density (on the low end) and larger than
the average edge length of a bolt faceplate (~0.15 m). In addition to geometric features, we
include intensity as recorded by the TLS as a feature. We use four intensity-based features
as described by [14] for the classification of different lithology types.

Table 1. Summary of point features.

Feature Type Feature Name Search Radii (m)

Slope (mean, std. dev., skew, kurtosis)
PCA3
PCA2
PCA1
Anisotropy
Geometric Features [19] Sphericity 0.2,0.1,0.07, 0.04, 0.02
Linearity
Planarity
Omnivariance
Eigentropy
Curvature

Mean Intensity
Mean—Point
Point—Min
Max—Point

Intensity [14]

Second, we trained three different classifier configurations, based on recent studies
using NN and RF to classify rock bolts (Table 2). These can be simply described as (1) a
shallow neural network with one hidden layer; (2) random forest with 200 trees and each
tree can grow large; and (3) random forest with 500 trees and shallow individual trees.
Hyperparameters for each of these classifiers were selected to be the same as in recent
studies by Gallwey et al. [9] and Singh et al. [37]. These two studies arrived at notably
different optimal hyperparameters for their RF classifiers despite similar classification
goals and datasets, and our goal was to compare the two. Gallwey et al. [9] used a
randomized hyperparameter search to identify optimal values for their RF, while Singh
et al. [37] mentions that RF hyperparameters were tuned but did not specify how the final
values were selected. Singh et al. [37] apparently used default hyperparameters (except
number of hidden layers) to train their NN classifier using MATLAB, and we used the
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same parameters (tan-sigmoid activation, scaled conjugate gradient training, cross-entropy
loss, default early stopping criteria). Singh et al. [37] selected the number of hidden layers
by a brute force search with numbers of neurons ranging from 1 to 200.

Table 2. Description of tested classifier configurations.

Classifier Name Type Hyperparameters
NN [38] Neural network 1 hidden layer, 20 neurons
RF1 [9] Random forest 200 trees, min leaf size 1
RF2 [38] Random forest 500 trees, max 2 decision splits, min leaf size 5

2.3. Training and Testing Procedures

To train each classifier, a graphical software tool developed in MATLAB by the authors
was used (Terpukto, see Ref. [50]). Features were computed for all point clouds using a
stratified sample of 20,000 points from each of the four classes (total number of points
approximately 80,000). This ensures that each class is equally represented in the model.
Features were computed once using all full density point clouds, and a second set was
computed with each raw point cloud subsampled to have a point spacing of at least 5 mm
to reduce variations in density between different mine sites. Classifiers were also trained
with and without intensity features. Each RF model took approximately two minutes to run
training, while NN models took approximately five minutes. Training was conducted on a
desktop computer with 64 GB RAM and an Intel i7-5960X CPU. No GPU resources were
used for training. Specifically for the Tunnel 4 case study, all processing was completed
using a standard Dell Latitude business laptop with 32 GB RAM and an Intel Core Ultra 7
165U CPU.

Classifiers were tested in both “same-site” and “generalized” (or “cross-site”) config-
urations. “Same-site” testing means that the classifier was trained on the left side of the
dataset, and test accuracy was evaluated on the right side. Complete spatial separation of
the training and testing data is necessary to ensure that accuracy is not overestimated due
to overlapping neighborhoods of training and testing points [44]. “Generalized” testing
means that the classifier is trained on both the left and right sections of one site and tested
on the left and right sections of another site.

Considering two densities, with and without intensity features, three classifiers, and
all possible generalization combinations, a total of 108 (2-2-3-9) individual classifiers were
trained. For each test result, the overall accuracy and F scores for each of the four classes
were recorded.

Initially, we performed an additional leave one feature out (LOFO) feature importance
analysis using a random forest with 200 trees and no intensity features. For each training—
testing case considered, including generalized combinations, we trained 70 RF1 models (as
defined in Table 2), each with a different feature left out, for a total of 630 additional models
trained. The purpose of this analysis was to identify if certain features and/or scales were
consistently less helpful in the generalized case than in the same-site case, indicating that
the feature was highly site specific. However, inspection of these results did not identify
consistent differences between same-site and cross-site features, which may be due, in
part, to the high correlation of features between different scales [53,54]. Further, individual
geometric features, such as curvature or omnivariance, neither consistently increased nor
decreased performance across different generalization cases. As such, we kept the full
feature set for use in the ML workflow, consistent with previous works. The results table of
this analysis are included in the Supplementary Materials for this paper.

2.4. Post-Processing

In previous studies focused on bolt extraction [9,37], additional steps are included
to separate individual bolt instances, using clustering algorithms like DBSCAN [55]. The
focus of this paper is on the point-wise classification step, but we also illustrate preliminary



Remote Sens. 2024, 16, 4466

9 of 22

instance segmentation results on the bolt class. To this end, after point-wise classifica-
tion is complete, the bolt class is exported, and the Connected Components algorithm in
CloudCompare is used to separate individual bolts. The Connected Components algorithm
requires two parameters: grid step size and minimum number of points. Because this
algorithm is quick to run, we tested several combinations of these two parameters as
needed using trial and error to arrive at the best result for each dataset. Grid step size was
generally approximately 1 cm, and the minimum number of points was between 200 and
500 depending on the dataset.

3. Results
3.1. Influence of Point Density Variation and Noise

Here, we briefly address the results of subsampling the data. Note that the data
table used to generate all results figures is included in the Supplementary Materials of
this paper. Figure 6 shows the differences in performance between uniformly subsampled
and full-density data for all combinations of training/testing and with/without intensity
features. While the difference for individual tests could be quite large, i.e., up to a 0.2 to
0.4 difference in each accuracy metric, the mean difference was generally close to zero,
indicating, on average, a 0.01 to 0.03 higher accuracy for the full-density data compared
to the subsampled data. This is consistent with [44], who concluded that higher density
was correlated with higher accuracy. Having similar density between training and testing
is important [48], but the effect is likely insignificant for the amounts of density variation
present in our datasets. For the results in subsequent sections, only results with full density
are shown for clarity.

Difference in metric, (full density) - (5mm subsampled)
o

0.4

0.3 1

0.2 1

o

0.1 1

0.0 1

-0.1 o

o

-0.2 1

—-0.3 1

-0.4

RF1 RF2 NN

Figure 6. Box plots showing the difference in accuracy metrics (F score and overall accuracy) between
full-density data and data subsampled to 5 mm. Results are grouped by metric type (box color) and
ML model type (RF = random forest; NN = neural network).

We also investigated differences between datasets in terms of noise derived from
scanner ranging error and alignment error. For a 50 cm by 50 cm patch of bare, planar
rock in each of the mine datasets, we computed surface roughness with a radius of 5 cm
using CloudCompare. For all three datasets, the mean roughness was between 2 mm and
3 mm, which was interpreted as indicating that each dataset is similar in terms of ranging
noise and residual alignment error. Note that this simplified analysis does not account
for possible real differences in roughness caused by rock joint characteristics, but due to
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the low overall roughness values computed, we can assume that variations in rock joint
roughness are small.

3.2. Classification Model Types and Generalization

In terms of classifier performance, we did not find consistent statistically significant
differences between NN and RF model results (Figure 7). In addition to one-way ANOVA,
as shown in Figure 7, we performed paired ¢-tests for all performance metrics between NN
and RF1. Interestingly, bolt F score was significantly higher for NN than for RF1 (p < 0.001),
but all other metrics were not significantly different between the two models, including
overall accuracy. Thus, on average, NN accuracies were slightly higher than both RF1 and
RF2 but slightly less stable (a few results with very low accuracy, see wire mesh F scores in
Figure 7). A RF model with deep trees (RF1) tends to outperform a model with a larger
number of shallow trees (RF2); the overall accuracy of RF1 was significantly higher than
RF2 in paired t-tests (p < 0.05).

(A) Overall Accuracy (B) Rock
1.0 1.0
—_—
0.8 0.8
L]

g 0.6 % 0.6 1
E
g 0.4 1 . w 0.44

0.2 A 0.2 1

p =0.516 p=0.229
0.0 T T T 0.0 r T T
RF1 RF2 NN RF1 RF2 NN
(C) Bolts (D) Mesh

1.0 1.0

0.8 A L4 0.8 A i
§ 0.6 1 % 0.6 1
<4 o
8 S
f 0.4 E 0.4

0.2 1 0.2 1

p =0.269
0.0 T T T 0.0 T T 1
RF1 RF2 NN RF1 RF2 NN

Figure 7. Accuracy metrics for different ML model types (full-density data and without the use of
intensity features): (A) overall accuracy; (B) rock F score; (C) bolt F score; (D) mesh F score. p-values
were computed using one-way ANOVA (one way F test) with the ML model as the grouping variable.

In terms of generalization, which refers to training the classifier on one dataset (e.g.,
Mine 1) and evaluating it on another dataset (e.g., Mine 2), the same-site configurations
were uniformly much higher accuracy than the generalized ones (Figures 8 and 9). This
can be explained by two main factors. First, the nature of the intensity data varied between
the datasets: the reflectivity of objects and surfaces appeared to vary for different mines,
even when using the same scanner type. Figure 9C shows that including intensity data as a
feature improved the results, on average, for same-site training but reduced accuracy, on
average, for cross-site (generalization) tests. Second, even when only geometric features
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are used, generalization accuracy is often much lower than same-site accuracy due to
differences in the shapes and the arrangement of objects in the scene. For example, the
Mine 3 and Mine 2 datasets both have bolts underlain by one or more layers of wire mesh
(examples shown in Figure 10), and their generalization accuracy values (without intensity)
are 10-25% lower than the same-site accuracy. In contrast, the Mine 1 dataset has no wire
mesh, meaning that the geometric characteristics and their contrast between bolts and other
objects is very different than at the other two mines. Consequently, F scores for cross-site
training/testing using Mine 1 data are considerably lower than all other tests, especially
for the bolt class (Figure 9B).

o generalize

Il n
/vy

>

(e

o

3 JR—

S 0.6 1

< o

= -

€ 0.5 -

=

° —
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0-2 T T T
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Figure 8. Boxplots showing aggregation of overall accuracy results (full-density data) by ML model
type and whether they were trained same-site (generalize: n) or cross-site (generalize: y).

3.3. Visual Interpretation and Bolt Identification

Visual inspection of classification results aids in the assessment of the demonstrated
approach’s strengths and weaknesses in generalization. For reference, Table 3 summarizes
key F scores in the same site and cross site conditions for the three mine sites. Figure 11
shows classification and bolt identification results for the Mine 3 dataset, using intensity
features and training on the same dataset. The F scores for this configuration for rock, bolts,
and mesh, are all between 0.8 and 0.9 (from Figure 9). In the highlighted region, all 19 bolts
are correctly identified (object recall: 1), and four extraneous false clusters remain, which
could be readily filtered out based on having a small number of points.

Table 3. Point-wise NN F score of the bolt class in the mine datasets (with intensity features) compared
with the maximum F score of any NN classifier obtained from training on another site.

Test Dataset F Score—Same Site Max F Score—Cross Site
Mine 1 0.88 0.27
Mine 2 0.77 0.66
Mine 3 0.90 0.57

Gallwey [9] 0.64 -
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(A) 10 With Intensity Features (NN)

M1 M3 M2 M3-M2 M3-M1 M1-M3 M1-M2 M2-M3 M2-M1
(B) 36 Without Intensity Features (NN)
. Metric
B F-rock

mmm F - bolt
BN F - mesh

M1-M2

(C) w
—=—- Same-site training (mean)

12 4 —=—- Cross-site training (mean)

10 p = 0.000

-0.2 0.0 02

(Intensity) - (Without Intensity), all metrics
Figure 9. Plots of F scores for the NN (neural network) model, different materials, and different
training/testing configurations (for example, “M3-M2” indicates training on the Mine 3 dataset and
testing on the Mine 2 dataset): (A) results including intensity features; (B) results with geometric
features only; (C) histogram of differences between corresponding pairs of results (any metric) with
and without intensity features (positive = metric with intensity features was higher than without
intensity features).

P

Figure 10. Examples of typical bolt shapes and wire mesh conditions present in the three
mine datasets.
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Figure 11. (A) Output classification results for a subset of the Mine 3 (right side) dataset using
intensity features. The classifier was trained using the Mine 3 (left side) dataset. (B) Extracted bolts
(yellow boxes) after applying the Connected Components algorithm.

Figure 12 shows classification results for this same area of the Mine 3 dataset, except
attempting to apply a geometric-only classifier trained on the Mine 2 dataset. In this case,
very few bolts are correctly identified and there are many false positives. Rock and bolt F
scores are between 0.5 and 0.6 for this example, while the F score for mesh was 0.82.

Same-site classification results for Mine 2 are shown in Figure 13. The Mine 2 mine
wall is the most geometrically complex and has the highest roughness of the three datasets,
with multiple layers of mesh covering most of the wall, and many bolts are partially or
mostly covered by mesh. Further, bolts do not have a consistent shape, with some having
the bolt protrude and others with a central depression instead (Figure 10). To highlight
bolt and non-bolt classification specifically, the rock, mesh, and infrastructure classes are
merged as “non-bolt” for this example. The point-wise F score for bolts in this example
is 0.83 (Figure 9B). A total of 14 bolts are correctly identified and 4 are missed (object
recall: 0.78).
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Figure 12. (A) Output classification results for a subset of the Mine 3 dataset using a classifier trained
on Mine 2 (no intensity features). (B) Extracted bolt points, highlighting incorrect instances because
of the poor initial classification.

3.4. Rock and Mesh Identification Results

Opverall, F scores for same-site identification of rock and mesh materials were generally
good and in similar ranges as have been found in previous studies. For example, in our
study, rock and mesh F scores were observed to be typically between 0.70 and 0.90 in same-
site tests (Figure 9). Correspondingly, for rock [44], a median generalized F score of 0.69
and [51] were found to have an average same-site F score of up to 0.83. For mesh, Ref. [10]
computed an F score of 0.88 for a same-site test. This comparison suggests that same-site
test performance for rock and mesh is relatively consistent at various sites, whereas in the
generalized case, performance may be much lower.

3.5. Tunnel 4 Results

As noted in Section 2, the Tunnel 4 datasets were collected as part of a client-funded
project with a specific change detection mandate. Given these constraints, we used the
3DMASC plugin in CloudCompare [33], which implements the same ML methodology as
used above, to filter only points corresponding to rock and remove the points corresponding
to tripods and human operators in as efficient a manner as possible. The 3DMASC tool
implements a classical ML workflow in an open-source graphical user interface, allowing
the user to input manually labeled training data and specify the features to be calculated,
which can include color, intensity, or any other scalar field, in addition to most commonly
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used geometric features. The tool trains an RF model with several hundred deep trees by
default, but the number and depth of trees can be modified. A classifier was trained using
3DMASC with only geometric features (intensity values were not present in the available
data) and default RF hyperparameters (200 decision trees, max depth 70).

Mine 2 Right: Point Label Predictions (Trained on Mine 2 Left)

Il Non-bolt
I Bolt

Tm

SRR Y

[ Extracted Bolt

Bolt missed

Figure 13. (A) Point-wise classification results for same-site classification of Mine 2, considering
only the bolt class and no intensity features. (B) Extracted bolts using the Connected Components
algorithm (yellow boxes), with missed bolts shown with red boxes.

The trained classifier was applied to both the dataset from Year 1 and from Year 2
(Figure 14); based on qualitative evaluation of the similarity in point density and shapes of
objects between the two datasets, it was deemed likely that the classifier would be capable
of generalizing to another scan of the same location. Inspection of the results showed that
this assessment was correct. The overall accuracy of the classification assessed on Year
2 was 0.98, with a rock F score of 0.99 and a “people/tripods” F score of 0.71. Further
analyzing the people/tripods results, we see that the precision was 0.58 and the recall was
0.93, indicating that a significant number of actual rock points were incorrectly classified as
people/tripods. These false positives tended to be located at larger boulders on the floor
and the edges of data gaps, such as puddles of water or a circle of missing data below the
scanner itself. As these errors were generally randomly distributed and isolated points,
the error rate was deemed acceptable for the purpose of pre-change-detection filtering for
detecting rockfalls.
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(A) Year 1 Predictions (C) Year 2 Predictions (Trained On Year 1)

I People/Tripods

Figure 14. Classification outputs using the Year 1 training data shown in Figure 5: (A,B) show
classification results for the dataset from Year 1 with people/tripods (red) (A) and showing only
rock (grey points) (B); (C,D) show classification results applied to the Year 2 dataset using the same
classifier trained on Year 1 with and without people/tripods, respectively.

As this was a client-funded project, only basic, readily available computing resources
were used, which consisted of a standard business laptop. Despite this, the entire classifica-
tion process took less than approximately 1 h (data labeling: 15 min; feature computation:
15 min; training: 10 min; testing: 5 min; post-processing: 15 min), which emphasizes the
practical usefulness of the 3DMASC tool. The project moved forward with the filtered
datasets, and changes were computed for the entire tunnel circumference.

4. Discussion
4.1. ML Model Types

Several recent studies have demonstrated that underground infrastructure, particu-
larly bolts, can be extracted using established ML classification methods. In comparing
RF and NN ML model configurations from [9,37], we found that across the three mine
datasets tested and multiple training—testing combinations, differences between ML models
were relatively minor. As noted in Section 3.2, NN performed significantly better than RF
with deep trees, but for rock bolts only, and an RF with deep trees outperformed an RF
with shallow trees in all cases. Overall, we suggest that both RF and NN model types are
adequate for the purpose of geometric feature-based classification, especially given the
generalization considerations discussed below.

The standard ML workflow using either RF or NN is generally successful when
training and applying it within a single dataset, with F scores generally above 0.8 for the
four datasets quantitatively analyzed here. However, even in this simplest case, there is
considerable variation across datasets; the Mine 2 mine wall presented a serious challenge
to the algorithm due to the wall’s overall complexity and the relative unhelpfulness of the
intensity values in distinguishing materials. When intensity values were not used, trained
models had more difficulty distinguishing the edges of the bolt plates from the surrounding
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rock or mesh, indicating that geometric dimensionality features alone are not sufficient to
fully describe bolts as they exist in our datasets.

4.2. Generalization

What previous studies have not accounted for is variation in characteristics between
different datasets, which may significantly alter classification results. We have shown that
such differences have a negative effect on accuracy in many cases, and these accuracy
changes are typically much larger than differences caused by modifying the classification
algorithm. This does not necessarily suggest that previous results are not useful or correct;
it simply highlights that the research community needs to be realistic in terms of the
current capabilities and limitations of these methods. In broader computer vision domains,
standard benchmark datasets are typically used to reduce the influence of dataset variation
on published results (e.g., Semantic3d.net [56]), but this may not be practical in developing
for the variety of small-scale classification problems continually being tested in engineering.
Two recent works have proposed tunnel benchmark datasets [57,58], indicating that there
is increasing interest in tunnel classification and the potential for increased collaboration.
This collaborative approach could accelerate the development of robust benchmarks and
enhance the overall quality and comparability of research in this field.

We tested homogenizing density between datasets but found that this did not have a
consistent influence on accuracy, despite previous work suggesting that density variation
could influence generalization [44]. We hypothesize that since the three mine datasets all
have relatively high starting density (point spacing < 1 cm), there may be a threshold effect
whereby at sufficiently high density, relatively small changes in density do not significantly
alter the geometric details of objects. Similarly, we found that noise levels were similar
between datasets and thus cannot be directly linked to variations model performance.

In limited cases, such as the included case study (Tunnel 4), transfer of a trained
algorithm to another site also produced reasonable results (e.g., mesh extraction from
for M3 using the model trained on M2 was relatively good), but this is contingent on
very high similarity between the training and evaluation data. This likely means that the
most practical alternative is for the algorithm to be retrained nearly every time a new
dataset or project is encountered [44]. As a result, we suggest two avenues for addressing
these challenges:

1. To facilitate easy adaptation and retraining of models, tools and software should be
developed which emphasize calculation speed, include options for active learning
and domain adaptation [48,59-64], and create a streamlined workflow from raw data
to the final classification output with immediate feedback. In general, we suggest
that RF is an appropriate algorithm to use for most practical scenarios, and the open
source 3DMASC tool [33] is a meaningful step in this direction. To improve on this
tool, the following may be useful future developments: adversarial domain adaptation
techniques, in which a model learns to minimize the differences between the source
and target domain, have shown promising performance [63]; further, active learning
aims to reduce manual effort by selecting and presenting the most informative data
points for human labeling [65].

2. There are still opportunities to improve the classification skill of object types for which
standard geometric features are not effective in real-world scenarios. For the example
of bolts, previous studies have presented example datasets where geometric features
are strongly discriminative; we present some cases where they are effective and others
where they are not as effective. Object-based classification and the semantic grouping
of points with similar morphological features could be useful as classification of entire
homogenous objects may result in higher accuracy and sharper, more meaningful
boundaries than point-based classification (e.g., [23,66]). Alternative feature extraction
methods, such as those using supervoxel segmentation, should be explored to improve
features for generalization [67,68]. This is also where deep learning-based approaches
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may be worth further investigation for the detailed segmentation of object boundaries

(e.g., [40]).

4.3. Deep Learning Methods

As mentioned in the introduction, we do not consider the growing number of deep
learning methods for point cloud classification in our study for tunnel infrastructure identi-
fication. Classical machine learning approaches have many practical advantages, including
training time (typically a few minutes compared to hours for deep learning), lighter com-
putation, and interpretability [33]. However, complex object shapes likely extend beyond
the information simple geometric indices are capable of representing. Saydam et al. [40]
highlighted that geometric features are typically able to identify bolt locations with rea-
sonable precision, but PointNet was better able to identify the precise bolt boundary and
distinguish between candidates that the coarser filtering step could not. This is concordant
with our results, in which high performance was typically associated with a clear link
between specific features and simple geometric objects (e.g., intensity differences between
metal and rock, linear strands of wire mesh), whereas bolts with a subdued profile on the
rock face were detected much more poorly. This limitation needs to be acknowledged when
applying geometric features to increasingly complex and varied object types.

4.4. Limitations

The classification accuracy of the proposed methods may be significantly influenced
by the quality of the data cloud, which can vary due to numerous factors. The current
study assumes a high-quality data cloud collected by a terrestrial laser scanner, but poorer
quality data clouds collected by alternative methods, such as with a mobile laser scanner
or autonomous vehicles, could result in poorer differentiation between object types and
worse generalization performance. A qualitative evaluation of data quality and its potential
impacts on object detection should be performed before every project.

Additionally, the methods discussed require the manual labeling of data rather than re-
lying on unsupervised techniques, which can be more labor-intensive and time-consuming.
This process necessitates a certain level of knowledge and training in machine learning to
ensure accurate and effective implementation.

5. Conclusions

Our study focused on the independent testing and validation of tunnel object extrac-
tion from terrestrial laser scanning (TLS) using geometric features and classical machine
learning (ML) techniques. The classification model comparison highlighted that neural
network (NN) and random forest (RF) models exhibited statistically comparable overall
accuracies, but NN models demonstrated slightly higher accuracy on average, particularly
in bolt identification.

Regarding generalization, our findings indicated significantly higher accuracy for
same-site evaluations compared to cross-site evaluations. This discrepancy can be attributed
to variations in intensity data and geometric characteristics between different mine sites.
Visual interpretation of the results further emphasized the strengths and limitations of
the classification approach, showcasing moderately to highly successful identification in
same-site scenarios and challenges in cross-site evaluations.

A practical case study involving a water conveyance tunnel demonstrated the adapt-
ability of the classification method to real-world applications. Despite challenges posed
by the presence of non-rock elements in the TLS datasets (tripods and human operators),
the developed workflow successfully identified rock within the tunnel and enhanced the
usefulness of the datasets in subsequent engineering analyses. The case study emphasizes
the need for tools that facilitate the rapid evaluation and retraining of models based on
limited data, as real-world projects are often budget constrained.

Considering our findings, we propose two key recommendations for addressing
challenges in underground object extraction from lidar datasets: the development of tools
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and software emphasizing calculation speed, active learning, and a streamlined user-
feedback-driven workflow; and exploration of deep learning-based approaches (and other
alternative point cloud descriptors) to enhance classification skills for object types where
standard geometric features may be less effective in real-world scenarios, such as bolts.
Specifically, the following deep learning topics should be explored:

1. Hybrid methods: Combine classical geometric feature-based techniques with deep
learning to balance speed and accuracy [69]. This approach leverages the strengths of
both methods, ensuring that the system can quickly process data while maintaining
high classification accuracy. By integrating these techniques, we can address the
limitations of each method when used independently, such as is demonstrated in [40].

2. Efficient architectures: Develop lightweight deep learning models like MobileNets for
resource-constrained environments [70]. These models are designed to perform well
on devices with limited computational power, such as mobile devices or embedded
systems. By focusing on efficiency, we can ensure that the models are practical for
real-world applications where resources may be limited.

3. Transfer learning: Use pre-trained models and fine-tune them on specific tunnel point
cloud data to improve performance [71]. Transfer learning allows us to leverage
existing models that have been trained on large datasets, reducing the time and
resources needed to develop new models. Fine-tuning these models on underground
infrastructure can enhance their accuracy and effectiveness in this use case.

4. Real-time processing: Optimize algorithms for parallel processing on GPUs [72]. This
involves modifying algorithms to take advantage of the parallel processing capabilities
of modern GPUs, significantly speeding up computation times. Real-time processing
is crucial for applications that require immediate feedback or rapid data analysis, such
as in-field assessments or dynamic monitoring systems.

Other techniques, such as data augmentation and domain adaptation, may also be
considered to further improve generalization performance.

Future work on this problem should consider the inclusion of multiple benchmark
datasets used by other authors (e.g., [57,58]) and the addition of other more diverse mines
and tunnel datasets for training via increased collaboration amongst researchers. We
suggest that newly developed classification algorithms should always be compared with
a standard classification approach, such as those used in this study, and across multiple
datasets to effectively demonstrate improvement.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/rs16234466/s1, Table S1. Accuracy metrics for all tests and for
the leave-one-feature-out analysis.
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