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Abstract 

 

Accurate deformation monitoring is essential for ensuring structural stability in 

underground mining environments. This study, therefore, evaluates the performance 

of mobile and static LiDAR scanners in capturing and analysing rock deformation 

within a controlled underground mock mine. The point cloud data was collected pre- 

and post-deformation using both scanning platforms and was processed in the open-

source CloudCompare for registration, segmentation and deformation analysis. The 

comparative assessment focused mainly on point cloud characteristics, surface 

errors and deformation mapping accuracy. The comparative results show that static 

LiDAR has a higher point resolution and lower surface errors, while mobile LiDAR 

allows for rapid data acquisition with a broader spatial coverage.  Deformation 

measurements obtained from both platforms show a strong correlation with the field 

measurements; this is confirmed by statistical analysis   with   𝑅2 Values greater than 

0.99.  Furthermore, a paired t-test resulting in a p-value of 0.188 exceeded the 

commonly used threshold of 0.05, indicating no significant difference between the 

two methods. Moreover, a trade-off between accuracy and operational efficiency was 

identified; where static LiDAR ensures high data quality, it is constrained by 

occlusions and acquisition time. Meanwhile, mobile LiDAR is more adaptable to 

confined environments. These findings contribute to optimising LiDAR-based 

deformation monitoring strategies in underground mining, balancing precision, 

efficiency, and practical implementation. 
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Chapter 1 

1 Introduction 

1.1 Background of the study 

Rock deformation in mining areas is the gradual change in the shape, size and volume of 

the rock formation because of natural and mining-induced factors (Molinda & Mark, 

2010). These changes can significantly compromise structural stability and integrity, 

ultimately posing safety hazards and operational efficiency. Rock deformation or the 

unplanned falls of ground incidents may be caused by mining activities such as blasting 

and excavation, which alter the stress distribution of the enclosing rock (Xia et al., 2016). 

It may also result from natural stresses within the Earth’s crust caused by the dynamic 

movement of rocks and environmental factors such as changes in temperature, water 

infiltration, and seismic events. These deformations serve as early warnings that precede 

catastrophic rock failures (Wang & Zheng, et al., 2017).  

In South Africa, the mining industry has been the backbone of the country’s economy 

(Cowling, 2023), and over the decades, continuous extraction of precious resources has 

led to deep-level mines. The Witwatersrand Basin, particularly, hosts some of the world's 

deepest mines, where rock deformation incidents (Figure 1) have been a constant 

challenge (Riemer & Durrheim, 2012). This is why the Mining Health and Safety Council 

(MHSC) has prioritised addressing the issue of falls of ground through its “Net-Zero-

Harm” and “Fall of Ground Action Plan (FOGAP)” campaign that aims to achieve a mining 

industry that operates with zero harm to its workforce. This has been addressed by 

enhancing monitoring technologies, like ground penetrating radar, seismic monitoring, 

and light detection and ranging (LiDAR) monitoring systems to detect and assess rock 

deformation in real time. Currently, the health and safety statistics of South Africa's 

underground mining industry identify falls of ground as one of the leading causes of 

casualties (MHSC, 2023), and internationally, regions like Australia, Canada, and the 

United States also face similar problems, especially in large-scale underground mining 

operations (CDC, 2024; East, 2025).  
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Figure 1: A 20-year record (2003-2023) classification of underground mining fatalities, showing 
ground falls as one of the leading causes of fatalities (MHSC, 2024). 

Understanding and monitoring rock deformations is vital for maintaining safe working 

spaces, properly planning designs, and choosing the correct mining method for 

improved safety and efficient operation (Zeng et al., 2020). The conventionally used 

manual and basic traditional monitoring methods have been used to create a safe 

environment for the mining (Table 1). However, the methods are time-consuming and 

labour-intensive, with limited spatial coverage  (Delaloye, 2012; Yang et al., 2017a).  

Table 1: Traditional rock deformation monitoring methods used in underground mining 

Manual methods  Working principle Limitations 

Visual inspection, 

audio assessment 

(Green & Mikkelsen, 

1988) 

Miners visually inspect spaces for 

signs of cracks, bulges and rock 

displacement.  

Hitting rock with a rod releases 

sounds that distinguish between 

solid (clear, ringing sound) and 

fractured (dull, hollow sound) 

rocks. 

No quantitative data, 

inaccurate and 

presumptuous, labour 

intensive, time-

consuming, high-risk, 

limited coverage 
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Basic instrument 

methods 

  

Tape measures, 

inclinometers  

(Slaker & Mohamed, 

2017) 

Assess changes in rockface 

angles, displacement, structural 

integrity 

Limited spatial coverage, 

permanent installation, 

periodic measurement, 

risk of damage, prone to 

environmental factors, 

high maintenance, costly 

Extensometers, 

load cells 

(Cota & de 

Figueiredo, 2014) 

Mounted on surfaces to monitor 

stress and loads. Monitor strain 

and small changes in rock 

movement. 

1.2 The prevalence of rock deformation in underground mining  

The catastrophic repercussions of this phenomenon manifest as subsidence, ground 

movement and rock bursts. The manifestation of deformation varies due to differences 

in geological formations, mining techniques and regulatory frameworks.  

In South Africa, the geological conditions are challenging and characterised by high-

stress environments due to the deep mining operations, complex rock structures and 

seismic activity. This, therefore, leads to frequent rock deformation events (Brink et al., 

2008). In 2019, the Department of Mineral Resources and Energy (DMRE) reported 369 

accidents, 385 injuries, and 20 deaths (DMRE, 2021). In North America, in regions like 

Canada and the United States, underground mining operations occur in varied geological 

settings, from hard rock mines to coal mines. Rock deformation issues include 

subsidence, especially in the coal mining regions, and seismicity in hard rock mines. 

Over 20 mines in Canada have encountered rock burst accidents. In the United States, 

between 1936 and 1993, a total of 172 recorded rockburst events resulted in 78 fatalities 

and 158 injuries (Mark, 2016; Pu et al., 2019). Australia’s mining sector also famous for 

its extensive mining industry, experiences challenges with the rock deformation 

phenomenon, although renowned to be one of the safest in the world. A 2023 North 

South Wales Government Safety bulletin reported a rise in rockfall injuries to workers in 

underground mines (NSWG, 2023). Seismic events and ground movement are prevalent, 

and their geology requires complex structures that require robust monitoring and 

support systems (Rahimi et al., 2020). European underground mines, such as those in 
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Poland, Britain and Germany, deal with deformation issues related to coal mining and 

other mineral extractions. Subsidence and water ingress are common problems 

exacerbated by the shallow depth of many operations and historical mining activities 

(Strzałkowski, 2021). Asian Countries, such as China and India, have a high density of 

coal mining activities and varying geological conditions, contributing to frequent 

deformation incidents (Chen, 2020). Rock bursts in these underground coal mines 

normally occur in mining roadways due to disruption of the equilibrium of the 

surrounding rock and coal system. For 2510 recorded rock burst data points, 2178 events 

occurred in mining roadways, accounting for 86.8% of the recorded total (Chen et al., 

2023). 

1.3 Problem Statement 

Underground mining environments are inherently unstable due to unpredictable 

geological conditions and constant rock mass movements. These movements are 

induced by drilling, blasting, and other mining processes (Deng et al., 2019). 

Catastrophic failures occur if these rock deformations are left undetected or 

insufficiently monitored. Falls of ground (FOG) are identified by the Mining Health and 

Safety Council (2023) as the leading cause of casualties and fatalities in underground 

mining and pose significant human health and safety hazards. Additionally, FOG 

incidents delay operations, resulting in substantial financial losses for mining 

companies (Molinda & Mark, 2010). Existing deformation monitoring methods, including 

traditional visual inspections and ground-based instruments, often lack the spatial 

coverage and precision necessary for effective risk assessment. This situation highlights 

the need for advanced real-time and high-resolution monitoring technologies. 

LiDAR (Light Detection and Ranging) remote sensing technology emerges as a powerful 

tool for capturing three-dimensional mapping of underground mining environments 

(Pinpin et al., 2021; Singh et al., 2021). However, choosing between static LiDAR and 

mobile LiDAR presents a critical challenge in underground deformation monitoring. 

While static LiDAR scanners offer high accuracy and dense point cloud data, they are 

time-intensive, and their fixed position limits their coverage (Trzeciak & Brilakis, 2021). 

On the contrary, mobile LiDAR provides rapid data acquisition and improved 
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accessibility in confined spaces but may introduce motion-induced errors and lower 

spatial resolution (Lindenbergh & Pietrzyk, 2015a). The trade-offs between accuracy, 

efficiency and operational feasibility require evaluation to determine the most effective 

approach for underground mining applications.  

Despite LiDAR’s increased adoption in deformation monitoring, research comparing 

static and mobile LiDAR in underground mines remains limited. Addressing this gap, the 

study intends to assess and compare the accuracy, surface errors, and operational 

efficiency of these technologies. The findings will help optimise deformation monitoring 

strategies, enhancing safety and decision-making in underground mining environments. 

1.4 Amis and Objectives  

This study aims to compare the efficiency of mobile and static LiDAR in detecting rock 

deformation of underground mines in the GIS environment. 

Specific objectives 

The main research objectives are to: 

a) Identify and map rock deformation in the underground mining environment.  

b) Evaluate the accuracy of static and mobile lidar for deformation monitoring 

c) Examine the operational efficiency of static and mobile lidar systems. 

1.4.1 Research Hypotheses 

Hypothesis (𝐻1): 

Mobile and static LiDAR systems significantly differ in their accuracy for detecting 

and mapping rock deformation in underground mining environments. 

Null Hypothesis (𝐻0): 

There is no significant difference between mobile and static LiDAR systems in terms 

of accuracy for detecting and mapping rock deformation in underground mining 

environments. 

1.5 Scope of the thesis 

The thesis is structured into five chapters, each systematically addressing various 

components of the study. Chapter 1 introduces the research problem and its 

significance, while Chapter 2 provides a comprehensive literature review on 
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underground deformation and monitoring technologies. Chapter 3 covers the 

experimental methodology, including data collection and analysis techniques. The 

results are presented and discussed in Chapter 4. With a summary of results, 

recommendations, and future research directions, Chapter 5 closes the study. 

Chapter 1 

This introductory chapter overviews the critical issue of rock deformation in underground 

mining environments, highlighting its importance and implications for safety and 

operational efficiency. It gives the importance of monitoring deformation, focusing on 

South Africa’s deep-level mining, which has significant challenges. It briefly introduces 

traditional methods and their limitations, prompting the exploration of advanced 

technologies like static and mobile LiDAR.  

Chapter 2 

Chapter 2 is the literature review, and it delves into underground mining rock deformation 

and the technologies used to monitor it, highlighting their importance for safety and 

operational efficiency. The chapter discusses how various mining methods affect ground 

stability and explains why monitoring ground deformation is essential. The chapter 

compares various deformation monitoring technologies: Ground-Based Instruments, 

Remote Sensing Methods, Advanced Techniques, and Optical and LiDAR Technologies. 

Chapter 2 underscores the significance of choosing appropriate monitoring technologies 

to ensure safety, stability, and efficiency in underground mining operations.  

Chapter 3 

Chapter 3 outlines the methodology for experimental deformation monitoring in an 

underground mock mine using Mobile and Static LiDAR scanners. Both Mobile and Static 

LiDAR scanners capture point clouds at different epochs. The underground mock mine 

provides a controlled environment to simulate real mining conditions. The collected 

point clouds are analysed using the CloudCompare software. Statistical comparisons 

between field measurements and LiDAR-derived data are conducted to evaluate the 

accuracy and reliability of the two platforms. 
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Chapter 4 

This results chapter presents the findings and discusses the analysis of the deformation 

monitoring. The deformation patterns are visualised, highlighting the significant changes 

identified along the tunnel. The analysis includes generating 3D models, detecting and 

visualising deformations, and quantifying changes between scans. The results are used 

to evaluate each scanning method's effectiveness in identifying potential areas of 

instability or deformation. Discrepancies arising from data gaps and meshing limitations 

are discussed. The integration of visual, quantitative and qualitative analyses aims to 

demonstrate the effectiveness of LiDAR-based deformation monitoring. 

Chapter 5 

The conclusion chapter provides a comprehensive summary of key findings. 

Recommendations are proposed to address observed data quality challenges, including 

strategies for minimising data gaps and optimising point cloud acquisition and 

processing techniques. Finally, suggestions for future research are provided, focusing on 

improving LiDAR methodologies and applications in diverse underground settings to 

enhance the robustness and accuracy of deformation monitoring practices. 
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Chapter 2 

2 Literature Review 

2.1 Introduction 

This chapter unpacks deformation monitoring as a critical component of ensuring safety 

and stability in underground mining environments, where ground movements pose 

significant risks to infrastructure, equipment, and personnel. It reviews the key aspects 

of deformation monitoring, beginning with its role in underground mines and 

distinguishing between horizontal and vertical deformation. Then, it explores the causes 

of ground deformation and associated risks and hazards, emphasising the necessity of 

effective monitoring. Various technologies for underground deformation monitoring are 

discussed, including a comparison of their applications, advantages, and limitations. 

The principles and techniques of LiDAR remote sensing are introduced, followed by 

georeferencing methods for terrestrial LiDAR scanning. Finally, point cloud data 

management is addressed, highlighting its significance in data processing and analysis. 

2.2 Deformation monitoring in underground mines 

Deformation monitoring of underground mines is an engineering practice that aligns 

closely with the regulatory framework stipulated in South African mining legislation. 

South Africa has a rich mining history, and the mining industry contributes significantly 

to the country’s economy. (Cowling, 2023). Over the years, the Mines Health and Safety 

Act 29 of 1996 was established as the principal legislative framework governing health 

and safety standards in mining operations. This piece of legislation  emphasises 

inclusive risk assessments and monitoring mechanisms, making rock monitoring an 

imperative component of ensuring compliance with safety standards (MHSC, 2023). The 

diverse geological nature of South Africa's mining environment is characterised by 

various rock types and formations, which necessitate tailored deformation monitoring 

strategies unique to each formation. The National Environmental Management Act 

(NEMA) and the Mineral and Petroleum Resources Development Act (MPRDA) further 

contribute to the regulatory framework, emphasising the need for sustainable mining 

practices and environmental responsibility. 
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In practical terms, deformation monitoring in underground mines is mainly used to 

detect abnormal shifts or changes in the enclosing rock mass; this is essential for 

ensuring the safety of mine workers and preventing rockfall accidents (Singh et al., 2023). 

Real-time monitoring can alert mining operators to potential hazards, such as ground 

instability or rockfalls, allowing for timely evacuation and intervention (Brink et al., 2008). 

Underground mines are supported by a network of tunnels, shafts, and other structures 

(Rahimi et al., 2020), monitoring deformation helps assess the structural integrity of 

these components by identifying deformations or movements so that mining engineers 

can take corrective measures to reinforce structures, preventing collapses and ensure 

the long-term stability of the mine (Monika et al., 2023).  

There are two types of strain or movement that occur within the rock formations 

surrounding underground mine workings: vertical and horizontal rock deformation (Xia et 

al., 2016). These deformations need to be closely monitored as they can have significant 

implications for mine safety, stability, and productivity. Efficient mining operations rely 

on stable and predictable conditions, and deformation monitoring provides valuable 

information that can be used to enhance resource allocation (Jacobs, 2016). For 

example, if an area of the mine is experiencing excessive deformation, mining activities 

can be modified to minimise risks and maximise ore extraction.  

2.3 Horizontal and vertical deformation  

Monitoring rock deformation in underground mines is essential to maintaining the 

stability and safety of the working environment. Both vertical and horizontal deformation 

are important indicators of potential hazards such as rock bursts, collapses, or roof falls 

(Agapito & Gilbride, 2002; Shukun Zhang et al., 2021). Whereas horizontal deformation is 

concerned with lateral movements or shifts in the rock strata, vertical deformation is 

defined as changes in the height or elevation of the rock mass (Zhao et al., 2023).  

Instruments such as extensometers, borehole cameras, or laser scanning systems are 

used to detect vertical deformation (Kavvadas, 2003; Cota & de Figueiredo, 2014). These 

can track changes in distance between reference points or the movement of rock strata 

over time. Similarly, horizontal deformation monitoring involves using inclinometers, 

strain gauges, or tiltmeters to track shifts in the horizontal plane (Green & Mikkelsen, 
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1988; NSW Government Agency, 2021). Identifying variations in angles or alignments 

within the rock structure offers important insights into possible structural weaknesses 

or stress concentrations (Małkowski et al., 2020).  

Integrating information from horizontal and vertical deformation monitoring systems 

provides a thorough grasp of the dynamic behaviour of subterranean rock masses 

(Seymour et al., 2019; Xia et al., 2022). Proactive risk management is made possible by 

this integrated strategy, improving safety standards and reducing the possibility of 

mishaps or disturbances in mining operations (Wang et al., 2023). Ultimately, 

maintaining production and protecting workers' safety depends heavily on effectively 

monitoring rock deformation.  

2.4 Causes of ground deformation in underground mining 

Ground deformation in underground mining is a complex phenomenon influenced by 

countless factors related to natural geological conditions and human activities 

associated with mining, as shown in Figure 2.  

 
Figure 2: Factors such as in-situ stress, rock mass quality, rock brittleness, support 
effectiveness, siesmicity, local mine stiffness, geological structures, opening size and 
orientation, and excavation sequence may cause rock deformation. (Cai, 2024). 

The following are some key factors that may contribute to ground deformation: 

a) Extraction of Minerals 

The primary cause of ground deformation in underground mining is the extraction of 

minerals from the earth. As mining activities progress, voids are created in the rocks from 
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which ore is removed (Baghbadorani et al., 2021). These voids can lead to subsidence, 

causing the ground above to settle. The extent of subsidence depends on factors such 

as the mining method, ore body geometry, and the mechanical properties of the 

surrounding rock (Jianjun et al., 2021; Wang et al., 2021). 

b) Rock Stress Redistribution 

 Mining operations can alter the natural stress distribution within the rock mass. In an 

experimental study of five underground coal mines,  Zeng et al., (2020) alludes that due 

to ore extraction, the stress on the remaining rock changes, leading to the adjustment of 

the surrounding rock. This redistribution of stress can result in ground movements, 

including horizontal and vertical deformations. They further conclude that understanding 

and managing these stress changes is crucial for maintaining the stability of the 

underground environment. In some mining regions, seismic activity may contribute to 

ground deformation. Earthquakes or mining-induced seismic events can cause sudden 

shifts in the subsurface, affecting the stability of underground structures (Wu, 2021). 

Jennifer and Porchelvan (2021) Elaborate on seismic activities, reviewing case studies 

from South Africa, Korea, and Sweden. Citing the importance of monitoring and 

understanding the seismic risk in a mining area for proactive risk management even post 

closure. 

 

c) Geological Conditions 

The geological characteristics of the rock and soil surrounding a mining operation play a 

significant role in ground deformation. Different rock types have varying mechanical 

properties, and the presence of faults or fractures can influence the stability of the 

ground. Khan et al., (2022), attest to this in their study of 5 different mines in China, where 

they analysed correlations between microseismic events and varying regional 

stratigraphy during various seismic events. Geological mapping and continuous 

monitoring help identify potential risk areas prone to deformation based on the specific 

geological conditions (Singh et al., 2023). 

d) Mining Methodology 

The choice of mining method has a direct impact on ground deformation, and over the 

years, mining technology and methods have progressively improved to reduce 
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catastrophes (He et al., 2021).  In an investigation, Li et al., (2022) explores stratum and 

surface deformation in an underground phosphorite mine using different mining 

methods. Exploring methods such as room and pillar, longwall mining, or block caving, 

each method shows different implications for the stability of the surrounding ground. For 

example, longwall mining involves the extraction of a continuous coal seam, often 

resulting in subsidence. Room and pillar mining, on the other hand, leaves pillars of 

unmined material to support the roof and reduce subsidence.  

Mining methods that involve leaving pillars of unmined material to support the roof, pillar 

failure can contribute to ground deformation (Babanouri et al., 2023) and if these pillars 

are not designed or maintained properly, they may collapse leading to subsidence and 

deformation in the overlying ground. 

e) Water Infiltration and Changes in Water Table 

Changes in the water content of the rock mass can influence ground deformation. Water 

infiltration into mined areas can alter the mechanical properties of the rock, potentially 

leading to instability (Yan et al., 2020). Moreover, changes in the water table, either due 

to mining activities or natural variations, can impact ground deformation (Zhao & 

Konietzky, 2020; Shizhong Zhang et al., 2021). 

f) Inadequate Support Systems 

Rockfall incidents in mines continue to occur, as alluded to by Molinda and Mark (2010). 

Investigating the six common types of underground roof falls in coal mines. They 

discovered that the design and use of support systems in underground mines, such as 

rock bolts, mesh, and other ground reinforcement methods, are critical in preventing 

ground deformation, and thorough consideration for surface controls is indispensable. 

Ghorbani et al., (2020), reviews various support systems in high-stress underground 

mining settings, discussing how inadequate support can lead to collapses, subsidence, 

and other forms of deformation. Using practical examples, they provide mitigation 

measures in burst-prone ground conditions. 

2.5 Underground rock deformation structures 

The Kentucky Geological Survey (2019), describes the types and characteristics of 

displaced rock masses in an underground mine. The boulder formations (Figure 3) follow 
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a result of weathered rocks, which occur when water and other environmental conditions 

cause the rock to weather and disintegrate from the surrounding rock. This change 

causes an area of weakness and results in instability, making this boulder susceptible to 

deformation as a result of internal rock stress and gravity (Dan et al., 2016). 

 

Figure 3:  Summarization of the occurrence and characteristics boulder weathered rock 
mass (M. Dan et al., 2016) 
 

a) Kettlebottom Roof failure simulation 

Lightweight materials were chosen so to imitate the Kettlebotom formations. The 

suspended formations were simulated using plastic bags filled with paper; this enabled 

the shape of the desired deformation, and because of the material's lightweight, it was 

possible to suspend the formation from the roof of the tunnel without changing its shape 

and distorting the measurements, as shown by Figure 4. 
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Figure 4: Isolated semi-circular rock mass in a mine roof. With a rounded or flat bottom when 
viewed from below (Kentucky Geological Survey, (2019)) 

b) Cavern sidewall deformation simulation 

Rock displacement includes the movement of rocks inward or outward (bulging) from 

their original position, as shown in Figure 5 and Figure 6. This displacement results from 

rock stress release moving the rock from an area of high stress to low stress. When this 

rock movement occurs and there is no elasticity in the rock, the rock may be ejected as 

it deforms this is a rock burst phenomenon (Figure 7) (Deng et al., 2019).  

 

Figure 5: Observed damage to the brattice wall, shaft concrete lining and the sidewall of the 64 
Level station (Judeel, 2003). 
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Figure 6: Development of rockbursts on rock surface: (a) Surface of an opening, (b) growing 
cracks, (c) A slab, and (d) Buckling (Deng et al., 2019). 

2.6 Risk and Hazards in Underground Mines 

The primary risks associated with rock deformation is the potential for rock falls or roof 

collapses (Zhao et al., 2023). Deformation can lead to rock mass  instability and 

fractures, which compromises the structural integrity of tunnels and shafts increasing 

the likelihood of sudden failure (Monika et al., 2023). This is very dangerous in 

underground mines because workers and equipment are in the closest proximity to the 

enclosing rock. Deformation can induce seismic events caused by the sudden violent 

release of accumulated stress, water and toxic gasses within the rock (Rahimi et al., 

2020; Wu, 2021). These catastrophic events cause damage and are a serious safety risk 

to miners, infrastructure, and mining equipment such as conveyor belts, support 

structures and ventilation systems, inherently disrupting mining operations.  

Sudden failures do not only affect the miners and mining equipment, but above ground 

subsidence can damage buildings, roads and other infrastructure (Pawluszek-Filipiak & 

Borkowski, 2021). Moreover, ground subsidence has environmental impacts such as 

contamination of water sources or disruption of ecosystems. These drastic changes 

negatively affect communities near the mining operation, putting their health and 

property at risk.                                                                                                                                                                                                               
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2.7 Importance of underground Deformation monitoring 

Perhaps the foremost importance of underground deformation monitoring lies in 

ensuring the safety of personnel working in underground mines. Understanding and 

managing the complex causes of ground deformation as highlighted in previous 

sections, requires a multidisciplinary approach that integrates geological knowledge, 

advanced monitoring technologies, and engineering expertise (Bazaluk et al., 2022).  

The underground environment is dynamic, and deformations can signal potential 

hazards such as ground subsidence, roof collapses, or wall failures (Zeng et al., 2020). 

Monitoring allows for the early detection of these deformations, enabling mining 

operators to implement timely evacuation procedures and safety measures, thereby 

reducing the risk of accidents and injuries (Singh et al., 2023).  

Because underground mines are supported by a network of tunnels, shafts, pillars, and 

other structures (Wagner, 2019). Monitoring deformations assesses the structural 

integrity of these components (Kavvadas, 2003; Małkowski et al., 2020; Monika et al., 

2023; Wang et al., 2023). Operators can make informed decisions regarding structural 

reinforcements, ensuring the stability and longevity of the underground infrastructure 

(Molinda & Mark, 2010). Deformation data provides valuable information for optimising 

ground support systems within the mine. Whether it's the installation of rock bolts, 

mesh, or other reinforcement measures, monitoring helps in understanding the 

effectiveness of these support systems. Adjustments can then be made to enhance the 

overall stability of the underground environment. 

Efficient mining operations depend on stable and predictable conditions (Chaulya & 

Prasad, 2016). Changes in the subsurface can impact the orientation and accessibility 

of ore bodies and monitoring allows for adaptive mining strategies, optimising resource 

extraction (Khan et al., 2022). Whether it's the gradual movement of rock masses or 

sudden shifts in the subsurface, monitoring systems can detect these changes. Early 

detection allows mining operators to take pre-emptive measures, mitigating the impact 

of hazards and preventing catastrophic events (Kumar, 2010), such as collapses or 

rockfalls. 
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Mining activities, particularly in environmentally sensitive areas, can adversely affect the 

surroundings. Deformation monitoring helps mitigate these impacts by identifying 

potential risks to the environment. For instance, ground subsidence can affect surface 

water flow (Newman et. al, 2017), and monitoring systems can provide data to 

implement measures that minimise environmental disturbances, protecting 

ecosystems and water resources (Council National Research et. al, 2011). 

Many mining operations are subject to strict regulatory standards, such as the South 

African MPRDA Act, 28 of 2002 and the Mine Health and Safety Act No. 29 of 1996, 

regarding safety, environmental impact, and structural stability. Implementing 

deformation monitoring systems ensures compliance with these regulations (Onifade et 

al., 2024). It also demonstrates a commitment to responsible mining practices, reducing 

the likelihood of accidents and environmental damage, and helps mining operations 

adhere to legal requirements (Ratsheko, 2018). 

2.8 Monitoring underground deformation using different technologies  

Mining activities can have adverse environmental consequences, and monitoring helps 

mitigate these impacts. Proactive measures can then be taken to minimise these effects 

(Brink et al., 2008; Małkowski et al., 2020). Traditional ground-based techniques involve 

listening for cracking sounds of rocks or visual assessment for identifying unstable rock 

conditions and installing surveying instruments within the mine. These instruments, 

such as total stations and inclinometers, measure movements in specific locations 

(Salcher, 2015). While accurate, these methods may have limitations regarding coverage 

and real-time monitoring capabilities. Advanced technologies like satellite-based 

remote sensing and LiDAR (Light Detection and Ranging) are increasingly being 

employed for deformation monitoring (Duarte et al., 2022; Singh et al., 2023). These 

techniques offer broader coverage and can provide near-real-time data on deformations. 

They are particularly useful in large-scale mining operations where traditional ground-

based monitoring may be impractical (M. Wang et al., 2020; Bazaluk et al., 2022). 

2.8.1 Ground-Based Monitoring Instruments 

Strain Gauges: Strain gauges measure the amount of changes in strain or deformation of 

materials. These devices can be installed on structural elements within the mine to 
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monitor changes in their shape or size (Iskander, 2018). For example, gauges can be 

bonded on rock bolts, pillars, or tunnel walls. As the material undergoes deformation, 

the strain gauge detects changes in resistance and provides quantitative data on the 

magnitude and direction of the deformation. 

Inclinometers: These are instruments used to measure the inclination or slope or tilt of a 

surface. They are placed on tunnel walls or pillars to detect any inclination changes, 

providing valuable data on ground movements or deformations (Iskander, 2018). 

Load Cells: These sensors measure the force or load applied to a structure. In mining, 

load cells can be integrated into support systems such as rock bolts or pillars to monitor 

the load-bearing capacity and detect changes in the forces acting on these structures 

(Iskander, 2018). Sudden load increases may indicate potential instability. 

Tiltmeters: Measure the tilting or rotation of a surface. These devices are useful for 

detecting angular deformations in underground structures (Iskander, 2018). Tiltmeters 

are often employed in areas where changes in the orientation of rock masses or pillars 

may indicate impending structural issues. 

Pressure Cells: Instruments used to measure changes in pressure within a material. They 

are installed in the rock mass or support structures to monitor changes in stress 

distribution. Sudden variations in pressure may indicate potential deformation or 

instability (Jacobs, 2016). 

Vibrating Wire Sensors: Vibrating wire sensors are versatile instruments that can 

measure various parameters, including strain and displacement (Zare et al., 2021). In 

underground deformation monitoring, these sensors are often embedded in boreholes 

or attached to structural elements. The vibrating wire technology provides precise and 

stable measurements, even in challenging underground environments (Gokhan & 

Korkut, 2013). 

Crack Meters: Monitor the opening or closing of cracks in rocks or structures, especially 

in areas with potential subsidence or stress-induced cracking (Benton et al., 2016). The 

instruments are used to assess the development of fractures and evaluate the impact on 

structural integrity. 
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Extensometers: In underground mining, extensometers are commonly used to monitor 

the displacement of rock masses or structural elements (Salcher, 2015). These devices 

can be installed between two reference points, providing continuous measurements of 

strain and allowing for the assessment of deformation patterns. These measurements 

are done daily until the disturbed rock mass  movement is stabilised (Delaloye, 2012). 

Some extensometers, like the tape-extensometer, disturb tunnel construction 

progressions because they must be permanently mounted on the rock walls. Their 

accuracies and precision are easily compromised by the monitoring system installation 

and operators, and unfortunately, because the measurement is between two points, 

asymmetric deformation patterns can be easily missed (Yang et al., 2017b). Inadequate 

information on the geotechnical conditions of the host rock is one of many reasons 

calamities in underground mines continue to compromise human health and safety 

(Hebblewhite, 2019). 

2.8.2 Remote Sensing-Based Deformation Monitoring Methods 

Geodetic Method 

The geodetic method involves the use of precise positioning techniques, such as Global 

Navigation Satellite Systems (GNSS) and total stations, to measure the coordinates of 

specific points on the Earth's surface (Jing-xiang & Hong, 2009). Geodetic methods are 

employed to monitor surface deformation and subsidence in underground mines. GNSS 

receivers can be placed on the surface (Zare et al., 2021). Total stations provide accurate 

measurements of specific points within the mine, contributing to a comprehensive 

understanding of ground movements. 

Total Stations 

Total stations are the most basic geodetic instruments that measure angles and 

distances with high accuracy and precision (Braunová et al., 2023). In underground 

mining, total stations can be strategically placed to monitor specific points for 

deformation (Leica Geosystems, 2019). They seem effective for localised monitoring but 

may have limitations in terms of coverage and accessibility in complex underground 

environments. There have, therefore, been integrations to produce automated total 

stations, such as demonstrated by Braunová et al. (2023), when they used robotic total 

stations, which combine the precision of traditional total stations with automation 
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features. These instruments can be programmed to monitor specific points at regular 

intervals, providing continuous and accurate deformation data on surface and 

underground mines. 

Global Navigation Satellite Systems (GNSS) 

GNSS, including GPS (Global Positioning System), can be utilised for deformation 

monitoring (Jing-xiang & Hong, 2009). GNSS receivers placed on the surface or integrated 

into the mine infrastructure can track the movement of specific points over time. 

However, direct underground GNSS monitoring can be challenging due to signal 

attenuation (Singh, Banerjee, et al., 2021). 

2.8.3 Wireless Sensor Networks (WSNs) 

WSNs consist of distributed sensors strategically placed throughout the underground 

mine (Zare et al., 2021). These sensors collect data on deformation and transmit it to a 

centralised system. WSNs offer real-time monitoring capabilities, allowing for 

continuous assessment of subsurface conditions over a broad area (Atif et al., 2021; 

Sadeghi et al., 2022). 

Seismic sensors, as an example of WSNs, involve the measurement of ground vibrations 

caused by subsurface movements or seismic events (Gokhan & Korkut, 2013). Measured 

by an array of seismic sensors, often known as geophones, deployed across the surface, 

they provide information about the subsurface structure and potential surface 

deformations (Garré et al., 2023). In underground mining, seismic methods are 

employed to monitor rock mass  behaviour, detect fractures, and assess the impact of 

mining activities on the surrounding geology (de Santis et al., 2019). They are particularly 

useful for identifying potential areas of instability. 

2.8.4 Fiber Optic Sensors 

Fibre Optic Sensors are increasingly employed for deformation monitoring in 

underground mines. Distributed Fiber Optic Sensing (DFOS) systems use optical fibers 

installed along mine structures to detect changes in strain or temperature (Gong et al., 

2019). This technology provides continuous and real-time monitoring over long 

distances. Fibre DFOS have been tested in a deep mining environment to monitor strain 

characteristics at multiple measuring points and showed they can be synthesised to 
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effectively determine the development height of the caving and fissure zones in roofs (Xu 

et al., 2015). 

2.8.5 Radar-Based Monitoring 

Ground-penetrating radar (GPR) is used for subsurface monitoring. GPR sends 

electromagnetic waves into the ground and measures the reflected signals, allowing for 

the detection of changes in material properties and potential subsurface deformations 

(Wang et al., 2012). This method has been applied in underground karst mines for karst 

void detection before mining (Baggett et al., 2020). Weidong et al. (2012) demonstrate 

with a 100-MHz system the detection of loose rock as a result of blasting, fragmented 

rock 18 m behind the working face, and fissure water (Weidong et al., 2012). Wang et al.  

conducted a GPR survey on the walls of a tunnel to detect vertical shafts successfully 

(Wang et al., 2012). These studies prove the capabilities of GPR as a monitoring and 

investigative instrument in underground excavations. 

 

a) InSAR (Interferometric Synthetic Aperture Radar)  

InSAR uses radar images captured by satellites to detect millimetre-scale ground 

movements by comparing phase differences between radar images acquired at different 

times. In underground mining, InSAR can be used to monitor surface subsidence and 

detect deformations in areas within the reach of radar signals, such as open pits or 

partially covered areas (Ng et al., 2011). 

b) DInSAR (Differential Interferometric Synthetic Aperture Radar): 

DInSAR is an advanced form of InSAR that provides even higher accuracy by comparing 

pairs of SAR images acquired at different times (Jiang et al., 2023). It is useful for 

detecting small-scale deformations (Monika et al., 2023) and changes in the terrain 

(Pawluszek-Filipiak & Borkowski, 2021), which can be critical for monitoring 

underground mining activities and their impact on surface stability. 
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2.8.6 Internet of Things (IoT) 

IoT-based deformation monitoring involves the deployment of interconnected sensors 

and devices in the underground environment (W.-H. Zhou et al., 2024). These sensors 

collect data on various parameters such as strain, temperature, and pressure, 

transmitting the information to a centralised system (Atif et al., 2021). This enables real-

time monitoring of subsurface conditions, allowing for early detection of deformations. 

In Figure 7, Hao et al.,(2020), illustrates how the interconnected nature of IoT devices 

facilitates a comprehensive understanding of the underground environment and 

enhances the responsiveness to potential risks. 

Advanced software solutions are used to process and analyse data from various 

monitoring technologies to derive actionable, context-aware applications (Mohindru et 

al., 2020). Data analytics, machine learning, and artificial intelligence techniques are 

often applied to this data to identify patterns, predict potential hazards, and optimise 

mining operations based on historical data (Mohindru et al., 2020; Atif et al., 2021). These 

tools create 3D models of the underground environment, allowing mining engineers to 

visualise and interpret deformation patterns (Hao et al., 2020). 

2.8.7 Optical Methods  

Optical methods, including drone technology, utilise cameras and sensors to capture 

high-resolution images and data (Walker, 2023). Drones can be equipped with visible, 

infrared, or thermal cameras to monitor surface features and detect changes over time 

(Broere, 2024). In underground mining, drones are employed for mapping and monitoring 

surface features, such as sinkholes or subsidence (Pawlik et al., 2024) . They provide a 

Figure 7: The framework of ground control with IoT in underground coal mines (Hao et al., 2020) 
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cost-effective and flexible solution for obtaining detailed images of inaccessible or 

hazardous areas, aiding in deformation assessment and risk mitigation. 

A common example is close-range photogrammetry, as detailed by Benton et al., (2016) 

is a powerful, quick and easy way to capture underground rock surface geometry and 

detect changes and hazardous conditions. This technique derives the shape of an object 

in 2D and 3D from the measurement of multiple high-resolution images; it is considered 

a fast, cheaper and more precise supplement in contrast to extensometers and other in 

situ methods (Slaker & Mohamed, 2017). But photogrammetry is not without limitations 

in the underground space; low lighting and uneven wall surfaces, which impact the 

quality of its surveys, make it a less popular technique. In (2019)Bishop et al. compared 

the use of photogrammetry to the newly emerged LiDAR laser scanning in an 

underground limestone mine. Their findings showed laser scanning to have more 

advantages to photogrammetry, especially in large-scale surveys. 

2.8.8 Light Detection and Ranging (LiDAR)  

LiDAR technology uses laser beams to measure distances and create detailed 3D 

geomatic maps of the underground environment (Singh, Banerjee and Raval, 2021). The 

laser scanning, also called Light Detection and Ranging (LiDAR) surveying technique, 

does not only assesses geometrical states but has evolved to assess changes in those 

specific states and records them in millions of points, each point with longitude, latitude 

and elevation (x, y, z) (Uggla & Horemuz, 2021). Light detection and ranging measures the 

distance from the laser scanner to the area in the device's field of view (Lindenbergh & 

Pietrzyk, 2015a). Because collapses start with small movements before the final 

catastrophe, multiple scans from different epochs and positions from a moving tunnel 

face can be compared over time to form a tunnel profile (Gikas, 2012a). Information 

extracted from the profiles can be used to identify and quantify changes between point 

clouds at different times (Jia et al., 2021). This principle has been successfully 

demonstrated in studies monitoring rock deformation and movement (Slaker, 2015; 

Alzahrani, 2017; Yang et al., 2017a). Pinpin et al. (2021) highlight the shortcomings of 

tunnel overbreak and underbreak detection using in situ methods and suggest the use of 

three-dimensional laser technology to overcome the inefficiencies (large workload, a 

small number of points, low accuracy, and poor efficiency). They compared LiDAR 
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measurements to total station measurement results and found laser scanning a 

detailed, accurate and reliable detection method.   

Unlike in situ methods with limited coverage, laser scanning captures the entire 

geometric detail of a surface in the horizontal and vertical (van der Merwe & Andersen, 

2013a), this would be the entire length of the tunnel instead of specific sections at meter 

intervals. This extensive amount of data requires computationally efficient feature 

extraction methods for processing and interpolating errors acquired from one epoch of a 

scene to another (Romero et al., 2016), also allowing for the extraction of any section of 

the tunnel to be studied (Wang, H. B. Zheng, et al., 2017). Laser scanning metiers also 

include the acquisition of a large number of single points of a scene in a short stint, a 

substantial advantage in mining survey: it is quick, does not require illumination to 

capture data, and the point clouds enable the removal of noise such as dust and 

equipment (Zlot & Bosse, 2014b; Webber-Youngman et al., 2019). 

Studies done in underground mining have shown the applicability of LiDAR technology to 

be utilised for mapping tunnels, shafts, and other structures (Broere, 2024). Woolmer et 

al. (2020), Studied the incorporation of LiDAR remote sensing-based deformation 

monitoring methods into the Olympic Dam underground mining operation to enhance 

their ability to access accurate stope survey data for managing risk and planning outputs. 

Their findings attest to LiDAR’s accurate and high-density spatial data output, enabling 

the assessment of deformation patterns and the identification of potential hazards 

(Woolmer et al., 2020). 

The growing use of terrestrial laser scanners in mining has been fuelled by the need to 

produce contemporaneous, accurate and precise geotechnical data due to the 

progressive and rapidly changing nature of the mining environment (van der Merwe & 

Andersen, 2013a). The TLS’s precision and accuracy enable miners to conduct surveys 

that are essential for monitoring the rapid, complex, volatile rock-enclosed environment. 

The point cloud collected in conjunction with related information removes the calamity 

of blind-mining and allows managers to make informed decisions that improve health 

and safety in the mining space (Lindenbergh & Pietrzyk, 2015a).  
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Although the static laser scanning approach for underground mapping and monitoring is 

lavished with benefits, the limitation of the existing method is the instrument’s heavy 

weight, a high number of working stations, and the significant amount of time needed for 

scanning (Elisa Mariarosaria Farella, 2016). But fortunately, as a common trait of 

technology, lighter, faster instruments are being developed, such as the backpack and 

handheld mobile LiDAR scanners. Mobile LiDAR systems can also be mounted on 

vehicles or drones to rapidly scan and monitor large underground areas (Woolmer et al., 

2020), providing high-resolution data for deformation analysis (E. Jones, 2020) 

Table 2: Comparison of underground rock deformation monitoring methods, their applications, 
advantages and disadvantages. 

Monitoring 

Method 

Applications Advantages Disadvantages 

InSitu 

Methods  

(Slaker, 

2015; 

Iskander, 

2018) 

• Monitoring 

structural 

elements, rock 

bolts, and tunnel 

deformations 

• Assessing 

localised ground 

movements 

 

• High precision and 

accuracy 

• Real-time 

monitoring 

capabilities 

• Direct 

measurement of 

local deformations 

• Suitable for 

detailed analysis of 

structural elements 

• Limited coverage 

compared to 

remote sensing 

methods 

• Requires physical 

installation in the 

underground 

• May be 

challenging to 

install in 

inaccessible areas 

Seismic 

Methods 

(Gokhan & 

Korkut, 

2013; de 

Santis et al., 

2019) 

• Assessing rock 

mass behaviour 

and seismic risk 

• Early warning of 

seismic events 

• Detects potential 

ground instability 

• Provides 

information on 

subsurface 

structures 

• Requires 

specialised 

equipment and 

expertise 

• High initial setup 

costs 
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• Can be used for 

early warning of 

seismic events 

• Suitable for 

assessing rock 

mass behaviour 

• Limited to 

detecting large-

scale movements 

IoT 

Methods 

(Atif et al., 

2021; W.-H. 

Zhou et al., 

2024) 

• Monitoring 

various 

parameters 

(strain, 

temperature, 

pressure) 

• Integration for 

holistic analysis 

• Flexibility in 

deployment and 

scalability 

• Real-time data 

collection and 

transmission 

• Comprehensive 

monitoring of 

various parameters 

• Enables data 

integration for 

holistic analysis 

• Flexibility in 

deployment and 

scalability 

• Dependence on 

network 

connectivity 

• Initial setup costs 

for sensor 

deployment 

• Potential for 

sensor 

malfunctions and 

data errors 
 

Optical 

Methods 

(Drones) 

(Benton et 

al., 2016; 

Walker, 

2023) 

• Rapid 

assessment of 

surface 

deformations 

• Monitoring 

changes in 

surface 

topography 

• High-resolution 

imaging of surface 

features 

• Flexibility in 

reaching 

inaccessible areas 

• Cost-effective 

compared to 

traditional methods 

• Rapid data 

collection over 

large areas 

• Limited to surface 

monitoring 

• Environmental 

conditions 

(lighting, dust, 

weather) 

dependent 

operations 

• Limited payload 

capacity for 

advanced sensors 
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Laser 

Scanning, 

InSAR, 

DInSAR  

(Wang et al., 

2012; Monika 

et al., 2023) 

• Identifying subtle 

ground 

movements 

• High precision and 

accuracy 

• Provides detailed 

3D models of 

structures 

• Enables the 

detection of subtle 

ground movements 
 

• Limited to surface 

or near-surface 

monitoring 

• Costs associated 

with data 

processing and 

analysis 

• Affected by 

atmospheric 

conditions 

Geodetic 

Methods 

(Jing-xiang & 

Hong, 2009; 

Braunová et 

al., 2023) 

• Monitoring 

surface 

deformation due 

to mining 

activities 

• Commonly used 

in conjunction 

with other 

methods 

• High precision in 

measuring 

coordinates 

• Provides accurate 

spatial information 

• Suitable for 

monitoring surface 

deformation 

• Commonly used in 

conjunction with 

other methods 

• Limited to surface 

monitoring 

• May be affected by 

atmospheric 

conditions 

• Requires clear 

line-of-sight for 

GNSS 

• Setup and 

equipment costs 

LiDAR 

(Terrestrial, 

Mobile) 

(Lindenbergh 

and Pietrzyk, 

2015a; 

Pinpin et al., 

2021) 

• Mapping tunnels, 

shafts, and 

structures 

• Identifying 

deformation 

patterns in 

underground 

structures 

• Provides accurate 

and high-density 

spatial data 

• Suitable for 

mapping tunnels 

and structures 

• Rapid data 

collection over 

large areas 

• High initial setup 

and equipment 

costs 

• Limited by line-of-

sight, may not 

penetrate 

obstacles 

• Requires skilled 

personnel for data 

processing 
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• Valuable for 

identifying 

deformation 

patterns 

As detailed in the preceding sections and summarised in Table 2, various technologies 

are employed for deformation monitoring, each offering distinct advantages in terms of 

accuracy, coverage, and real-time capabilities. The choice of technology depends on 

factors such as the specific requirements of the mining operation, the geological 

conditions, and the desired level of monitoring precision. LiDAR remote sensing 

technology emerges as the most robust, detailed and efficient, especially in extensive, 

complex underground mining environments.  

2.9 Working principles of LiDAR remote sensing 

Light detection and ranging (LiDAR) is an active remote sensing method used to examine 

the Earth’s surface at high resolution (Carter et al., 2012). The system uses laser beam 

projection, and the sensors measure the time it takes for the laser to reflect back from a 

target object to the sensors (Padmanabhan et al., 2019).  It uses light in a pulsed laser 

form to measure numerous point distances to the target, which collectively are referred 

to as a point cloud and also detect the energy reflected by these numerous surface 

points. As the laser is pointed at a target, a continuous beam of light is emitted towards 

it and reflected by the object. The light pulses produce meticulous three-dimensional 

data about the target, and this data can give us the shape and surface characteristics of 

the surrounding (Li et al., 2020; Singh et al., 2021).   

LiDAR instruments are principally made up of a laser, a scanner and, in other cases, a 

GPS receiver and a digital single-lens reflex camera (DSLR), which helps display the point 

cloud data in RGB colours. There are two forms of LiDAR available: bathymetric LiDAR, 

which uses water-penetrating green light and topographic LiDAR, commonly referred to 

as terrestrial LiDAR, which uses near-infrared laser (900nm – 1064nm) of the 

electromagnetic spectrum to capture details of the land (Quadros et al., 2008). 

Terrestrial laser scanners comprise three categories: short (triangulation laser 
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scanners), medium (phase shift) and long-range scanners (time-of-flight), subject to the 

distance the laser light can travel to record data of points within its field of view (Fröhlich 

& Mettenleiter, 2004). Short-range scanners measure areas in high detail and accuracy, 

but are limited to only a few meters, and the interval between adjacent points may be 1 

millimetre (Schulz & Ingensand, 2004). Contrary to short-range scanners, long-range 

scanners have been optimised to measure up to hundreds of kilometres, an advantage 

for spatially extensive areas (Suchocki, 2020). TLS can be classified in several ways, but 

the most widely used in published literature is the distance measurement technique. The 

major sensor techniques for this method, as detailed by Suh (2019), are optical 

triangulation, interferometry and time-of-flight sensors.  

Triangulation works based on a laser light and a detector. A light source scans the target, 

and the reflected signal is picked up by the detector, which is recorded by an optical 

sensor. This method's accuracy is precise up to a few meters (Idrobo-Pizo et. al, 2019) 

and is also affected by temperature (Kuester et al., 2018). It is therefore not suitable for 

surveying.  

Interferometry is an ultra-precise measurement technology that can measure 

nanometre-range displacements over very short distances. This method is founded on 

the interference of light beams, where two light or laser beams are propagated to a target 

and a reference mirror, producing an interference pattern with light intensity variations  

(Sirohi, 2018). This pattern is analysed to measure physical quantities, such as the 

distance, displacement, and velocity (Wang & Fang, 2017).  

The Time-of-flight method measures the time a beam takes to travel from its source to a 

target by sending a narrow laser beam and recording the received reflected signal. Time-

of-flight has two operating principles for measuring distance. The first approach is pulsed 

time-of-flight, also known as direct time-of-flight, where a short pulse is used to measure 

the time elapse between signal emission and its return to the sensor (Padmanabhan 

et.al, 2019). From this measurement, a 3D polar coordinate is calculated using the 

horizontal and vertical angles recorded in the apparatus (Lin et al, 2020). Contrastingly, 

indirect time-of-flight or phase shift relies on the phase difference between the 

transmitted continuous modulated light and its reflected signal. A (2020) study by Wang 
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et al. compares the two operating principles for LiDAR scans; they conclude that time-

of-flight methods have a maximum measurement range advantage over phase shift, 

notwithstanding that phase shift has higher acquisition speed and accuracy. Pulse-

based systems are generally applied for surveying, whilst phase-based scanners are 

utilised for mapping small environments.   

The growing use of terrestrial laser scanners in underground mining has been fuelled by 

the need to produce contemporaneous, accurate and precise geotechnical data due to 

the progressive and rapidly changing nature of the underground mining environment (van 

der Merwe & Andersen, 2013b). The TLS’s precision and accuracy enable miners to 

conduct surveys that are essential for monitoring the rapid, complex, and volatile rock-

enclosed environment. The point cloud collected in conjunction with related information 

removes the calamity of blind-mining and allows managers to make informed decisions 

that improve health and safety in the mining space (Lindenbergh & Pietrzyk, 2015b).  

Although the TLS approach for underground mapping and monitoring is lavished with 

benefits, the limitation of the existing methods is the instrument’s heavy weight. But 

fortunately, as a common trait of technology, lighter instruments are being developed.  

2.9.1 LiDAR platforms and their working principle 

LiDAR sensors are mounted on different platforms, giving the technology versatile 

access to especially restricted areas like underground environments with high safety 

risks. LiDARs are mounted on static ground-based platforms such as tripod-stands, 

mobile platforms such as human-carried and cars, and finally, airborne LiDAR mounted 

on aeroplanes and recently AUVs. Several studies have been conducted to demonstrate 

the efficiency and benefits of the application of LiDAR on the various platforms. In 2012, 

Delaloye used a static laser scanner to measure the deformation of underground tunnels 

and shafts. Lindenbergh and Pietrzyk (2015) used the static and vehicle-mounted mobile 

LiDAR for change detection, Singh et. al. (2021) used mobile laser scanning for 

classifying and mapping roof bolt density and spacing of an underground coal mine, and 

Dewez et. al. (2017) gathered geometric details of mine cavities and mapped collapse 

hazard localities using a handheld mobile laser scanner. The static laser scanning 
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systems’ ease of control limitations have given mobile LiDAR preference as a more 

compact and rapid data acquisition platform (Thomson et al., 2013).  

2.9.2 Terrestrial Laser Scanning 

TLS are ground-based scanning instruments and, depending on the nature of use, can be 

connected to a moving vehicle or mounted on a tripod. In a (2018) study by Vazaios et al., 

a tripod platform was employed to provide detailed surface geometry, whilst Russell and 

Stacey (2019) highlight the use of a  vehicle-mounted TLS for geotechnical face mapping 

as needed, mentioning the need to stop-and-go the scanner vehicle during the scanning 

process. Static Lidars rely on repetitive slope measurements rapidly acquired at known 

angular intervals by an Electric Distance Measurer (EDM) (Gikas, 2012b). The angles are 

defined in the horizontal and vertical of the EDM passing through the sensor’s origin 

(Mariusz & Zbigniew, 2014). This process generates points in spherical polar coordinates 

(radius r, elevation ω, azimuth α, presented x,y,z) of the scanner’s field of view (Morales 

et al., 2018). Scanning in this method can be done in one of two ways: single scanning or 

multiple scanning. Single scanning involves placing the scan in one position producing a 

single dimension of the scanned object. Whilst the multi-scanning method entails 

scanning from 3 or 4 different positions about the object or area of interest, allowing for 

a single object to be scanned in different directions (Ritter et al., 2020).  

2.9.3 Terrestrial mobile laser scanning  

Terrestrial mobile or kinematic laser scanning technology is a point cloud acquisition 

method that is mounted on mobile platforms such as cars and boats and has been suited 

for large-scale outdoor scanning, limiting its use in indoor spaces because of its reliance 

on Global Navigation Satellite System (GNSS). But the development of the SLAM 

(simultaneous localisation and mapping) algorithm as detailed by Zlot and Bosse 

(2014a), an alternative approach which is able to construct a map of an unknown 

surroundings while simultaneously keeping track of its trajectory (Keitaanniemi et al., 

2021). This is the a parallel integration of LiDAR records with inertial measurement units 

(IMU) data, which detects the spatial movement of the instrument, has enabled 

underground mining surveys using mobile scanning (Wajs et al., 2018). SLAM-based 

software have opened a realm of possibilities leading to advancements in the mapping 

of underground mines, especially large-scale underground mines because it is a 
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challenging and timeous venture. Dewez et al., (2017) mapped cavity collapse hazards 

using a mobile scanner. Singh et al., (2021) used mobile LiDAR to create 3D map for 

identifying roof bolts.  

2.10 Georeferencing methods for terrestrial LiDAR Scanning 

When capturing the geometric information of the underground site, it is generally 

required to have multiple aspects of the area of interest. Thereafter, geometric alignment 

or georeferencing of the different data sets into a shared reference frame is crucial. When 

measurements are georeferenced, basic sensor datasets become geodata, and this 

allows for combination with other geodata. The sooner the data is georeferenced, the 

earlier data completeness, coverage and other quality factors can be checked in the field 

in relation to existing geodata (Schuhmacher & Böhm, 2005).  

2.10.1 Conventional Georeferencing Approach  

Conventionally, registration and georeferencing are conducted simultaneously. The 

common requirement for georeferencing terrestrial laser scan data using the 

conventional approach is at least three known 3D tie-points in each scan. These are 

provided by 3 targets, and because these 3D control points do not occur naturally, to 

incorporate height and position, a supporting measurement system, such as a total 

station, is introduced. And although this process is time-consuming and costly and 

requires operational knowledge of the second measurement instrument, it is considered 

the most precise method for assigning a geometric datum to terrestrial laser scanning 

measurements. Considering this method’s cons two common alternatives have been 

explored for georeferencing to overcome the mentioned shortcomings these are the 

sensor-driven and data-driven approaches.  

2.11 Point cloud data management 

The applicability and effectiveness of the static and mobile laser scanning technique in 

improving the monitoring of rock masses relies on the density and quality of the point 

cloud and the processing technique applied (Gikas, 2012b). Raw point cloud data sets 

can be used for Visualisation, but deformation analysis requires data pre-processing to 

establish corresponding relations of the random points from different epochs (Wang, 
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H.B. Zheng, et al., 2017). The establishment of a suitable geometric model that suits the 

real tunnel’s surface is essential for deformation comparisons.  

A procedure for maintaining quality data such as control and geo-referencing, needs to 

be followed. Static laser scanners require positioning that is accurately surveyed (Zlot & 

Bosse, 2014a). Whilst in mobile laser scanning, developments such as the occupancy 

grid method (Artan et al., 2011; Hull, 2017), which replicate the environment by 

transforming the millions of points into a spatial array with less erroneous results, and 

the localisation methods for GNSS signal denied areas like the SLAM algorithm (Whyte, 

2006; Bosse & Zlot, 2009) which connects 2D laser scanning data and Inertial 

Measurement Unit (IMU) measurements of the angular velocities and linear acceleration 

to 3D point cloud (Farella, 2016; Malberg, 2019), have improved mobile mapping. Mobile 

LiDAR’s scan quality and accuracy can be affected by a sensor’s range (maximum 

distance the device can scan), sampling rate (point density, data resolution, moving 

speed) and ability to assign attributes to each point (Jones, 2020). Jones et al., (2018) fully 

detail a method for determining accuracy for mobile laser scanning and Kolapo (2020) 

lays out controls for accuracy testing for static terrestrial laser scanning. Nevertheless,  

methodical, theoretical and wide aspects of the technique are still being researched 

(Fekete et al., 2009; Lague et al., 2013; Kang et al., 2014; Xu et al., 2018; Huang et al., 

2021) and have not yet been established, however various procedures have been applied 

that have yielded several progressive developments (Jia et al.,2021). 

2.12 Identified knowledge gap. 

The literature demonstrates that deformation monitoring in underground mining has 

evolved over the years. From conventional in-situ instrumentation, such as strain 

gauges, inclinometers, and extensometers, to advanced remote sensing techniques, 

including LiDAR, InSAR, and photogrammetry. LiDAR technology, in particular, has 

shown considerable promise for high-resolution, three-dimensional mapping of 

underground environments. However, most existing studies have evaluated static and 

mobile LiDAR systems independently, often within open-pit mines, surface 

infrastructure projects, or active underground operations where environmental and 

operational variability may influence the results.  



34 

 

Few investigations have undertaken controlled side-by-side comparisons of static and 

mobile LiDAR in identical underground settings. Where comparisons have been made, 

the focus has largely been on point cloud density, coverage, or cost-effectiveness, with 

limited emphasis on deformation detection accuracy and operational efficiency under 

constrained underground conditions. Moreover, studies conducted in real mines often 

face practical limitations, such as restricted access, safety hazards, and uncontrolled 

deformation events, which hinder systematic testing.  

The use of a mock mine with simulated deformation events, as in this study, offers an 

opportunity to address these gaps by enabling precise control of experimental 

conditions while still replicating the spatial and lighting constraints of underground 

environments. This controlled approach allows for a direct and fair comparison of mobile 

and static LiDAR performance in detecting and mapping rock deformation within a GIS 

environment, providing evidence-based insights that are currently underrepresented in 

academic literature and industry practice. 
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Chapter 3 

3 Methods and Materials 
 

3.1 Introduction 

This chapter presents the materials and methods utilised to achieve the research 

objectives. The study investigates rock deformation in an underground mining 

environment using static and mobile LiDAR systems. The methodology includes the 

research site details, instruments used, data collection procedures, deformation 

simulations, data processing workflows, accuracy assessment, and efficiency 

evaluation techniques. A Total Station was used for georeferencing, and specialised 

software facilitated point cloud registration, distance calculation, and mesh-to-mesh 

deformation analysis. 

3.2 Research Design and Approach 

It was important to find a method that would provide accurate displacement 

measurements so that the slightest significant rock surface movement is accounted for 

when analysing the LiDAR data (Jafari et al., 2017; Kolapo, 2020). This research utilised a 

quantitative experimental approach by integrating controlled deformation simulations 

with high-resolution 3D LiDAR scanning to analyse underground rock displacement. The 

study’s data collection and analysis were structured in two phases outlined in Figures 4 

and 5.  

3.2.1 Displacement Measurement Process: Pre- and post-deformation 

Before conducting simulations and conceptualising scanning stations and trajectories, 

the scanning process was methodically planned and implemented in two distinct 

phases: pre-deformation (T1) and post-deformation (T2). Establishing a predefined 

scanning route was essential, especially for mobile LiDAR, as it ensured that the starting 

and ending points were correctly aligned to form a closed-loop trajectory. This loop 

helped in error detection, correction, and overall improvement of the data quality during 

the mapping process (Zlot & Bosse, 2014b). 
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a) Pre-Deformation Phase (T1) 

The pre-deformation scan (T1) represented the equilibrium state of the tunnel before 

rock movement occurred. During this phase, scanning was carried out before the 

deformation simulations were introduced, ensuring that baseline data was collected 

under stable conditions. Mobile and static LiDAR scans were sequentially performed 

under the same environmental conditions to ensure consistency and comparability. 

b) Post-Deformation Phase (T2) 

Once the pre-deformation scans were completed, simulated deformations representing 

rock movement-induced changes were implemented. The scanning process (T2) was 

then repeated along the predefined route using the same LiDAR arrangements as in T1. 

This ensured that any observed differences between the datasets could be directly 

attributed to deformation rather than external scanning inconsistencies. 

Figure 8 shows the simplified data acquisition process, highlighting the structured 

method used to measure displacement before and after deformation. 

 
Figure 8: Acquisition process for deformation simulation and measurement. 

After capturing the scans, the raw LiDAR data was imported into the processing software 

and carefully trimmed to isolate the area of interest (Delaloye, 2012). Next, a scan-to-

scan comparison (T1 vs. T2) was conducted by meshing each dataset separately to 

generate surfaces that facilitate precise geometric analysis. The shortest distances 

between the two surfaces were then computed to detect potential deformations and 
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changes. Finally, the field data was compared with the LiDAR-derived deformation 

results to determine which platform—mobile or static LiDAR—produced the most 

accurate results when validated against ground truth measurements.  
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Figure 9: Technical process for calculating deformation based on point cloud data. 

The above-mentioned sequences (Figures 8 and 9) were followed to: 

• Identify rock deformation patterns in an underground mine setting. 
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• Compare the accuracy of static and mobile LiDAR for deformation detection. 

• Assess the efficiency of mobile and static LiDAR systems in real-world 

applications. 

3.3 Study site 

The study was conducted at the Wits Mine Tunnel, a controlled underground mining 

environment at the University of the Witwatersrand's west campus (figure 10). The mock-

up mine with ultramodern mining technology is at the building's basement, the roof of 

the building is symbolic of the upper ground surface, the stairway simulates the shaft, a 

67m long shotcrete lined tunnel with a crosscut breakaway to the mine stope, lamp room 

and rescue chamber are constituents of the "mine".  

 

Figure 10: Chamber of Mines building. (a) The mock “underground mine” tunnel at the lower 
ground section of the building. (b) A weather station situated on the roof of the main building 
signifies the surface of the mock underground mine. 

The tunnel is accoutred with monitoring sensors that detect and record important 

parameters such as temperature, toxic gases, humidity, rock movements, etc (Figure 

11). Among the many sensors, the tunnel has pre-existing survey coordinates and a real-

time monitoring system, making it an ideal location for controlled LiDAR studies. 
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Figure 11: Image of the tunnel displaying rock formations, artificial lighting, ventilation pipe and 
blasting system. 

3.4 Environmental Controls 

To ensure the reliability and accuracy of the data sets, external factors such as lighting 

conditions, environmental factors (humidity, dust and temperature) and operator 

variability were controlled to minimise biases, especially for the mobile BLK2GO 

scanner, which is easily influenced by environmental conditions.  

Although LiDAR technology does not depend on ambient lighting, the scans were 

nonetheless conducted under consistent artificial lighting (Figure 11) to ensure uniform 

conditions throughout the data acquisition stage. The environmental factors were 

controlled by scheduling the scanning for a day with stable atmospheric conditions, and 

the equipment was cleaned and calibrated prior to the scanning to remove dust 

accumulations on the sensors.  Because the mobile LiDAR scanner relies on the 

operator’s movement, which can introduce trajectory inconsistencies, affecting SLAM 

accuracy; a standardised closed-loop scanning trajectory was followed, and the walking 

pace was slow and steady to avoid drift errors.  
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3.5 Instrumentation 

A combination of hardware and software was utilised to conduct the research. The 

following materials were used: 

3.5.1 LiDAR Scanners 

The underground mock mine tunnel was scanned using mobile and static terrestrial 

LiDAR scanners at a section towards the face, where deformation is most likely to occur. 

The survey's primary objective was to detect geometric changes on the tunnel’s surface. 

The Leica RTC 360 static scanner and Leica BLK2GO mobile handheld scanners were 

selected due to their performance against industry standards, positioning them as 

preferable to other LiDAR models. Previous geospatial studies have validated the 

scanners’ precision in controlled (Kersten & Lindstaedt, 2022) and field (Grahl, 2023; 

Cascante et al., 2020) environments, confirming their suitability for deformation 

monitoring. This has positioned them as suitable choices for geometric monitoring  

among other LiDAR models (Del Duca & Machado, 2023).  

Static LiDAR – Leica RTC360 

The Leica Geosystems RTC360 static terrestrial laser scanner (TLS) was employed. 

 

This LiDAR scanner has an accuracy of ≤ 2mm and a temporal resolution of ~2min per 

scan, capturing at least three different 360° scans from multiple locations to enhance 

Figure 12: The static tripod mounted terrestrial laser scanner used was the RTC 360 
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spatial resolution and completeness. The RTC360 TLS was mounted on a tripod (Figure 

12) to provide stable, high-resolution scans. Its design makes it highly portable and 

efficient, as it is lightweight, does not require levelling, and records 360° spherical HDR 

photos in a short time, resulting in a highly detailed, colorised point cloud (Laka et al., 

2019). Each area of interest within the tunnel was scanned at least three times to ensure 

accuracy and reliability. 

The Leica RTC360 (Figure 16) features a 130-meter registry range and captures 2 million 

points per second, achieving a high spatial resolution of 3 mm at 10 meters. One of its 

key advantages is its Visual Inertial System (VIS) technology, which enables automatic 

registration of device displacement without the need for external targets. This feature 

allows seamless integration of partial point clouds, ensuring each scan is correctly 

aligned with subsequent ones, significantly improving the efficiency of data acquisition 

(Leica, 2022). Additionally, the RTC360 can capture a 360-degree point cloud image in 

under two minutes, making it one of the fastest and most efficient scanning solutions 

available (Cascante et al., 2020). These state-of-the-art technical characteristics made 

it ideal for capturing detailed, high-resolution data for this study.  

Mobile LiDAR – Leica BLK2GO 

The second scanner used in this study was the Leica BLK2GO, an ergonomic, handheld 

mobile LiDAR scanner (Figure 13). This device captures point clouds in real-time while 

simultaneously acquiring moving images, utilising Simultaneous Localisation and 

Mapping (SLAM) technology to track its movement through space. The BLK2GO is 

equipped with dual-axis LiDAR sensors, a 4.3-megapixel camera with 360-degree 

panoramic viewing, a 12-megapixel high-resolution camera for capturing detailed 

imagery, and an inertial measurement unit (IMU) for self-navigation and motion tracking. 

It captures 420,000 points per second within a 0–25-meter range (Del Duca & Machado, 

2023).  



43 

 

 
Figure 13: Leica BLK2GO Handheld Imaging Laser Scanner (Leica Geosystems, 2022). 

To achieve maximum accuracy, the system employs Grand-SLAM technology, delivering 

6–15 mm relative precision and 20 mm absolute positioning accuracy (Cascante et al., 

2020).  

During the data acquisition process, the captured point clouds were continuously 

evaluated and optimised to ensure seamless integration of scans from different 

positions. The Leica Cyclone FIELD 360 application, installed on a mobile tablet, 

facilitated real-time pre-processing on-site. The scanner and tablet were linked via a Wi-

Fi network, enabling automatic wireless data transfer to the tablet in real-time. Once 

scanning was completed in the field, the data was transferred to a desktop workstation 

for further processing, refinement, and analysis. 

3.5.2 Control Survey Equipment 

As a fundamental requirement for laser scanning, the georeferencing method employed 

was the conventional approach, as explained in Section 2.10. This method was selected 

for its high precision and flexibility, particularly because it does not require height 

measurements or levelling of the laser scanner. Additionally, it does not require the laser 

scanner to be positioned directly beneath pre-established control points, making it 

advantageous for capturing the geometric details of un-surveyed and restrictive stope 

areas without compromising accuracy (Laka et al., 2019). 

Leica TS03 Total Station 

To establish a reliable control network, the Leica TS03 Total Station (Figure 14) was used 

to provide high-precision coordinate referencing. This instrument is known for its angular 

accuracy of 1” (one arc-second) and distance measurement accuracy of ±1 mm + 1.5 
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ppm, making it ideal for underground deformation monitoring where precise spatial 

referencing is critical (Leica Geosystems, 2019). 

 
Figure 14: Total station and target set up to determine the coordinates and height of the three tie 

points. 

3.6 Data processing 

To ensure efficient and accurate point cloud processing, it is important to use the 

software associated with the scanner to minimise error components (Kersten & 

Lindstaedt, 2022), the following software tools described in Table 3 were used:  
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Table 3: Software used to capture and process the raw point data.    

Work phase Software Import format Export format 
UTM referencing 

 
Infinity ASCII – 

Scanning and pre-
processing 

Field 360 Direct Wi-Fi 
connection  

Direct export to 
Leica Cyclone 

360 

Processing Cyclone 
register 360 

Cloud Compare 

LGS, PXT, PTS, 
E57 

Various formats, 
including point 

clouds and 
geometries 

Accuracy 
Assessment 

Cyclone 
Register 360 

– Various 

Results visualisation TruView 
Cloud Compare 

LGS, LAS Various 
 

 

Once the raw data was pre-processed, an analysis was conducted using the robust 

open-source CloudCompare software. The following parameters were carefully selected 

on the CloudCompare software based on computational efficiency and accuracy.  The 

point cloud was trimmed so that only the section close to the face was considered. 

Further segmentation was performed to reduce computation time and only the face, 

tunnel sides, and roof were analysed independently. 

The point clouds with a higher point density were subsampled to match the lowest point 

density, and a point spacing of neighbouring points was applied at a 0.05m radius. This 

was considered to be the surface density output (Fryskowska-Skibniewska & 

Wróblewski, 2018). Normal computation was conducted using a quadratic surface 

fitting; this method is appropriate for detecting curved surfaces (Lague et al., 2013) such 

as the shapes of our deformation simulations at a 0.5m radius to ensure a smooth local 

surface model. The normals were orientated using the minimum Spanning Tree function 

with 10 neighbours, to balance computational efficiency. The surfaces were then created 

using the Poison surface reconstruction algorithms at an octree depth of 10, for a high 

resolution. The change detection deviation threshold was set to 0.05m, which falls below 

the deformation classification for underground mining tunnels deemed relatively “safe” 

(Hadjigeorgiou & Potvin, 2023). This was done to identify significant deformations.  
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3.7 Data Collection 

3.7.1 Identifying and Mapping Rock Deformation (Objective A) 

Since real rock deformation is unpredictable, the study used solid materials with known 

dimensions to simulate deformation scenarios. These simulations were based on 

geological principles (Kentucky Geological Survey, 2019) detailed in Section 2.5: 

a) Boulder Formation Simulation: 

Large artificial boulders (Figure 15) were placed at critical tunnel locations to test 

change detection, modelling weathered rock masses prone to instability and 

deformation. 

Constructed using Styrofoam and plastic to resemble real geological structures (Dan 

et al., 2016). 

 
 

Figure 15: Irregular boulder structure randomly placed as an unstable cornerstone at the face 
of the tunnel to simulate the concept described by Dan et al., (2016). 

b) Kettlebottom Roof Failure Simulation: 

Plastic bags filled with paper were suspended (Figure 16) to mimic sagging rock 
masses, as described by Deng et al. (2019). This approach ensured minimal shape 
distortion and realistic displacement representation. 
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Figure 16: Deformation simulation of a semi-circular rock mass, sagging from an 
underground mine roof 

c) Cavern and Bulging Sidewall Deformation Simulation: 

Simulated rock bursts resulting from stress release in tunnel walls (Judeel, 2003). 

Bulges of random shapes (Figure 17) were placed at random along the tunnel walls, 
roof, and face.  

3.8 Maximum distance computation as displacement  

The thickness or maximum displacement from the surface of the deformation objects 

was measured once they were positioned in their relative spaces. These distance 

measurements were repeated ten times or more in some instances, around the object 

and the maximum distance from the surface was computed as the displacement value.   
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Figure 17: Underground tunnel displaying pre-and post-deformation simulation for rock burst 
scenario on the tunnel’s rock surface  

3.9 Evaluating the Accuracy of Static and Mobile LiDAR (Objective B) 

3.9.1 Total Station Georeferencing:  

Three tie points were established using the Leica TS03 Total Station to serve as fixed 

reference locations. The first step involved creating a target network ( ST1, ST2, ST3) by 

strategically placing three specially designed targets in locations visible along the LiDAR 

scanners’ line of sight (Figure 18). Since 3D geodetic global system information was not 

inherently available for the selected target points, a total station system was introduced 

to transfer both horizontal and vertical control network data onto these targets (Leica, 

2022). This process entailed: 

1. Determining the total station’s global horizontal coordinates using pre-existing 

control points. 

2. Levelling the system by transferring height differences from vertical control points 

to the total station. 



49 

 

3. Measuring and establishing the tie-points' 3D coordinates using the total station's 

position. 

 
Figure 18: Target network of three tie points (ST1, ST2, ST3) selected for the registration of the 
laser data 

Following these steps, the terrestrial laser scan georeferencing was determined through 

a rigid body transformation, aligning different scans via the transformation matrix (T), 

which includes both rotation (R) and translation (t), as expressed in Equation (3) (Kim & 

Seo, 2020): 

𝑝′ = 𝑅. 𝑝 + 𝑡                                               (3) 

 

𝑝 = original point coordinates (from the moving point cloud) 

𝑝′ = transformed point coordinates (aligned with the reference point cloud) 

𝑅 = 3x3 rotation matrix 

𝑡 = 3x1 translation vector 
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The integration of the Leica TS03 Total Station into the static and mobile LiDAR scanners 

facilitated the generation of a precise and well-referenced point cloud, producing 

accurate deformation monitoring in the underground mine. 

3.9.2 LiDAR Point Cloud Registration: 

The alignment or matching of scans into a single coordinate system was first done in the 

field by matching similar targets captured in scans as reference and on the Cyclone 

Register360 using the automated Iterative Closest Point algorithm (4), widely applied in 

software programs, capable of minimising scan alignment errors between 

corresponding point clouds (Procházková & Martišek, 2018) by solving:   

 

𝐸(𝑅, 𝑡) =
1

𝑁
∑ ∥ 𝑅. 𝑝𝑖 + 𝑡 − 𝑞𝑖

𝑁
𝑖=1 ∥2                                                       (4)        

            

• 𝐸(𝑅, 𝑡) = error function to be minimised 

• 𝑝𝑖= points from the moving point cloud 

• 𝑞𝑖 = corresponding points in the reference point cloud 

• N = number of points 

• R = rotation matrix                                                                                     

• t = translation vector 
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Figure 19: Registration of scans to a unified coordinate system, showing a closed-loop trajectory of mobile laser scanning with total station positions 
and computed X, Y, and Z values. 



52 

 

Fixed survey co-ordinates within the scan environment were used as our control points, 

and they were kept constant throughout all scans to avoid target resetting uncertainties 

(Silvia & Olsen, 2012). The open-source Cloud Compare software was then used to 

convert the point cloud data into a spatially referenced surface model. 

3.10 Metrics for accuracy and reliability assessment: 

For the assessment of the accuracy and reliability of LiDAR-derived deformation 

measurements, three key statistical metrics were selected: Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R²). These 

metrics were chosen due to their widespread application in geospatial accuracy 

assessment, particularly in LiDAR-based deformation studies (Singh et al., 2023). Each 

metric provides unique insights into measurement discrepancies and contributes to a 

comprehensive evaluation of LiDAR accuracy. 

3.10.1 Root Mean Square Error (RMSE) 

In geospatial analysis, RMSE is a widely utilised statistic for quantifying the deviation of 

observed values from reference data (Kouzehgar & Eslamian, 2023). It provides a 

measure of precision by penalising larger errors more than smaller ones, making it 

particularly useful for evaluating systematic and random errors in LiDAR point cloud 

datasets (Kim & Seo, 2020). RMSE is computed as follows: 

                     𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑋𝑖 − 𝑋𝑟𝑒𝑓,𝑖)2𝑛

𝑖=1                                                            (5) 

where: 

• 𝑋𝑖 = LiDAR-measured values, 

• 𝑋𝑟𝑒𝑓,𝑖= reference field measurements, 

• n = 7 (total number of observations). 

A lower RMSE indicates better alignment between LiDAR-derived and ground truth 

measurements (Fuad et al., 2018). Since deformation studies require high precision, 

RMSE was selected to identify subtle deviations in LiDAR-derived surface changes. 
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3.10.2 Mean Absolute Error (MAE) 

MAE was included as a complementary metric to RMSE because it provides a more 

intuitive interpretation of error magnitude. Unlike RMSE, which squares errors and 

amplifies larger deviations, MAE treats all errors equally, making it useful for assessing 

the average measurement discrepancy (Gao & Wu, 2021). It is calculated as: 

                                𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑋𝑖 − 𝑋𝑟𝑒𝑓,𝑖|

𝑛
𝑖=1                                                             (6) 

MAE is often preferred when analysing datasets with outliers, as it does not 

disproportionately emphasise extreme values (Zhou et al., 2024). Since deformation 

monitoring involves complex surfaces with potential variations in error distribution, MAE 

was selected to complement RMSE and provide a more balanced error assessment. 

3.10.3 Coefficient of Determination (R²) 

The coefficient of determination (𝑅2) was chosen to assess the correlation between 

LiDAR-derived measurements and ground truth data. It quantifies how well the LiDAR 

measurements explain variations in actual deformation, making it an essential metric in 

geospatial studies (Chen et al., 2019) . The formula for 𝑅2is: 

 

                                    𝑅2 = 1 −
∑(𝑋𝑟𝑒𝑓,𝑖−𝑋𝑖)2

∑(𝑋𝑟𝑒𝑓,𝑖−𝑋̅𝑟𝑒𝑓,𝑖)2                                                                (7) 

where 𝑋̅𝑟𝑒𝑓 represents the mean of the reference values. 

An 𝑅2 value close to 1 indicates a strong correlation, confirming the reliability of LiDAR 

for deformation mapping (Onyutha, 2020). This metric was particularly important in this 

study to evaluate the consistency of LiDAR measurements across different deformation 

features. 

3.10.4 Paired t-Test 

The paired t-test was conducted to assess if the mean difference between the mobile 

and static LiDAR measurements was statistically significant. This test tool was chosen 

because both LiDAR systems are related, therefore directly comparable. The paired t-

test compares the average difference between the two sets of measurements (Ajayi & 

Palmer, 2020) collected at seven common features (face bulge; roof boulders 1 and 2; 
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left-wall bulge and boulder; right-wall bulge and caving), giving a sample size n = 7 from 

the formula: 

                                                      t =
𝑑̅

𝑠𝑑∕√𝑛

                                                                   (8) 

Where: 

𝑑̅ = average difference between mobile and static LiDAR measurements 

𝑠𝑑 = standard deviation of differences 

𝑛 = number of measured pairs 

The final t-test value (t-score) is compared to the critical t-value with df= 𝑛 – 1, from the 

t-distribution table at a 95% (p-value of 0.05) confidence interval (Ajayi & Palmer, 2020). 

A p-value helps determine whether there is a significant difference between the 2 LiDAR 

systems relative to the variation in the data. A higher t-value suggests minimal difference, 

while p ≤ 0.05 suggests statistical significance, and a p-value > 0.05 means both LiDAR 

systems produced comparable results.  

M3C2 Algorithm for Deformation Analysis. 

The pre-deformation (T1) and post-deformation (T2) point clouds were processed using 

M3C2 to compute surface displacement. The algorithm was applied to different 

deformation zones, including tunnel walls and the roof. Displacement maps were 

generated to visualise the magnitude and distribution of deformation within the 

underground environment. The confidence intervals associated with M3C2 

measurements were analysed to assess the reliability of the detected changes. 

 
The Multiscale Model-to-Model Cloud Comparison (M3C2) algorithm was employed in 

this study to quantify and analyse deformation within the underground mining 

environment. M3C2 is specifically designed for direct 3D comparison of point clouds, 

making it highly effective for detecting surface changes over time. Unlike traditional point 

cloud comparison methods, M3C2 operates by computing distances along the normal 

direction of the surface, allowing for accurate deformation assessment while 

incorporating uncertainty estimation (Lague et al., 2013) 
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M3C2 calculates point-wise distances between pre- and post-deformation scans (T1 

and T2) along a local normal vector derived from the surface geometry. This approach 

minimises errors related to scan misalignment and varying point cloud densities. The 

displacement at each point is determined using: 

                          𝑑𝑀3𝐶2 =
1

𝑛
∑ (𝑝𝑖, 𝑇2 −𝑛

𝑖=1 𝑝𝑖, 𝑇1) ∙ 𝑁𝑖                                            (9) 

Where: 

• 𝑑𝑀3𝐶2 = computed displacement along the normal vector, 

• 𝑝𝑖, 𝑇1 and 𝑝𝑖, 𝑇2 = corresponding points from pre- and post-deformation scans, 

• 𝑁𝑖 = surface normal vector at 𝑝𝑖, 𝑇1 

• 𝑛 = number of neighbouring points considered for the calculation. 

In this study, the n value in the M3C2 displacement formula (Equation 9) represents the 

number of neighbouring points used to estimate the local surface normal and compute 

distances along it (Lague et al., 2013). Instead of assigning a fixed n value across all 

segments, the parameter was determined algorithmically in CloudCompare using the 

“subsample cloud #1” option. This option automatically defines the neighbourhood size 

relative to the density of the subsampled reference cloud, ensuring consistency across 

different geometrical segments (face, roof, and side walls). Although the exact numerical 

n values were not exported, the approach ensures that neighbourhood sizes were 

proportionally adapted to local point densities, thus balancing accuracy and noise 

reduction (Girardeau-Montaut, 2015).  
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Chapter 4 

4 Results  

4.1 Introduction 

This chapter presents the results of the methodology described in Chapter 3. Firstly, it 

focuses on the post-processing and analysis of data collected during the study. It begins 

with a pre-analysis of data quality to ensure reliability. Mesh-to-mesh deformation 

mapping and visualisation techniques are detailed, and deformation measurements 

obtained from simulated formations are compared using field methods, static, and 

mobile LiDAR platforms. Statistical analyses, including Root Mean Square Error (RMSE), 

Mean Absolute Error (MAE), and the coefficient of determination (R²), are applied to 

assess accuracy. The operational efficiency of static and mobile LiDAR systems in 

detecting rock deformation is evaluated. Finally, the chapter concludes by discussing 

the results and the research limitations. 

4.2 Post-Processing Comparison of Static and Mobile LiDAR 

The point clouds generated by the mobile and static LiDAR scanners were registered and 

subsequently segmented to focus on the region near the tunnel face (Figure 20). This 

segmentation reduced computational complexity, enabling more efficient processing 

and targeted analysis of key areas. 

 
Figure 20: Static and mobile LiDAR point cloud model of the tunnel, with the red block showing 
the segmented section along the tunnel where the analysis occurred. 



57 

 

It additionally facilitated clearer visualisation and a more direct comparison of the 

computed results. 

4.2.1 Point Cloud Characteristics 

The post-processed results (Figure 21) present a comparative analysis of point cloud 

data acquired from static and mobile LiDAR systems, emphasising variations in 

resolution, point density, the spatial distribution of points, and overall scan fidelity for 

both pre-and post-deformation conditions. 

 
Figure 21: Post-processing contrast of segmented, pre- and-post deformation point-cloud scans 
from both static and mobile LiDAR platforms 

The static LiDAR point clouds present evenly distributed and densely packed points due 

to the scanner’s fixed position, which enhances resolution and captures the detail of 

small features. Point density remains relatively consistent across the tunnel’s left and 

right walls, the face, and roof. In contrast, mobile LiDAR scans present streaky, noisy, 

and irregularly distributed points. This result is influenced by the scanning mechanism, 

movement variations, and platform movement speed because mobile LiDAR collects 

data in sequential strips along a trajectory. The overlaps, also known as misalignment of 

consecutive strips, cause streaky patterns; these are more pronounced when scanning 
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angles are inconsistent because of hand motion instability. The variations in point 

density for left and right walls pre- and post-deformation for mobile LiDAR are caused by 

variations in speed. It is also observed that static LiDAR is prone to occlusion due to its 

stationary nature, which limits its perspective, creating shadows and gaps where the 

scanner cannot ‘see,’ Figure 22 illustrates this whilst highlighting potential differences in 

resolution and point density.  

 

4.2.2 Point cloud registration 

To ensure accuracy in deformation analysis, fine registration was performed on the 

segmented pre- and post-deformation scans. Surface errors (Table 4) quantify the 

deviations in registered surfaces, providing insights into data quality. 

Table 4: Surface errors for the different segments of the tunnel. Surface errors were generated 
after fine-registering the pre- and post-deformation scans with one another. 

Surface  Error 

Right wall mobile 0.0197979 

Right wall static  0.0101897 

Left wall static 0.020598 

Left wall mobile 0.0205449 

Figure 22:  Comparison of occlusion effects in static and mobile LiDAR scans. A (static 
LiDAR), occlusion is visible behind the object leaving gaps due to restricted line of sight. B 
(mobile LiDAR), reduced occlusion because of moving scanner capturing multiple 
perspectives 
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Tunnel Face static 0.0118265 

Tunnel Face mobile 0.0147769 

Roof mobile 0.00941602 

Roof static 0.0133027 

 

From these results, it is observed that static scans of the right wall produced lower 

surface error compared to the mobile scanner. The left wall yielded similar errors 

between the mobile and static scanners. The tunnel face provided slightly better 

accuracy than the static scanner. The static scanner produced lower errors for the 

vertical surfaces (walls and face) because of its stable position and denser data 

acquisition. However, for the horizontal roof, the mobile scanner outperformed the static 

scanner. This result could be attributed to differences in sensor angles or poor capture 

strategy. Overall, the low registration errors across all the scans indicate reliable 

alignment, subsequently allowing for accurate surface reconstruction (Figure 23) and 

deformation analysis. 
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Figure 23: Reconstructed 3D surface models for pre- and post-deformation segments of the 
tunnel. 

4.3 Deformation Mapping and Visualisation 

Deformation measurements were derived by computing distances between pre- and 

post-deformation surfaces using CloudCompare’s Multiscale Model-to-Model Cloud 

Comparison (M3C2) algorithm.  
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The analysis presented a series of visualisations using a colour-coded scheme, where 

warm colours (red and yellow) indicate outward deformation or material addition, and 

cool colours (blue and green) signify inward deformation or material loss, as depicted in 

Figure 24. A neutral colour (white) represents regions with no significant change. This 

section presents the deformation results, highlighting the spatial distribution and 

magnitude of the observed changes in the tunnel, segmented as the left and right walls, 

the face, and the roof. 
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Figure 24: Computation of maximum/minimum deformation distance from detected areas of deformation using statistical computation function. 
Deformation areas are colour-coded, with warm colours indicating outward deformation and cool colours showing inward deformation. 
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Spatial Distribution of Deformation 

For the left-wall, significant outward deformation is observed in localised regions, 

highlighted by red zones, particularly near the top-left and bottom-right sections of the 

mobile and static scans of Figure 25. These indicate bulging material. In contrast, the 

right wall shows a prominent vertical deformation zone in static and mobile scans, with 

red bands suggesting significant outward deformation. A localised blue and green area 

on the far top right of the right wall indicates an inward deformation or material loss. The 

roof section exhibits distinct deformation patterns, showing a pronounced red zone in 

the lower centre of the roof and the bottom left corner of the scans, suggesting material 

bulging. 

 
Figure 25: Contrast of static and mobile LiDAR segments, presenting localised deformations. 
Warm colours (red and yellow) indicate outward deformation or material addition, and cool 
colours (blue and green) signify inward deformation or material loss. 

Minimal deformation is observed elsewhere on the walls, as indicated by the 

predominantly white areas. However, these regions of minimal deformation result from 

errors caused by gaps in the point cloud data due to poor data quality. Such gaps could 

not be interpolated during the meshing process, leading to false distance changes or 

discrepancies in areas that otherwise show no significant deformation. 
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Figure 26: Contrast of static and mobile LiDAR face segments, presenting localised deformation. 

The deformation analysis of the tunnel face (Figure 26), as shown in the static and mobile 

LiDAR scans, highlights a localised deformation zone. Both scans display a consistent 

pattern of deformation, represented by the yellow region in the centre of the tunnel face, 

corresponding to positive displacement or outward deformation. This suggests bulging 

in this specific area. 

The consistency between the static and mobile scans in the deformation zone signifies 

reliability in the data acquisition and analysis process. The surrounding areas mainly 

show a neutral or white colour, indicating no deformation. Minor discrepancies or noise 

around the edges of the deformation zone are attributed to the data gaps or interpolation 

errors during the meshing process, particularly in regions with poor point density. These 

errors result in false distance changes, emphasising the importance of high-quality data 

acquisition for precise deformation analysis.  

The overall visualisation of these results indicates distinct deformation patterns across 

the tunnel, with notable changes localised to specific regions. Although the mobile and 

static LiDAR platforms yielded similar results, inaccuracies due to data gaps illuminate 

and iterate the importance of ensuring high data quality during scanning and meshing. 
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4.4 Deformation Measurement Accuracy 

Deformation values from static and mobile LiDAR were compared against field 

measurements (Table 8). Both LiDAR systems closely matched field-measured 

deformations, with discrepancies within a few millimetres. 

Table 5: Comparison of deformation measurements for the simulated formations was measured 
using field methods and static and mobile LiDAR platform measurements. 

 Feature Field measurement (m) Mobile LiDAR 
measurement (m) 

Static LiDAR 
measurement (m) 

Face……… 

Linear bulge 0.10 0.0979 0.0998 

Roof……... 

Boulder 1 0.270 0.247 0.254 

Boulder 2 0.220 0.211 0.214 

Left wall… 

bulging wall 0.155 0.140 0.137 

Boulder 0.220 0.187 0.185 

Right wall. 

Linear bulge 0.160 0.140 0.144 

Caving wall 0.100 0.091 0.113 

 

Face 

The linear bulge deformation values from the mobile and static LiDAR closely align with 

field measurements, indicating a high accuracy for both scanning platforms.  

Roof 

The deformation for Boulders 1 and 2 show slightly higher discrepancies, especially for 

Boulder 1, where the mobile LiDAR result underestimates the field measurement by 

0.023m. These differences could arise from the irregular shape features, where 

interpolation errors during meshing might have affected the accuracy.   

Left wall 

The bulging wall and boulder’s mobile and static LiDAR measurements show 

underestimations compared to the field measurements and differ minimally from one 
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another. This shows a consistent trend of slight underestimation in wall features, 

probably because of the data gaps and complexity of capturing vertical surfaces 

accurately. 

Right wall 

The linear bulge measurements are underestimated, while the caving wall feature 

presents a slightly larger discrepancy. Here, the static LiDAR overestimates the field 

measurements by 0.013, likely due to localised interpolation or noise during the meshing 

process. Figure 27 compares the measurements discussed in this section. 

 

 
Figure 27: Comparison of deformation measurements computed from the LiDARs tested against 
the ground truth measurements. 

4.4.1 Statistical Analysis 

4.4.1.1 Root mean square error (RMSE) 

The overall RMSE computed in Table 9 shows that mobile and static LiDAR 

measurements provide highly accurate deformation mapping. Static LiDAR 

measurements exhibit better accuracy, as noted by a lower RMSE of 0.0180 compared 

to the Mobile LiDAR’s relatively higher RMSE value of 0.0186. This tells us that static 

LiDAR may be preferred for precise deformation monitoring, particularly in scenarios 

where even minor discrepancies could be critical. 
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Table 6: RMSE for mobile and static LiDAR calculated from ground field measurements vs 
LiDAR data. 

Feature Field 

Measurement 

(m) 

Mobile LiDAR 

Measurement 

(m) 

Static LiDAR 

Measurement 

(m) 

RMSE 

(Mobile 

LiDAR) 

RMSE 

(Static 

LiDAR) 

Linear bulge 0.100 0.0979 0.0998 0.0021 0.0002 

Boulder 1 0.270 0.247 0.254 0.0230 0.0160 

Boulder 2 0.220 0.211 0.214 0.0090 0.0060 

Bulging wall 0.155 0.140 0.137 0.0150 0.0180 

Boulder 0.220 0.187 0.185 0.0330 0.0350 

Linear bulge 0.160 0.140 0.144 0.0200 0.0160 

Caving wall 0.100 0.091 0.113 0.0090 0.0130 

Overall RMSE 0.0186 0.0180 

 

4.4.1.2 Mean absolute error (MAE) 

Based on the tabulated results (Table 9), the static LiDAR shows slightly lower overall 

MAE compared to the Mobile LiDAR, indicating slightly better agreement with ground 

truth field measurements. The differences between the two platforms are minimal, 

suggesting that both platforms provide high accuracy for deformation mapping, but the 

static LiDAR has a higher accuracy in this dataset. 

Table 7: MAE for mobile and static LiDAR calculated from ground field measurements vs LiDAR 
data. 

Feature Field 

Measurement 

(m) 

Mobile 

LiDAR (m) 

Static LiDAR 

(m) 

MAE 

(Mobile 

LiDAR) 

MAE 

(Static 

LiDAR) 

Linear Bulge (Face) 0.1 0.0979 0.0998 0.0021 0.0002 

Boulder 1 (Roof) 0.27 0.247 0.254 0.023 0.016 

Boulder 2 (Roof) 0.22 0.211 0.214 0.009 0.006 

Bulging Wall (Left 

Wall) 

0.155 0.14 0.137 0.015 0.018 

Boulder (Left Wall) 0.22 0.187 0.185 0.033 0.035 

Linear Bulge (Right 

Wall) 

0.16 0.14 0.144 0.02 0.016 
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Caving Wall (Right 

Wall) 

0.1 0.091 0.113 0.009 0.013 

Average MAE (m) 0.01587 0.01489 

4.4.1.3 Coefficient of determination (𝑹𝟐) 

The scatter plots (Figure 28) illustrate the relationship between deformation 

measurements obtained from a) mobile LiDAR, b) static LiDAR and ground truth data 

field measurements. The x-axes represent the ground truth measurements (m), which is 

the reference standard, while the y-axes represent the corresponding measurements 

recorded by the mobile and static LiDARs (m). 

 
Figure 28: 𝑅2 relationship between deformation measurements obtained from a) mobile LiDAR, 
b) static LiDAR and ground truth data field measurements 

A linear regression line was fitted to the data, yielding the equation y=0.9077x with a 

coefficient of determination (𝑅2) value of 0.9981 for mobile LiDAR data, and y=0.9273x 

and an 𝑅2 Value of 0.9952 for static LiDAR. Both platforms strongly correlate with the 

ground truth data as they are closer to 1. The slightly higher 𝑅2 Value yielded by mobile 

LiDAR suggests better accuracy of mobile LiDAR for deformation mapping. However, the 

slope of the regression line (0.9077) suggests a slight underestimation by the mobile 

LiDAR compared to the ground truth values. These results imply that both LiDAR systems 

are dependable for mapping deformation. Mobile LiDAR may provide a marginally 

stronger alignment to the field measurements, making it effective for environments 

requiring the flexibility and mobility it offers (Singh et al., 2023). Furthermore, a paired t-

test was performed to determine if the differences between mobile and static LiDAR 

measurements are statistically significant, to which the p-value was greater than 0.188, 
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a value greater than the commonly used threshold of 0.05. This indicated no statistically 

significant difference.  

From what we can gather from the statistical analysis of the deformation results, 

considering the root mean square error (RMSE), mean absolute error (MAE), and 

coefficient of determination (R²), static and mobile LiDAR platforms offer accuracy and 

reliability. The RMSE values indicated small deviations between LiDAR measurements 

and field measurements, where static LiDAR demonstrated slightly lower errors 

compared with mobile LiDAR. The MAE analysis reinforces these findings, showing that 

the static LiDAR platform’s measurements are slightly closer to field measurement 

values, which reflects a higher precision than the mobile LiDAR platform. The 𝑅2 values, 

which measure the correlation between LiDAR and field data, demonstrated strong 

agreement for both the LiDAR platforms, indicating their suitability for deformation 

monitoring. All these metrics illuminate the robustness of mobile and static LiDAR 

systems but prove static LiDAR to have superior accuracy in this study.  

4.5 Assessing the operational efficiency of static and mobile LiDAR systems in 

detecting rock deformation. 

Operational efficiency is critical when choosing an appropriate LiDAR platform for rock 

deformation monitoring in underground environments. It influences the speed, quality, 

and reliability of data acquisition, as well as its adaptability to complex underground 

conditions (Rashdi et al., 2024; Wang et al., 2024). Having used both mobile and static 

LiDAR platforms and obtained deformation results, the following comparison can be 

tabulated, highlighting the strengths and limitations of the system in practical 

application.   

Table 8: Overview of operational efficiency of static and mobile lidar systems. 

Criterion Static LiDAR Mobile LiDAR 

Data 

Acquisition 

Speed 

Slower due to stationary setup 

and needs multiple scans to 

cover large areas. 

Faster, as the scanner can 

capture data while moving, 

allowing quick coverage of 

extensive areas. 
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Setup Time Requires more time to set up at 

each scanning station, including 

levelling and calibration. 

Minimal setup time: ready to use 

as the operator moves through 

the environment. 

Accessibility Limited by the scanner’s fixed 

position; some areas may remain 

unreachable without 

repositioning. 

Better accessibility, as the 

scanner can manoeuvre through 

tight or complex spaces. 

Point Cloud 

Density 

Higher, as scans are conducted 

from fixed positions with stable 

proximity to the surfaces. 

May have a lower density in 

some areas due to motion-

induced variability or trajectory 

challenges. 

Proximity to 

Surfaces 

Fixed proximity allows for 

consistent and high-quality 

scans, especially in challenging 

areas. 

Requires careful operator 

management to maintain 

optimal distance for consistent 

data quality. 

Mobility Less mobile; relies on stable 

platforms for operation. 

Highly mobile, making it suitable 

for dynamic environments. 

Data 

Processing 

Requirements 

Typically produces denser data, 

requiring more time and 

computational resources to 

process. 

Generates lighter datasets but 

may require additional 

corrections for motion artefacts. 

Suitability for 

Tight 

Timelines 

Less suitable for time-sensitive 

projects due to slower data 

acquisition. 

Well-suited for time-critical 

tasks requiring rapid scanning 

and immediate results. 

Error Risks Lower risk of errors due to 

stability, but blind spots may 

occur in inaccessible regions. 

Higher risk of errors from 

trajectory planning and motion-

related inconsistencies. 

Cost 

Efficiency 

Higher costs due to slower 

operations and the potential need 

for multiple setups in large areas. 

More cost-efficient for large-

scale or time-sensitive 

operations. 
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Static LiDAR excels in producing high-density point clouds with high precision because 

of its stationary nature and good precision. 

4.6 Discussion 

4.6.1 Identifying and Mapping Rock Deformation in the Underground Mining 
Environment 

The colour-coded visualisation of the deformation patterns presented in Figures 24 -26, 

effectively highlighted the areas of material loss and bulging, aligning well with field 

observations. However, the discrepancies noted between the static and mobile LiDAR 

outputs call for deeper root cause analysis.  

The static LiDAR achieved superior accuracy for vertical surfaces (e.g., tunnel walls) due 

to its stable positioning and point density, this corroborates with findings by Kersten & 

Lindstaedt (2022) on the advantages of fixed terrestrial scanners in controlled 

environments. On the contrary, its susceptibility to occlusion (Figure 22) aligns with 

Farella (2016), Who noted that stationary setups struggle with shadow effects in 

geometrically complex tunnels.  

Mobile LiDAR’s streaky point distribution (Figure 21) and higher surface errors resulted 

from motion-induced noise; a limitation highlighted by Singh et al. (2023) for handheld 

SLAM systems. Despite  this, its ability to capture horizontal surfaces, such as the roof, 

more accurately than the static LiDAR challenges assumptions by Trzeciak & Brilakis 

(2021) that mobile systems are less reliable for overhead features.  

While static LiDAR’s precision is ideal for high-risk zones, requiring millimetre-level 

accuracy such as unstable roof sections, mobile LiDAR’s rapid deployment (Table 11) 

makes it ideal for time-sensitive applications such as post-blast inspections, where 

minor errors are acceptable (Rahimi et al., 2020) 

4.6.2 Comparative Analysis of Deformation Measurement Accuracy 

The RMSE and MAE values (Tables 6 and 7) showed static LiDAR’s marginally better 

alignment with field measurements, but the statistical significance (p<0.05) requires 

scrutiny. While the differences between the platforms were statistically insignificant, the 
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static LiDAR’s lower MAE (0.01489 vs 0.01587) could be decisive in high-risk mining 

environments such as monitoring roof stability in coal seams, where cm errors may 

trigger safety interventions (Molinda & Mark, 2010). The R² values of this study are greater 

than 0.99 for both mobile and static systems, they exceed the findings of (Woolmer et al., 

2020) in their mobile LiDAR study in an underground environment. This can be attributed 

to advancements in SLAM algorithms.  

4.6.3 Operational Efficiency and Trade-offs of Static and Mobile LiDAR Systems 

The trade-offs between accuracy and efficiency (Table 8) contextualised within mining 

workflows suggest that the slow data acquisition of static LiDAR limits its use to critical 

and localised inspections. This is concurrent with Chen et al. (2022) suggestions for 

precision application. Mobile LiDAR’s speed advantage aligns with Zlot and Bosse's 

(2014) findings in time-critical events, such as post-disaster assessments, but this 

efficiency is traded off for lesser data quality. For example, a lower point density near 

tunnel walls could result in missing fine cracks (Figure 21).  

4.6.4 Assessment of Data Quality Limitations 

The study’s data experienced data gaps and meshing errors (Figures 20–22), which 

affected mobile LiDAR due to its low point density, introducing false deformation signals. 

Mobile LiDAR’s motion artefacts and uneven trajectory overlaps increased interpolation 

errors during the meshing process, a problem echoed by Del Duca and Machado (2023) 

in surface reconstruction workflows. Regions with sparse data, such as ridges of uneven 

surfaces, showed false deformations (Figure 24). Lindenbergh & Pietrzyk (2015b) warns 

about the effects of relying on data with errors in deformation monitoring. 

4.7 Limitations and Systematic Biases 

While the study achieved its set objectives, the presence of critical limitations cannot be 

ignored. 

The low point density in mobile LiDAR presented by streaky uneven point distribution 

(Figure 21) leads to interpolation errors during the meshing phase, underestimating 

deformations (Table 5). This bias risks missing early-stage cracks in high-stress zones. 

The occlusion in static LiDAR due to its fixed position (Figure 22) created blind spots near 

the tunnel roof, masking deformations in occluded regions.  
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These limitations highlight the need for hybrid deployments to cross-validate results and 

mitigate platform-specific biases.  

4.8 Cost-Efficiency Analysis 

As a cost-benefit framework, the suggests the consideration of the set-up costs, where 

static LiDARs require multiple stations incurring high costs, for time spent setting up and 

scanning. Mobile LiDAR requires a single operator and less time for scanning, but data 

quality is compromised for faster acquisition. When considering accuracy-critical 

regions, the trade-off is lower cost rates. Mobile LiDAR requires a single operator and less 

time for scanning, but data quality is compromised for faster acquisition. When 

considering accuracy-critical regions, the trade-off is lower cost rates. For large mines, 

mobile LiDAR reduces labour costs but risks higher long-term remediation expenses if 

deformations are missed. Therefore, a hybrid approach balances upfront costs and risk 

mitigation. 
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Chapter 5 

5 Conclusion and Recommendations 

5.1 Introduction 

This experimental study aimed to compare the efficiency of mobile and static LiDAR in 

detecting rock deformation in underground mines. In our analysis, static LiDAR achieved 

a higher accuracy with an RMSE of 0.0180 vs. 0.0186 for mobile LiDAR. Mobile LiDAR 

excelled in operational efficiency. The experimental research answered the hypothesis 

and the null hypothesis.  To which the findings accepted the Null hypothesis (p=0.188). 

Null Hypothesis (𝐻0): 

There is no significant difference between mobile and static LiDAR systems in terms 

of accuracy for detecting and mapping rock deformation in underground mining 

environments. 

The acceptance indicates no statistical difference in accuracy between the two 

platforms. However, the practical implications of minor accuracy disparities in safety-

critical mining contexts require careful consideration. 

5.2 Actionable Recommendations  

To translate findings into actionable practice, the following actions are proposed: 

• To improve data quality, trajectory optimisation can be achieved by the 

application of real-time gap detection algorithms during mobile scanning to 

reduce voids (Chen et al., 2022). 

• Combining weekly static scanning for accuracy with daily mobile LiDAR scanning 

for coverage. 

• The development of operator certificates, focusing on underground challenges 

such as occlusion management, trajectory planning, etc.,  aimed at reducing set-

up and scanning errors. 

• The integration of the latest algorithms that reduce interpolation errors.  
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5.3 Conclusion 

This research successfully addressed its objectives by demonstrating that both static 

and mobile LiDAR can effectively identify and map underground deformation, provide 

reliable accuracy in comparison to field measurements, and offer distinct operational 

efficiencies. A paired t-test at a 5% significance level (α = 0.05) was performed to 

compare the two systems, with the null hypothesis (H₀) stating that there is no difference 

in accuracy between static and mobile LiDAR under the tested conditions, and the 

alternative hypothesis (H₁) stating that a difference exists. The test produced a t-statistic 

corresponding to a p-value of 0.188, which is greater than the 0.05 significance 

threshold. Therefore, we fail to reject H₀ and conclude that there is no statistically 

significant difference between the accuracy of the two platforms.  

Nonetheless, in scenarios demanding high precision—such as monitoring shafts and 

roof strata—static LiDAR’s superior point density and accuracy make it the preferred 

option. In contrast, mobile LiDAR’s rapid acquisition speed and adaptability make it 

more suitable for low-risk or extensive coverage zones. The findings underscore the need 

for deployment strategies that balance safety, cost, and precision. This framework 

supports enhanced mine safety management and operational sustainability, while 

offering practical guidance for selecting the appropriate LiDAR system based on the 

unique requirements of underground mining projects. Future work should explore multi-

temporal scanning, improved trajectory optimisation, and advanced processing 

techniques to further refine LiDAR-based deformation monitoring approaches. 
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