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Abstract
This study introduces an enhanced octree-based framework for integrated geotechnical analysis, combining geological, 
microseismic, and Mobile Laser Scanning (MLS)-based change detection data. Our approach leverages efficient statistical 
inference-based change detection techniques and additional octree data structures, enabling voxel-level data integration and 
association, semantic clustering, and comprehensive geotechnical analysis. We detail the implementation of our method, 
demonstrating capabilities such as integrating geological fault data, seismic energy exposure modeling, and combination of 
Random Sample Consensus (RANSAC) classification with Density-Based Spatial Clustering of Applications with Noise 
(DBSCAN). We conduct a suite of statistical analyses to investigate multi-dimensional trends and correlations among MLS-
measured changes, distances to geological faults, and seismic energy exposure. We found that binary change classification 
and change magnitude negatively correlate with three investigated fault-distance metrics. Multivariant analysis reveals that 
increased seismic energy exposure and decreased fault distance positively correlates with MLS-based change classification 
and magnitudes. Our findings imply that proximity to geological faults and seismic energy exposure can be statistically 
linked to increases in geotechnically relevant deformations. This study is the first to demonstrate that octree-based MLS data 
processing can reveal multi-dimensional trends in underground mine datasets, thereby enhancing understanding of complex 
geomechanical behaviors crucial for mining productivity and safety.

Highlights

•	 Introduced octree-based framework for integrated geotechnical analysis.
•	 Combined geological, microseismic, and MLS data at voxel level.
•	 Utilized statistical inference for change detection in framework.
•	 Found correlations between MLS changes, fault proximity, and seismic energy.

Keywords  Mobile laser scanning · Integrated geotechnical analysis · Octree data structures · Change detection · RANSAC 
and DBSCAN · Seismic energy

1  Introduction

The excavation and operation of underground openings such 
as caverns, tunnels, and mining drifts results in the redistri-
bution of stress fields in the surrounding rockmass (Terzaghi 

1942). In mining, stress-related rockmass failure is defined 
by fracturing or disintegration, resulting in loss of bearing 
capacity and structural damage. Geotechnical precursors of 
structural damage include ground deformations, deteriorat-
ing ground conditions, and uncontrolled ground movement, 
including convergence, fall of ground, seismicity, and rock 
bursts (Szwedzicki 2001). These are significant hazards to 
both personnel and physical assets in underground spaces 
(Mark and Molinda 2004; Li et al. 2008; Palei and Das 
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2008; Kaiser and Cai 2012; Nordlund 2013; Sandbak and 
Rai 2013; Oraee et al. 2016; Ma et al. 2020a; Zhao et al. 
2022; Hu et al. 2022).

Geotechnical monitoring and ground control measures 
are implemented to detect and prevent convergence and fall 
of ground, thus ensuring safety, operational reliability, and 
economic viability in underground mines. Visual inspections 
and in-situ instrumentation (e.g., multi-point borehole exten-
someters) are commonly applied tools for ground monitor-
ing. More recently, lidar-based Simultaneous Localization 
and Mapping (SLAM) Mobile Laser Scanning (MLS) sys-
tems have shown to be useful in enabling frequent, mine-
wide geotechnical monitoring due to significantly higher 
data acquisition efficiency than traditional inspections. 
(Williams et al. 2013; Puente et al. 2016; Raval et al. 2019). 
Fahle et al. (2021, 2022) showed that multi-epoch MLS data 
could detect geotechnical hazards while achieving high data 
quality with uncertainty on the millimeter-to-centimeter 
level when utilizing the multi-scale model-to-model cloud 
comparison (M3C2) algorithm (Lague et al. 2013).

To retain high data quality and address the computational 
limitations of M3C2 for application to large data sets, we 
previously described an MLS-monitoring framework built 
on an octree data structure that enabled change detection 
via intra-voxel statistical inference (Fahle et al. 2023). Our 
approach facilitates real-time geotechnical change detection 
on a mine scale. One of the remaining limitations of MLS-
based geotechnical monitoring is the integration of change 
detection with relevant geotechnical metadata to interpret 
trends and underlying causes of deformation. Geological 
structures and seismic activity are two examples of metadata 
correlated to geotechnical changes. Geological structures 
such as fractures, joints, and faults can significantly affect 
the rockmass behavior and, therefore, the development of 
convergence and falls of ground (Szwedzicki 2001; Trifu 
and Suorineni 2009; Wang et al. 2018). Faults have been 
identified as particularly relevant geological structures in 
rockmass failures (Brekke and Selmer-Olsen 1966; Suori-
neni et al. 1999). Open-stope mining methods deployed in 
metalliferous orebodies are frequently associated with fault-
induced failures (Dunne and Pakalnis 1996; Bruneau et al. 
2003b, a; Mikula 2020; Xia et al. 2022).

Today, many underground hard-rock mines utilize pas-
sive seismic sensor systems to monitor mining-induced 
seismicity. Mining-induced seismicity and passive seismic 
tomography have been used for stress distribution stud-
ies, forecasting of rock bursts, and improving mine safety 
(Young and Maxwell 1992; Meglis et al. 2005; Mercer 
and Bawden 2005; Luxbacher et al. 2008; Ma et al. 2016, 
2020b; Westman et al. 2017; Leake et al. 2017; Vatcher 
et al. 2018). A significant increase in the frequency or 
concentration of seismic events can indicate impend-
ing rock failures (Goebel et al. 2015). Like other in-situ 

instrumentation, seismic sensors can only capture events 
within a certain vicinity of the sensor array, which might 
result in incomplete data. For example, Slaker et al. (2020) 
captured underground mine deformation with stationary, 
terrestrial laser scanning (TLS) although no associated 
seismic events could be recorded. Kumar (2022) suggested 
that lidar data could be combined with other sensors, such 
as seismic, stress, and extensometers, to provide early 
warnings of potential geotechnical hazards. Therefore, 
we posit that seismic data could be useful metadata to 
supplement MLS-based change detection and deformation 
monitoring.

Although many studies document correlations among 
geological structures, seismicity, and rockmass behavior, 
challenges remain in the systematic integration of these 
factors into a unified analysis. Traditional geotechnical 
analyses comprise field and desktop investigations of 
observations of rockmass behavior and its relationship to 
geological features and properties. Desktop analysis usu-
ally involves the visualization of monitoring and geologi-
cal data in different software tools and may include various 
manual data processing and manipulation steps. However, 
this approach is time consuming and does not fully utilize 
the data’s digital properties. Furthermore, such approaches 
commonly preclude automated correlation of multiple 
types of geotechnical data. With the increasing prolifera-
tion of MLS-based rockmass monitoring and the result-
ing large volume of spatiotemporal data, these limitations 
in geotechnical analyses are further exacerbated. We are 
unaware of any attempts to perform a low-level integra-
tion of MLS-based change detection and geological and 
seismological data in a unified framework.

This study utilizes our previously proposed (Fahle 
et al. 2023) voxel framework to incorporate geotechnical 
relevant metadata. Using this approach, we demonstrate 
an integrated geotechnical monitoring framework using 
MLS, geological, and seismic field data from Glencore 
Kidd Mine in Ontario, Canada. We also improve our data-
processing pipeline using advanced clustering and fully 
parallelized ray-casting-based seismic energy computa-
tion. The paper makes the following contributions:

•	 Demonstration of a novel approach for integrated MLS-
based geotechnical monitoring using geological and 
seismic data

•	 Analysis of MLS field data from Kidd Mine, including 
identification of statistically significant differences in 
change detection results based on spatial correlation 
with geological and seismological data.

•	 Improve automation of change detection workflow by 
implementing a combined RANSAC and DBSCAN 
segmentation and clustering approach
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2 � Materials and Methods

2.1 � Kidd Mine and Case Study Data

The Kidd copper and zinc mine is located 27 km north 
of Timmins in Ontario, Canada. With a maximum depth 
of 3063 m, Kidd Mine is the world’s deepest base-metal 
mine. Mining at Kidd uses two shafts and blasthole stop-
ing with pastefill as a mining method to move more than 
4900 tonnes of material per day. The deposit is located in 
the Archaean Abitibi greenstone belt. Ore is hosted in the 
Kidd Volcanic Complex, a steeply dipping volcanogenic 
sulfide deposit cut by mafic sills and dykes. In this setting, 
geological faults and joint structures have been linked to 
seismic events and geotechnical failures (Suorineni et al. 
1999; Counter 2014, 2019). Click or tap here to enter text.

Stresses on faults at Kidd Mine are influenced by 
interconnected “domino-like” effects of close and far-
field rockmass deformations (Ma et  al. 2020b). These 
deformations can cause incremental slips on major faults 
and sudden structural failures. Such abrupt failures can 
compromise the structural integrity of openings such as 
stopes and drifts. Various studies have also highlighted the 
bidirectional causality of seismic events and excavation 
deformations (Urbancic and Trifu 2000; Ma et al. 2020b; 
Zhen et al. 2022). Seismicity at Kidd Mine is often linked 
to active geological fault systems (Disley 2014; Counter 
2019; Ma et al. 2020b). As such, Kidd Mine constantly 
strives to improve the understanding of MLS-measured 
deformations, geological structures, and seismic behav-
ior to defray the additional geotechnical risks associated 

with deepening the mine. For example, Kidd’s seismicity 
data is, among other things, used to establish safe re-entry 
protocols for restricted areas after blasting or significant 
seismic events (Disley 2014). While this approach has 
been proven beneficial, Disley (2014) also highlights the 
potential of supplementing seismic data with additional 
information, including proximity to major faults and geo-
metric changes in the mine drifts. Our study adopts the 
suggestion of Ma et al. (2020b) to consider energy release 
as a metric for evaluating seismic events, in addition to the 
seismic event rate.

The Kidd Mine geotechnical team collected and provided 
the two MLS datasets used in this study (Fig. 1). The scans 
were collected with a GeoSlam ZEB Revo and Horizon 
scanner and processed within GeoSlam’s SLAM software. 
They were georeferenced and aligned using ICP (Iterative 
Closest Point) methods within the Cloud Compare soft-
ware (CloudCompare 2021). Two scans of the 9800 Level 
Access were performed on 07/31/2020 and 11/24/2020, with 
an intervening time period of 3 months and 24 days. We 
also utilize two scans of the 6700-01S level performed on 
07/12/2018 and 03/28/2022, with an intervening period of 
almost 4 years. We utilize mining-induced seismicity data 
recorded via a microseismic monitoring system that included 
8 triaxial stations and 23 uniaxial stations developed by 
ESG Solutions. Kidd Mine’s seismic monitoring system is 
described in more detail by Ma et al. (2020b). We utilized a 
subset of the data that included seismic events that occurred 
within the same time interval as the analyzed MLS data. 
The data were provided as a processed database, including 
47,666 seismic events between January 2017 and June 2022 
with their timestamp, x, y, z-coordinates, and seismic energy 

Fig. 1   Overview of MLS data collected at Kidd Mine underground mine on 9800 Level Access (a) and 6700-01S (b) using a GeoSlam ZEB 
Revo with overlayed geological fault model
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released. We also utilized a geological dataset containing the 
major fault groups at Kidd Mine provided as meshed solids 
in a ply data format.

2.2 � Octree‑based Inference Change Detection 
and Voxel Augmentation

An octree is a hierarchical data structure that divides 3D 
space into nodes (Meagher 1982; Wilhelms and van Gelder 
1992). Nodes are commonly represented by cubical volumes 
referred to as voxels. Each voxel can be recursively divided 
into eight smaller sub-sections until a minimum voxel size 
or tree depth is reached. The minimum voxel size lmin deter-
mines the octree’s level of detail or resolution, with lower 
values representing higher resolutions. To analyze changes 
in our datasets, we utilize our previously described octree 
data structure and statistical inference-based change detec-
tion framework (Fahle et al. 2022). Our octrees based on 
MLS Cloud Epoch 1 (E1) and Epoch 2 (E2) are supple-
mented with summary statistics of the lidar points falling 
within each voxel. These include each voxel’s mean x, y, and 
z in the mean vector x and a 3 × 3 covariance matrix Σ . These 
statistics describe the sampled surfaces in more detail than a 
voxel, which usually only represents occupied, unoccupied, 
or unknown space (Fig. 2).

Traditional change detection methods rely on distance 
computations via cloud-to-cloud (C2C), cloud-to-mesh 
(C2M), or multi-scale model-to-model cloud comparison 
(M3C2) algorithms. In our approach, we utilize per-voxel 
summary statistics for statistical inference classification via 
Chi-Squared tests and a common significance level α = 0.05 
to estimate the probability of an outcome (such as geotech-
nically-relevant changes) based on the frequency of find-
ings supporting this outcome (such as distance differences 
between two MLS epochs). Our statistical test then quanti-
tatively assesses the probability of measured changes being 
statistically significant and classifies voxels into significant 
and non-significant changes. To reduce the Chi-Square test’s 
sensitivity to sample size, we enforce a minimum sample 

size of nmin = 30 (Schiefer and Schiefer 2021). Based on 
our average MLS point spacing of 0.01 m and testing, we 
found that lmin of 0.5 m returns about 2000 point-pairs for 
each Chi-Squared test. This voxel size guarantees sufficient 
samples even in lower-density scan areas and provides a 
sub-sampled output for efficient geotechnical correlation 
analysis.

2.3 � Geological Fault Distance Computations

After performing inference change classification using our 
MLS data epochs E1 and E2, we augment the MLS octree 
voxels of classified changes by correlating the geological 

Fig. 2   Schematic of a volumetric (a) and tree (b) representation of an 
octree structure storing Boolean occupancy free (white) and occupied 
(grey). Example of an occupied voxel of size lmin storing MLS points 

of a surface (c), a graphical representation of the covariance of the 
points (d), and the data maintained in our octree (e)

Fig. 3   Schematic overview of our framework for integrating MLS, 
geological fault, and seismic data to output data for geotechnical cor-
relation analysis
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and seismic model data provided by Kidd Mine, as sum-
marized in Fig. 3.

The octrees for geological fault and seismic data inte-
gration utilize the same lmin octree resolution as the MLS 
octrees. While selecting different octree resolutions for each 
data type is possible, we chose to maintain a resolution for 
geological and seismic data consistent with our MLS octree 
resolution. This resolution balances computational perfor-
mance with sufficient accuracy to represent the original 
fault model with a triangle side length between 5–30 m. We 
utilize a voxel-triangle intersection test to perform octree 
voxelization on the 3D-triangular mesh model of geological 
faults (Möller 1997). We can then associate voxels in our 
MLS data octrees with geological metadata by performing 
efficient octree nearest-neighbor searches. This approach 
enables various operations to generate quantitative models 
correlating MLS-monitoring data and geological informa-
tion such as fault zones.

As highlighted in our review of other studies, geological 
faults can significantly influence rockmass behavior and geo-
metric changes within the mine drift. One metric that likely 
plays a critical role is the spatial distance of fault zones to a 
given region of the mine drifts. To analyze our MLS-based 
change detection, we derive three different distance metrics 
for each MLS voxel, as shown in Fig. 4:

A.	 the shortest Euclidian distance between an MLS voxel 
and the closest intersection of a fault voxel with an MLS 
voxel,

B.	 the shortest connected voxel-to-voxel path (Dijkstra 
1959) between an MLS voxel and the intersection of a 
fault voxel with an MLS voxel, and

C.	 the shortest Euclidian distance between an MLS voxel 
and any fault voxel—not necessarily requiring an inter-
section with an MLS voxel.

To evaluate the potential correlation between MLS-
measured changes and geological faults, we provide boxplots 
and derive parametric [mean, standard deviation (SD)] and 

non-parametric summary statistics [median, mean average 
deviation (MAD)] for voxels with and without statistically 
significant change (“changed” and “unchanged”, respec-
tively). We evaluate the statistical significance of the corre-
lation between MLS changes and geological fault data using 
a common 0.05 significance level and a non-parametric 
Mann–Whitney U test (Mann and Whitney 1947). We also 
use linear regression modeling to investigate the correlation 
between dependent (MLS-measured change) and independ-
ent (distance to fault) variables.

2.4 � Seismic Energy Computation

To estimate the influence of seismic events on geometric 
changes observed in the MLS data, we approximate the 
energy ER received by each MLS voxel. We use a simplified 
geometric attenuation model (Lowrie 2007), assuming that 
the initial energy E0 at a given distance r from the seismic 
source is distributed over the surface of a sphere:

In addition to geometric attenuation, anelastic damping 
causes further loss of seismic wave energy (e.g., by conver-
sion into heat). The wavelength-dependent quality factor (Q) 
describes this damping effect which is more pronounced in 
low-stiffness solids (Lowrie 2007) and less pronounced in 
an intact rockmass with fewer open joints, less clay, and 
reduced frequency of jointing (Barton 2007). In addition 
to geometric attenuation, scattering is a phenomenon that 
occurs when seismic waves interact with heterogeneities in 
fault zones, such as fractures, damage zones, and low-veloc-
ity layers. Scattering can produce effects such as attenua-
tion, reverberation, trapped waves, and noise (Hamilton and 
Mooney 1990; Shapiro and Kneib 1993; Hillers et al. 2014; 
Touma et al. 2022; King et al. 2022). Fault-related scatter-
ing, therefore, also causes additional attenuation of seismic 
wave energy. Due to the significance of geological structures 

E
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=
E
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.

Fig. 4   Three distance metrics for Kidd Mine MLS and geological fault data at the 9800 Level Access: A Euclidian distance to the closest fault-
voxel intersection, B Shortest connected path to a fault-voxel intersection, C Euclidian distance to closest fault voxel
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at Kidd Mine, we tested an attenuation model based on the 
assumption that the disturbed rockmass within a fault zone 
increases energy attenuation. We model this increase in 
attenuation based on the travel distance of a seismic wave 
through a fault zone.

Figure 5 provides an overview of a simple implementa-
tion of a combined model considering geometric attenuation 
in all voxels and scattering attenuation in fault zones. First, 
seismic data, including date and total radiated energy, are 
stored in an octree at 0.5 m voxel resolution. The cumula-
tive released energy between 2 time periods of interest (e.g., 
MLS scan dates) is stored if multiple events fall within the 
same voxel. We then cast a ray from each seismic voxel 
to each MLS voxel to compute its energy exposure. If the 
ray intersects a geological fault voxel, we can modify the 
geometric attenuation function f(λg) with a scattering com-
ponent f(λg + λs). In our model, we modify the geometric 
attenuation function by increasing the exponent of r based 

on the number of fault voxels intersected by the ray n to 
calculate the combined effects of geometric and scattering 
attenuation on the received energy E

R
Combined

∶

In our model, we increased r by 0.05 for each intersecting 
voxel to achieve a reasonable attenuation based on testing. 
This study is more focused on discovering relative trends 
rather than the absolute energy. Future studies should con-
sider more detailed analysis and calibration should be con-
sidered. The more fault voxels a ray intersects between its 
seismic event origin to its MLS voxel destination, the larger 
the exponent of r becomes, effectively increasing the attenu-
ation effect. The estimated cumulative energy received by 
each MLS voxel ER is incremented based on the respective 
attenuation function.

Figure 6 shows example outputs of our seismic models. 
In Fig. 6a, only geometric attenuation is computed, and the 
seismic energy exposure decreases quadratically with dis-
tance from the event distance. If scattering is incorporated, 
the model implements the attenuation based on the number 
of fault voxels passed to reach an MLS voxel, as shown in 
Fig. 6b. We analyze potential correlations between seismic 
energy exposure and MLS-measured changes following the 
methodology described for geological fault data.

2.5 � Improved Clustering Using RANSAC 
and DBSCAN

Our previous work utilized a K-nearest-neighbor algorithm 
to cluster adjacent MLS voxels with detected changes (Fahle 
et al. 2023). This approach was effective in initial tests with 
relatively few artificially introduced changes. In tests on 

E
R
Combined

=
E
0

4�r
(2+

n

20
)
.

Fig. 5   Schematic of prototype seismic energy attenuation model

Fig. 6   Example of seismic energy attenuation model output with MLS data using only geometric attenuation (a) and with fault model for com-
bined geometric and scattering attenuation (b). Energy release E

O
 is comparable to a 1.0 Local Magnitude (ML) event at Kidd Mine



2667Advancing Geotechnical Analysis with Octree‑based Processing: Voxel‑Level Integration…

Kidd Mine data, we found its performance on datasets that 
span longer time intervals between MLS scans and include 
a larger number of changes to be insufficient. The primary 
limitation of our initial implementation was the inability to 
specify the minimum number of points required to form a 
cluster. This caused the algorithm to generate many small, 
fragmented clusters, making it difficult to identify meaning-
ful changes in the data.

Density-based spatial clustering of applications with 
noise (DBSCAN) (Ester et al. 1996) has shown promising 
results for rockfall detection in high-density static terrestrial 
lidar datasets (Tonini and Abellan 2014; DiFrancesco et al. 
2020). In our adaptation of DBSCAN we use a maximum 
search radius rmax and a minimum number of voxels vmin 
to define a cluster (Fig. 7). As described by van Veen et al. 
(2017) DBSCAN parameters are closely related to the point 
spacing or in our case voxel size lmin. For our data and a lmin 
of 0.5 m, we found that a rmax = lmin and vmin of seven results 
in a reasonable number of well-defined clusters. A larger 
search radius resulted in very few or single clusters that 
included most or all the changed voxels. When the minimum 
number of voxels was increased, too many change regions 
were misclassified as noise.

Another common challenge in change detection in under-
ground MLS datasets is the geometric change in the mine 
drift floor due to mining operations such as mucking and 
leveling (Walton et al. 2018). Such change is not geotechni-
cally relevant and can cause challenges for clustering rel-
evant changes. We implemented a workflow to classify the 
mine drift floor to improve the clustering performance of 

DBSCAN. Similar to Ren et al. (2019) we use a Random 
Sample Consensus (RANSAC) algorithm (Fischler and 
Bolles 1981) to define the ground plane within the mine 
drift. We perform 1000 iterations of a plane fit to 500 voxels 
with normal vectors pointing in the positive z-direction. A 
threshold distance of lmin to the best fitting plane is used to 
classify all voxels as belonging to the mine floor. If floor 
voxels have been classified as changed, they can now be 
processed differently from changes in mine drift roof and 
wall voxels. In our case, we assign them to a distinct cluster 
before clustering other changes using DBSCAN.

3 � Results

3.1 � Integration of Geological Faults into Change 
Detection

We processed the 9800 Level Access dataset, the 6700-01S 
datasets, and the regional fault model to investigate potential 
correlations of MLS-measured geometric changes and geo-
logical faults. Figure 8 shows the results for the two datasets.

The statistical analysis results to evaluate the potential 
correlation between MLS-measured changes and Euclidian 
distance to intersections with geological faults are shown 
in Fig. 9 and Table 1. For the 9800 Level Access, the mean 
Euclidian distance to a fault voxel intersection for unchanged 
voxels is 6.10 m and 5.90 m for changed voxels, with stand-
ard deviations of 3.80 and 4.30 m, respectively. The more 
outlier robust median shows a 0.9 m closer distance of 
changed voxels to faults compared to unchanged voxels. This 
represents a significant difference of unchanged and changed 
voxel distance to fault intersection of 15%. p values for the 
Mann–Whitney U test confirm this trend with a p value of 
4.96e−12, suggesting a statistically significant difference 
at the 0.05 confidence level in the Euclidean distances of 
unchanged and changed voxels for 9800 Level Access data-
set. We observe similar results for the 6700-01S dataset with 
a mean distance for unhanged voxels of 9.00 m and 8.30 m 
for changed voxels with standard deviations of 4.90 and 
4.70 m, respectively. The median difference is similar to 
the 9800 Level Access data with 0.8 m between unchanged 
and changed voxels. This represents a statistically significant 
9.00% difference between the two samples with a p value of 
5.28e−15.

We also investigated the shortest path distance from an 
MLS voxel to a fault-MLS-voxel intersection and the Euclid-
ian distance to the closest fault voxel. Figure 10a shows that 
for the full 6700-01S dataset, both distance metrics are com-
parable to the Euclidean distance to fault-MLS intersection 
and indicate slightly lower distances for changed voxels 
than unchanged voxels. The relative difference between the 
two metrics for unchanged and changed voxels is low. The 

Fig. 7   The DBSCAN algorithm generated two clusters consisting of 
three types of voxels: key voxels (red), border voxels (blue), and noise 
voxels (white). Key voxels satisfy the cluster criteria of rmax and vmin, 
while border voxels do not meet the criteria but are within reach of a 
key voxel. Noise voxels do not belong to any cluster. The DBSCAN 
algorithm utilizes two rules: (1) voxels within rmax of a key voxel are 
considered part of its cluster, and (2) key voxels that share a common 
border voxel are considered part of the same cluster, as demonstrated 
by the example of v1 and v2 in Cluster 1. Adapted from Tonini and 
Abellan (2014), DiFrancesco et al. (2020) (Color figure  online)
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Euclidean distance to the closest fault voxel is lower, which 
is to be expected when faults run parallel to the mine drift, 
as in our dataset. The fault damage zone in Fig. 8 shows two 
faults intersecting the mine drift. Based on visual inspection, 

the fault damage zone shows a noticeably higher density of 
voxels with change magnitudes greater than 0.025 m near 
the intersection of the fault with the mine drift. This obser-
vation is supported by the analysis of boxplots for 6700-
01S—Fault Damage Zone (Fig. 10b) and summary statistics 
in Table 2. They indicate an 18–30% closer mean distance of 
changed voxels to the nearest fault compared to unchanged 
voxels. We also investigated the use of alternative metrics 
considering multiple faults which did not show improvement 
in their ability to represent trends in change classification or 
magnitude.

We investigated a potential change magnitude and fault 
distance correlation based on the three distance metrics 
using binned mean and median plots shown in Fig. 11. 
In all metrics for the 6700-01S dataset, a trend towards 
larger magnitude changes occurring in closer proximity 
to fault intersection and fault voxels can be observed. The 
mean change magnitude decreases from almost 0.3 m at 
0 m distance to fault intersections to below 0.05 m at the 
maximum distance recorded for each metric. As expected, 
the trend is more pronounced for changed voxels than for 
unchanged voxels where distance magnitudes remain rela-
tively constant. The plots reveal a significant spike in the 
change magnitude for all metrics in the 12.5–22 m distance 
interval. This spike is most pronounced in the shortest 
connected path to fault intersection distance. Figure 12 
uncovers that two areas with significant scan occlusion 
in one scan epoch fall within the distance interval. The 

Fig. 8   Top and bottom view of 9800 Level Access (a, b) and 6700-01S (c, d) MLS data colored by change according to Kidd Mine Trigger 
Action Response Plan (TARP) and regional fault model. The fault damage zone shows significant changes near two faults

Fig. 9   Boxplot (left) showing the Euclidian distance to intersections 
between MLS and fault voxel of 9800 Level Access and 6700-01S 
MLS data by change classification
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low density of points results in change distance compu-
tations that do not represent any meaningful changes in 
the mine drift geometry. If we remove the two occlusion 
areas in our analysis, the change magnitude spike within 
the 12.5–22 m interval is significantly reduced. We can 
observe a similar trend in the smaller fault damage zone 
section of the dataset.

For the full 6700-01S dataset, linear regression modeling 
for Min–Max normalized change magnitude and distance 
to fault did not reveal any meaningful trends. As shown in 
Fig. 13 and Table 3 for the 6700-01S—Fault Damage Zone 
dataset, the linear regression fit quality for changed voxels 
(R2 = 0.021–0.043) is about twice as high as for unchanged 
voxels (R2 = 0.014–0.019). When comparing difference in 

Table 1   Summary statistics 
for Euclidian distance to fault 
intersection for 9800 Level 
Access and 6700-01S

6700-01S-fault region—distance metrics (m) 9800 Level access 6700-01S

Unchanged Changed Unchanged Changed

n 5939 8919 4478 7827
Mean 6.10 5.90 9.00 8.30
Median 5.90 5.00 8.80 8.00
Standard deviation 3.80 4.30 4.90 4.70
Mean absolute deviation 3.20 3.50 4.20 3.90
Unchanged to changed median % difference − 15.0 − 9.00
Mann–Whitney U p value unchanged/changed 4.96e−12 5.28e−15

Fig. 10   Boxplots comparing A: Euclidian distance to fault-MLS intersecting voxels, B: Shortest connected path to intersecting voxels, and C: 
Euclidian distance to closest fault voxel for complete 6700-01S (a) and 6700-01S—Fault Damage Zone (b) data

Table 2   Summary statistics for 
the three MLS-to-fault-distance 
metrics for 6700-01S—Fault 
Damage Zone in meters

Voxel classification A B C

Unchanged Changed Unchanged Changed Unchanged Changed

Mean 11.00 8.80 12.00 9.80 9.30 6.5
Median 12.00 8.60 12.00 9.50 9.40 6.0
Standard deviation 4.70 4.90 5.30 5.80 4.40 3.80
Mean absolute deviation 3.90 4.10 4.30 4.60 3.70 3.00
Unchanged to changed 

mean % difference
− 20.0% − 18.3% − 30.1%
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the regressions’ slope magnitude, we observe that changed 
voxels exhibit a negative slope that is between 4–5 times 
steeper compared to the unchanged voxels. This difference 
indicates that voxels classified as changed show a more pro-
nounced negative correlation between decreasing change 
magnitudes and increasing distance to fault intersection than 
unchanged voxels. We also investigated linear and logistic 
regression techniques to model both change magnitude and 

change classification in relation to fault distance, but the 
results remained largely inconclusive.

3.2 � Integrated Analysis Using Microseismic, 
Geological, and MLS Data

We test the functionality of our geometric and combined 
attenuation models using the 9800 Level Access dataset with 

Fig. 11   Binned (0.5 m) mean and median fault distance compared to 
change magnitude for 6700-01S and 6700-01S—Fault Damage Zone 
datasets for unchanged and changed voxels. A Euclidian distance to 

fault-MLS intersecting voxels, B Shortest connected path to intersect-
ing voxels, and C Euclidian distance to closest fault voxel
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Fig. 12   Analysis of spiking change magnitude in the 12.5–22 m shortest connected path distance to fault-distance interval in the 6700-01S data. 
Both high change magnitude areas (> 0.125 m) correlate with high scan occlusion

Fig. 13   Linear regression for three distance metrics. A Euclidian distance to fault-MLS intersecting voxels, B Shortest connected path to inter-
secting voxels, and C Euclidian distance to closest fault voxel for 6700-01S—Fault Damage Zone data with scan occlusion removed

Table 3   R2 and slope values 
for linear regressions shown in 
Fig. 13

A: Euclidian distance to fault-MLS intersecting voxels, B: Shortest connected path to intersecting voxels, 
and C: Euclidian distance to closest fault voxel

A B C

Unchanged Changed Unchanged Changed Unchanged Changed

R2 0.018 0.040 0.019 0.043 0.014 0.021
Slope − 0.021 − 0.099 − 0.023 − 0.113 − 0.017 − 0.075
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scans performed on 07/03/2020 and 11/24/2020 and all seis-
mic events recorded in the same time interval. Figure 14 
highlights the differences between the two models. In this 
period, the 9800 Level Access was primarily impacted by a 
significant 1.83 ML seismic event on 11/22/2020 at 1:41 AM 
that radiated 230 MJ. The event occurred close to the 9800 
Level Access and about 50 m from the MLS scan region. 
The geometric model (a) shows the expected quadrati-
cally declining energy received by each MLS voxel within 
the MLS measurements interval between 07/31/2020 and 
11/24/2020. The computed peak energy exposure is about 
7 kJ. The combined geometric and scattering attenuation 
model (b) shows the same peak energy exposure and quickly 
declining seismic energy after each fault intersection.

We can observe significant outliers for all datasets and 
groups by analyzing the statistical distribution of normalized 
seismic energy for changed and unchanged voxel groups by 
fault model in Fig. 15 and the summary statistics in Table 4. 

Both models display significantly higher seismic energy in 
changed voxels than in unchanged voxels in Fig. 15a. The 
difference is more pronounced for the geometric model with 
more than 25% higher median seismic energy exposure in 
changed voxels than in unchanged. In the combined model, 
we only observe a 12% difference. The trend for mean and 
median in Fig. 15b shows an increase in change magnitude 
from 0.8 m to more than 0.15 m with increasing seismic 
energy exposure in the geometric attenuation model. This 
trend is not observable in the unchanged voxels, which 
remain relatively constant in change magnitude with increas-
ing energy exposure. The linear regression model in Fig. 15b 
fitted to normalized seismic energy exposure in the geomet-
ric model to normalized change magnitude show a low R2 
value of 0.03 for the changed voxels. The slope indicates 
a positive correlation between seismic energy and change 
magnitude for changed voxels in our dataset, supporting the 
observations made from the previous plots.

Fig. 14   Seismic energy exposure of 9800 Level Access based on seismic data from 07/31/2020 to 11/24/2020 for geometric attenuation model 
(a) and combined geometric and scattering attenuation model (b)

Fig. 15   Data-analysis for 9800 Level Access. Boxplots for normal-
ized seismic energy for geometric and combined geometric and scat-
tering attenuation (a). Mean and median seismic energy of 300 J wide 

bins compared to change magnitude < 0.5 m for geometric model (b). 
Linear regression for the geometric model fileted by 0.5  m change 
magnitude
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We also performed a multivariant analysis to investigate 
change magnitudes in relationship to their distance fault 
voxel and seismic energy exposure. Using the geometric 
attenuation model, we conducted this analysis for the 9800 

Level Access and 6700-01S datasets. Figure 16 shows the 
results as binned means for Euclidean distance to faults and 
Euclidian distance to fault intersections. Building on our 
prior findings and site-specific knowledge, we hypothesize 

Table 4   Summary statistics for seismic energy exposure modeling for 9800 Level Access

9800 Level Access seismic models Geometric attenuation (J) Geometric attenuation and fault scatter-
ing (J)

Unchanged MLS Changed MLS Unchanged MLS Changed MLS

Mean 2064 2579 1065 1492
Median 1626 2042 635 714
Standard deviation 1114 1332 1401 1689
Mean absolute deviation 751 1088 876 1297
Unchanged to changed median change 26% 12%
Mann–Whitney U p value unchanged/changed 1.52e−200 8.12e−75

Fig. 16   Mean values of 0.05 wide bins over normalized distance to fault for 9800 Level Access (a/b) and 6700-01S (c/d) data. Euclidean dis-
tance to closest fault (a/c) and Euclidean distance to fault intersection voxel (b/d)
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that higher change magnitudes may correlate with shorter 
distances to faults and increased seismic energy exposure. 
In Fig. 16a the 9800 Level dataset exhibits the same trend 
up to 0.6 on the normalized distance scale, after which both 
seismicity and change magnitudes rise again. Our hypothesis 
is further substantiated when assessing the distance to the 
closest fault intersection in Fig. 16b, where we observe a 
distinct trend of decreasing change magnitudes and seismic-
ity as the distance to fault-drift intersections increases. This 
difference can be attributed to the fact that the geology of 
the 9800 Level is characterized by a fault running parallel 
to the drift section with no significant changes, while the 
most notable changes are observed near intersections with 
the fault.

For the 6700-01S dataset, we can observe a more uniform 
trend between the two distance metrics. While the data gen-
erally supports our hypothesis, Fig. 16d shows an increase 
in seismic energy at the 0.8 distance mark (box) which is not 
visible in the distance to the closest fault metric. The rea-
son for this discrepancy can be observed in Fig. 17c, which 
corresponds to the highlighted points in the 0.8 distance 
interval in Fig. 16d. Due to the geometric configuration of 
the faults, the distance to fault intersection is significantly 
larger than the distance to any fault voxel and coincides with 
the region of the drift that also experienced a high seismic 
energy exposure.

3.3 � Combined RANSAC and DBSCAN Approach 
for Semantic Clustering

To enhance the usability of MLS data, we improved the 
automated segmentation and implemented a new clustering 
approach (see Sect. 2.5). Figure 18a illustrates the function 
and output of the RANSAC implementation on the 6700-
01S dataset. The set includes about 100 m of drift floor with 
a grade of 3.7%. Our method can correctly fit a plane to the 
ground plane and classify most voxels correctly as floor vox-
els. As shown in Fig. 18b, RANSAC does not classify 132 
floor voxels (A), resulting in an F1 score of 0.985 (Table 5). 
The misclassification results from the uneven floor and the 
relatively large-scale plane fit, which could result in less 

reliable clusters if the goal is to remove floor voxels for fur-
ther processing with DBSCAN and in analysis. One poten-
tial approach to address this issue is to fit multiple planes to 
smaller segments of the data to capture local irregularities in 
the mine floor better. The region in (B) does not include any 
MLS data, which results in missing floor voxels.

Figure 19 shows the combined RANSAC and DBSCAN 
output. After classifying floor voxels, we filter the dataset 
to include only those changes exceeding Kidd Mine’s Trig-
ger Action Response Plan (TARP) threshold of 0.025 m. 
We then perform DBSACN on the non-floor voxels, creat-
ing 36 clusters. The two largest change clusters are spatially 
well-correlated with the fault-drift intersections in (C). They 
also fall within a similar region as previously analyzed fault 
damage zone in Fig. 8.

4 � Discussion

We performed a statistical analysis of the complete 9800 
Level Access and the 6700-01S data investigating the dis-
tance of change and unchanged voxels to fault intersections. 
The results revealed a significant difference between the two 
groups with increasing change magnitudes being associated 
with decreasing distances to several fault-drift intersections. 
While the relative difference between the two voxel classes 
is significant and ranges from 9 to 15%, the absolute dis-
tance difference is small, ranging from 0.1 to 0.8 m, with 
a high standard deviation in the underlying distance metric 
(3.8–4.9 m).

The correlation between MLS-measured changes and 
proximity to fault-drift intersections is more pronounced in 
the 6700-01S—Fault Damage Zone subset than in the com-
plete dataset. For this subset, we compared two alternative 
distance metrics: the shortest connected path from an MLS 
voxel to a fault intersection and the Euclidean distance to 
any fault voxel. The observed difference between the met-
rics of changed and unchanged voxels was 18–30% for the 
fault damage zone subset. This is two times higher compared 
to the complete 6700-01S. This finding indicates a scale-
dependent, localized trend that becomes more discernible in 

Fig. 17   Comparison of seismic energy exposure (a) to distance to closest fault (b) and closest fault intersection (c) for the 6700-01S data
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specific regions, such as zones directly influenced by faults. 
Geotechnical inspections at Kidd Mine by Black et al. (2021) 
support this idea and suggest that fault-related geotechnical 
changes can occur locally. Separating faults in our model 
into smaller units, e.g., based on their geological properties 
or orientation, has the potential to provide further insights. 
Our dataset reveals comparable results between the shortest 
connected path and Euclidean distance metrics. The former 
metric will likely be more significant in larger mine drifts, 
intricate drift networks, or fault-to-drift configurations. In 
such instances, investigating alternative metrics could be of 
added value.

The analysis of continuous change magnitudes supports 
the significant difference found in binary change clas-
sification of voxels and their distance to faults. Binned 
mean and median and linear regression analysis revealed 
decreasing change magnitudes with increasing distance 
to faults. An anomalous spike in change magnitudes at 
high fault distances could be attributed to occlusions in 

the MLS data, emphasizing the significance of obtaining 
dense and uniform lidar data (Fahle et al. 2022). As under-
scored by Fahle et al. (2020), adopting more automated, 
high-frequency MLS could be crucial in accomplishing 
this objective. As occlusion cannot always be avoided, reli-
able methods to filter occluded scan regions could further 
improve results.

Linear regression models indicated a trend that aligned 
with the findings from our other analyses. Their fit could be 
further improved by utilizing larger and high-density MLS 
datasets. In addition, shorter time intervals between MLS 
data collection would reduce the number of high-magni-
tude changes. Removing such potential outliers would also 
improve the fit of linear regression models. Our previous 
work demonstrated that high-density MLS data with a point 
spacing of 0.005 m collected in short intervals with higher-
resolution MLS sensors, could deliver high-accuracy change 
detection (Fahle et al. 2022).The presence of non-linear 
behavior in the underlying trends, as evident by the mov-
ing averages, might constrain the quality of the linear fits. 
Lastly, it should also be considered that the geological fault 
locations derived from geological models carry inherent 
uncertainty. In the future, our framework could potentially 
be used to identify areas that might merit further geologi-
cal mapping e.g., if MLS indicated changes and seismicity 
attenuation indicate a fault that has not yet been mapped. 

Fig. 18   Results of the RANSAC algorithm for 6700-01S data

Table 5   Confusion matrix for RANSAC classification for 6700-01S

True Pos True Neg Sensitivity Precision F1

Pred. Pos 4324 0 0.870 1.000 0.9850
Pred. Neg 132 7849
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Note that more frequent MLS scans were available but were 
not used in this analysis.

Our integration of seismic data with MLS data shows a 
statistically significantly higher energy exposure of changed 
MLS voxels relative to unchanged voxels. Analysis of 
change magnitudes also supports the hypothesis of increas-
ing observable change magnitudes with increasing seismic 
energy exposure. The quality of the fit of a linear regression 
model is similar to the fault-distance model indicates a weak 
positive correlation between seismic energy and the change 
magnitude. Multivariate analysis for the 9800 Level Access 
and the 6700-01S datasets using binned means revealed a 
trend towards larger magnitude changes with decreasing 
distances to faults and increasing seismic energy exposure. 
These results align with studies that find positive correla-
tions between seismic energy release and observed rockmass 
damage (Gale et al. 2001; Cai et al. 2001; Dehn et al. 2018). 
Our results also revealed that the strength of the correlation 
between seismic energy exposure and fault distance varies 
based on the chosen distance metric. This underscores that 
the selection of suitable metrics, interpretation of statistical 
results, and detection of trends are all inextricably linked to 
the local geological context.

Differences in seismic energy exposure in change and 
unchanged voxel varied based on the attenuation model. We 
found that this difference is more pronounced in the geo-
metric attenuation model that does not consider scattering-
based attenuation in fault zones. Geotechnical Engineers at 
Kidd Mine suggest that the fault movement measured by 
extensometers near the 9800 Level Access might have coin-
cided with the seismic event on 11/22/2020 (Black et al. 
2021). The described seismicity and correlated fault move-
ments are likely associated with the MLS-measured changes 
observed in the rockmass. In this case, our implementation 
of faults as regions of high attenuation and lower seismic 
energy transmission might not correctly represent the fault 
zones and seismic energies’ impact on the surrounding rock-
mass behavior. Integrating extensometer readings into our 
framework could provide additional data to calibrate our 
model and find a more suitable way of combining seismic 
energy release data and MLS-measured changes. Adding 
geological units to our model to better account for variations 
in Q-factor (Barton 2007) that could affect attenuation is 
another avenue for future research. Other metrics that have 
been utilized in other studies include seismicity, i.e., the rate 
of seismic events (Jones et al. 2014; Ma et al. 2016, 2020b) 

Fig. 19   Results of change detection, RANSAC floor classification, 
and DBSCAN clustering for 6700-01S. Some floor voxels are not 
correctly segmented (A). Area (B) with missing data in the MLS 

scan. The two largest change clusters show a good spatial correlation 
with the fault model and the previously identified fault damage zone 
(C)
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and the Energy Index, i.e., the relationship of seismic energy 
to the seismic moment (Aswegen and Butler 1993; Dehn 
et al. 2018). These studies showed that both metrics could 
provide useful information on inferred stress levels for a 
given seismic volume and timeframe. In the future, we will 
investigate using such metrics in our framework, as they 
could also be used to prioritize regions for MLS surveys.

In the future, additional data types could be integrated 
into the analyses. For example, Kidd Mine is considering 
calibrating the deformation history of mine drifts and stopes 
to the ground support system’s residual capacity (Counter 
2019). Especially in fault zones that often require substantial 
ground support (Rahimi and Sharifzadeh 2017), the sup-
port’s loading capacity can significantly impact the observ-
able ground deformations (Bahrani and Hadjigeorgiou 2018; 
Rahimi et al. 2020). Examining the interplay among ground 
support, deformations, geology, and seismicity at a voxel 
level could offer more profound insights into complex and 
potentially non-linear correlations.

We combined RANSAC and DBSCAN methods within 
our framework to introduce more semantic understand-
ing into an analysis workflow. Our approach demonstrates 
that we can automatically and accurately extract semanti-
cally relevant regions from MLS data, such as the mine 
floor and relevant change clusters. Our clustering-based 
approach improves visual inspection by automated filter-
ing of potentially less relevant changes, including mine 
drift floor, low change magnitudes, and change clusters of 
low density. Similar to Evanek et al. (2021), Iannacchione 
et al. (2020), and Slaker et al. (2019) who primarily rely on 
visual inspections of lidar and geological fault data, we find 
that the generated clusters are spatially correlated with the 
geological fault model. Adding a combined RANSAC and 
DBSCAN method to our framework enables a more auto-
mated, less error-prone, and less biased analysis of changes. 
In the future, more advanced classification of clusters should 
be considered, as changes in the mine floor could, in some 
cases, be geotechnically-relevant floor heave.

Automating geotechnical data analysis will become 
even more important with increasing MLS data collection 
through autonomous mining vehicles (Fahle et al. 2020). 
We showed that our framework is an effective platform for 
such automated analysis, which could be further improved 
by using machine learning models for classification and 
prediction applications. Recent review articles indicate 
a scarcity of advanced machine learning applications in 
underground mine geotechnical engineering (Zhang et al. 
2021, 2022; Kumar Singh et  al. 2022), particularly in 
analyzing MLS-based change detection and geological 
data. One obstacle could be the lack of large datasets that 
combine MLS and geological data. As we demonstrated, 
our framework is well-suited for storing, pre-processing, 
and integrating such datasets. In the future, our framework 

could be used to test more complex machine learning mod-
els to explore relationships and predictive capabilities of 
MLS-measured changes and geotechnical input features. 
An interesting feature we have not explored in much detail 
is modeled and measured rock stress. In the future, results 
from stress measurements and numeric models could 
be incorporated into the voxel framework for integrated 
analysis with MLS-measured deformations, geological 
features, and seismicity.

5 � Conclusion

This study presents an octree-based framework to perform 
geotechnical analysis that integrates geological, seismo-
logical, and MLS-based change detection data. We uti-
lize an efficient statistical inference-based change detec-
tion approach in combination with additional octree data 
structures to store and process geological fault and seismic 
energy data. Our results indicate a statistically significantly 
lower distance of MLS-measured changed voxels to geo-
logical faults compared to unchanged voxels. In addition, 
our analysis reveals a statistically significant higher seismic 
energy exposure in changed MLS voxels than unchanged 
voxels for two tested attenuation models. To help auto-
mate the selection of regions of significant geotechnical 
change, we showcase the efficacy of a combined RANSAC 
and DBSCAN clustering workflow to remove potentially 
irrelevant changes in the mine floor and extract meaningful 
geotechnical change clusters. Our example shows a good 
spatial correlation of change clusters with geological data. 
We improved the understanding of geotechnical challenges 
at our case study site by contextualizing findings of our 
statistical-based analysis with site-specific knowledge. Our 
framework marks a substantial advancement in underground 
geotechnical monitoring and analysis. There are several 
opportunities for further improvement, including incorpo-
ration of higher spatiotemporal resolution MLS data, addi-
tional geological properties to enhance our seismic models, 
and exploration of advanced machine learning techniques to 
uncover non-linear relationships among geological, seismic, 
and MLS data. Overall, the integrated framework presented 
in this study advances MLS-based underground monitor-
ing and geotechnical analysis by enabling statistical-driven 
analysis of multi-dimensional trends.
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