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ABSTRACT 

Various studies and missions proved the existence of significant quantities of water-ice in 

the permanently shadowed regions of the Moon. Successful excavation and processing of this 

water-ice on the Moon can revolutionize the space industry and help expedite the exploration of 

the Moon and other planetary bodies. The water-ice can be used for human consumption, radiation 

shielding, constructions, and most importantly to produce propellants. However, the uncertainty 

around the form, quantity, distribution, and composition of the water-ice remains the biggest 

obstacle in making this a reality, pointing to the need for further explorations and quantification 

of the available resources.  

This uncertainty makes it extremely difficult to make a business case for exploring the 

lunar poles. It also creates massive hurdles in designing the excavation systems for lunar polar 

conditions. An extensive exploratory drilling program in the lunar permanently shadowed region 

is needed to help deliver ground-truth information and help reduce this uncertainty.  

This study, conducted under NASA’ Early Stage Innovation (ESI) Grant, proposes 

methods that can assist the drilling rover or landers in extracting as much information as possible 

from the drilling operations on real time basis and to eliminate or reduce the need for obtaining 

physical samples for further testing. The goal is to develop comprehensive pattern-recognition 

algorithms to analyze high-frequency drilling data to characterize material properties on the Moon 

while drilling, which allows faster and more efficient exploration of the areas of interest.  

Based on the drilling systems developed for different extraterrestrial conditions, an 

experimental drilling setup with a high-frequency data acquisition system was developed to 

acquire drilling response from various samples. A cryogenic apparatus was also designed and 

fabricated to cool down water-bearing lunar regolith samples to lunar conditions. Four types of 
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water-bearing lunar regolith were considered: low-porosity aqueous-icy, high-porosity aqueous-

icy, unfused granular icy, and fused granular icy regolith.  Low-porosity and high-porosity analog 

samples were designed.  

The drilling data collected from full scale testing in the analog samples was used to train, 

validate, and test the ‘Lunar Material Characterization while Drilling Algorithm’ which consists 

of three classification models and two regression models. The classification models include a 

drilling state classifier, batch classifier to identify layer boundaries, auger choking, and porosity 

type, and form classification to identify the form of water-bearing lunar regolith samples. The 

regression models developed include a torque calculation model and a Uniaxial Compressive 

Strength (UCS) prediction model, based on available data relating water content to strength 

properties of icy regolith in separate laboratory tests. 

 The applicability and veracity of the ‘Lunar Material Characterization while Drilling 

Algorithm’ confirmed using blind data from the analog and cryogenic tests and using digital twin’s 

data estimated for a simulated complex 3D lunar subsurface sample. These tests showed that the 

algorithm built here are flexible and can adjust to various surface and subsurface conditions to 

deliver accurate results. The tests conducted on the simulated 3D lunar subsurface sample also 

showed an additional application of this algorithm in mapping subsurface strata across complex 

layers.  The algorithm was tested on various forms of water-bearing regolith simulant at lunar 

conditions to detect layer boundaries, identify the form of water-ice, differentiate between the 

types of porosity, and calculate UCS. This algorithm can also identify drilling-state and predict 

auger choking.  Such algorithms can be crucial in understanding the form, quantity, and spatial 

and vertical distribution of water-ice in the lunar permanently shadowed regions during the drilling 

tests. With multiple drilling missions slated for lunar polar exploration in the next decade, such 
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algorithms can expedite the lunar exploration and be applied on the existing drilling units by 

simply feeding the data stream to the algorithm for identification of the formations being drilled 

on real time basis.  
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CHAPTER 1 

INTRODUCTION 

Humanity has aspired to explore the Moon since ancient times. Since 1958, humans have 

been trying to reach the Moon for scientific missions. Over the last fifteen years missions like 

Chang’e missions (2007 2010 2013 2018), Chandrayaan missions (2008 2019), Lunar 

Reconnaissance Orbiter (LRO) (2009) have resurrected the general interest in lunar exploration. 

In addition to the scientific interest, the current interest in lunar exploration is also economical.  

The Space Act of 2015 permitted US companies to possess, own, and transport any space 

resources (Fecht 2015). A similar act. ‘The Space Resources Act of 2017’ was enacted by 

Luxembourg (Foust 2017). Both these acts gave a boost to the space resources industry. The Space 

Policy Directive (SPD-1) instructed NASA to sustainably return humans to the Moon (Northon 

2017). The human presence on the Moon can only be sustained by using the resources that already 

exist on the Moon, or In-Situ Resource Utilization (ISRU). This may create a massive marketplace 

for various companies that can extract, process, and utilize such resources.  

Water can be the most important resource on any planetary body as it can be used 

throughout the establishment and sustenance of the human colony. Water can be electrolyzed to 

produce hydrogen and oxygen which can then be used as a propellant to bring the humans back to 

Earth or for further exploration of the solar system. The water can also be used for human 

consumption, as radiation shielding, and to bind the regolith for construction. Efficiently 

identifying, extracting, and processing water from the Moon can be the most important step in 

establishing a stable human colony on the Moon and further explore the solar system.  
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1.1. Motivation of Dissertation 

The orbital missions launched in the last fifteen years have shown evidence of abundant 

water-ice in the lunar permanently shadowed regions (PSRs) both in the North and the South Poles. 

However, the uncertainty related to the quantity, quality, distribution, form, and composition of 

water-ice has become a roadblock in designing and developing technologies for the extraction and 

utilization of this water. This uncertainty can be reduced by drilling exploratory boreholes in the 

lunar PSRs. Thus, upcoming missions such as Chang’e 5 (2020), Volatile Investigating Polar 

Exploration Rover (VIPER) (2023), Lunar Polar Exploration Mission (2024), and Luna 27 (2025) 

all will contain a drilling instrument to reduce this uncertainty.  

For all these missions, the drilling systems will be used to acquire subsurface samples 

which will then be sent to various sensors on board the landers or rovers to characterize the lunar 

subsurface. This information will be significant in understanding the presence of water-ice on the 

Moon. However, the equipment designed to extract and process these resources at a large scale 

depends on the geotechnical properties of the lunar subsurface which will not be estimated directly 

with the instruments aboard all upcoming missions. 

This dissertation proposes a data-driven approach to utilize the drilling data generated 

while acquiring the subsurface samples to characterize subsurface material properties. The ‘Lunar 

Material Characterization while Drilling Algorithm’ developed here proves that, with a large, 

good-quality dataset collected over a variety of conditions, data-driven algorithms can be used to 

develop comprehensive models to predict different subsurface properties, drilling dysfunctions, 

and subsurface conditions in real-time. As shown throughout this dissertation, such algorithms can 

play a key role in understanding the form, distribution, geotechnical properties, and stratigraphy 

of the water-bearing lunar regolith located in the lunar poles during drilling operations.  
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1.2. Objectives of the Dissertation 

The main objectives of this dissertation are: 

• Design and fabricate a drilling unit with a high-frequency drilling data acquisition 

system to replicate the drilling operations conducted by various extraterrestrial drilling 

systems.  

• Prepare analog samples to replicate drilling response in different forms and 

geotechnical properties of water-bearing lunar regolith simulant. 

• Fabricate a cryogenic chamber to contain various forms of water-bearing lunar regolith 

simulants and cool the sample down to -190℃. 

• Develop comprehensive data-driven algorithms to identify the form of water-bearing 

simulants, detect auger choking, estimate subsurface stratigraphy, and predict the 

subsurface UCS in real-time using the high-frequency drilling data 

1.3. Organization of the Dissertation 

 Structurally, this dissertation is divided into seven chapters. Chapter 2 covers the review 

of the published literature on various aspects of this dissertation. Chapters 3, 4, and 5 discuss 

various components of the research such as experimental setup, sample preparation, data process, 

algorithm development, and exploratory data analysis. Chapter 6 discusses results for the different 

segments of the ‘Lunar Material Characterization while Drilling Algorithm’ and testing of the final 

algorithm with blind data and simulated drilling data. Chapter 7 details the conclusions and 

recommendations.  
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1.3.1. Chapter 2: Literature Review 

Chapter 2 provides a comprehensive review of the existing literature detailing the need for 

ISRU, the current understanding of the lunar subsurface, environmental conditions at the lunar 

poles, and the geotechnical properties of the lunar regolith (soil) and various lunar regolith 

simulants. The literature review also points out the existing inconsistencies in the space 

community’s estimations of the form, distribution, and quantity of lunar water-ice in the poles, 

identifying the need to drill into the lunar poles to acquire ground-truth data. A brief review of the 

drilling systems designed for various extraterrestrial environments was conducted to understand 

the challenges of drilling into the extraterrestrial conditions and to recognize the common elements 

of these various drilling systems. The literature review is rounded out with a discussion on some 

of the applications of data-driven algorithms developed for the terrestrial drilling operations.  

1.3.2. Chapter 3: Experimental Setup and Sample Preparation 

Reviewing these studies provided a great foundation to build on before developing the 

experimental setup and preparing the different types of analog and cryogenic samples for the 

drilling tests. Chapter 3 of this dissertation discusses different elements of the test drilling rig 

design, the design of the data acquisition systems, the design of the cryogenic sample chamber, 

the procedures used to make the analog samples, and the procedures used to make different forms 

of the water-bearing lunar regolith simulant samples such as low-porosity aqueous icy, high-

porosity aqueous icy, unfused granular icy, and fused granular icy regolith simulant samples.  

1.3.3. Chapter 4: Data Processing and Algorithm development 

Chapter 4 describes the steps taken to clean the high-frequency 1000 Hz drilling dataset to 

filter-out high-frequency noise, remove outliers, smoothen the data, and apply different labels. 

This chapter also discusses the background of the various classifications and regression algorithms 
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evaluated for the final ‘Lunar Material Characterization while Drilling Algorithm’. Finally, 

Chapter 4 details the schema for the final algorithms. 

1.3.4. Chapter 5: Testing Program and Exploratory Data Analysis 

Chapter 5 introduces the testing matrix describing various tests conducted. The testing 

procedures are also discussed, briefly describing the troubleshooting of various drilling issues. 

Chapter 5 also talks about the analysis conducted for two main control parameters: penetration rate 

and rotary speed. An exploratory data analysis is also discussed to understand the datasets, 

eliminate some of the regression and classification models from consideration for the final 

algorithms, and selecting the correct training, testing, and validation data to build up the data-

driven models.  

1.3.5. Chapter 6: Results and Discussion 

The algorithm development process is discussed in Chapter 6, going over each of the components 

of the ‘Lunar Material Characterization while Drilling Algorithm’, showing the training, 

validation, and testing errors for each of the methods considered and the justification for choosing 

a specific method over the other. This chapter also discusses the final validation tests conducted 

on the ultimate algorithm using the blind drilling data, and on five digital twins created for a 

complex 3D lunar subsurface block with dipping layers of different forms of water-bearing lunar 

regolith simulant. The versatility and the accuracy of the ‘Lunar Material Characterization while 

Drilling Algorithm’ was proven through these blind tests.  

1.3.6. Chapter 7: Conclusion and Recommendations 

Chapter 7 summarizes the dissertation, recommends updates on the work conducted to improve 

the applicability, and concludes the study.  
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CHAPTER 2 

LITERATURE REVIEW 

This chapter offers a brief overview of the pertinent published works on this topic and the 

overarching topics such as In-Situ Resource Utilization (ISRU), lunar regolith properties, lunar 

drilling, and drilling automation.  

2.1. In-Situ Resource Utilization: definition and advantages 

While the study of the surface of the other planets, specially the Moon, goes back a few 

decades, the practical discussion of utilizing the resources in outer space is relatively new and 

perhaps goes back to mid-1990. Sanders et al. (2005) describe the purpose of In-Situ Resource 

Utilization (ISRU) as the ability to harness and utilize the resources available in space to reduce 

the mass, cost, and risk of space exploration. Simon and Sacksteder (2007) characterize the lunar 

resources in two categories: natural resources and artificial resources. Anand (2010) described that 

the exploration of water-ice on the Moon can be used to better understand the ancient materials 

deposited throughout the solar system through comet and meteorite impacts. Some examples of 

the natural resources include water-ice, regolith, metals, sunlight, thermal gradients and vacuum. 

Artificial resources available in the solar system include discarded rocket upper stages, tanks, 

materials, and crew waste. The efficient exploration and production of such resources can 

revolutionize space exploration. ISRU has numerous benefits in space exploration some of which 

are listed below: 

• Produce consumables such as propellant and oxygen from lunar water-ice to reduce the 

mass of consumables that has to be carried to the lunar surface (Kornuta et al. 2019). 
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• Manufacturing the habitats for human settlements using the regolith can help with radiation 

shielding and help reduce the mass that has to be launched to the lunar surface (Meyers 

and Toutanji 2007). 

• Using the sunlight on the lunar crater rims to generate power for exploration into lunar 

permanently shadowed regions (PSR) as suggested by Landis (1989) or reflecting the 

sunlight to the PSRs to mine lunar water-ice thermally (Sowers 2019).  

The economic benefits of ISRU have been detailed by Duke et al. (2003), Crawford (2016), 

Metzger (2016), Sanders (2016), and Blair and Sowers (2019). Blair and Sowers (2019) analyzed 

the trajectories between Earth, Moon, and Earth-Moon Lagrange point 1 (EML1) to produce 

Figure 2.1. Here the blue bars are the cost of propellant at different locations in space if the 

propellant is launched from Earth and the green bars are the cost of propellant launched from the 

Moon or Asteroids. If produced on the Moon, the cost of propellant on the Moon can be decreased 

from $35,000 /kg to lower rates and the studies available show that if the water is mined at rate of 

$500/kg from the Moon and returned to LEO for commercial use, it is cheaper than supplying the 

water from the Earth for various uses at current projected costs.  

Over the last five years, the US, EU, Luxembourg, UAE, and China have announced plans 

to explore and extract water-ice on the Moon. Several companies have announced prospecting 

missions to the lunar PSRs. However, there are several challenges that these companies have to 

overcome before producing water-ice. These challenges are: 

• Extreme environment: among other challenges such as impact by meteoroids, the lunar 

PSRs have an extremely low temperature which can affect the electric system and material 

selection. The lunar dust has been known to affect the mechanisms of the rover or lander 

subsystems and needs to be considered while designing a system for the lunar environment. 
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• Low power availability: the lack of sunlight in the PSRs can limit the possible power 

sources that can be employed 

• Geological uncertainty: Most of the information available for the location, form, 

distribution, and composition of water-ice in the lunar PSRs comes from the orbital 

measurement. These estimates vary greatly based on the datasets and analysis techniques 

used. As such, they are not reliable for development of any serious mining activities.  

 

Figure 2.1:   Cost of propellant at different locations in the cis-lunar space based on the origin 
of the propellant (Blair and Sowers 2019). 

 

The biggest concern for the ISRU mission planning and equipment development is the lack 

of ground-truth data. Missions like Volatile Investigating Polar Exploration Rover (VIPER) (2021-

2025), several missions under NASA’s Commercial Lunar Payload Services (2021-2025), and 

Luna-Glob missions by ESA and Russia (2021-2028), are planning to reduce these uncertainties 



9 
 

by exploring lunar PSR craters with drills to acquire subsurface samples, and several sensors to 

characterize lunar subsurface.  

Such exploration missions will be vital in establishing a stable space resources industry on 

the Moon and will also help better understand lunar geology.  

2.2. Understanding lunar environment, regolith, and volatiles 

The Moon and the permanently shadowed regions (PSRs) present unique challenges 

throughout the process of prospecting and mining or excavation. Based on the location across the 

lunar surface the prospecting equipment can experience large variability in temperature and 

regolith type. This increases the difficulty of designs that would be efficient in various conditions.  

2.2.1. The environment on the Moon 

The lunar environment has been studied extensively since the early 1960s. The lunar terrain 

is mainly affected by high-velocity meteoroid and comet impacts and volcanism.  There are two 

main terrains on the Moon the highlands and the maria or mare. The highlands are the brighter 

areas on the moon which are heavily cratered and rough whereas the mare regions are dark areas 

on the Moon and are relatively smooth (Vaniman et al. 1991). Chemically, these regions are quite 

different. The highlands are rich in Ca and Al and mare are richer in Fe and Ti. Geologically, the 

mare samples contain basaltic lavas and are abundant in pyroxene. The highlands are rich in 

feldspar and contain deep-seated plutonic rocks. (Vaniman et al. 1991). Table 2.1 shows the Apollo 

missions and the terrain of the landing location.  
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Table 2.1: Apollo missions and the terrain types visited. 

Mission Type 

Apollo 11 Mare Tranquillitatis 

Apollo 12 Oceanus Procellarum 

Apollo 14 Impact-ejecta elongate ridges 

Apollo 15 Highlands-mare margins 

Apollo 16 Lunar highlands 

Apollo 17 Highlands-mare margins 

 

Figure 2.2 shows the landing locations for Luna and Apollo missions, clearly 

differentiating between mare and highlands. Most of our understanding of lunar geology and 

geochemistry comes from the samples returned during these missions. These samples have also 

affected the design of the lunar regolith simulants in various research activities related to drilling 

and excavation on the moon.  
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Figure 2.2:   Lunar near side depicting all Apollo and Luna mission landing sites. Note the 
visible difference between bright highlands and dark mare regions  
(Pernet-Fisher et al. 2017)  

 

The lunar temperatures vary widely between lunar day and lunar nights. The Apollo 15 site 

showed a maximum surface temperature of 374 K and a minimum temperature of 92 K (Langseth 

and Keihm (1971). Dalton and Hohmann (1972) note an average swing of around ± 160 ℃. This 

was also confirmed using the measurements from the Diviner instrument aboard LRO spacecraft 

(Schorghofer and Aharonson 2014; Williams et al. 2017). Figure 2.3 shows the maximum and 

minimum global temperature for the Moon. As expected, the temperature in the equatorial region 

is the highest and it decreases towards the Polar Regions. Note the average minimum temperature 

of 50 K in the Polar Regions.  
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Figure 2.3:  (a) Maximum and (b) minimum bolometric global temperatures in Kelvin. The 
mean temperature at the equator is 215.4 K and the mean temperature at the poles 
is 104 K. (Williams et al. 2017)   

 

The Moon’s atmosphere is extremely weak with a gas concentration of 2 × 105  

molecules/cm3. The lunar atmosphere mainly consists of noble gases such as helium, neon, and 

argon deposited through solar winds (Hodges et al. 1974).  

Lunar dust is another major contributor to the issues arising from lunar environments. 

Apollo astronauts have noted that the fine lunar dust has been extremely difficult to clean from the 

surface, even with brushes. Due to their electric properties, the dust particles permit electrostatic 

charge under UV irradiation, causing clouds of electrostatically charged dust particles around the 
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boundary between day and night on the Moon. The dust coating on spacesuits, rover mechanism, 

and any tools may lead to clogging, seal failures, and abrasions leading to catastrophic mission 

failures (Gaier 2005). 

2.2.2. Lunar regolith properties 

Regolith is defined as a layer of unconsolidated rock material that overlies and covers 

bedrock. The lunar regolith mainly gets developed on the Moon due to the continuous impact of 

meteoroids and the bombardment of charged atomic particles from the Sun and stars (McKay et 

al. 1991). In the early stage, with a thin regolith layer, the impacts can excavate fresh bedrock 

building up more regolith. However, as the regolith layer thickness increases, the importance of 

smaller meteoroid impacts on the bedrock gets negated. Eventually, only the larger meteoroid 

impacts can reach bedrock and excavate it, the smaller impacts can just mix or garden the regolith 

layers (Arnold 1975). This regolith layer thickness varies across the Moon. Generally, the mare 

areas are thought to have a 4-5 m thick layer, whereas the highlands are thought to have 10-15 m 

thick layers. Most of the current understanding of the lunar regolith comes from the samples 

returned from Apollo missions.  Figure 2.4 shows an illustration of the possible lunar subsurface 

stratigraphy. The lunar regolith is a very-fine grained, cohesive, highly angular, clastic material 

derived from basaltic rocks. The individual particles are a combination of glass-bonded aggregates, 

and rock and mineral fragments (Cooper et al. 1974; McKay et al. 1991) 
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Figure 2.4: A schematic of possible lunar subsurface stratigraphy (Hörz et al. 1991) 
(Credit:  Lunar and Planetary Institute, Houston)  

 

Figure 2.5 shows the particle size distribution for the lunar soil. This analysis of lunar 

mission samples showed that the regolith particles are well graded. The average mean particle size 

is at the boundary of silty sand or sandy silt classification. The median particle size is 46 µm to 

110 µm (Carrier 2003).  

 The shape of the lunar regolith particle varies from spherical to extremely angular. 

However, generally, the lunar regolith particles are sub angular to angular. This causes the particle 

packing to be along with the orientation of the long axes, in turn causing the physical properties 

of the soil to be anisotropic (Carrier et al. 1991).  
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Figure 2.5:  Particle size distribution of the lunar regolith (black line). The middle line is the 
mean particle size distribution and the black lines at the right and left show ±1 
standard deviation (Just 2020)  

 

 The specific gravity of the lunar soil has been measured by various researchers to be in the 

range of 2.3 to 3.2. This variation in the specific gravity is due to the difference in the composition 

of the regolith and variations in the porosity of the particles (Carrier et al. 1991). The proportions 

of different types of particles in the regolith might significantly affect the measured specific 

gravity. For analysis purposes, Carrier et al. (1991) recommend using 3.1 as the specific gravity. 

The bulk density for the top 15 cm of the lunar soil has been estimated to be 1.50 ± 0.05 g/cm3 

(Houston et al. 1974) whereas the bulk density for the top 60 cm has been estimated to be 1.66 ± 

0.05 g/cm3 (Mitchell et al. 1974). Figure 2.6 shows the depth vs bulk density and relative density 

relationships from the Apollo 15 mission core tubes.  
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Figure 2.6:  Depth vs relative density (bottom axis) and bulk density (top axis) of the lunar soil 
from Apollo 15 core tube samples (Carrier et al. 1991) (Credit:  Lunar and Planetary 
Institute, Houston) 

 

 Understanding these dry regolith properties will help better understand the properties of 

water-bearing lunar regolith in the PSRs.   

2.2.3. Presence of volatiles on the Moon 

Historically, the lunar surface was thought to be void of volatiles like water-ice due to solar 

radiation, solar wind, and low gravity. However, Watson et al. (1961) compared the rate of water-

ice deposited to the rate of water lost and concluded that there might be a large amount of stable 

volatiles in the lunar ‘cold traps’ or PSRs.  However, Epstein and Taylor (1973) analyzed the 

samples from Apollo 15, 16, and 17 to conclude that the lunar regolith samples from the Apollo 
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missions contained an extremely low concentration of H2O and accounted this small amount of 

H2O molecules to the terrestrial contaminations.  

Arnold (1979) revisited Watson et al.’s hypothesis by evaluating four sources of H2O on 

the Moon: solar wind, meteoroid impacts, comet impacts, and interior degassing and two 

destructive mechanisms: solar radiation and solar wind. With a numerical analysis, Arnold (1979) 

showed that since the existence of cold traps, 1016 – 1017 g of water ice might have been deposited 

there. Arnold raised a possibility of using a gamma-ray spectrometer on an orbiting spacecraft to 

detect this water.  

Bistatic radar experiment aboard Clementine spacecraft launched in 1994 to analyze the 

relationship between the magnitude and polarization of radar echo vs bistatic angle. The high 

polarization ratio and reflectivity have been used to detect south polar ice caps on Mars (Muhleman 

et al. 1991) and volatiles in the Mercury PSRs (Harmon et al. 1994). Nozette et al. (1996) analyzed 

the data from the bistatic radar experiment to estimate the South Pole ice deposits on the order of 

0.2% to 0.3% of the observed regions. These authors also noted that this may be the lower estimate 

as the experiment only looked at shallower regions of the PSRs. However, Simpson and Tyler 

(1999) argued that these measurement anomalies attributed to water-ice in the PSRs might be 

evidence of regolith roughness or noise in the data. The analysis by Nozette et al. (1996) was 

confirmed by Nozette et al. (2001) by combining the radar experiment dataset with the Arecibo 

ground-based radar data, illumination data, and neutron spectrometer measurements from the 

Lunar Prospector spacecraft. This analysis showed that the indication of water-ice from the neutron 

spectrometer data correlates well with the water-ice identified using the bistatic radar experiment 

data for the Shackleton crater. This was also confirmed with the Arecibo radar data for the 
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Shackleton crater. The bistatic radar experiment data estimates 10 km2 of ice on the wall of 

Shackleton crater. Figure 2.7 shows a close-up of this analysis.  

 

Figure 2.7:  A close-up picture of the lunar South Pole, showing the Shackleton crater. The 
orange dots show volatiles identified by the Arecibo radar data, the blue line shows 
the bistatic radar data with bistatic angle = 0, and the white circle shows the neutron 
spectrometer measurements for the Shackleton Crater (Nozette et al. 2001)  

 

With these indications of the presence of volatiles in the PSRs, the number of missions 

launched with a specific interest of exploring the volatiles in the lunar PSRs has increased 

exponentially. The Lunar Prospector mission launched in 1998 contained a neutron spectrometer. 

The epithermal and fast-neuron fluxes measured by this spectrometer were used to identify the 

presence and estimate the quantity of volatiles in the lunar PSRs. The hydrogen atom decreases 

the intensity of the epithermal and fast neurons (Feldmann et al. 1998). Based on these 

measurements, Feldmann et al. (1998) concluded that the ratio of fast to epithermal depressions 

points to pure water-ice deposits partially buried under a dry regolith of 40 cm thickness. Feldman 
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et al. (2000) combined neutron spectrometer and gamma-ray spectrometer measurements to 

estimate 1.5 ± 0.8 wt% of Water Equivalent Hydrogen (WEH). Elphic et al. (2007) used the same 

dataset after correcting it for orbital altitude variations and instrument gain changes to estimate the 

WEH in wt% for the lunar South Pole (Figure 2.8). 

 

Figure 2.8:  Mapping WEH in wt% for the lunar South Pole (>85° S) based on neutron and 
gamma-ray spectrometer measurements (Elphic et al. 2007).  

 

With the launch of Chandrayaan 1 spacecraft in 2008 and the Lunar Reconnaissance 

Orbiter (LRO) in 2009, the body of knowledge for the water-bearing lunar regolith has 

considerably improved. The LRO contains a radiometer experiment (Diviner), Lyman-Alpha 

Mapping Project (LAMP), Lunar Exploration Neutron Detector (LEND), and Lunar Orbiter Laser 

Altimeter (LOLA). Combining data from these instruments with the measurement of M3 (Moon 

Mineralogy Mapper) aboard Chandrayaan-1 has been used extensively in the last decade to better 

understand the type, quantity, and distribution of lunar water-ice.  
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The Chandra Altitudinal Composition Explorer (CHASE) onboard the Moon Impact Probe 

of Chandrayaan 1 confirmed a finding by the M3 instrument by making direct detection of H2O 

(Sridharan et al. 2010). 

However, the most significant development over this time was the Lunar Crater 

Observation and Sensing Satellite (LCROSS) experiment where a Centaur rocket was crashed in 

the Cabeus crater on the lunar South Pole, and the ejecta plume was analyzed by a secondary 

spacecraft to contain 5.6 ± 2.9% by mass of water-ice concentration. The ejecta plume also 

contained H2S, NH3, carbon dioxide, and hydrocarbons (Colaprete et al. 2010). Figure 2.9 shows 

the abundances of different compounds measured during the LCROSS experiment as % relative 

to H2O (g). To date, this remains the only ground-truth evidence of lunar water-ice.  

Table 2.2:  Abundances of various compounds detected in the ejecta plume from the  
LCROSS mission (Colaprete et al. 2010).  

 

 

The measurements made before and after the LCROSS have been analyzed extensively to 

estimate the form of water-bearing lunar regolith. Niesh et al. (2011) analyzed the Mini-RF data 

from Chandrayaan 1 and LRO instruments to identify that the circular polarization ratio (CPR) 

values at the floor of Cabeus crater are comparable or less than that at the nearby terrain. This 

observation contradicts the analysis of Feldmann et al. (2000) that a thick ice deposit of nearly 

pure water exists close to the lunar surface. The RF measurements might be explained by fine, 
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discrete pieces of water-ice mixed with lunar regolith. Thomson et al. (2012) concurred with these 

conclusions after analyzing the Mini-RF data for Shackleton crater. They also estimated that the 

measurements might be explained by 5-10 wt% H2O in the uppermost meter of regolith. Figure 

2.9 was created by Hayne et al. (2015) to locate surface exposed water-frost at the South Pole 

using UV albedo and temperature measurements.  

 

Figure 2.9:  Mapping WEH in wt% for the lunar South Pole (>85° S) based on neutron and 
gamma-ray spectrometer measurements (Hayne et al. 2015). 

 

Sanin et al. (2017) proposed a methodology to convert the neutron counting rate measured 

by neutron detectors to WEH for the lunar regolith. The difference in the epithermal neutron count 

rate is correlated with the neutrons detected for lunar regolith with different hydrogen content.  

Using this method, they could create a WEH map shown in Figure 2.10. As the figure shows, the 

PSRs were estimated to contain 0.0% to 0.5% WEH by weight.  
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Figure 2.10:  WEH abundance in the lunar North (left) and South (right) pole calculates based 
on the neutron detector measurement (Sanin et al. 2017). 

 

A more comprehensive approach was used by Li et al. (2018) to combine dataset from 

LAMP, LOLA, M3, and Diviner instruments to identify signatures of surface-exposed water-ice in 

a 280 m by 280 m pixel. Figure 2.11 shows the map of water-ice in the North and South Polar 

regions. Li et al. (2018) found evidence of water-ice in only 3.5% of the cold traps at the poles.  

 

Figure 2.11:  Water-ice bearing pixels of 280 m × 280 m dimensions (a) estimated using M3, 
LOLA, and Diviner for the North Pole. (b) The water-ice bearing pixels of the 
South Pole are identified using M3, LOLA, Diviner, and LAMP instruments (Li et 
al. 2018). 
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Recently Luchsinger et al. (2021) re-analyzed LCROSS measurements with different 

stratification models to estimate different water concentrations with each of these models. Table 

2.2 defines each of these models and shows the estimated water concentration.  

Table 2.2:  Different stratified models and water concentration estimated for each of them 
using LCROSS measurements (Luchsinger et al. 2021). 

Model 

type 

Regolith 

density 
Definition 

Water 

concentration by 

mass 

Three 

Layer 

1.5 g/cm3 

3.0 g/cm3 

Surface ice, regolith, and bedrock 

17.5 % ± 0.0% 

9.6 % ± 0.0% 

Decreasing 

Ice 

1.5 g/cm3 

3.0 g/cm3 

All three layers with mixing between 

the ice and regolith layer with ice 

concentration decreasing with depth. 

16.9 % ± 0.6% 

9.2 % ± 0.6% 

Increasing 

Ice 

1.5 g/cm3 

3.0 g/cm3 

All three layers with the mixing layer is 

first with ice concentration increasing 

with depth. 

8.2 % ± 0.01% 

4.3 % ± 0.01% 

 

The literature described above clearly shows that there is a massive variability of the 

concentration, form, spatial and vertical distribution, and composition of water-ice in the ISRU 

research industry. This variability hampers the ISRU industry’s ability to attract funding from 

private companies to design and test ISRU technologies. The only way this uncertainty can be 

reduced is by acquiring more ground truth information i.e. by drilling exploratory boreholes. 
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Upcoming missions like VIPER, Chang’e 5, Chandrayaan 3, and Luna 27 all of which contain a 

drilling system will be essential in reducing this uncertainty.  

Another major hurdle that the ISRU or lunar exploration technologies face is the lack of 

lunar samples to test these expensive technologies before launching them to the Moon.  

2.3. Reviewing the properties of lunar regolith simulants 

The lunar regolith simulants are defined as material manufactured from natural or synthetic 

materials to simulate one or more physical and/or chemical properties of the lunar soil (Sibille et 

al. 2006). Generally, the simulant properties and compositions vary significantly based on their 

purpose. For example, the simulants used for geotechnical testing have to replicate the physical 

behavior of the simulants accurately. For drilling tests, the fidelity of the simulant depends on its 

bulk properties such as particle size distribution, grain shape, bulk density, mineral composition, 

cohesion, and friction angle. The most commonly used lunar simulant are JSC-1, JSC-1A, and Nu-

LHT-3M. However, for this study, due to the amount of simulant required for testing, a specialized 

simulant, CSM-MC was used.  

2.3.1. Properties for JSC-1 and JSC-1A 

JSC-1 and JSC-1A are two of the simulants used commonly for subsurface characterization 

tests for the lunar conditions. Both have geotechnical properties like lunar mare soil samples.  This 

section discusses the geotechnical properties of these two simulants.  

2.3.1.1. JSC-1 Simulant 

The JSC-1 simulant was developed at the NASA Johnson Space Center to conduct various 

scientific and engineering investigations. This glass-rich basaltic ash is sourced from the volcanic 

ash erupted from the vents related to Merriam crater in Arizona. All of JSC-1’s geotechnical 
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properties fall within the range of lunar mare soil samples (McKay et al. 1994). The median particle 

size for the JSC-1 simulant is 117 µm. As the figure shows, the JSC-1 simulant grains are better 

sorted than the lunar soil samples. The specific gravity of the lunar soil samples ranges from 2.9 -

3.5 g/cm3, whereas the specific gravity of the JSC-1 sample is 2.9 g/cm3. 

The properties of water-bearing JSC-1 at cryogenic conditions was analyzed by Gertsch et 

al. (2008). They showed that at cryogenic conditions, the geotechnical properties of JSC-1 changes 

significantly as the water-content changes. The force-indentation tests show that as water-content 

increases from 0.3% to 11.8%, the sample behavior changes from similar to weak coal to similar  

to high-strength concrete. The sample failures are characteristic of brittle rocks. The UCS of JSC-

1 simulant at cryogenic conditions is shown in Figure 2.12.  

 

Figure 2.12:  Relationship between UCS and water content for JSC-1 simulant at cryogenic 
conditions (Gertsch et al. 2008). 

 

2.3.1.2. JSC-1A Simulant 

Due to JSC-1’s unavailability, the JSC-1A simulant was developed in the early 2000s by 

Orbital Technologies Corporation. It is a low-titanium basaltic simulant, designed to fit mare 
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samples from the Moon. JSC-1A is also mined from a quarry near Merriam Crater in Arizona. As 

Figure 2.13 shows, the particle size distribution of JSC-1A fits within ± 1 standard deviation of 

the lunar soil. The soil is a poorly graded silty sand (Zeng et al. 2010). Figure 2.5 shows the particle 

size distribution of JSC-1 (purple) and JSC-1A (magenta) simulant compared with the lunar 

regolith (black). 

The average specific density of the JSC-1A simulant was found to be 2.875, which is lower 

than the average specific density of the lunar soils.  

2.3.2. Properties for CSM-MC 

The simulants described above are excellent options for designing lunar samples for 

drilling tests. However, preparing the samples described here requires about 500 kg of simulants. 

The cost of such a large quantity of JSC-1A made it prohibitive to use it as the selected simulant.  

To conduct all drilling and geomechanical tests described in this and similar studies, a large 

quantity of basaltic simulant was sourced from the Merriam crater region in Arizona. All 

characterization experiments for CSM-MC simulant were conducted by Dr. Wengpeng Liu, 

Zachary Zody, and Claire Bottini under the supervision of Dr. Jamal Rostami and Dr. Christopher 

Dreyer at Colorado School of Mines. This simulant was termed Colorado School of Mines- 

Merriam Crater simulant or CSM-MC. First, the simulant feed had to be crushed down to the 

particle sizes and shape similar to the lunar soil and JSC-1A simulant. A ball mill was used to 

crush the basaltic simulant particles. Figure 2.1 compares the particle size distribution of the first 

iteration of CSM-MC with JSC-1A. From the figure, it is clear that the CSM-MC simulant is a 

little finer compared to JSC-1A. The mean roundness of the simulant is 0.51, classifying the 

simulant grains as sub-rounded. 
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Figure 2.13:  Comparing the particle size distributions of CSM-MC simulant with JSC-1A 
simulant (Liu et al. 2021).  

 
Extensive geotechnical tests were conducted to understand the behavior of the CSM-MC 

simulant with water at cryogenic conditions. These geotechnical were essential in designing the 

analog and cryogenic samples for the drilling tests. Figure 2.14(left) shows the effect of water 

content on the UCS and Figure 2.14(right) shows the impact of temperature on the UCS for the 

water-bearing regolith simulant.  

 

Figure 2.14:  Relationship between UCS and water-content for the CSM-MC simulant at -196 ℃ 
(left) and Relationship between UCS and temperature for the CSM-MC simulant at 
-196 ℃ (right) (Liu et al. 2021).  
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Understanding the impact of water content and temperature on the brittleness and 

abrasivity of the sample might be crucial in designing and testing of excavation technologies to 

mine water-ice on the Moon. The Punch penetration tests conducted on the water-bearing CSM-

MC simulant at cryogenic conditions showed that the water-bearing simulant was largely ductile. 

However, as expected, increasing water-content and decreasing temperature increased the 

brittleness of the sample. The sample abrasivity was tested using Cerchar abrasivity index tests. 

The overall simulant had low abrasivity, compared to many of the quartz laden rock and soils on 

the earth. The water-content and temperature also increased sample abrasivity. 

2.4. Drilling on the Moon and other planetary bodies 

Drilling on planetary bodies like Moon, Mars, or asteroids brings up unique challenges 

based on local conditions and the environment. These challenges must be considered before 

designing a system to simulate drilling on the Moon.  

2.4.1. Challenges of drilling on the Moon 

The different environment on the Moon makes it difficult to successfully drill boreholes 

and collect subsurface samples. The main challenges of drilling on the Moon are (Zacny et al. 

2011): 

• Low power and force availability: Traditionally the power systems on the rovers and the 

landers have been solar arrays as used in the Opportunity rover and VIPER rover, or 

radioisotope thermoelectric generator (RTG) as used in the Curiosity rover. The solar 

power system onboard VIPER can generate 450 W power at peak conditions. This is 

negligible compared to the power used by the terrestrial drilling system. The limited power 
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availability can affect the bounds of penetration rate, RPM, and weight on bit (WOB) that 

can be used while drilling.  

• Temperature: As discussed earlier, the surface temperature on the Moon can vary widely 

based on the location. In the lunar PSRs, the temperature can drop down to -230℃. Such 

low temperatures can be catastrophic for rover operations. The electronic system and all 

materials have to be selected carefully to allow for efficient operations at such conditions. 

Low subsurface temperatures can also alter subsurface properties making the samples 

stronger. This will increase the weight on bit (WOB), mechanical specific energy (MSE), 

and power required to drill through the subsurface.  The low temperature also changes the 

properties of structural elements of the drill, including steel, aluminum, etc. 

• Low Gravity: To drill any borehole efficiently, a force has to be applied to the drilling 

system. This force is directly related to the weight of the mechanism, which for 

extraterrestrial drilling are rovers and landers. Hence, the WOB available is limited to the 

weight of the lander or rover. The lower gravity on the Moon will reduce the weight of a 

lander or rover on the Moon. For example, the VIPER rover weighs ~430 kg. So, the 

theoretical maximum WOB available on Earth is ~4200 N but the since the Moon has 1/6th 

the gravity on Earth, the theoretical maximum WOB available to drill the Moon will be 

~700 N. This available WOB will also get impacted by the method used to deploy the drill 

to the surface. If the drill is mounted on a deployable arm, the available WOB will be 

dependent of the force applied to keep the arm stabilized. Alternatively, if the drill is 

directly mounted on the rover and is directly deployed from the rover, the available WOB 

will depend on the weight of the rover.   
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• Lack of Drilling fluids: The terrestrial drilling systems use drilling fluids to circulate the 

cuttings out while drilling. However, due to the lack of atmospheric pressure and mass 

limitations, the extraterrestrial drilling systems cannot use drilling fluids to remove the 

cuttings. Hence, a mechanical auger has to be used to move the cuttings up the borehole 

during the drilling operations. This can increase torque and in turn power consumption of 

the drilling system. Also, since the required torque should be reacted to by the weight of 

the unit and friction forces between the unit and the ground, limited weight means limited 

torque on the bit as well.  

• Geological uncertainty: As described in Section 2.3, there is significant uncertainty about 

the form, quantity, distribution, and composition of water-ice in the lunar PSRs. Open 

questions on all these can a considerable impact on the drilling operation. For example, the 

design of drill if the water-ice is in form of surface-exposed frost will be different compared 

to the design required to drill through a thick layer of pure ice.  

2.4.2. Drills designed for the Moon and other planetary bodies 

Texaco (1961) conducted a study on the Jet Propulsion Laboratory’s behalf to evaluate the 

feasibility of a device to create a borehole on the lunar surface. During this study, Texaco evaluated 

various drilling mechanisms and designs to recommend the use of a percussive system due to low 

thrust availability.  Texaco also recommended the use of mechanical methods to remove cuttings 

effectively. Based on these recommendations, NASA decided to develop the Apollo Lunar Surface 

Drill (ALSD). This was a coring drill, designed to retrieve continuous core from up to 3m (Martin 

Marietta Corporation 1968). The ALSD contained a battery-powered rotary-percussive system 

(Figure 2.15). The ALSD was deployed on Apollo 15, 16, and 17. However, the drill had to be 

pulled out manually after finishing the borehole. This became a major issue during Apollo 15 when 
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the core stem got stuck in the borehole, one of the Apollo 15 astronauts, David Scott, sprained his 

shoulder trying to pull the core stem out of the borehole. The addition of a jack to remove the 

drilling stem fixed this issue (Zacny 2012). Luna 16 20, and 24 also used drills to acquire 

subsurface samples and sent the samples to Earth.  

 

Figure 2.15:  The Apollo Lunar Surface Drill being used by astronaut Fred Haise for crew 
training (NASA Johnson Space Center, 1970). 

 

Over the last decade drills like Construction and Resource Utilization eXplorer (CRUX), 

IceBreaker (Zacny et al. 2013), Life in the Atacama (LITA) (Glass et al. 2014), and The Regolith 

and Ice Drill for Exploration of New Terrains (TRIDENT) were developed by Honeybee Robotics 

for lunar and Martian exploration at the same time, the European Space Agency (ESA) (Carpenter 

and Fisackerly 2017) and Chinese National Space Agency (CNSA) (Zhao et al. 2019; Qian et al. 

2020) have also developed drills for lunar, Martian, and asteroid missions. The general design of 



32 
 

all of these drills remains the same. The five main components of all of these drilling systems are 

deployment system, Z-stage, drill head, drill auger, and drill bit. The purpose of each of these 

systems has been explained in Section 3.1. 

The CRUX drill (Figure 2.16) was designed to test various mechanisms to reach 2 m or 

more in the lunar regolith. During the CRUX development, studies were conducted to identify the 

optimum bit design to minimize auger choking. These experiments showed that while drilling in a 

formation with a poor thermal conductivity as lunar regolith, the core temperature only increases 

in the vicinity of the drill bit. The impact of higher RPM on drilling efficiency was also noted 

(Zacny et al. 2006).  

 

Figure 2.16: The CRUX drill designed for lunar drilling tests (Zacny et al 2008). 
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The CRUX drill was also used to conduct drilling experiments with full-faced bits in a 

cryogenic environment. Even with drilling power as low as 40 W, the CRUX drill could efficiently 

drill the ice-bound regolith at cryogenic conditions (Zacny 2007). These experiments also showed 

a possible relationship between specific energy and the UCS of the sample. The changes in specific 

energy with UCS is shown in Figure 2.17.  

 

Figure 2.17:  Relationship between specific energy and sample UCS. As the sample UCS 
increases, the specific energy required increases (Zacny et al. 2007). 

 

The resource prospector drill was developed in the late 2010s as a part of the Regolith and 

Environmental Science and Oxygen and Lunar Volatile Extraction (RESOLVE) payload to collect 

and transport cuttings to the instruments to analyze and extract volatiles from them. The 

RESOLVE payload was to be launched on the Resource Prospector rover. The RP drill contained 

a rotary percussive drilling system with a full-faced bit. The auger is designed specifically to use 

‘bite sampling’ i.e. capture samples in the auger flute and deliver them to the surface analysis 

systems. Using this approach, the cuttings are captured in 10 cm intervals (Captain et al. 2016). 

To make the drill flight-ready, extensive vibration tests, slope drilling tests, and drillability tests 
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were conducted. While conducting drilling tests for the RP drill, Paulsen et al. (2016) showed that 

the ROP of the sample decreases linearly as UCS increases and the mechanical specific energy 

increases exponentially as UCS increases.  

However, in late 2018, the Resource Prospector mission was canceled. The RP drill was 

morphed in the TRIDENT drill (Figure 2.18 (left)) which will be a payload for the VIPER rover 

(Figure 2.18 (right)), to be launched to the lunar South Pole in late 2023 to explore lunar water-ice 

resources. This mission will be a significant step towards identifying and extracting water-ice from 

the lunar poles.  

 

Figure 2.18:  (left) TRIDENT drill developed by Honeybee robotics (Paulsen et al. 2018), and 
(right) VIPER rover slotted to be launched to the lunar South Pole in 2023 
 (Loff, 2020). 
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2.5. Data analysis and drilling  

Data analysis has been used extensively in the drilling industry for many years. Due to the 

complex nature of drilling activity, data analysis provides methods to use the collected drilling 

data to better understand downhole conditions. Several drilling models use a combination of data-

driven and physics-based method to estimate everything from penetration rate (Bingham 1965; 

Bourgoyne and Young 1974; Warren 1987; Hareland and Hoberook 1993) to understanding high-

frequency torsional oscillations (Sugiura and Jones 2020). Over the last decade, with 

improvements in the computing systems and sensor technology, the interest of the drilling industry 

on data analysis and data science has skyrocketed. Here, we will cover some relevant examples of 

the application of data analysis and data science in drilling applications. 

Traditional drilling measurements like WOB, ROP, torque, RPM, and depth can be used 

to calculate parameters like Mechanical Specific Energy (MSE) to identify bit balling 

(accumulation of materials within the cutting structure),  drilling vibrations, excessive friction in 

the drill string, and bit wear (Dupriest and Koederitz 2005). This work has been extended by 

several other authors to identify various drilling dysfunctions and optimize the drilling operations 

(Noynaert and Gildin 2014, Majidi et al. 2016; Lai et al. 2020).  

Hegde et al. (2017) showed an application of data-driven models and analytical models in 

predicting penetration rate (ROP) for the Williston basin in North Dakota. Based on the extensive 

analysis conducted, the authors concluded that since the traditional physics-based ROP models 

like Bingham or Bourgoyne and Young models rely heavily on the empirical coefficient, they can 

be extremely inaccurate. They recommend a data-driven approach in which the input features are 

selected using the traditional models. Figure 2.19 compares the results of traditional physics-based 

models like the Bingham model, Hareland model, and Motahhari model to the performance of 
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various data-driven models.  This Figure shows the clear reduction in normalized error for the 

data-driven models like the random forest, and ensemble learning models, the random forest model 

being the most optimum model among the models evaluated. Singh et al. (2019) also showed the 

application of a data-driven approach to predict and optimize ROP. Various data-driven algorithms 

like the random forest, neural networks, multivariate linear regression, lasso regression, principal 

component analysis, and spline regression, concluding that the spline regression was best suited to 

predict and optimize ROP for a real-time drilling system.  

 

Figure 2.19: ROP predicted using traditional ROP models like Bingham, Hareland, and 
Motahhari with data-driven models. The random forest ROP model predicts ROP 
with the least error (Hegde et al. 2017). 

 

Liu et al. (2018) developed a framework to characterize bit wear in real-time and provide 

recommendations to the rig crew on pulling the drill string out to change the bit. The authors 

conducted an analysis on a dataset with 40 bit runs with bit dull grade, bit records, BHA 

information, and various drilling parameters.  Several metrics like wear factor, aggressiveness, and 
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MSE were used to quantify bit wear conditions. The wear factor was used to differentiate between 

accumulated wear and fast wear-out. A decision tree model was developed to predict minor, 

median, and severe bit wear based on the drilling data. Vaslisevich et al. (2015) evaluated using 

an artificial neural network to find optimum WOB and RPM to maximize ROP and minimize bit 

wear. Implementing such a data-driven model showed a 30% - 60% improvement in ROP and a 

significant improvement in footage drilled per bit indicating minimization of bit wear.  

The drilling data analysis has also been used extensively in the mining industry to 

characterize various subsurface properties. Finfinger et al. (2000) studied drilling parameters from 

roof bolters to identify the void location, joint location, and bed separations. This analysis was 

implemented in the field by Collins et al. (2004) for real-time detection of void using drilling data. 

LaBelle et al. (2000) used a neural network with drilling data from a roof bolting drill to classify 

layers of a block. Figure 2.20 shows a sample of the drilling data collected. The effect of layers 

boundaries on various drilling parameters is clearly visible, especially in Thrust and torque 

measurements.  

 

Figure 2.20:  Drilling data measurements for a drilling hole. Note the effect of layer boundaries 
on the drilling data (LaBelle et al. 2000). 



38 
 

All algorithms mentioned so far were not as accurate in detecting small voids. Rostami et 

al. (2015) and Kahraman et al. (2016) added sensors such as vibration and acoustic sensors to 

improve the accuracy of these characterization algorithms. These void detection algorithms were 

updated by Liu et al. (2017) to use Cumulative Summation (CUSUM) algorithms which are used 

to detect abrupt changes in any of the parameters. This improved void detection algorithm could 

identify small voids with more than 2mm aperture.  

The Drilling data analysis techniques have also been used to automate drilling systems for 

the Moon and Mars. Bergman et al. (2016) describe an automated drilling system designed to 

identify different drilling dysfunctions and optimize drilling parameters. The automated Icebreaker 

drill was used for extensive drilling tests at Rio Tinto, Spain.  

The automated control systems were ported from the CRUX drill and contained sensors, 

diagnostic systems, and control systems (Glass et al. 2014). The overall diagnostic system uses 

rule-based, model-based, and vibration-based methods to detect faults in the drilling system. The 

rule-based diagnostic system uses various drilling parameters and applies diagnostic rules to 

identify various dysfunction such as choking, jamming, and corkscrew. The model-based 

diagnostic system uses a simulation engine to analyze discreet and continuous processes. The 

diagnostic system identifies discrepancies between the actual conditions and model predictions 

and identifies the possible source of the fault. The vibration-based diagnostic system identifies the 

faults in the drilling system by detecting changes in the spectrum and frequency response during 

drilling (Bergman et al. 2015). 

Even though with some differences, the basic drilling mechanics stays the same for 

terrestrial and extraterrestrial drilling.  Hence, the drilling and the mining industry’s extensive 

experience in handling and manipulating large amounts of drilling data and developing drilling 
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data analytics and drilling optimization algorithms can help expedite the pace of developing 

optimal extraterrestrial drilling systems. This study builds upon this conclusion and utilizes 

decades of knowledge from the space exploration community, drilling community, and mining 

community to develop robust yet versatile algorithms to identify drilling dysfunctions, detect strata 

boundaries, differentiate between various forms of water-bearing lunar regolith, and estimate the 

uniaxial compressive strength (UCS) using real-time high-frequency drilling data.  
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CHAPTER 3 

EXPERIMENTAL SETUP AND SAMPLE PREPARATION 

The first step to building the algorithms to characterize the lunar material properties based 

on drilling data was to record drilling data for various anticipated lunar conditions. There are three 

main components of the experimental setup required to get this data: the test drilling rig, cryogenic 

apparatus, and samples. This chapter describes all three components of the setup used in this 

research. 

3.1. Characteristics of legacy lunar and Martian drills 

Understanding the drills designed by NASA, ESA, and Honeybee Robotics for Moon and 

Mars was imperative in understanding different subsystems of these planetary drills. The basic 

drills designed for different planetary bodies are quite similar. The common components for these 

drilling systems are (Zacny et al. 2013):  

• Deployment stage: deploys and pre-loads the drill against the ground. The deployment 

stage also provides the force to counter the weight on bit.  

• Z-Stage: allows for vertical motion of the drill 

• Drill head: provides rotary or rotary-percussive motions 

• Auger: transports cuttings from the bottom of the borehole to the surface 

• Bit: uses the drilling forces to create the borehole. 

Figure 3.1 compares the Apollo coring drill (Alton 1989) and the Icebreaker drill designed 

for Mars (Zacny et al. 2013). Since the coring drill designed for the Apollo mission was to be 

controlled manually, it doesn’t contain the deployment stage or the Z-stage. Those components are 

vital in designing a rover or lander mounted drill.  
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Figure 3.1:  (left)Apollo coring drill (Alton 1989) and (right) Mars Icebreaker drill show the 
major components of the drills designed for the planetary systems (Zacny et al. 
2013). 

 

3.2. Structure of the Test Drilling Rig 

The drill design process began with an extensive review of the drills designed to explore 

the Moon, Mars, Venus, and asteroids by various space agencies and private companies. After 

identifying the major components of the drills, the design of the test drilling rig was finalized. 

Figure 3.2 shows the initial 3D model of the drill with the sample (left) and the fabricated drilling 

rig.  

3.2.1. Frame 

The frame of the drilling rig hosts all other drilling components and stabilizes the drilling 

operations. Based on the 3D model shown in Figure 3.2, a robust frame was designed using 

stainless steel parts. Table 3.1 shows the dimensions of the frame and the rest of the drill. The 
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extended height of the drill frame allowed for the movement of samples under the drill. This design 

feature was vital in allowing for the drilling of multiple boreholes in the samples.  

 

Figure 3.2: 3D model of the drill (left) and fabricated drill (right) 

 

Table 3.1 Test drilling rig dimensions. 

Section Length (cm) Width (cm) Height (cm) Mass (kg) 

Drill 48 19.4 86.5 80 

Frame 122 66.4 170.5 30 

 

3.2.2. Z- stage 

The Z-stage enables the vertical movement of the drilling assembly. The Z-stage designed 

for the test drilling rig contains a stepper motor, a precision ball screw, guide rails, and a stepper 
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motor controller. The Z-stage here was designed around a precision ball screw. As the screw 

rotates in the clockwise direction, the ball screw nut with flange goes down, moving the drilling 

head downward. This precision ball screw allows us to minutely control the location of the drilling 

head. It also allows for much finer control of the penetration rate. The precision ball screw diameter 

is 16 mm with a 5 mm lead diameter.   

The stepper motor used here (NI ST34-7E) is a NEMA 34 high-torque stepper motor 

capable of 1.8° rotation per step. The stepper motor is controlled using a commercially available 

motor drive (MA860H stepper motor driver). The stepper motor drive is configured such that each 

revolution of the stepper motor would require 3200 pulses. A LabVIEW VI (Virtual Instrument) 

was created to send a digital signature at a specific frequency to the motor driver. Figure 3.3 shows 

the layout of control VI. Varying the waveform frequency allowed us to control the penetration 

rate accurately. 

 

Figure 3.3: Layout of the LabVIEW VI used to control the stepper motor. 

 

The guide rails with a carriage were an integral part of the Z-stage. They supported the 

vertical motion of the drilling head and helped stabilize the vertical motion of the drilling head.  
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Figure 3.4: The stepper motor, the motor driver, and the guide rails. 

 

3.2.3. Drilling head 

As discussed in the literature review section, most of the extraterrestrial drills designed 

thus far contain a rotary actuator and a percussion actuator. However, for this work, to simplify 

the understanding of the effect of various types of lunar formations on the drilling parameters, only 

the rotary motion was considered. The drilling head contains a three-phase rotary motor. The rotary 

motor is mounted on a thick steel plate to provide stability during drilling. Figure 3.5 shows the 

rotary motor. The 1 HP JLEM motor can provide 1800 RPM. The motor was controlled using a 

variable frequency drive (VFD).  
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Figure 3.5:  1 HP JLEM 3-phase AC motor (Dealers Industrial Equipment Inc. 2020) and TECO 
VFD (FactoryMotion 2020) used to control the motor. 

 

The Variable Frequency Drive (VFD) controls the rotary speed of the AC motor by 

changing the input frequency to the motor (Natural Resources Canada 2020). The VFDs first 

convert AC voltage to DC voltage using a rectifier circuit, uses a DC filter to provide a smooth 

DC signal, and then uses an inverter to output pulsating voltage similar to AC voltage (VFDs.org 

2020). Figure 3.6 shows the VFD circuit diagram showing all components of a VFD. 

 

Figure 3.6:  VFD circuit diagram showing the rectifier, DC filter, and inverter circuits  
(VFDs.org 2020). 
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3.2.4. Auger and Bit 

One of the biggest challenges of drilling on a celestial body is transporting the cuttings out 

of the borehole. The literature review of the lunar drilling system details the issues associated with 

cutting transport and possible solution. Augers are the most widely used method of moving the 

cuttings. One of the goals of this research was to develop an algorithm that can be bit agnostic. 

The algorithm must adjust for various bit designs and provide the necessary results. Three different 

commercially available masonry bits with different designs were used for the drilling tests. These 

masonry bits contained both the bit and an auger. Most of the samples were drilled with multiple 

bits to identify the effect of bit design on the drilling performance. Figure 3.7 shows all three bits 

and Table 3.2 details the design of the bits.  

 

Figure 3.7: Three masonry bits used for testing. 

 

Table 3.2: Detailed design of the bits. 

Bit 
Bit Diameter 

(mm) 

Drilling 

Length 

(mm) 

Pitch 

Angle 

(degree) 

Pitch 

height 

(mm) 

No of 

Cutters 

Bit 1 25.4 mm 787.4 mm 50 15 4 

Bit 2 19.05 mm 406.4 mm 60 10 2 

Bit 3 25.4 mm 412.75 mm 40 15 2 
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3.3. Components of the Data Acquisition System (DAQ) 

The data acquisition system (DAQ) was designed to collect all major drilling responses at 

1000 Hz frequency. This high-frequency was extremely important in identifying slight variations 

in the drilling parameters and correlate them with formation changes or drilling dysfunctions. The 

data acquisition was built around a National Instruments compactDAQ (cDAQ 9184). The cDAQ 

contained four slots for the Input/ Output (I/O) modules. The cDAQ was connected to the computer 

through the Ethernet connection. In addition to recording the data, the cDAQ was also used to 

control the penetration rate by sending digital signals to the stepper motor driver. A LabVIEW VI 

program was created to record and store the raw drilling data. Figure 3.8 shows the cDAQ used to 

acquire drilling data.  

 

Figure 3.8: cDAQ 9184 with the four I/O slots used to record drilling data. 
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3.3.1. Drilling data measurement 

Five drilling parameters have to be recorded to conduct a thorough analysis of the drilling 

patterns and identify the impact of subsurface stratigraphy, drilling dysfunction and material 

characteristics on the drilling response. These parameters are time, axial force, RPM, torque, and 

depth. Using these five parameters, parameters like Weight on Bit (WOB), Penetration rate (ROP), 

Normalized Field Penetration Index (N-FPI), and Mechanical Specific Energy (MSE) can be 

calculated. All sensors shown here were calibrated at least once a year or after any maintenance. 

The  

3.3.1.1. Axial Force measurement 

An axial force is measured using two miniature tension link load cells (Omega 703-75). 

The force sensors are placed between the precision ball screw carriage and the drilling head. These 

aluminum sensors measure the voltage fluctuations associated with the load cell deformation due 

to applied force. These sensors can accurately measure the axial force at any time during the 

drilling operations. For each of the bit, a baseline axial force was recorded which can be used to 

calculate Weight on Bit (WOB) from the axial force. Figure 3.9 shows the load cells located in the 

drilling rig.  

Over the last two years, two calibrations were performed to evaluate the drift in the force 

measurement. Four known weights were placed on top of the drilling head and the change in the 

axial force was noted. The drift as the difference between the known weights and the measured 

weights. Over the last two years, drift in the force increased from ± 0.18 kg to ± 0.25 kg. 
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Figure 3.9:  Two load cells placed between the precision ball screw and the drilling head to 
measure the axial force. 

 

3.3.1.2. Drill bit position sensor 

The location or position of the drill bit or alternatively, height of the drilling head is vital 

in estimating drilling depth which can help us understand drilling patterns and track variations in 

drilling rate, as the distance over time. The drilling head height is measured using a drawstring 

potentiometer (TE PTX101). A high-strength cable is spooled on a precision spool. The other end 

of the high-strength cable is attached to the drilling head. As the drilling head moves up or down, 

the cable is extended or pulled back to the spool which causes the spool to rotate and create a 

voltage response. This response can be calibrated to the drilling head height (TE connectivity 

String Pot 2015). 

The position sensor was calibrated three times in the last two years. The drilling head was 

moved and the position was measured with tape. The tape measurement was compared with the 

measured position. The position drift initially was of – 1.5 mm. During the second year, an 

operational error caused the drilling head to run into the sensor and caused the sensor to bend 

slightly. The measured drift after this was + 3 mm.  
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Figure 3.10 shows the configuration and location of the string potentiometer on the test 

drilling rig.  

 

Figure 3.10:  Drawstring potentiometer attached at the top of the frame and the string is attached 
to the top of the drilling head. 

 

3.3.1.3. RPM measurement 

RPM during drilling was measured using the VFD output. The VFD’s output was measured 

as 4-20 mA analog and scaled by calibrating the RPM with the VFD output. The RPM was 

calibrated two times over the last two years by comparing the measured RPM with output of 

handheld tachometer. The calculated drift in the last calibration was of ± 4.5 RPM. 

3.3.1.4. Time measurement 

The test time was measured using the cDAQ onboard clock. The time is measured in ms 

(millisecond).  
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3.3.1.5. Torque measurement 

Initially, the torque was measured using a bridge-based shaft-to-shaft rotary torque sensor 

(FUTEK TRS300- FSH01989). The sensor was placed directly between the motor shaft and the 

masonry bits. This allowed us to get an accurate estimate of torque with respect to the drilling data.  

However, the torque data recorded here was extremely noisy. This was due to three main 

reasons: 

• Electro-Magnetic Interference (EMI) – The location of the torque sensor was extremely 

close to the three-phase AC motor. This significantly affected the torque measurements.  

• Mechanical noise – The torque sensor was directly connected to the drill bit. During 

drilling tests, the masonry bit experienced vibrations, most of which were transmitted 

to the torque sensor. This was expected and did allow us to use the torque data to 

characterize the vibrations in a limited capacity. The vibrations could cause damage to 

the torque sensor.  

•  Ambient noise – The Earth Mechanics Institute (EMI) at the Colorado School of Mines 

campus is housed in a steel structure covered by metal sheets and as such, is known to 

have some electro-magnetic interferences. This noise was easy to detect and eliminate.  

To get the best results from the torque data, EMI and ambient noise had to be minimized. 

First, all sensors and motors were grounded properly. This helped eliminate noise from all but 

torque sensor. The torque sensor wire was covered with a copper tape but this didn’t help much. 

After significant signal filtering, outlier removal, and signal smoothening, the torque data became 

usable. 
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However, the process to clean the torque data was computationally expensive and required 

excessive signal conditioning. To address this issue, attempts were made to infer torque 

measurement through VFD outputs and other drilling parameters. A data-driven algorithm was 

developed to predict torque in real-time and once the results from the algorithm were satisfactory, 

the torque sensor was removed. This algorithm development process and the results are discussed 

in Section 4.2. 

3.3.1.6. Temperature measurement 

The thermocouples were used extensively during cryogenic testing to track the temperature 

of the sample during the cool down period and drilling and monitor the temperature of the sample 

while testing. The temperature data collected from the samples gives us a unique insight into 

drilling-induced heat. For these experiments, Omega type T thermocouples (5TC-TT-T-24-72) 

were used.  

3.3.2. Derived Parameters 

Several other drilling parameters can be calculated from the parameters measured using 

the DAQ.  

3.3.2.1. Drilling depth  

The drilling depth was calculated from the drilling head height or position sensor. A drilling 

head height at the top of the sample is picked. The drilling depth at any point is: 

 𝐷𝑟𝑖𝑙𝑙𝑖𝑛𝑔 𝐷𝑒𝑝𝑡ℎ𝑖 = 𝐷𝑟𝑖𝑙𝑙𝑖𝑛𝑔 ℎ𝑒𝑎𝑑 ℎ𝑒𝑖𝑔ℎ𝑡𝑖 − 𝐷𝑟𝑖𝑙𝑙𝑖𝑛𝑔 ℎ𝑒𝑎𝑑 ℎ𝑒𝑖𝑔ℎ𝑡𝑡𝑜𝑝 (3.1) 

Initially, this was done manually for all drilling tests but since then the process has been 

automated to identify the point along with the drilling data where the test begins.    
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3.3.2.2. Weight on Bit (WOB) 

Weight on bit (WOB) is calculated using the axial force measurement. First, the total axial 

force is calculated by adding the axial force measured for each sensor. A baseline axial force 

measurement for the drilling head in the air before a drilling test starts is selected. The baseline 

axial force for all different bits was noted before any drilling tests began and were hardcoded in 

the data processing to automate the process of calculating WOB. The WOB at any point is:  

 𝑊𝑂𝐵𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑎𝑥𝑖𝑎𝑙 𝑓𝑜𝑟𝑐𝑒𝑖 − 𝑇𝑜𝑡𝑎𝑙 𝑎𝑥𝑖𝑎𝑙 𝑓𝑜𝑟𝑐𝑒𝑎𝑖𝑟   (3.2) 

3.3.2.3. Rate of Penetration (ROP) 

The rate of penetration or ROP is one of the most important parameters to understand 

drilling operations. For the drilling tests, ROP was kept constant but it was also calculated using 

the drilling depth and time measurement. This allowed us to confirm the efficiency of the stepper 

motor driver and gave us a secondary estimation of ROP. The ROP at any point during the test can 

be calculated by: 

 𝑅𝑂𝑃𝑖 = 𝑑𝑟𝑖𝑙𝑙𝑖𝑛𝑔 𝑑𝑒𝑝𝑡ℎ𝑖 − 𝑑𝑟𝑖𝑙𝑙𝑖𝑛𝑔 𝑑𝑒𝑝𝑡ℎ𝑖−1 𝑡𝑖𝑚𝑒𝑖 − 𝑡𝑖𝑚𝑒𝑖−1  (3.3) 

3.3.2.4. Normalized Field Penetration Index (N-FPI) 

The Field Penetration index (FPI) was defined to evaluate the energy needed to crush the 

rock for a tunnel boring machine (Tarkoy and Marconi 1991, Hassanpour et al. 2011). For a tunnel 

boring machine, FPI can be defined as:  

 𝐹𝑃𝐼 ( 𝑘𝑁𝑐𝑢𝑡𝑡𝑒𝑟𝑚𝑚𝑟𝑒𝑣 ) = 𝐹𝑛𝑃  (3.4) 
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Where, 𝐹𝑛 is the cutter load = 
𝑐𝑢𝑡𝑡𝑒𝑟 𝑙𝑜𝑎𝑑 (𝑘𝑁)𝑛𝑜 𝑜𝑓 𝑐𝑢𝑡𝑡𝑒𝑟𝑠  and 

P is the cutter penetration per revolution = 
𝑅𝑂𝑃 (𝑚𝑚min)𝑅𝑃𝑀  

For a drilling system, 𝐹𝑃𝐼is calculated in ( 𝑁𝑚𝑚2 𝑚𝑚𝑟𝑒𝑣⁄ ). 𝐹𝑛 can be defined as a normalized 

drilling force. It can be calculated as  

 𝐹𝑛 ( 𝑁𝑚𝑚2) = 𝑊𝑂𝐵(𝜋4) 𝑑2 (3.5) 

3.3.2.5. Mechanical Specific Energy (MSE) 

Mechanical Specific Energy (MSE) was first defined by Teale (1965) as the energy 

required to excavate a unit volume of rock. It can be calculated as: 

 𝑀𝑆𝐸 (𝑀𝐽𝑚3) =  𝑊𝑂𝐵(𝑁)  (𝜋4)𝑑2(𝑚𝑚2) + 103 𝑇𝑜𝑟𝑞𝑢𝑒(𝑁.𝑚) ×𝑅𝑃𝑀 (𝜋4)𝑑2(𝑚𝑚2)×𝑅𝑂𝑃(𝑚𝑚/𝑚𝑖𝑛)   (3.6) 

3.4. Cryogenic apparatus 

One of the objectives of this research was to evaluate the applicability of pattern 

recognition algorithms developed based on analog concrete samples to the lunar icy regolith 

simulant samples at cryogenic conditions. A cryogenic apparatus was designed to contain the lunar 

regolith with water-ice in it and cool it down to -190℃. The cryogenic apparatus was designed 

with help from Thermal Space Ltd. Figure 3.11 shows both the CAD design prepared by Thermal 
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Space Ltd and the fabricated apparatus. The cryogenic apparatus can contain a lunar regolith 

sample with up to 90 mm diameter and 360 mm height.  

 

Figure 3.11:  CAD design of the cryogenic apparatus (left) and the fabricated cryogenic  
apparatus (right). 

 

The major components for the cryogenic apparatus are: 

• Sample chamber: Aluminum chamber which contains the lunar regolith simulant sample 

with water-ice in different forms.  

• Liquid Nitrogen (LN2) chamber: Annulus between the sample chamber and the outer wall. 

This chamber connects both to the LN2 supply and to the vent. It contains the LN2 during 

the cool down period.  

• LN2 flow loop: The LN2 flow loop contained the liquid nitrogen cylinder, PID controller, 

inlet line, LN2 chamber, vent line, and vent.  
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• Proportional-integral-derivative (PID) controller: The PID controller helps create a closed 

LN2 flow loop. It allows the flow of LN2 from the tank to the LN2 chamber until a target 

temperature is reached. This target temperature was set at -180℃ and was monitored using 

a thermocouple. The target temperature was kept higher than the LN2 temperature to stop 

the flow of LN2 as soon as the liquid level gets close to the thermocouple level in the LN2 

chamber. This approach was vital in conserving liquid Nitrogen usage during testing by 

minimizing waste.  

3.5. Preparing the sample 

A large amount of good quality drilling data is needed to develop a pattern recognition 

algorithm that can characterize subsurface lunar properties. Initial drilling tests were conducted on 

analog samples, the data collected from these analog samples were used to train the pattern 

recognition algorithm. The algorithm was then tested on cryogenic lunar regolith simulant 

samples. Section 4.2 covers the algorithm development process in detail. In this section, we will 

discuss the procedures used to prepare the analog and cryogenic samples. Three different forms of 

water-ice in the lunar regolith was considered for the cryogenic and analog samples.  

• Aqueous icy regolith: In this type of regolith, the regolith grains are coated with the water-

ice and the water-ice at cryogenic temperatures cements the regolith in place. Aqueous icy 

regolith could have been created by the ice sublimating during meteoroid or cometary 

impacts and refreezing around the regolith grain, cementing the grains together. Figure 

3.12(a) shows a representation of the aqueous icy regolith.  

• Unfused granular icy regolith: In this type of regolith, the water-ice grains are distributed 

within the regolith grain. The water-ice grains are as framework grains and little to no 

cementation exists. On the Moon, the unfused granular icy regolith could have been created 
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by meteoroids breaking up the ice grains existing in the PSR and from the meteoroids and 

distributing them in the lunar PSR. This type of icy regolith essentially would act as loose 

soil containing the water-ice grains. Figure 3.12(b) shows a representation of the unfused 

granular icy regolith. 

• Fused granular icy regolith: This type of regolith is unfused granular icy regolith which has 

been heated slightly to sublimate or melt some of the water-ice grains and refrozen. The 

fused granular icy regolith samples could have been created as a combination of processes 

described earlier. The meteoroid impacts can sublimate some of the ice grains and crush 

and distribute some of the ice grains across the PSR. The sublimated ice can re-freeze in 

the PSR within the regolith and result in water-ice acting both as cement and framework 

grain. Figure 3.12(c) shows a representation of the fused granular icy regolith. 

 

Figure 3.12:  A pictorial representation of (a) aqueous type, (b) unfused granular icy, and (c) 
fused granular icy regolith. 

3.5.1. Analog samples 

Three low-porosity and five high-porosity analog samples were prepared to acquire drilling 

data for various strengths, stratigraphy, bit types, and the different form of lunar regolith with 
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water-ice. Multiple boreholes were drilled in all analog samples with different bits to acquire 

drilling data for a wide range of conditions that might be encountered on the Moon.   

3.5.1.1. Low- porosity analog samples 

The low-porosity analog samples were prepared to represent compacted aqueous icy 

regolith. In total, three low-porosity analog samples were prepared: one homogenous, and two 

layered samples with three layers each. The strength of each of the samples was determined based 

on the geomechanical tests of the cryogenic aqueous icy samples.  

The procedure used to make the samples was as follows: 

• First, the basaltic regolith simulant was ground in a ball mill to reduce the particle size 

distribution close to lunar soil.  

• A concrete sample is prepared by mixing a specific amount of Portland cement with the 

basaltic simulant and water.  

• The concrete sample is cast in a wooden frame and allowed to cure for four weeks.  

• For the layered samples, each layer is cast and cured for a day before casting a layer on 

top. For the first layered block, a lack of adhesion between different layers was observed 

which caused the layers to separate during the tests. After curing a layer for a day, scratches 

were made on the surface of the layer which allowed the layers to bond together and 

resulted in a stable layered sample for block 3.  

• After four weeks of curing, the wooden mold is removed, and the sample is ready to begin 

testing.  

• Two additional cylinders per analog sample were cast to conduct the UCS tests.  

Figure 3.13 shows Block 1, Block 2, and Block 3 after curing.  



59 
 

 

Figure 3.13:  Analog samples Block 1, Block 2, and Block 3 after curing and demolding (from 
Joshi et al. 2020a). 

 

Table 3.3 shows the sample recipe, dimensions, strength, and representative water-content 

at cryogenic temperature.  

Table 3.3:Properties of the low-porosity analog samples. 

Block Layer Sample Recipe Dimensions Strength 
Water-

content 

  Portland 

Cement (kg) 

Water 

(kg) 

Simulant 

(kg) 

   

Block 1  54.20 37.90 129.30 58 cm × 58 

cm × 48 cm 

40 MPa 9.00% 

Block 2 Layer 1 9.5 6.45 22.60 56 cm × 56 

cm × 9 cm 

40.8 MPa 9.15% 
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Table 3.3(continued): Properties of the low-porosity analog samples. 

 Layer 2 5.10 4.65 16.30 56 cm × 56 

cm × 6.5 cm 

31.9 MPa 7.59% 

 Layer 3 4.60 5.00 17.60 56 cm × 56 

cm × 7 cm 

26.4 MPa 6.63% 

Block 3 Layer 1 3.20 14.00 49.00 60 cm × 60 

cm × 17 cm 

17.9 MPa 5.14% 

 Layer 2 7.60 16.40 57.70 60 cm × 60 

cm × 20 cm 

15.2 MPa 4.68% 

 Layer 3 11.40 16.40 57.70 60 cm × 60 

cm × 20 cm 

5.2 MPa 2.93% 

 

3.5.1.2. High-porosity analog samples 

The high-porosity analog samples were prepared to represent high-porosity loose aqueous 

icy regolith and both types of granular icy samples.  Cellular concrete or foam concrete samples 

were chosen to be a good representation of high-porosity lunar regolith with water-ice. With help 

from Aerix Industries, five cellular concrete samples were cast with UCS varying from 0.53 MPa 

to 8.69 MP and 37% to 78% porosity. These specifications were chosen to get a wide range of 

strengths and porosities.  

The procedure to make these cellular concrete samples was as follows: 

• First, Portland cement and water were mixed in a cement mixer in a specific ratio. 
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• Once the slurry was well mixed, Aerlite-iX foam, designed by Aerix industries to produce 

stable bubbles was mixed in the slurry to create the low-density concrete slurry.  

• The low-density slurry was poured in wooden molds. The samples were wrapped with 

plastic to avoid sample dry-off. The samples were cast for four weeks before demolding.  

• Four additional cylinders per analog sample were cast to conduct the UCS tests.  

Figure 3.14 shows the step-by-step process of making cellular concrete samples. Table 3.4 

summarizes the sample density, dimensions, strength, and porosities for each of the high-porosity 

analog samples. 

 

Figure 3.14:  Process of making the cellular concrete sample. (a) Portland cement is mixed with 
water in a specific ratio, (b) a specific amount of Aerlite-iX foam is added to the 
slurry and mixed in, (c) the slurry is poured in the wooden mold, and (d) four 
additional cylinders are cast for UCS testing. 
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Table 3.4: Summary of Properties for high-porosity analog samples 

Sample 
Density 

(gm/cc) 

Dimension 

(cm×cm× cm) 

Strength 

(MPa) 

Porosity 

(%) 

Cellular Concrete Sample A 1.048 44 cm×44 cm×11 cm 8.69 37% 

Cellular Concrete Sample B 0.850 44 cm×44 cm×15 cm 5.89 49% 

Cellular Concrete Sample C 0.705 44 cm×44 cm×15 cm 3.93 58% 

Cellular Concrete Sample D 0.497 44 cm×44 cm×15 cm 1.50 69% 

Cellular Concrete Sample E 0.329 44 cm×44 cm×14 cm 0.53 78% 

 

On the day of the test, the cellular concrete sample was removed from the plastic wrap, 

placed on top of the low-porosity sample, block 3. The cellular concrete sample was anchored on 

top of the block and then the sample was drilled using different bits. Figure 3.15 depicts this 

anchored sample.  
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Figure 3.15:  Cellular concrete sample (A) anchored on top of Block 3 before starting a drilling 
test. The anchor keeps the cellular concrete sample steady during a drilling test. 

 

3.5.2. Cryogenic Samples 

Drilling in the cryogenic samples was crucial in testing the algorithms developed for the 

analog samples. If done correctly, the drilling data from the cryogenic samples will be a close 

reproduction of drilling tests on the Moon. In total 20 cryogenic samples were created. Table 3.5 

shows the samples created for each type of lunar regolith.  
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Table 3.5: Type of lunar water-ice regolith sample and no of samples created 

Type Water-ice content No of samples 

Low-porosity aqueous 

regolith simulant 

3% 2 

6% 2 

9% 2 

Layered 3% - 6%- 9% 1 

Layered 9% - 6%- 3% 1 

High-porosity aqueous 

regolith simulant 

3% 2 

6% 2 

9% 2 

Unfused granular icy 

regolith simulant 

3% 1 

6% 1 

9% 1 

Fused granular icy regolith 

simulant 

3% 1 

6% 1 

9% 1 
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3.5.2.1. Low-porosity aqueous icy regolith samples 

The compacted, low-porosity aqueous icy regolith samples were prepared to replicate 

drilling into a condition in lunar PSR in which the lunar water-ice cements the lunar regolith in 

place. The regolith gets compacted due to sustained meteoroid impacts. These samples were 

recreated directly in the sample chamber of the cryogenic apparatus. The procedure to make these 

samples was as follows: 

• Add a specific amount of water content (3%, 6%, or 9%) by mass to 12 kg of basaltic 

regolith simulant. Thoroughly mix the regolith simulant and water to coat the regolith 

grains with water.  

• Let the wet simulant sit for two weeks in a sealed container, mixing the sample twice a 

week. This will ensure that the water is well distributed in the regolith sample.  

• On the day before the test, take 4.2 kg of the sample in three batches and place it in the 

cryogenic container.  

• Use a proctor rammer to compact the sample evenly.  

• Place the thermocouple after placing and compacting the first 1.4 kg batch of the aqueous 

icy regolith sample and cover it with the second 1.4 kg batch.  

• Once the entire sample is placed in the sample chamber, cover with a cap and place the 

sample in a freezer overnight.  

Figure 3.16 shows one of the compacted samples before placing it in the freezer.  
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Figure 3.16:  A compacted, low-porosity aqueous icy regolith sample with 3% water content by 
mass before placing it in the freezer. Note the LN2 vent line and the thermocouple. 

 

3.5.2.2. High-porosity samples 

The high-porosity cryogenic samples were prepared to replicate drilling in the lunar 

regolith where the water-ice either doesn’t cement the regolith grains at all or cements them 

marginally.  

High-porosity aqueous icy regolith samples 

The high-porosity aqueous icy regolith samples were prepared to recreate uncompacted 

lunar regolith samples where the water-ice partially cements the regolith grains. The process to 

make these samples was like making the low-porosity samples with one change, the samples 

weren’t compacted with the proctor rammer. 800 grams of lunar regolith mixed with a specific 

amount of water was placed in a 15 cm long cylindrical sample container over four days, placing 

200 grams of the sample at a time. After laying the aqueous regolith sample in the sample 

container, the container is sealed and placed in the freezer.  
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The sample chamber in the cryogenic apparatus was filled up to 20 cm with compacted 

aqueous icy regolith with 9% water by mass.  On the day of the test, the cryogenic apparatus is 

cooled down and the high-porosity samples are placed in the sample chamber to cool down. The 

seal is removed once the target temperature is achieved and the drilling tests can begin.  

Granular icy samples 

The granular icy lunar regolith samples were prepared to reproduce the lunar regolith with 

ice grains mixed in them either as loose soil or partially cementing the regolith in place. This 

replicates the condition in which the meteoroid impacts crush the ice grains and distributes them 

in the PSR.   

Unfused Granular icy samples 

The unfused granular icy samples are samples in which the ice grains are mixed in with the 

lunar regolith grains without any fusing, resulting in a texture like a loose sand. The procedure 

used to make these samples was as follows: 

• Move the regolith simulant and all tools to be used in a walk-in freezer to cool the regolith 

and the tools down as much as possible.  

• Use an ice shaver to shave down large ice cubes.  

• Sieve the shaved ice to remove larger ice grains and store the fine ice grains in a container.  

• Take cold lunar regolith simulant in a mixing bucket and add the ice grains based on pre-

determined water-content by mass. Mix the granular icy simulant and place it on the sample 

container.  

• Seal the sample container and keep it in the freezer until ready to test.  
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The granular icy regolith samples were prepared in the walk-in freezer at the Center for 

Space Resource (CSR) lab, at the Colorado School of Mines campus. On the day of the test, a 

cooler with crushed dry ice was used to transport the sample containers from the CSR lab to the 

Earth Mechanics Institute. The cryogenic sample chamber with 20 cm of compacted aqueous 

regolith is connected to the LN2 flow loop and the granular icy sample is placed in the cryogenic 

apparatus once the cryogenic apparatus temperature reaches -100℃. The sample is cooled down 

to cryogenic temperature and the drilling tests can begin. Figure 3.17 shows the pictures of making 

these samples.  

 

 

Figure 3.17:  The process of making the unfused granular ice sample: (a) take the ice and shave 
the ice down, (b) sieve the shaved ice to remove the larger grains, (c) add the 
necessary mass of fine ice grains to dry lunar regolith simulant (d) mix the fine ice 
grains with the simulant, (d) fill up the sample container with the granular icy 
sample. 
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Fused Granular icy samples 

In the fused granular icy samples, ice grains in the granular icy lunar regolith sample 

sublimates or melts under high temperature of meteoroid impact and the water-ice refreezes such 

that the ice particles are both as framework grains and partially cementing the framework grain 

and the lunar regolith simulant together. The process to make these samples is as follows: 

• The sample preparation for this type of simulant is the same as the unfused granular icy 

simulant.  

• Once the samples are transported to the Earth Mechanics Institute, a sealing cap with a 

pressure transducer and thermocouple are placed on top of the sample container.  

• The sample container with the cap is kept in the cooler with dry-ice until the pressure and 

temperature measurements stabilize.  

• Once the pressure and temperature measurements are stable for at least 300 seconds, the 

sample with the cap is pulled out of the cooler and is allowed to warm up to -20℃.  

• The sample is placed in the cryogenic sample chamber as soon as the target temperature of 

-20℃ is achieved. Figure 3.18 shows the pictures of making these samples. 
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Figure 3.18:  The process of making the fused granular ice sample: (a) transport the unfused 
granular icy simulant to EMI in a cooler with crushed dry ice, (b) place the sealing 
cap with pressure and temperature sensors and place the sample in the cooler for 
the measurements to stabilize, (c) take the sample out and let it warm up, and (d) 
place the sample in the cryogenic sample chamber to cool it down. 

 

Figure 3.19 shows the pressure and temperature measurement during the warm-up period.  
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Figure 3.19:  Pressure and temperature measured during the warm-up of the granular icy simulant 
for 3%, 6%, and 9% water content by mass. The slight increase in pressure as the 
sample warms up shows that the ice grains did indeed sublimate during the warm-
up. 
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CHAPTER 4 

DATA PROCESSING AND ALGORITHM DEVELOPMENT 

Once the drilling data is recorded, the data has to be processed to remove outliers, reduce 

noise from the data, and adding labels to the data for training. Then the processed data can be used 

to train and validate the pattern recognition algorithms to develop models to identify drilling state, 

drilling dysfunctions, formation change, and to calculate material boundary and the UCS of the 

layers, and other information. This chapter goes over the procedure used to process the data and 

describes the machine learning algorithms tested and used for the final algorithm. This chapter 

also details the architecture of the final algorithm. This chapter will conclude with a discussion on 

other possible applications of the drilling data recorded and the pattern recognition algorithm 

developed here.  

4.1. Data Processing 

For each of the tests, the drilling parameters discussed in Chapter 3 were recorded at 1000 

Hz frequency. Since the data frequency was high, the data was extremely noisy. Since the machine 

learning models are trained, validated, and tested using this drilling data. Cleaning the data before 

feeding it to the machine learning model is essential in ensuring that an accurate model is created. 

A rigorous data processing procedure was used to calculate derived parameters, filter the outliers, 

remove the noise, smoothen data to plot drilling logs, and label the data for drilling state, formation, 

and drilling dysfunctions. Initially, all drilling parameters were processed with the same procedure, 

but torque measurement required additional filtering and processing, making the overall pattern-

recognition algorithm computationally extensive. Due to this, eventually, a torque model was 

created to calculate torque form other drilling parameters.  Figure 4.1 shows an example of raw 

torque data and the processed torque data after digital filtering.  
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Figure 4.1:  Raw torque data (left) and processed torque data (right). The raw data was cleaned 
extensively to remove outliers and noise and smoothened to assist in visual analysis. 

 

4.1.1. Removing the noise 

Since all drilling data was recorded at 1000 Hz, the data was extremely noisy. Different 

components of noise present in the data were discussed briefly in Section 3.3.1.5. To recap, there 

are three major components of noise in the data: 

1. Electrical noise: Vijayaraghavan et al. (2004) define electrical noise as any undesirable 

signals in the data that interfere with the original signal. This interfering signal can be 

transient or constant. And can be generated externally or internally. In this study, the 

sources of electrical noise were both internal (errors with electrical system designs) and 

external (electrostatic interference and electromagnetic interference). A possible source of 

this type of noise can be above 50 Hz to 60 Hz AC or harmonic multiples of power 

frequency.  



74 
 

2. Operational noise: Here operational noise is defined as the noise in the data generated 

during drilling tests. The effect of vibration, bit wear, auger choking on the drilling data is 

classified as operational noise. 

3. Electromagnetic interference: Hagn (1977) defines Electromagnetic interference (EMI) as 

the impairment in a data signal caused by undesired electromagnetic energy from natural 

or artificial sources. EMI emissions can be characterized between radiated EMI and 

conducted EMI. Radiated EMI is emitted by the antenna, magnetic components, and 

propagates through space and affects other measurements whereas conducted EMI is 

caused by fast-changing voltage over time. The main source of EMI in the test drilling unit 

is the variable-frequency drive (VFD) used to control the AC motor. The VFD generates 

high voltage change over time, generating conducted EMI. Generally, EMIs create high-

frequency noise in the signals.  

The goal of the filtering process is to reduce induced noise and EMI as much as possible 

without affecting operational noise and original data signals. First, all equipment was properly 

grounded. The cables used to connect the VFD to the motor were shielded and twisted to minimize 

conductive EMI. An external EMI filter was added to the VFD power lines to ensure minimal EMI 

noise. This helped minimize some noise but to ensure minimal high-frequency noise, a lowpass 

filter is used above 300 Hz frequency. This frequency was selected as cutoff based on Fast-Fourier 

Transform (FFT) and power spectrum density (PSD) analysis of the data signals. Figure 4.2 (left) 

shows the FFT and (right) PSD for the torque signal for one of the segments of a borehole.  
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Figure 4.2:  Fast-Fourier Transform (left) and Power Spectrum Density (PSD) for torque signal 
from a 10-second segment of a borehole. Both FFT and PSD show evidence of 
noise above 300 Hz. Hence, 300 Hz was selected as a cutoff frequency for the 
lowpass filter. 

 

Using this approach helped reduce both electrical noise and EMI.  

4.1.2. Filtering the outliers 

An outlier is a data point that deviates significantly from other data points. Removing 

outliers in vital in cleaning up a data set as they can skew the statistical description of a dataset 

which is vital in building the data-driven models (Mishra et al. 2019). Since all measurements here 

are conducted at 1000 Hz, the data contains some outliers. The two most common methods used 

to remove the outliers are: 

• Z – Score:  z-score describes the distance of a data point from the mean as a multiple of 

standard deviation. A cutoff can be placed to classify all data points more than three 

standard deviations from the mean are classified as outliers. One drawback of the Z-score 

method is that it relies heavily on the mean and standard deviation of the dataset which in-
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turn can be affected by outliers. This can be fixed by using a modified Z-score which uses 

median and absolute deviation of median instead of mean and standard deviation.  

• IQR (Interquartile Range) method:  If a data point is more than 1.5 interquartile ranges 

above the upper quartile or below the lower quartile, the data point is classified as an 

outlier.  

For the initial datasets, both these methods were used to identify and remove outliers. But 

for the final algorithm, due to its simplicity and low runtime, the modified Z-score was chosen as 

the outlier detection algorithm. 

4.1.3. Smoothening the data 

Figure 4.3 shows the processed data after filtering high-frequency noise and removing 

outliers. This data has to be labeled to prepare it for training. The overall trend of the data is visible 

but the overall minor details are still unclear. The data has to be resampled at a lower frequency 

rate and smoothened.  

 

Figure 4.3:  Torque data after resampling and removing outliers. The data is still too noisy to 
catch minute details in the data. 
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The resampling frequency has to be chosen carefully. Too low of a frequency will result in 

missing some features of the data set and too high of a frequency will result in the trend still not 

being clear enough to identify the details. Figure 4.4 shows a study conducted to identify the 

optimum resampling frequency. Based on this study, a resampling frequency of 10 Hz was chosen.  

  

Figure 4.4:  (a) Actual torque data at 1000 Hz, (b-f) torque data resampled at 500 Hz 250 Hz, 
100 Hz, 10 Hz, and 1 Hz. Based on these plots it can be observed that torque from 
1000 Hz to 100 Hz is too noisy to be used for the machine learning algorithms. 
Torque after resampling at 10 Hz captures both the trend of torque and the minor 
deflections. 

 

After resampling and smoothing, the data can is now ready for labeling and/or blind testing.  

4.1.4. Labeling the data 

Once drilling data for an entire borehole is processed, it has to be labeled to identify 

rigstate, layers, choking, porosity type, and formation type. Layers, porosity, and formation types 

are based on the design of the test. Layers class is assigned as 1 if the drilling depth is within 5 
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mm of a layer boundary and 0 when the drilling depth is farther. Porosity type and formation types 

are assigned as string types. Rigstate class is assigned based on penetration rate, position, and 

WOB. Figure 4.5 shows an example of this assignment. Visually, rigstate can be identified. Here 

class 0 is assigned to the ‘Non-Drilling’ class and class 1 is assigned to the ‘Drilling’ class.  

 

Figure 4.5:  Position, ROP, WOB, and Rigstate vs time for a segment of a borehole. Here 
Rigstate label is assigned based on these data logs. 

 

Based on the rigstate class, the dataset is split into drilling and non-drilling data. Choking 

class is assigned to the drilling data based on torque and WOB. Class 0 is assigned if no indication 

of choking exists and class 1 is assigned if choking exists. Figure 4.6 shows an example of this 

assignment.  
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Figure 4.6:  WOB, torque, and choking class vs time for a segment of a borehole. Here choking 
class is assigned based on observations during the drilling tests and WOB, torque 
trends. 

 

The labeled data can now be used to train, validate, and/or blind test the pattern-recognition 

algorithm.  

4.2. Machine learning methods evaluated 

Burkov (2019) defines machine learning as a process of using the existing dataset to 

algorithmically build a statistical model and using that model to solve a practical problem. 

Machine learning can be extremely valuable when the problem is too complex for traditional 

physics-based models. Due to its dynamic nature, it is extremely difficult to create a physics-based 

model to simulate drilling operations without a large number of assumptions. This can create large 

uncertainty in the results and adding this uncertainty on top of the uncertainties of extraterrestrial 

drilling, makes the traditional models unviable for the extraterrestrial drilling operations. There 

are two main types of machine learning: Unsupervised Learning and supervised learning. In 
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Unsupervised learning, the training data is unlabeled, the algorithm takes a feature vector as an 

input and estimates a value or a vector that can be used to solve a problem (Burkov 2019). The 

supervised learning algorithms contain a desirable salutation. The input features are used to train 

an algorithm in a way that the predicted output is close to the training output. The drilling data 

here  

The overall goal of this pattern-recognition algorithm is to calculate the UCS of a sample 

based on drilling data. Due to the interactions between various drilling parameters and external 

factors like drilling dysfunctions and formation parameters, the algorithm was split into four main 

sections: A classification algorithm to identify rigstate, a regression algorithm to calculate torque, 

a batch classification algorithm to detect choking, porosity and detect layer boundary, and a final 

regression algorithm to calculate Uniaxial Compressive Strength (UCS). This complexity meant 

that unsupervised learning techniques will not be appropriate for the algorithm. Thus, only 

supervised learning methods were evaluated.  

4.2.1. Regression models 

The problems that require a quantitative response are termed regression problems. For such 

problems, the output is a calculated numerical value. In this study, five regression methods were 

evaluated. Since the artificial neural networks require more detail and explanations, they are 

described in a separate section.  

4.2.1.1. Linear regression 

Linear regression is the simplest regression technique available. It is might not seem as 

complicated as some of the other approaches discussed here but it remains one of the most 

powerful and useful approached to develop a quantitative model. There are two main types of 

linear regressions: simple linear regression and multiple linear regressions. Simple liner 
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regressions are extremely valuable when a parameter has to be calculated from one predictor or 

feature. But if more than one features exist in the input dataset, multiple linear regression can be 

used (James et al. 2013). Since the output parameter, UCS, might directly impact features like 

WOB, ROP, and torque, a multiple regression algorithm has to be developed. The multiple 

regression model is defined as:  

 𝑌 = 𝑚0 + 𝑚1𝑋1 + 𝑚2𝑋2 + 𝑚3(𝑋1  × 𝑋2) + ⋯ . + 𝜖 (4.1) 

Here Y is the output parameter, 𝑋𝑖 is the input feature, 𝑚𝑖 is the regression coefficient, and 𝜖 is the error. 𝑚𝑖 is interpreted as the average effect of one-unit chance in 𝑋𝑖 on Y.  

The objective of a multiple regression model is to find the regression coefficients for all 

input features for which the sum of the square of residuals is minimum. This approach works well 

but to build efficient multiple regression models, it is important to identify the relationship between 

input features and output. This can help us eliminate the features that don’t have a significant 

enough impact on the output and help streamline the model. This is done by evaluating the null 

hypothesis for an input feature. For a model with 𝑛 input features, the null hypothesis can be 

defined as (from James et al. 2013): 

 𝐻𝑜 = 𝑚0 = 𝑚1 = 𝑚2 = ⋯ . = 𝑚𝑛 =  0 (4.2a) 

Or alternatively,  

 𝐻𝑎 = 𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑚𝑖 ≠  0 (4.2b) 

This hypothesis is tested for each input features using F-statistics value, defined as: 

 𝐹 − 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 = (∑(𝑦𝑖 −  �̅�)2 −   ∑(𝑦𝑖 −  𝑦�̂�)2  ) 𝑝⁄(∑(𝑦𝑖 −  �̂�)2 ) (𝑛 − 𝑝 − 1)⁄  (4.3) 
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Here, 𝑦𝑖 is the 𝑖𝑡ℎ actual value of y, �̅� is the actual mean of training output y, 𝑦�̂� is the 𝑖𝑡ℎ 

predicted value, n and p are statistical factors that describe F-statistic’s distribution. Here, if the p-

value were low, the null hypothesis can be rejected and the input feature has a significant impact 

on the output whereas large p-values show that the predictor might not have much impact on the 

output.   

Algorithmically, one of the ways this can be achieved is by using backward elimination. 

Figure 4.7 shows a simplified flowchart describing the backward elimination process.  

 

Figure 4.7: Flowchart depicting backward elimination 
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4.2.1.2. Polynomial regression 

If the relationships between input features and output are more complex than described by 

the linear regression model, the linear regression model can be directly extended to user features 

with power. Mathematically, this type of regression — polynomial regression—is defined as: 

 𝑌 = 𝑚0 + 𝑚1𝑋1 + 𝑚2𝑋12 + 𝑚2𝑋2 + 𝑚3(𝑋1  × 𝑋2) + 𝑚4𝑋22 + ⋯ . + 𝜖 (4.4) 

The rest of the procedure to create a polynomial regression model is the same as multiple 

linear regression. More attention must be paid on overfitting while creating a polynomial 

regression model. A high-degree polynomial regression model can result in a much better fit for 

the training data but it generalizes poorly. This can be evaluated by cross-validating the model. 

Figure 4.8 shows an example of a linear regression model 2nd order polynomial regression, and 

300th order polynomial regression model. Here the 300th order polynomial regression model is a 

much better bit to the given data but the model is extremely complex and will not generalize well, 

hence is overfitting the data. For this specific dataset 2nd order polynomial regression model is the 

best option (Géron 2019).  

 

Figure 4.8:  An example of linear regression 2nd order polynomial and 300th order polynomial 
regression showing possible overfitting for 300th order polynomial (Géron 2019). 
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4.2.1.3. Support Vector Regression 

A support vector regression (SVR) model is an extension of a support vector machine 

(SVM). Originally, the SVMs have been created as a classifier and will be described more in detail 

in Section 4.2.2. The SVR models create (n - 1) dimensional linear or non-linear hyperplane 

defined using a kernel or function with bounds placed 𝜖 distance away. An SVR then uses the data 

points outside these bounds to create a model. Figure 4.9 shows an example of a one-directional 

SVR model. The calculations behind creating the hyperplane are described in Section 4.2.2.  

 

Figure 4.9:  A one-dimensional support vector regressor with bounds ϵ. The SVR uses the data 
points more than ϵ distance away from the hyperplane to evaluate an SVR  
(Kleynhans et al. 2017). 

 

4.2.1.4. Random Forest Regression 

Random forest and decision trees are tree-based models that are simple to use and interpret. 

Regression decision trees are rule-based models that split the training data based on various 

splitting rules. The data is split into branches either until the data can no longer be split i.e. upon 
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reaching the terminal node or based on user preference. The predicted output is calculated as a 

mean of the terminal leaf node that an input vector falls into. Figure 4.10 (right) shows a simple 

decision tree regressor. In this decision tree, a variable ROP can be predicted based on 𝑊𝑂𝐵 and 

RPM features. The relationship between 𝑊𝑂𝐵, 𝑅𝑃𝑀 and ROP can be seen in Figure 4.10 (left). 

Figure 4.10 (left) also shows the splits made in the decision tree. For 𝑊𝑂𝐵 = 50𝑁 and 𝑅𝑃𝑀 =250, the decision tree can be followed down to predict 𝑅𝑂𝑃 = 5 𝑚𝑚/𝑚𝑖𝑛. 

 

Figure 4.10:  (left) relationship between 𝑊𝑂𝐵 , 𝑅𝑃𝑀 and ROP with rule splits, (right) Decision 
tree for this data. 

 

The major issues with a decision tree model are its high variance and low generalization. 

A minor change in the dataset can drastically change the predictions. A possible way to work 

around this is by developing a large number of decision trees and combining the results to deliver 

final predictions. This can be achieved by bagging (bootstrap aggregating). In a bagging model, 

the same model is trained on different random subsets of training data with replacement allowing 

the same samples to be used in various training datasets. Once all different prediction models are 

trained, their predictions can be aggregated as an average to deliver the prediction. This averaging 

assists in significantly reducing the variance in the predictions (Géron 2019, James et al. 2013).  

The random forest regression model is a bagging model that creates multiple copies of the 

training data and repeatedly trains the decision tree model with different subsets of the training 
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data with replacement from the original dataset and aggregates them (Burkov 2019). In layman’s 

terms, a random forest model used the concept of the wisdom of crowds by creating a large number 

of prediction models and aggregating their output. At each tree split in the random forest model, 

only a random sample of the input features are considered to create the split. This decorrelates the 

decision trees by forcing them to consider different features for each split, creating a significant 

reduction in variance (James et al 2013). This also helps deal with correlated input features.  

4.2.1.5. Evaluating the performance of a regression model 

Once a regression model is trained, its performance has to be evaluated to identify the 

applicability of the model. Several statistical methods are available to evaluate the variance or 

accuracy of a model. For the regression models evaluated here, three main performance metrics 

were evaluated (Swalin 2018):  

• Root Mean Squared Error (RMSE) 

Mean squared error is the most commonly used metric to evaluate the performance of a 

regression model. RMSE for any model can be calculated using this equation:  

 𝑅𝑀𝑆𝐸 = √1𝑛 ∑(𝑦𝑖 −  𝑦�̂�)2𝑛
𝑖=1  (4.5) 

Here, 𝑦𝑖 is the actual value at 𝑖𝑡ℎ observation, 𝑦�̂� is the prediction at 𝑖𝑡ℎ observation and n 

is the total no of predictions. If the predictions are close to the actual values, RMSE will 

be small and large if the predictions are farther from the actual values. It is an absolute 

measure of the goodness of the fit.  

• Mean Absolute Error (MAE) 
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Mean Absolute Error (MAE) is similar to the Mean Squared Error. Equation 4.6 can be 

used to calculate MAE. The biggest difference between MAE and MSE is that MSE 

penalized large errors by square whereas MAE treats all errors equally.  

 𝑀𝐴𝐸 = 1𝑛 ∑|𝑦𝑖 −  𝑦�̂�|𝑛
𝑖=1  (4.6) 

 

• R2 and Adjusted R2 

R2 estimates the variability in the predictions based on the input features. R2 can be 

interpreted as the percentage of variance in the output explained by a regression model. It 

can be calculated using Equation 4.7.  

 𝑅2 = 1 −  ∑ (𝑦𝑖 −  𝑦�̂�)2𝑛𝑖=1∑ (𝑦𝑖 −  �̅�)2𝑛𝑖=1  (4.7) 

 

As shown in the equation above, R2 is calculated using the sum of the prediction error by 

the sum of variance from the mean of actual values. The R2 has a range (0, 1), the higher 

the number, the better the lower the prediction variance is compared to actual variance (Wu 

2020). Adjusted R2 penalized a model for the number of input features added. This helps 

minimize overfitting. It increases if a useful feature is added and decreases if the input 

features are not useful (Swalin 2018).  

The first step to evaluate the regression model was to select the correct metric. Ford (2015) 

demonstrates arguments against using R2 or adjusted R2 to evaluate a regression model based on 

the arguments made by Shalizi (2015). The main arguments against using R2 are that variance in 
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the input features severely reduces R2, even when the model is accurate and R2 can be arbitrarily 

close to 1 for a completely wrong model based on the variance in the data. Shalizi (2015) argues 

for the use of RMSE over R2 because of the latter’s inability to explain prediction error and 

confidence intervals for the predictions.  

Since the drilling data to be used for training and testing the models is noisy and has high 

variance, R2 might not be the best metric for evaluating the models. Hence, RMSE is used as the 

evaluation metric to compare the results of regressions.  

4.2.2. Classification models 

Classification algorithms are used to predict qualitative outputs. Such algorithms learn 

from the training data to predict a class. For the pattern-recognition algorithm, two classification 

algorithms are used: a binary classification algorithm to identify the rigstate and a multi-label batch 

classification algorithm to detect auger choking, identify layer boundaries, and porosity type 

detection. In total, three classification algorithms were tested. Artificial neural networks will be 

described separately in Section 4.2.3.  

4.2.2.1. Random Forest Classification 

Random forest classification models are similar to the random forest regression models 

with a major difference. For classifications, the predicted class is identified based on the most 

commonly occurring class in a leaf-node. Figure 4.11 shows an example of a classification 

decision tree used to decide if someone should or shouldn’t go hiking on a given day.   
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Figure 4.11:  A rule-based decision tree used to decide whether go hiking on a given day. 
(Reinders et al. 2019) 

 

4.2.2.2. Support Vector Machines 

Support vector machines are one of the most popular classification methods in machine 

learning. A support vector classifier (SVC) uses a soft margin classifier which creates an (n-1) 

dimensional hyperplane between the classes with n features. Unlike a maximum-margin classifier, 

soft-margin classifier some features to be on the wrong side of the margin or hyperplane (James et 

al. 2013). Figure 4.12 shows an example of a maximum margin hyperplane (left) and a soft-margin 

hyperplane (right) to classify blue and purple data points. Here, for two-dimensional data, the 

hyperplane is a line. A p-dimensional soft margin hyperplane is defined in Equation 4.8.  

 𝑦𝑖(𝑚0 + 𝑚1𝑥𝑖1 + 𝑚2𝑥𝑖2 + ⋯ + 𝑚𝑝𝑥𝑖𝑝) ≥ 𝑀 (1 − 𝜖𝑖)  (4.8) 
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Here, M is the margin, 𝑥1, 𝑥2, … , 𝑥𝑛 are training observation, 𝑦1, 𝑦2, … , 𝑦𝑛 are class labels 

converted to numerical values {−1,1} based on its location with respect to the hyperplane, 𝜖1, 𝜖2, … , 𝜖𝑛 (𝜖𝑖 > 0, ∑ 𝜖𝑖 = 𝐶) are slack variables that allow the individual data point to be on the 

wrong side of the margin or hyperplane, and C is the tuning parameter. (James et al. 2013).  The 

SVC algorithm calculates coefficients 𝑚0, 𝑚1, … , 𝑚𝑝 in Equation 4.8 that maximize M.  

 

Figure 4.12:  (left) Maximum margin hyperplane (solid line) where the hyperplane is designed 
such that no data points are allowed to cross the margins (dashed lines), soft margin 
hyperplane (right) allows data points to cross the margin or even the hyperplane  
(James et al. 2013). 

 

Figure 4.11(right) shown an example of SVC with linear boundaries, however, if the 

dataset contains a more complex relationship, a non-linear boundary has to be conducted. This can 

be achieved using kernel functions. A kernel function quantifies the similarities of two 

observations. For example, a simple linear kernel for observations 𝑥𝑖 𝑎𝑛𝑑 𝑥𝑖′ is described in 

Equation 4.9(a) whereas Equation 4.9(b) shows an example of a polynomial kernel of degree d 

and Equation 4.10 describes the overall SVM classifier with kernel function (James et al. 2013).  
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 𝐾(𝑥𝑖, 𝑥𝑖′) =  ∑ 𝑥𝑖𝑗𝑥𝑖′𝑗𝑝
𝑗=1   (4.9a) 

 𝐾(𝑥𝑖, 𝑥𝑖′) = (1 +  ∑ 𝑥𝑖𝑗𝑥𝑖′𝑗𝑝
𝑗=1  )𝑑

 (4.9b) 

 𝑓(𝑥) = 𝑚0 +  ∑ 𝛼𝑖𝐾(𝑥𝑖, 𝑥𝑖′)𝑝
𝑖  (4.10) 

Other commonly used types of kernels are radial basis function (RBF) and sigmoid.  

4.2.2.3. Evaluating the performance of a classification model 

The performance of a classification model can be evaluated using a confusion matrix. A 

confusion matrix counts the number of times a class 1 is correctly predicted as 1 and the number 

of times it has been wrongfully predicted as class 0. Table 4.1 shows a binary confusion matrix.  

Table 4.1: Confusion Matrix for Binary classification 

 Actual 

Predicted 

 Class 1 Class 0 

Class 1 True Positive (TP) False Positive (FP) 

Class 0 False Negative (FN) True Negative (TN) 

 

Based on this confusion matrix, three classification evaluation metrics can be calculated.  
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• Recall 

Recall is defined as the number of positive classes predicted accurately and can be 

calculated using Equation 4.11 (Géron 2019).  

 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (4.11) 

• Precision 

Precision is defined as the percentage of positive classes out of the total accurately 

predicted classes and can be calculated using Equation 4.12 (Géron 2019).  

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 + 𝑇𝑁 (4.12) 

• 𝐹1-Score 

The 𝐹1-Score combines precision and recall. It is a harmonic mean of precision and recall 

and can be calculated using Equation 4.13. The 𝐹1-Score will be high if both precision and 

recall are high (Géron 2019). 

 𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙  (4.13) 

For the final evaluation of classification algorithms, 𝐹1-Score was used as the evaluation 

metric.  

4.2.3. Artificial Neural Networks 

Over the years, many algorithms such as particle swarm optimization, ant colony 

optimization, and many more have been developed taking inspiration from nature. Artificial 

Neural Network (ANN) is one such method inspired by nature. Initial development of ANNs was 

done taking inspiration from the brain’s architecture though the ANNs used right now share little 
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similarity with its inspiration (Géron 2019). ANNs are one of the most versatile algorithms used 

both as regression and classification models. Perceptrons are simple ANN architectures that use 

quantitative inputs with weights to estimate outputs. A threshold logic unit (TLU) or linear 

threshold unit (LTU) is a neuron node that combines the weights and the inputs and applies a step 

function to the weighted sums of inputs to get an output. In addition to that, a perceptron also 

includes a bias neuron and a pass-through input neurons.  Figure 4.13 shows a simple perceptron 

architecture with one TLU, inputs, and outputs.  

 

Figure 4.13:  (left) a single layer perceptron diagram with Inputs, outputs, and TLUs. Each TLU 
connects to all inputs making it a dense layer, (right) a multi-layer perceptron 
diagram (Géron 2019). 

 

Mathematically, the outputs for this perceptron can be calculated using Equation 4.14. 

 𝑦𝑤,𝑏(𝑋) =  𝜑(𝑋𝑊 + 𝑏) (4.14) 

Here, X is the input matrix, W is the connection weights, b is the weights between bias 

neutron, and all other neutrons and 𝜑 is the activation function for all neurons except TLU for 

which it is the step function. The neural network is trained using a modification to Hebb’s rule, 

which can be interpreted as the weight between two neurons increases proportionally to the product 

of input and output.  A perceptron uses this rule in learning, with an additional term that increases 
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weights for the connection that reduces error. Even though, a single perceptron is incapable of 

solving complex problems, stacking multiple perceptrons can help develop models for the complex 

data structure. Figure 4.13 (right) shows a multi-layer perceptron (MLP) model with one hidden 

layer of TLU and an output TLU layer. An MLP with the large number of hidden layers is called 

a ‘Deep Neural Network’. Cheng et al. (2016) proposed a ‘Wide and Deep Neural Network’ shown 

in Figure 4.14. The wide model which uses a liner structure and applies the input features directly 

to the output captures straightforward interactions between the features whereas the deep neural 

networks generalize well and capture the subtle interaction between features. Combining both of 

these models can help improve the accuracy of the ANN model and develop a more robust model.  

 

Figure 4.14:  A diagram showing a Wide and Deep Neural Network. The left side of the diagram 
shows a wide model that stores the obvious interactions between the features and 
the deep neural network on the right stores the subtle interactions (Cheng et al. 
2016) 

 

For this study, both a simple MLP and Wide and Deep Neural Networks were evaluated. 

4.2.4. Lunar Material Characterization while Drilling Algorithm Architecture 

Figure 4.15 shows the final architecture of the ‘Lunar Material Characterization while 

drilling’ algorithm. The final algorithm is split into five functions:  

Wide Model 

Deep NN 
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• Data processing: This function takes raw drilling data at 1000 Hz, uses a lowpass filter to 

reduce noise, remove outliers, resamples the data at 10 Hz, and smoothens the data.  

• Drilling state classifier: This binary classification algorithm takes processed drilling data 

as input and outputs rigstate class. Rigstate class 0 corresponds to non-drilling data and 

class 1 corresponds to drilling data. The processed non-drilling data is removed from the 

processed data.  

• Torque Model: This regression model uses the processed drilling data to predict torque and 

calculate Mechanical Specific Energy (MSE).  

• Batch classifier: This step takes the entire drilling data set with torque and MSE to estimate 

a batch classifier. This classifier is then split into three classifiers: choking, layer, and 

porosity. Choking classifier indicates if auger choking is present or not (choking classifier 

is ‘True’ if auger choking is present and ‘False’ if it is not present). The layer classifier 

indicates if the layer is within 5mm (layer classifier is ‘True’ if the layer is within 5mm 

and ‘False’ if the layer is not within 5mm) and the porosity classifier identifies if the sample 

is low-porosity (porosity classifier is ‘True’ if the sample is low-porosity and ‘False’ if the 

sample is high porosity). Table 4.2 shows the conversion from batch class to individual 

class.  
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Figure 4.15: Overall Architecture of the Lunar Material Characterization while Drilling Algorithm. 

 

Table 4.2: Conversion from batch class to choking, porosity and layer class and vice-versa 

Class Choking Layer Porosity 

0 False False False 

1 True False False 

3 False True False 

4 True True False 

5 False False True 

6 True False True 

8 False True True 

9 True True True 
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• UCS Model: This is the last part of the algorithm. All processed and data predicted so far 

is used as an input for this model. The entire dataset is used to calculate UCS which is the 

output.  

This approach was used to split up a complex problem like UCS estimation to small 

problems and regression or classification models were developed for each of the functions 

mentioned above. This resulted in the streamlining of the problem and the development process.  

This entire algorithm was developed in Python using open source libraries like pandas, 

SciPy, sklearn, Keras, and TensorFlow. Pandas is commonly used to load a data set and allows 

users to manipulate tables and time-series.  Pandas is also used to find and calculate mission data, 

dealing with categorical variables, and understanding basic statistics of the dataset (Pandas 

documentation 2020). SciPy is a library commonly used for interpolation, joint-time frequency 

analysis, signal processing, and outlier detection (SciPy documentation 2020). Scikit-learn or 

sklearn is an open-source machine learning library. Regression and classification models like 

random forest, support vector, polynomial, and linear methods can be trained and tested using 

sklearn. This library can also be used to evaluate the models created allowing the user to select 

various regression or classification metrics. TensorFlow is a machine learning interface commonly 

used with Keras to create and evaluate neural networks. Keras uses TensorFlow as backend and 

simplifies the processes of making deep neural networks ensuring optimum numerical computation 

(Keras documentation 2020 and Tensorflow documentation 2020).  

The random forest required extensive tuning of hyperparameters like the number of 

decision trees, minimum samples in the terminal leaf-nodes, and maximum features considered for 

the split at each node (Random forest documentation 2020). The neural networks also required 

extensive fine tuning of hyperparameters like the number of hidden layers, number of neurons in 
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the hidden layers, and learning rate for the model. This tuning is vital in identifying an optimum 

model. Scikit-learn contains inbuilt functions like GridSearchCV which can be used to build 

models with a range of parameters, train these models on the training data, and conduct ‘k-fold 

cross validation’ of the model. In cross-validation, a model is trained on a subset of the data and 

tested on the rest of the data. For ‘k-fold cross-validation’ this process is repeated ‘k’ times over 

the same data set. The GridSearchCV function returns the scores of each of the models based on 

the metric selected and the runtime. The optimum hyperparameters are selected as a tradeoff of 

accuracy and runtime. The models with optimum hyperparameters were then re-tested to identify 

their efficiency and the accuracy metric for each of the models were compared to find the best 

model to be used for the final ‘Lunar Material Characterization while Drilling Algorithm’. 
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CHAPTER 5 

TESTING PROGRAM AND EXPLORATORY DATA ANALYSIS 

The last step before building the ‘Lunar material characterization while drilling algorithm’ 

is to acquire high-frequency drilling data. After preparing the analog and cryogenic samples as 

discussed in Chapter 3, an extensive testing program was developed to acquire sufficient drilling 

data with different bit types and sample types. This chapter describes the testing program, testing 

procedure, exploratory data analysis, and drilling parameter tests.   

5.1. Test Matrix 

The initial plan of this study was to conduct 30 analog drilling tests and three cryogenic 

drilling tests to evaluate the performance of the ‘Lunar Material Characterization while drilling 

algorithm’. The initial plan was to use the analog drilling data to train, validate, and test an 

algorithm and then apply it on cryogenic drilling data to show its application for drilling at lunar 

conditions. This initial testing program was extended to include high-porosity analog and 

cryogenic samples and more extensive low-porosity testing. Table 5.1 describes the sample type 

and the number of tests conducted. Here, low-porosity block 2, low-porosity block 3, all high-

porosity cellular concrete samples, and two of the low-porosity cryogenic tests were conducted in 

layered samples. The specifications and dimensions for each of these samples have been discussed 

in Chapter 3. These tests provided a wide range of drilling data for various subsurface conditions, 

drilling parameters, noise in the data, and drilling dysfunction giving the pattern-recognition 

algorithm sufficient data to create a robust model.  
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Table 5.1: Description of sample type and number of tests conducted 

 Sample Type 
Boreholes 

Drilled 

Low-porosity analog 

Low-porosity analog block 1 18 

Low-porosity analog block 2 9 

Low-porosity analog block 3 20 

High-porosity analog 

High-porosity cellular concrete A 4 

High-porosity cellular concrete B 4 

High-porosity cellular concrete C 4 

High-porosity cellular concrete D 4 

High-porosity cellular concrete E 4 

Low-porosity Cryogenic Low-porosity aqueous icy 8 

High-porosity Cryogenic 

High-porosity aqueous icy 6 

High-porosity unfused granular icy 3 

High-porosity fused granular icy 3 

Total 87 

 



101 
 

5.2. Testing Procedure 

The testing procedure for the drilling tests was developed over the first few boreholes on 

the low-porosity analog block 1 and modified for each of the samples based on real-time 

observation. The procedure used for the drilling tests is as follows: 

• Identify the borehole location on the sample and move the sample under the frame to place 

the drilling bit directly above the borehole location.  

• If this is the first test of the day, run all control systems measuring the sensor responses to 

make sure all sensors and controls are working properly.  

• Choose a running penetration rate (ROP) and rotary speed based on sample type.  

o ROP between 3 mm/min to 10 mm/min and rotary speed between 10 RPM to 750 

RPM can be selected.  

o High strength or low-porosity sample→ low ROP high RPM 

o Low strength or high-porosity sample → High ROP low RPM 

• Start drilling at lower rotary speed and low ROP to minimize bit wobble while starting the 

borehole. Increase the rotary speed and ROP to target once 25 mm of the borehole is drilled. 

This creates a stable borehole before using higher rotary speed and ROP.   

• After reaching the target rotary speed and ROP, continue drilling at the same control 

parameters for the rest of the borehole depth.  

• Pull the drill bit out of the borehole after drilling every 150 mm of the borehole to cool the 

bit down. Keep rotating the bit while pulling it out of the borehole and lowering the bit 

down in the borehole to clean the cuttings accumulated around the bit. Store the drilling 

data while the bit cools down.  

• Keep drilling to the target borehole depth, pulling the drilling bit out, and storing the data.  
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• The target borehole depth is dependent on the sample being drilled and ranges from 180 

mm to 450 mm.  

• Once the target borehole depth is reached, pull the drill bit out of the borehole, move the 

sample to the next borehole location, and start the next test.  

Based on the setup described in Chapter 3, the tests had only two control parameters, rate 

of penetration (ROP) and rotary speed. Section 5.4 describes the control parameter tests conducted 

in the initial stages to better understand the effect of each of these control parameters on other 

drilling parameters. Generally, both these control parameters were kept constant to better 

understand the drilling responses for a specific sample unless some observed drilling issues which 

requires an alteration in the control parameters. Table 5.2 describes some of the issues observed 

during the tests and the steps taken to minimize these issues in real-time.   

Table 5.2: Major drilling issues observed during the test and steps to mitigate them 

Drilling Issue Mitigation steps 

High bit wobble while starting a 

borehole 
Decrease the rotary speed till the wobble stabilizes 

Excessive lateral vibration Decrease the rotary speed or increase ROP 

Excessive weight on bit (WOB) Increase rotary speed and decrease ROP 

High borehole tortuosity or 

bending of the bit in the 

borehole 

Decrease ROP 
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Table 5.2 (continued): Major drilling issues observed during the test and steps to mitigate them 

Borehole collapse around the 

bit 

Pull the bit out of the borehole with high rotary speed 

and push it back in the borehole with high rotary speed. 

This will clear out some of the cuttings from the borehole 

Stuck drill bit 

Try rotating the bit at extremely high rotary speed (1000 

RPM) for a second in an attempt to create jerk motion 

which might loosen the bit up. If the bit doesn’t rotate, 

push the bit down and pull it up at high ROPs to create 

axial jerks that may shake the bit loose. 

 

5.3. Control parameter analysis 

As discussed in the previous section, the control parameters need to be optimized to ensure 

efficient test operations. A wrong selection of ROP or rotary speed can result in excessive 

vibrations, tortuous borehole, or excessive auger choking. A study was undertaken to better 

understand the impact of ROP and rotary speed on response parameters like WOB and N-FPI. 

Since these responses might change significantly with bit type, the study was conducted with all 

three bits used for drilling tests.  

5.3.1. ROP analysis 

For this analysis, the rotary speed was kept constant at 600 RPM and the penetration rate 

was changed. The target ROP was reduced for bit 1 from 12 mm/min to 7.5 mm/min due to 

excessive auger choking above 5 mm/min, this is apparent the sudden increase in WOB above 

5mm/min as shown in Figure 5.1(a). Figure 5.1(b) and (c) show the variations in WOB and N-FPI 
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for bit 2 and bit 3 respectively. For both of these, the ROP was changed from 2.5 mm/min to 12 

mm/min. As shown in the plots, there was some difficulty in keeping ROP consistent for bit 2 and 

bit 3 however the overall ROP trend does show that the ROP was increasing during the tests. The 

high variance in ROP and WOB for bit 2 and bit 3 indicate cutting accumulation at the bottom of 

the borehole which is being moved as the bit goes down. The lower deviation in WOB with a 

change in ROP indicates that bit 2 and bit 3 are more efficient at moving the cuttings out of the 

borehole even at higher ROP.  

  

Figure 5.1:  ROP test conducted for bit 1 (a), bit 2 (b), and bit 3(c). These tests indicate that for 
bit 1, 5 mm/min is the optimum ROP whereas bits 2 and 3 can handle up to 10 
mm/min ROP. Based on these tests, test ROP of 5 mm/min and 10 mm/min were 
selected for low-porosity and high-porosity samples respectively. 

 

5.3.2. Rotary speed analysis 

Understanding the effect of rotary speed on other drilling parameters is just as important. 

High rotary speed can cause excessive drilling vibrations affecting the efficiency of the drilling 
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operation and low rotary speed can cause affect cutting transport resulting in cutting accumulation 

around the bit. This was apparent during the rotary speed tests. For these tests, ROP was kept 

constant at 5 mm/min and the rotary speed was changed from 300 RPM to 900 RPM. Figure 5.2 

(a) shows that under 450 RPM, the WOB keeps increasing. This indicates excessive cutting 

accumulation around the bit. Above 450 RPM, as rotary speed increases, the WOB decreases, 

which indicates that the borehole is being cleaned properly. The WOB again increases drastically 

above 700 RPM. This is due to excessive lateral vibrations. Similar behavior can be seen in Figure 

5.2 (b) and (c) showing WOB variation in bit 2 and bit 3. For both of these bits, as rotary speed 

increases, WOB decreases due to improvement in the cutting transport capability. Based on this, a 

test rotary speed of 600 RPM was chosen.  

 

Figure 5.2: Rotary speed test results for bit 1 (a), bit 2 (b), and bit 3 (c). 
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5.4. Description of the dataset 

Before training a regression or classification algorithm, it is vital to explore the drilling 

dataset. A detailed analysis was conducted to better understand the statistics of the dataset. The 

focus of this study was to better understand the changes in formation response parameters like 

WOB, torque, Normalized- Field Penetration Index (N-FPI), and Mechanical Specific Energy 

(MSE) as the formation changes. Such a study is vital in selecting the correct algorithms for the 

machine learning study.  

5.4.1. Statistical Description 

Figure 5.3 compares histograms for N-FPI, for (a) Low-porosity block 1 (LPB1), (b) low-

porosity block 2 layer 1 (LPB2), (c) low-porosity block 3 (LPB3), (d) high-porosity cellular 

concrete A (HPCC-A), (e) low-porosity cryogenic aqueous icy sample (LPC-A), (f) high-porosity 

cryogenic aqueous icy sample (HPC-A), (g) high-porosity cryogenic unfused granular icy sample 

(HPC-UG), and (h)  high-porosity cryogenic fused granular icy sample (HPC-FG). The histograms 

for WOB, MSE, and torque for all samples are shown in Appendix A. 

Table 5.3 shows the statistical description of N-FPI for one borehole in each sample. From 

both of these, it should be noted that N-FPI for most blocks is not normally distributed. The 

skewness for most of the blocks is positive indicating a right-skewed data. Kurtosis of N-FPI most 

of the samples is positive indicating a high-tailed distribution but as Table 5.3 shows, for most 

samples, kurtosis is low, indicating that the N-FPI for the samples doesn’t contain a large number 

of outliers. 
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Figure 5.3: N-FPI histograms for samples. 

 

The N-FPI decreases significantly from LPB1 to HPC-FG or as the sample strength 

decreases. This shows that N-FPI might be a good indicator of UCS as it directly gets affected by 

the strength of the sample. Comparing mean N-FPI of low-porosity analog samples (LPB1, LPB2, 

and LPB3) is comparable to the N-FPI of the low-porosity cryogenic samples, indicating that the 

analog samples might be a good representation of the low-porosity cryogenic sample whereas the 

mean N-FPI of the high-porosity analog samples (HPCCA, HPCCB, HPCCC, HPCCD, HPCCE) 

are not comparable to the N-FPI of the high-porosity fused and unfused samples, indicating that 

the high-porosity analog samples might not be a good representation of the cryogenic granular icy 

samples. This will be explored further in the next section.  
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Table 5.3: Statistical description of N-FPI from a borehole in each sample. 

Sample 
Drilling 

time (s) 
Mean Median Mode 

Standard 

Deviation 
Kurtosis Skewness 

LPB1 4158  213.99 217.73 163.77 30.90 1.30 0.92 

LPB2 1079 109.41 93.10 47.24 49.67 -0.24 0.88 

LPB3 3860 279.36 242.16 97.98 126.96 4.93 2.01 

HPCCA 1550 235.10 235.03 137.82 31.11 -0.11 -0.02 

HPCCB 1430 183.24 155.97 99.18 56.62 -0.98 0.65 

HPCCC 1415 205.65 200.92 2.18 65.86 0.25 0.54 

HPCCD 1430 183.42 181.42 132.61 20.37 0.61 0.65 

HPCCE 1450 70.72 70.26 51.99 6.04 0.24 0.43 

LPC-A 1635 122.30 123.63 32.06 27.07 2.44 -0.97 

HPC-A 1360 96.51 87.45 11.06 47.33 0.01 0.68 

HPC-U 690 11.12 10.77 10.06 2.44 2.63 1.37 

HPC-F 760 12.20 11.81 7.98 1.42 -1.41 0.27 

 

Figure 5.4 shows the effect of WOB, N-FPI, Torque, and MSE on UCS. There seems to be 

low or non-linear correlation between UCS and other drilling parameters. As WOB increases, UCS 

does seem to decrease initially and then increases. This is explored more in detail in the next 

section as well.  
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Figure 5.4:  WOB, Torque, N-FPI, and MSE variations with UCS. The figure shows that a 
simple linear relationship might not exist between these parameters and UCS. 

 

5.4.2. Exploratory data analysis 

Looking deeper at the relationship between various drilling parameters can be essential in 

helping streamline the process to develop the pattern-recognition algorithm. Figure 5.5 shows the 

mean N-FPI of all boreholes in each analog sample vs UCS. Here, the black trend line represents 

the data for the low-porosity analog samples and the red trendline represents the data for the high-

porosity analog samples. From this figure, it is clear that a simple multiple regression model 

between N-FPI and UCS will not work accurately since the data is not linearly correlated. 

However, the figure does show that N-FPI does directly impact UCS.  
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Figure 5.5:  Comparing mean N-FPI and UCS for all low-porosity (black) and  
high-porosity (red) samples. 

 

A similar analysis conducted between WOB and UCS is shown in Figure 5.6. Just as N-

FPI, WOB is correlated differently for low-porosity and high-porosity samples, increasing with 

increasing UCS for low-porosity samples and decreasing minutely with increasing UCS for high-

porosity samples. This is counterintuitive as with constant ROP and RPM, WOB should increase 

with increasing UCS. A possible reason for this might be the effect of porosity on cutting transport. 

The cutting transport efficiency during drilling can be direly impacted by bit design, RPM, the 

radial clearance between the bit and the borehole, and friction between cuttings and bit auger. For 

the high-porosity samples, the porosity might cause the effective radial clearance to be 

significantly higher than clearance for a low-porosity sample. This causes cuttings dropping-off 

from the auger resulting in excessive auger choking which in turn causes WOB to increase. As the 
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sample porosity decreases, the cutting transport efficiency increases, requiring low WOB required 

to drill through the sample.  

 

Figure 5.6:  Comparing mean WOB and UCS for all low-porosity (black) and  
high-porosity (red) samples. 

 

This analysis confirms that the relationship between various drilling parameters and UCS 

is not straightforward. Simplistic models like linear regression or polynomial regression will not 

be accurate in predicting UCS. Interactions between quantitative parameters and qualitative 

parameters will be vital in building an accurate model. This analysis showed that qualitative factors 

like porosity type, presence of layer boundary, the presence of auger choking will impact UCS and 

have to be included in the model.  

This data can also be used to confirm if the analog samples were a good representation of 

the cryogenic samples. This can significantly affect the efficacy of using analog data in the training 
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dataset. Figure 5.7 compares the N-FPI for the low-porosity analog samples (blue) and aqueous 

low-porosity cryogenic samples (black) with the represented water content by weight percentage 

(for analog samples) and actual water-content by weight percentage (for cryogenic samples). From 

the figure, it is apparent that the trend of N-FPI with water-content by wt % is similar for analog 

and cryogenic indicating that the low-porosity sample is a good representation of the aqueous low-

porosity sample and can be used to train the pattern-recognition algorithm for the cryogenic 

samples.  

 

Figure 5.7: Comparing N-FPI for the aqueous low-porosity sample at cryogenic condition and 
analog low-porosity sample to the water content by wt %. 

 

A similar analysis conducted for the high-porosity cryogenic and analog samples is shown 

in Figure 5.8. The figure compares the trend of N-FPI with water content by wt% for the high-

porosity analog samples (green) with high-porosity aqueous icy sample (orange), unfused granular 

icy sample (red), and fused granular icy sample (black). Unlike the low-porosity samples, the trend 

for the analog is not comparable with the trend for cryogenic samples. There are two possible 

explanations for this: 
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• The method used to calculate water-content for the high-porosity analog samples is 

incorrect. The water-content for a sample is calculated based on the UCS-water content 

model developed earlier. However, these tests were conducted for low-porosity aqueous 

icy cryogenic samples and the model developed might have to be updated for high-porosity 

samples. Updating this model is outside the scope of this work and might be done in the 

future.  

• The high-porosity analog sample is not a good representation of the high-porosity 

cryogenic samples.  

 

Figure 5.8:  Comparing N-FPI for the high-porosity sample at cryogenic condition and analog 
high-porosity sample to the water content by wt %. 

 

Either of these reasons for this deviation of high-porosity analog samples from the 

cryogenic samples makes the data for this analog sample unsuitable to train and predict cryogenic 
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samples directly. The algorithms developed were trained with both analog and 50% of cryogenic 

data to resolve this issue.  

A closer look at Figure 5.8 also shows that for high-porosity samples, there is a large 

difference between the aqueous and granular form of water-bearing regolith. Among the high-

porosity aqueous icy samples, the N-FPI doesn’t show a significant change as water content 

increases. This was expected as the sample was uncompacted. This behavior is also replicated by 

the unfused and fused granular icy samples.  Figure 5.9 shows a zoomed-in view of Figure 5.8. 

This shows that the N-FPI required to drill fused samples was slightly higher than the N-FPI 

required for the unfused samples. This observation combined with the pressure and temperatures 

measured while making the fused samples (Figure 3.20) indicates that the process used to create 

fused samples indeed worked for different water contents.  

 

Figure 5.9:  Comparing N-FPI for fused and unfused samples indicates that the strength for the 
fused sample has increased pointing towards a successful recreation of this form of 
sample. 



115 
 

 

Another possible indication of the fusing process was observed during drilling tests. Both 

the shaved ice and lunar simulant grains used to make these samples were extremely fine. 

However, as Figure 5.10 shows the cutting grains were larger. Further observations showed that 

these large grains were simulant particles bound by water and frozen. Two possible reasons for 

this are: ice grains melting due to drilling heat and re-freezing while being transported out of the 

borehole or the water-ice grains in the sample fused with the regolith simulant grains. The most 

likely reason for this clustering of fine regolith grain is a combination of both mechanisms.  

 

Figure 5.10:  Cutting accumulation on the surface post drilling of fused samples contain grain 
clusters with water-ice binding fine regolith grains. 

 

The key takeaways from the exploratory data analysis are: 
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• ROP and rotary speed tests showed that ROP of 5 mm/min and 600 RPM are optimum for 

different drill bits.  

• Most drilling parameters have a narrow, skewed distribution without a small number of 

outliers.  

• Due to the complex nature of drilling and interactions between different drilling 

parameters, simplistic algorithms like linear regression, polynomial regressions, and 

decision trees are not suitable solutions.  

• The low-porosity analog samples show a similar trend as the cryogenic sample and will 

offer a good representation of the drilling behavior in icy regolith. However, the high-

porosity analog sample will not be a suitable representation of the high-porosity cryogenic 

data. 

• The increased N-FPI, increased pressure, and visual analysis of the cuttings indicate that 

the procedure used to make the fused granular ice samples have worked.   
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CHAPTER 6 

RESULTS AND DISCUSSIONS 

The exploratory analysis described in the previous chapter was essential in streamlining 

the ‘Lunar material characterization while drilling algorithms. The algorithm architecture was 

detailed in Chapter 4 and the schematic of this architecture can be seen in Figure 4.14. The 

algorithm contains five modules: processing, drilling state classifier, torque model, batch classifier, 

and UCS model. These five modules work in tandem to create a robust algorithm. A sixth module 

to classify the form of water-ice bearing lunar regolith simulant was added specifically for 

cryogenic tests. Chapter 4 described the processing module in detail. This chapter describes the 

development of the rest of the modules. The architecture of the final algorithm is summarized and 

the versatility of the final algorithm is proved on different cryogenic samples. This chapter also 

includes a brief discussion of the applicability of vibration data to identify geotechnical properties.   

6.1. Algorithm development 

For each of the modules in the pattern-recognition algorithm, first, a small sample of the 

dataset (1% of the data from each sample) was used to rapidly train and test all algorithms with 

various hyperparameters. All developed algorithms were cross-validated with three-fold cross-

validation.  These rapid prototyping tests allowed for a quick comparison of the performance of 

various algorithms for a range of hyperparameters. These tests also helped streamline the algorithm 

development by generating feature importance plots. These tests narrowed down the possible 

algorithms and hyperparameters for the next stage of training and testing with 15% of the data 

from each sample. This second stage of testing was only conducted to evaluate the accuracy of the 

model with a significantly larger dataset. The final model was selected based on the performance 

of the model with the large dataset.  



118 
 

6.1.1. Drilling State Classifier 

The first module used in the algorithm is the drilling state classification algorithm. This is 

a binary classification algorithm differentiating between drilling (class 1) and non-drilling (class 

0). As discussed in Chapter 4, a drilling state label was added while processing raw data. Drilling 

parameters used for training are weight on bit (WOB), bit position or borehole depth, penetration 

rate (ROP), normalized-field penetration index (N-FPI), and rotary speed (RPM). In the first run, 

1% of the raw data from each test sample was picked randomly and combined. This resulted in a 

prototype dataset with 1.36 million rows of drilling data, each row with six columns. This 

prototype dataset was further split into 70% training data (956,000 rows) 20% validation data 

(274,000 rows) and 10% blind test data (137,000). This dataset was then used to train random 

forest (RF), wide and deep neural network (WDNN), and support vector classifier (SVC) models. 

The algorithm and the hyperparameters evaluated are shown in Table 6.1.  

Table 6.1: Summary of the hyperparameters evaluated to prototype a drilling state classifier 

Model type Hyperparameter 
Values 

evaluated 
Best value 

Test F1-

score for 

the best 

value 

Wide and 

Deep Neural 

Network 

Number of neurons 10 20, 50, 100 

250, 500 

250 

0.98167 

Number of hidden layers 1 2, 3 2 
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Table 6.1 (continued): Summary of the hyperparameters evaluated to prototype 
 a drilling state classifier 

Random forest 

classifier 

Number of trees 10 20, 50, 100 

200 

100 

0.9899 

Minimum number of 

samples in the terminal node 

1, 3, 5 3 

Support vector 

classifier 

Kernel function Radial basis 

function, 

polynomial 

Polynomial 

function 

0.98216 

Degree (for polynomial) 1 2 2 

 

The model definitions with a parameter grid were fed in a grid-search algorithm with three-

fold cross-validation, the resulting trend of F-1 score of each of the models is shown in Figure 6.1 

and is specified in Table 6.1. Figure 6.1(a) shows the F1-score as the number of neurons increases 

for a neural network, Figure 6.1(b) shows the F1-score as the number of trees increase for the 

random forest, and Figure 6.1 (c) shows the effect of different kernel function on F1-score.  
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Figure 6.1:  Change in training (red), validation (blue), and blind test (black) F1-score of 
classification model with (a) number of neurons, (b) number of trees. 

 

(b) 

(a) 
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Figure 6.1(continued): Change in training (red), validation (blue), and blind test (black) F1-score 
of classification model with (c) kernel function. 

 

Based on Figure 6.1 and F1-score for blind tests, random forest with 100 trees and three 

samples in the terminal node performs the best, neural networks and support vector have similar 

accuracy. However, the run time for the neural network was significantly lower than that of the 

support vector making the neural networks better suited for further analysis. Figure 6.2 shows the 

importance of various input features. From this plot, it is apparent that bit depth is the most 

important feature closely followed by WOB and RPM. From the feature importance plot, it is 

apparent that all drilling parameters are important in predicting the drilling state.  

Based on the prototype testing, a random forest with 100 trees and three samples in the 

terminal node and a WDNN with 250 neurons and two hidden layers were selected for further 

analysis. 10% of the raw data was from each test sample was picked randomly, resulting in 13.7 

million rows of data.  

(c) 
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Figure 6.2: Importance of input features for Drilling state prediction. 

 

The sampled dataset was split into a 70% training set (9.6 million rows), a 20% 

validation set (2.7 million rows), and a 10% blind testing set (1.4 million rows). Both algorithms 

were trained and tested using this data. Figure 6.3 compares the performance of the random 

forest and neural network models on this large dataset. F1 score for both models increases but 

the random forest still consistently outperforms neural network for training, validation, and 

testing.  

 

Figure 6.3: Comparing F1 scores of NN and random forest. Random forest outperforms NN. 
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Thus, the random forest algorithm was deemed to be the best classifier to identify the 

drilling state. The random forest algorithm could be re-trained with 70% of the entire dataset and 

the trained model can be saved for future use. 

The same procedure described above was used for all other modules and will not be 

discussed in as much detail in the subsequent sections.  

6.1.2. Torque Regression model 

As mentioned in Chapter 3, initial tests were conducted on with an inline torque sensor. 

Excessive electromagnetic interference which required more extensive processing made it difficult 

to develop a real-time algorithm without a large computational cost. Thus, a torque regression 

model was developed to estimate torque based on other drilling parameters.  

In total, four regression models were considered initially: multiple linear model, the 

polynomial regression model, random forest regression, and neural network regression model. For 

this analysis, a simplified sequential model was preferred over a wide and deep neural network 

model. The exploratory data analysis discussed in Chapter 5 showed that the existence of choking 

and material with different UCS makes it difficult to accurately predict torque with the linear or 

polynomial regression model, hence only sequential neural network and random forest regression 

models were evaluated. Root mean squared error (RMSE) was used as the metric to evaluate the 

performances of the models.  Table 6.2 summarizes the hyperparameters tested in the prototype 

testing and the best results. 

Figure 6.4 (a) shows the impact of the number of neurons on RMSE and (b) shows the 

impact of the number of trees on RMSE. Note the significant change in the error above 100 neurons 

for the neural network whereas the RMSE levels off above 75 trees for the random forest model.  
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Table 6.2: Summary of the hyperparameters tested and the best hyperparameters 

Model 

type 
Hyperparameter Values evaluated 

Best 

value 

Test RMSE-score 

for the best value 

Sequential 

Neural 

network 

Number of neurons 10 20, 50, 100 250, 

500 

100 

0.4060 

Number of hidden layers 1 2, 3 3 

Random 

forest 

Number of trees 10 20, 50, 100 250, 

500 

75 

0.1840 

Min samples in terminal 

lead node 

1, 3, 5 3 

 

 

(a) 
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Figure 6.4: Comparing change in RMSE with (a) number of neurons, and (b) the number of trees. 

 

For the final stage of testing, the random forest algorithms with 75 trees and sequential 

neural network with 250 neurons and 3 hidden layers was developed and tested on 10% of the 

processed drilling dataset. Figure 6.5 compares the performance of the neural network and random 

forest models on an extended dataset. With the larger training dataset RMSE for both models 

decreases. The random forest model remains significantly more accurate than the neural network. 

Hence, the random forest algorithm with 75 trees selected for the final algorithm and retrained 

with 70% of the dataset.  

(b) 
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Figure 6.5:  Comparing RMSE for random forest (RF) and neural network models. The RMSE 
for random forest remains more accurate than neural networks. 

 

6.1.3. Batch Classifier 

Since classes like auger choking, layer boundary, and porosity type interact with each 

other, a batch classifier was created to predict all three classifiers together. The conversion from 

the individual class to batch class and vice-versa was discussed in Section 4.3 and Table 4.2. 

Before algorithm testing could begin, the three individual classes were converted to the batch class, 

and then the data was used for training, validation, and testing. Just as discussed in the drilling 

state classifier section, three classification algorithms were evaluated: support vector classifier, 

random forest classifier, and a wide and deep neural network. Table 6.3 summarizes the 

hyperparameters tested and the best results for each of the algorithms and Figure 6.6 (a), (b), and 

(c) show the training, validation, and testing errors with neurons, trees, and kernel function 

respectively.  
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Table 6.3: Summary of the hyperparameters evaluated to prototype the batch classifier 

Model type Hyperparameter Values evaluated Best value 

Test F1-

score for 

the best 

value 

Wide and 

Deep Neural 

Network 

Number of neurons 10 20, 50, 100 250, 

500 

250 

0.8830 

Number of hidden layers 1 2, 3 2 

Random 

forest 

classifier 

Number of trees 10 20, 50, 100 200 100 

0.9670 Minimum number of 

samples in the terminal node 

1, 3, 5 3 

Support 

vector 

classifier 

Kernel function Radial basis 

function, polynomial 

Polynomial 

function 0.6850 

Degree (for polynomial) 1 2 1 
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Figure 6.6: Comparing F1-score with (a) number of neutrons, (b) number of trees 

(a) 

(b) 
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Figure 6.6 (continued): Comparing F1-score with (c) kernel functions. 

 

From prototype testing, due to their higher accuracy, a random forest classifier with 100 

trees and a WDNN model with 250 neurons and two hidden layers was selected for testing with a 

larger dataset. As Figure 6.7 shows, the random forest model again outperformed the neural 

network and was significantly more accurate than the neural network. Thus, it was selected for the 

final algorithm and re-trained with most of the dataset.  

(c) 
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Figure 6.7:  Comparing the F1 score for the random forest and neural network models. Random 
forest consistently outperforms the neural networks. 

 

6.1.4. UCS Regression Model 

Once the drilling state is identified, with predicted torque and classes, the entire dataset can 

now be used to predict Uniaxial Compressive Strength (UCS).  For this regression model, both the 

random forest and a wide and deep neural network were considered. Table 6.4 shows the 

hyperparameters tested during the prototype testing stage and Figure 6.8 shows the effect of the 

number of neurons (a) and the number of trees (b) on the root mean squared error (RMSE). From 

these results, it is clear that a WDNN with 250 neurons and two hidden layers is significantly more 

accurate than any of the random forest models. From this analysis, a random forest model with 50 

trees and a wide and deep neural network with 250 neurons and two hidden layers was the most 

accurate.  
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Table 6.4: Summary of the hyperparameters tested and the best hyperparameters 

Model type Hyperparameter Values evaluated 
Best 

value 

Test RMSE-score 

for the best value 

Wide and 

Deep Neural 

network 

Number of neurons 10 20, 50, 100 250, 

500 

100 

0.1550 

Number of hidden 

layers 

1 2, 3 2 

Random 

forest 

Number of trees 10 20, 50, 100 200 50 

0.6350 Min samples in 

terminal lead node 

1, 3, 5 3 

 

  

Figure 6.8: Comparing change in RMSE with (a) number of neurons 

(a) 
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Figure 6.8 (continued): Comparing change in RMSE with (b) the number of trees. 

 

Due to the large number of parameters used in the initial testing, understanding feature 

importance was vital in building the UCS algorithm. Figure 6.9 shows the feature importance chart 

for UCS prediction. Here it is clear that choking, torque, and layer boundary do not affect the UCS 

calculations and can be removed from the dataset. This can help streamline and speed up the model.  

 

Figure 6.9: Feature importance for UCS prediction shows that torque, choking class, and layer 
class are not significant in predicting UCS and can be removed from the training 
dataset. 

(b)
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For the last stage of testing, first torque, choking class, and layer class were removed from 

the dataset. The updated data was used to train and validate a random forest model with 50 trees 

and a WDNN neural network model with 250 neurons and 2 hidden layers. Figure 6.10 compares 

the accuracy of both of these models. The neural network model was more accurate than the 

random forest model. Removing the three least important variables decreased the training time by 

30% and developed a much more efficient model which was then re-trained with all of the data 

and prepared for deployment.  

 

Figure 6.10: Comparing the performance of the neural network and random forest models. The 
neural network outperforms the random forest model. 

 

6.1.5. Water-bearing regolith form classifier 

An extension of the processes developed here can be to classify the form of the cryogenic 

sample. Four types of cryogenic samples had been drilled to test the other algorithms: Aqueous 
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icy low-porosity, aqueous icy high-porosity, unfused granular icy simulant, and fused granular icy 

simulant. A new label was added to specify the form of a sample and the same procedure used 

earlier was used to develop a new classification model.  

For prototype testing, random forest classifiers, support vector classifiers, and neural 

network model were created. Figure 6.11 compares the F1-score with the number of neutrons (a), 

the number of trees (b), and kernel function for SVC (c). Here, is it clear that random forest with 

75 trees is the most accurate algorithm, closely followed by the neural network with 250 neurons.  

 

Figure 6.11: Comparing F1-score with (a) number of neurons 

 

(a) 
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Figure 6.11 (continued):  Comparing F1-score with (b) number of trees, and  
(c) SVC kernel function. 

 

 The random forest algorithm with 100 trees and a neural network with 250 neurons was 

re-trained with an expanded dataset. Figure 6.12 shows an F1-score comparison between these 

models. This shows that the random forest algorithm was more accurate and can be used to train 

with the entire dataset and deployed.  

(b) 

(c) 
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Figure 6.12:  Comparing the F1-score of the random forest classifier and neural network 
classifier. The random forest model is more accurate and can be used in the final 
algorithm. 

 

6.2. Summary of the Final Pattern recognition algorithm 

Table 6.5 summarizes the selected algorithms and hyperparameters used for each module 

of the pattern recognition algorithm. It also describes the parameters used as input and output from 

each module.  
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Table 6.5: Details of the modules of the pattern-recognition algorithm 

Module 

name 

Model used Hyperparameters Inputs Outputs 

Processing 

Module 

Low pass filter, modified Z-score outlier detection, resample at lower data 

frequency 

Drilling state 

classifier 

Random 

Forest 

Number of trees = 

100 trees 

Minimum samples 

in the terminal node 

= 3 samples 

Position, 

WOB, 

RPM, 

ROP, N-

FPI 

Drilling state class  

(1: Drilling,  

0: Not Drilling) 

Torque 

Model 

Random 

Forest 

Number of trees = 

75 trees 

Minimum samples 

in the terminal node 

= 3 samples 

Position, 

WOB, 

RPM, 

ROP,  

bit 

diameter 

Torque, MSE 
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Table 6.5 (continued): Details of the modules of the pattern-recognition algorithm 

Batch 

Classification 

Random 

Forest 

Number of trees = 

100 trees 

Minimum samples 

in the terminal node 

= 3 samples 

Position, 

WOB, 

RPM, 

ROP, N-

FPI, 

Torque, 

MSE 

Layer class 

(1: within 5 mm of layer,  

0: farther from a layer) 

Choking class 

(1: auger choking,  

0: no choking) 

Porosity class 

(1: high-porosity,  

0: low-porosity) 

UCS Model Wide and 

Deep Neural 

Network 

No of neurons = 

250 

No of hidden layers 

= 2 

Leaning rate = 

0.005 

Position, 

WOB, 

RPM, 

ROP, N-

FPI, MSE, 

Porosity 

class 

UCS 
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Table 6.5 (continued): Details of the modules of the pattern-recognition algorithm 

Form 

Classification 

Random 

Forest 

Number of trees = 

100 trees 

Minimum samples 

in the terminal node 

= 3 samples 

Position, 

WOB, 

RPM, 

ROP, N-

FPI, MSE, 

Bit 

diameter, 

All classes 

Classification: 

‘Aqueous LP’ 

‘Aqueous HP’ 

‘Unfused HP’ 

‘Fused HP’ 

 

6.3. Testing the ‘Lunar Material Characterization while Drilling’ algorithm 

The ‘Lunar Material Characterization while Drilling’ algorithm was tested using both blind 

test data, kept out from the overall training and validation process, and digital twin data for 

simulated 3D lunar subsurface sample.  This section describes both these tests and their results 

6.3.1. Applying the algorithms on blind test data 

The overall pattern-recognition algorithm was tested by passing a blind dataset created by 

combining all analog and cryogenic data not used for training or validation. Raw data was 

randomly selected from the blind dataset. This blind data contained high-porosity analog, low-

porosity analog, and cryogenic data. 15,000 rows of raw data were sampled from each of the test 

samples.  

Once the data is loaded,  
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• First, the pre-trained drilling state module is loaded and applied to the blind test data. The 

results are shown in figure 6.13 

 

Figure 6.13:  Predicting Drilling state. Out of 60,000 total points, the drilling state is  
accurately predicted for 59966 points. 

• Then the data is used to estimate torque and predict class. Figure 6.14 shows the actual and 

predicted class. 
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Figure 6.14: Actual vs Predicted batch classes. The accuracy for the classification is around 99%. 

 

• Calculate UCS. Figure 6.15 shows the predicted and actual UCS values.  

 

Figure 6.15: Predicted UCS (black) vs Actual UCS (blue). 
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On the first look, Figure 6.15 indicates that the UCS algorithm is not working accurately. 

The variance seems extremely high. However, the result has a sharp distribution. Figure 6.16 

shows a histogram and density plot for all predicted values when the actual UCS was 5.89 MPa.  

 

Figure 6.16: Density plot and histogram for predicted UCS for which actual UCS is 5.89 MPa. 

 
The figure shows that the majority of the predictions were spot on, however, there were 

some outliers. The mean of the prediction coincides with the actual value and has an error of 0.05 

MPa when compared to the actual value. So based on this analysis, Figure 6.15 can be cleaned up 

by plotting the mean of each predicted values vs the actual UCS and as Figure 6.17 shows, the 

mean of the predicted UCS has an average error of 0.33 MPa, proving that the overall ‘Lunar 

Material Characterization while Drilling Algorithms’ is spot on and can handle complex samples.  
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Figure 6.17: Mean Predicted UCS vs Actual UCS. This plot shows that the algorithm  
is accurately predicting UCS. 

 

6.3.2. Applying the algorithms on simulated data 

Another way to test the versatility of the algorithms developed was by using the collected 

drilling and subsurface data to simulate a 3D lunar subsurface model, create multiple digital twins 

using the collected drilling data, UCS of the sample and sample thickness and test the algorithms 

on the digital twins. Using this approach resulted in testing the existing algorithms on a 

significantly more complex system, something similar to what the drills will encounter on the 

Moon. The dataset developed for the digital boreholes exclusively used the entire cryogenic dataset 

and is an excellent representation of possible conditions encountered on the Moon. The process to 

make these models was done in two main part: 

• First, the cryogenic dataset was clustered based on the form of a sample, bit diameter, bit type, 

and UCS. The maximum borehole depth of each bit in each sample was noted. The clustered 

data showed the limitation of depth and sample type for each of the bit.  The example discussed 

here is for bit 3 (19.05 mm diameter, 406 mm bit length). This bit was exclusively used for the 
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fused and unfused granular icy sample with 6% water-content with a maximum depth of 150 

mm. This created a depth limitation for a specific sample. The simulated 3D lunar model was 

designed keeping this specific limitation in mind. The block dimensions were 200 mm × 200 

mm × 200 mm. The block was designed based on layer thickness at the center surface location 

and at each corner, where the five digital twins were created. Figure 6.18 shows different views 

of the block with borehole locations. 

 

Figure 6.18: Different views of the simulated 3D lunar subsurface block. 

 

• Table 6.6 shows the thickness, UCS, and form of each of the layer at a borehole location shown 

in Figure 6.18. 
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Table 6.6:  Formation type, thickness, UCS for each of the boreholes for the sample showed in 
Figure 6.18 

Layer 

No 

Formation 

Type 
UCS 

Borehole 

1 

Borehole 

2 

Borehole 

3 

Borehole 

4 

Borehole 

5 

  MPa Formation 
Thickness, 
mm 

Formation 
Thickness, 
mm 

Formation 
Thickness, 
mm 

Formation 
Thickness, 
mm 

Formation 
Thickness, 
mm 

1 High Porosity 

Fused 6% 
N/A 25 30 40 10 0 

2 High Porosity 

Unfused 6% 
N/A 25 30 0 30 30 

3 High Porosity 

Aqueous 9% 
N/A 25 0 15 15 50 

4 Low Porosity 

Aqueous 9% 
40.00 25 25 45 30 20 

5 Low Porosity 

Aqueous 6% 
22.80 25 5 25 20 15 

6 Low Porosity 

Aqueous 3% 
5.59 25 50 25 30 50 

7 Low Porosity 

Aqueous 6% 
22.80 25 35 25 35 15 

8 Low Porosity 

Aqueous 9% 
40.00 25 15 25 30 20 
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• Creating simulated drilling data for each of these boreholes was another complex process. Liu 

et al. (2018) define a digital twin as “a living model of a physical asset or system, which adapts 

to operational changes based on the collected online data and information”. For the rest of this 

work, a digital twin is defined as a digital wellbore which uses the drilling data collected over 

this study to generate simulated drilling data corresponding to the specified operational 

conditions. The process used to create a digital twin was as follows: 

▪ For a specific digital twin, the layer thickness, formation type, bit diameter, and bit type 

are specified.  

▪ All data corresponding to the specific formation type, start and end depth of the 

formation, and bit parameters if filtered. The formation layer between the start and end 

depth of the layer is split into steps of the thickness of 0.001. The filtered dataset is 

then searched for the specific step depths and all available data within that range is 

averaged out to estimate the drilling data at that specific depth. 

▪ For example: to get the drilling data for the first layer of the borehole 1 drilled with bit 

2, first the cryogenic dataset is searched to all drilling data recorded on the high porosity 

fused sample with 6% water content drilled with bit 2, this data is picked out from the 

dataset. The start and end depth for this layer are 0 mm and 25 mm respectively. 25 

mm of thickness is split into 25,000 cells, each with 0.001 mm thickness. For each cell, 

the picked dataset is searched for the depth range of each cell and all recorded data 

from this range is averaged and assigned to this cell.  

▪ Figure 6.19 shows the WOB, ROP, RPM, torque, and MSE estimated for digital twin 

borehole 1.  
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Figure 6.19:  Simulated Drilling data for Digital twin borehole 1. Here different layers are 
portrayed with different colors. 

 

With both the simulated block and five digital twins, the data is now fed to the ‘Lunar 

material characterization while drilling’ algorithm framework to get all different classes and 

predict UCS. The UCS was only predicted for the low-Figure 6.20(a) compares to the mean of the 

predicted UCS and actual UCS. Here the mean of the predicted UCS is similar to the mean of 

actual UCS. Figure 6.20(b) shows the trend of predicted UCS, porosity type, and the form of water-

ice. Even though there are some inaccuracies, overall the algorithm predicts all output parameters 

with more than 95% accuracy except the layer boundary.  
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Figure 6.20:  (top) mean predicted vs actual UCS. The algorithm predicts UCS accurately 
(bottom) predicted UCS, porosity type, and water-ice form with depth. The 
algorithm predicts all three with more than 95% accuracy. 

 

Figure 6.21 shows the performance of the classification algorithms, all algorithms, except 

the layer detect algorithms, are performing as expected. The inaccuracy of the layer detection 

algorithm can be attributed to the process used to create the digital twins. Since the data accessing 
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the layers was extremely limited, most of the data in the digital twins didn’t represent data from 

cases where the bit was approaching the layer. Thus, the error originates from the created data, not 

from the algorithms. In absence of the layer boundary detection, the layer boundaries can be 

extracted using UCS, porosity, and water-ice form predictions.  

 

Figure 6.21:  Summary of the classification results for digital twin 1. The error in layer prediction 
can be explained by the method used to get the input drilling data. 

 

The drilling data from the rest of the digital twin boreholes can be used to predict UCS, 

form of water-ice bearing regolith, and choking. Figure 6.22 (top) shows the predicted porosity 

type for all five boreholes and Figure 6.22 (bottom) shows the predicted form of water-ice bearing 

regolith across the five digital twin boreholes.  The background of each plot shows the actual layer 

and its thickness at the borehole location. The legend for the layer is also shown in the figure.  
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Figure 6.22:  Predicted porosity (top) and form of water-ice bearing lunar regolith simulant 
(bottom). These show that both the porosity and water-ice form were detected 
accurately. 

 

Figure 6.23 shows the UCS predicted for all five boreholes and the rolling mean of the 

UCS. The algorithm successfully adjusts for a complex system as designed here and can predict 
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UCS accurately. Since the actual UCS for the high-porosity sample is largely unknown, the UCS 

predictions for the high-porosity samples have to be taken with a grain of salt. With the inclusion 

of the actual UCS for the high-porosity samples, the applicability of the algorithm can be 

expanded.  

 

Figure 6.23: UCS predicted for all five digital twin boreholes. The algorithm could adjust for 
the change in thickness and type of formation to accurately predict UCS. 

 

Figure 6.22 and 6.23 also bring up an opportunity of using the UCS prediction, and water-

ice form prediction to identify subsurface stratigraphy. For example, let’s select borehole 2, 1, and 

4 (diagonal in the block shown in Figure 6.18). This is similar to the geological correlations 

routinely conducted in the terrestrial resource exploration industries. Figure 6.24 (a) shows the 

application of cross-correlation between different forms of water-ice bearing formations. Using 

the predicted forms of water-ice bearing regolith, a specific form can be tracked between boreholes 

2, 1, and 4 to estimate the layer cross-section between the boreholes. The prediction of the water-
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ice form will help track different forms of water-ice across the simulated block. Conducting a 

similar cross-correlation analysis on UCS can help track different low-porosity formations with 

different water-contents (Figure 6.24 (b)). Combining the high-porosity strata estimated in Figure 

6.24(a) with low-porosity strata estimated in Figure 6.24(b) will help visualize subsurface 

stratigraphy. Figure 6.24(c). 

 

 

Figure 6.24: Cross-correlations of formations between boreholes 2, 1, and 4 from the simulated 
rock sample. (a)The Form of water-ice bearing lunar regolith has been used to 
differentiate between the fused HP, Unfused HP, and Aqueous HP samples. (b)The 
UCS has been used to differentiate between Aqueous LP samples with various 
water-content. 

(a) 

(b) 
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Figure 6.24 (continued): Cross-correlations of formations between boreholes 2, 1, and 4 from the 
simulated rock sample. (c) The estimated strata from both can be combines to get 
subsurface stratigraphy within the block between different boreholes. 

 

6.3.3. Discussions 

The earlier sections showed that the algorithm developed here is versatile and robust. The 

blind testing and the simulated testing showed the applicability of the algorithm to various 

conditions. In this section, various additional aspects of the applicability of the algorithm are 

discussed.  

6.3.3.1. Handling transition zones between layers 

As Figures 6.20 and 6.22 shows, the algorithm developed here is efficient in detecting 

layers for simulated data where clear boundaries exist between different layers. However, for real-

time operations, the layers might not have clear boundaries. The algorithms must adapt to changing 

subsurface properties and accurately estimate the subsurface properties.  

The algorithm was applied to drilling data from a layered, aqueous icy form of the 

cryogenic sample with low-porosity and 3%, 6% and 9% water content. The predicted and actual 

(c) 
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UCS of the samples are shown in Figure 6.25. The actual UCS of the sample shows the estimated 

boundaries between the layers. However, the predicted UCS plot shows a transition between these 

layers, with UCS rising gradually.  

 

Figure 6.25:  Comparing the actual and predicted UCS of the layered low-porosity cryogenic 
sample shows that for an actual sample, unlike the simulated sample, there isn’t a 
clear jump in UCS between different layers. As the depth approaches estimated 
layer boundaries, the UCS gradually increases to the layer’s UCS (Joshi et al. 
2020b). 

 

6.3.3.2. Sensitivity to the input data 

Since the pattern-recognition algorithms developed here are trained on the drilling data, 

they are fairly sensitive to the training dataset. As shown in Figures 5.3, A-1, A-2, and A-3, the 



155 
 

input data has a wide range of inputs. This is due to the different geomechanical properties and 

using higher acquisition frequency. This large variability in the input data has ensured that the 

trained algorithm is robust. This also ensures that the algorithms a detect trend in the dataset and 

not the specific measurement at a specific time.  

However, algorithms such as Random Forest are inherently more sensitive to the 

boundaries of the input and might cause errors if the boundaries of the testing dataset violate 

boundaries for the training dataset. The final application of these algorithms must keep this in mind 

while evaluating the results and re-train the algorithms if the boundary of any parameter changes.  

6.3.3.3. Comment on classification labeling while processing the data 

Since all of the classification algorithms evaluated here use ‘Supervised Learning’ where 

a training dataset with labeled outputs is used to develop the classifier. Here, an inherent 

assumption is that the data is labeled correctly (Bootkrajang and Kaban 2011). However, with data 

as noisy as the drilling data used here and the subjectivity of identifying the classes such as drilling 

dysfunctions, mislabeling of the various classes, especially the drilling dysfunctions (auger 

choking) is likely. This mislabeled data can cause result in an inaccurate pattern-recognition 

algorithm.  

There are some methodologies that can help remove the mislabeled data from the analysis. 

First, the mislabeling can be corrected during the labeling process by labeling the data by more 

than one employee under the supervision of an SME (subject matter expert). This can help 

eliminate the subjectivity in labeling the drilling data for parameters such as layer boundaries, 

auger choking, and other dysfunctions.  
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Alternatively, there are some algorithmic approaches that can be used while processing the 

data to minimize data mislabeling. One such method is ‘depuration’, where a Monte-Carlo method 

is used to modify the inputs where the labels don’t agree with most labels in its neighborhood 

(Barandela and Gasca 2000). Algorithmically, the classification models can be trained with 

synthetic error to train the models to handle the noise (Bootkrajang and Kaban 2011).  

For real-time drilling operations, the approach to be used will depend on the type of error. 

If a large part of the error arises from the subjectivity in labeling the dataset, using the human 

intervention approach is better suited. However, the addition of a coupled algorithmic approach in 

processing the dataset will help understand the limits of various classification/regression 

algorithms in handling errors and will give a better indication of the applicability of the machine 

learning model.    

6.3.3.4. Algorithm Runtime 

As described in Chapter 5, due to the large size of the dataset, a systematic approach was 

developed to train, validate, and test the pattern-recognition algorithms. The approach can be 

summarized as follows: 

• The entire dataset is split into 90% training/validation dataset and 10% blind test dataset 

o For a dataset with ~1.90 billion data points, 1.68 billion for training and validation, 

and 190 million for blind testing 

• For each module: 

o First, 1% of training and validation data or 16.8 million data points are split into 

70% training data 20% validation data, and 10% test data. All possible algorithms 

with their different hyperparameters, as discussed in Chapter 4 are trained, 

validated, and tested with the dataset containing 16.8 million data points.  
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o The two best performing machine learning models with their optimum 

hyperparameters are re-evaluated with 10% of the training and validation dataset 

(168 million data points), again splitting it in 70/20/10 as described above. 

o The best performing model is then chosen for future use and re-trained with the 

entire 1.68 billion data points and saved.  

This approach allowed for rapid-prototyping a wide range of algorithms and 

hyperparameters and helped reduced the training time for the algorithm. With the entire training 

and validation dataset (1.68 billion), the total development time (training, validation and testing) 

for each of the module was of more than 350 hours. The systematic approach reduced the 

development time to ~20 hours. This allowed for the inclusion of more models and 

hyperparameters while developing the algorithms and helped divert more attention to processing 

the dataset.  

Hence, in its current form, if the entire algorithm is to be re-trained, the total training time 

will be ~40 hours. Once trained, the algorithms can be deployed in near real-time. The total runtime 

from processing the raw data to final UCS and form estimation is 0.79 seconds.  

6.3.3.5. Adapting the algorithms for operations on the Moon and Mars 

Since the pattern-recognition algorithm built here is trained with the drilling system from 

the Colorado School of Mines, they are directly applicable only to the drilling data collected from 

similar drilling systems. Since the drilling systems being sent to the Moon (VIPER, PRIME-1, and 

Luna 27) and Mars (ExoMars 2020) are rotary-percussive with different drilling mechanism, the 

pattern-recognition algorithms developed here must be adapted to those drilling systems. The 

uncertainty in the subsurface properties might also result in degraded performance of the 
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algorithms. The steps to adapt the algorithms for the lunar and Martian conditions are as follows 

(taking the TRIDENT drill on VIPER as an example): 

• Conduct extensive drilling tests with the TRIDENT drill on cryogenic samples with 

different subsurface properties.  

• Process the drilling data and conduct geotechnical tests on the simulants.  

• Re-train each of the modules with this cryogenic drilling data and combine the algorithms 

to prepare for usage on the Moon 

• Once the TRIDENT drill gets launched to the Moon and starts drilling there, collect the 

actual drilling data from the Moon and the water-ice characterization at the lunar poles.  

• Apply the pattern-recognition algorithms developed with terrestrial data to the lunar 

drilling data and compare the results to the actual observation on the Moon. 

• Re-train the algorithms if the performance of the algorithms is not satisfactory.  

• Continue re-training as more data is collected on the Moon until the algorithm performance 

gets satisfactory.  

• Once the algorithm performs satisfactorily on new data, it can be used on a wide scale on 

the Moon with the TRIDENT drill.  
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CHAPTER 7 

CONCLUSION 

With the recent push towards developing ISRU technologies for use in lunar permanently 

shadowed regions (PSRs), the uncertainty related to the form, quantity, distribution, and 

composition of water-ice in the PSR has become a significant barrier to expediting the exploration 

of the PSR for mining and technology development process. It is essential to drill as many 

exploratory boreholes in the lunar PSR as possible to identify and characterize water-ice in the 

potential mining operation sites with detailed information on the water content and volumes of ore 

so that proper mine planning can be accomplished. The work conducted as part of this NASA 

sponsored project can help better understand the form, quantity, and distribution of water-ice in an 

exploration program through characterization of the various strata on real time basis using the 

available Lunar or Martian drilling units.  

7.1 Summary of the tests conducted and algorithm development 

In this study, a prototype drill has been designed and fabricated, within the general 

specification of drills to be deployed for Lunar and Martian exploration.  The parts were procured 

and the unit was assembled and calibrated.  This was followed by preparation of analog samples 

made of the lunar regolith simulants and cement to simulate the frozen regolith.  Tests were 

conducted in these samples as well as samples of icy regolith simulants in two forms of compacted 

– low porosity and high porosity samples of uncompacted/granular icy regolith mixture.  Drilling 

parameters were recorded at the rate of 1000 HZ for subsequent analysis, while making 

observation of the drill status and the conditions of the sample to identify dysfunctions in drilling 

operations.  
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The drilling tests were conducted with three commercially available masonry bits. A 

cryogenic setup was developed to cool down a large sample of lunar regolith simulants with 

various forms of water-ice and conduct drilling experiments. A complex pattern-recognition 

algorithm was developed to characterize subsurface material properties based on drilling data. 

Such algorithms required a large dataset to properly understand the relationship between various 

parameters.   

Based on the geomechanical tests conducted of the CSM-MC basaltic simulant, three low-

porosity analog blocks were prepared: one homogenous and rest layered. Cellular concrete was 

used as an analog for the high-porosity cryogenic samples. Five such cellular concrete samples 

were prepared with varying strength and porosity. In total, 67 boreholes were drilled in the analog 

samples. The drilling data recorded through these tests was used to develop the ‘Lunar Material 

Characterization while Drilling Algorithm’.  

Due to the complexity of drilling operations and interactions between various drilling 

parameters, the final pattern-recognition algorithm was split into six modules. Each of the modules 

was designed to detect different conditions that might affect the drilling response.  

• The processing module takes raw drilling data, filters high-frequency noise, removes 

outliers, resamples the data at 10 Hz frequency, and applies different labels that can be 

used for future model training and testing.  

• The drilling state classifier uses a random forest algorithm to split the processed data 

between drilling and non-drilling data to identify drill unit state. 

• Drill dysfunctions detection and classification was developed to identify such cases during 

the drilling operations. - 
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• The batch classification module uses a random forest model to estimate a multi-label 

combined batch class that can be interpreted to detect auger choking, identify if the drill is 

approaching a layer boundary, and recognize the state of the medium relative to porosity 

type and related strength properties.  

• A UCS module uses a wide and deep neural network to estimate compressive strength of 

the samples based on all prior drilling data and classes estimated.  UCS is a function of the 

water content in various sample state and allows for indirect estimation of the water content 

in the icy regolith. 

• A form classification module employing random forest approach was used to classify the 

cryogenic drilling data into four forms of water-bearing lunar regolith tested: Aqueous icy 

low-porosity, Aqueous icy high-porosity, unfused granular icy, and fused granular icy.  

Figure 7.1 shows the summary of the final pattern-recognition schema used. 

The ‘Lunar Material Characterization while drilling’ algorithm was trained and tested on 

over a billion data points. All algorithms were blind tested on both analog and cryogenic data. The 

classification consistently predicted all classes with more than 95% accuracy. The UCS algorithm 

predicted UCS for a variety of analog and cryogenic samples with less than 2.5% error.  

A complex 3D lunar subsurface block was modeled to contain a maximum of eight layers.  

Five surface locations were selected and five digital twin boreholes were created based on specific 

layer type, thickness, subsurface properties, bit diameter, bit type, and drilling parameters recorded 

during all drilling tests. The digital twins were used to evaluate the performance of the entire 

algorithm scheme. Finally, the predicted UCS, and form of the sample was used to cross-correlate 

subsurface stratigraphy at a borehole location.  Overall, the results showed successful classification 

and identification of the material state and reasonable estimate of material properties. 



162 
 

 

Figure 7.1:  The final pattern recognition schema used for the Lunar Material Characterization 
while Drilling Algorithm (reiterating Figure 4.14). 

 

7.2 Conclusions 

The conclusions of this study can be listed as follows: 

• Experimental, data-driven approach based on the use of high-frequency drilling data can 

be used to identify drilling state, predict auger choking, identify layer boundaries, and 

characterize the material properties of a sample by identifying the porosity type of the 
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sample, form of water-bearing lunar regolith, and calculate Uniaxial Compressive Strength 

(UCS) of the sample.  

• The ‘Lunar Material Characterization while drilling algorithm’ was designed with two 

regression and three classification algorithms. Random forest was the best model for all 

three classification and the torque regression models. However, the wide and deep neural 

network was the best performing algorithm for UCS estimation. The algorithm trained 

based on the test data in lunar regolith analog samples in and different forms of lunar 

regolith simulant at cryogenic conditions showed the ability to predict the material state 

and strength.  

• The exploratory data analysis showed that the high-porosity cellular concrete analogs are 

not an accurate representation of drilling response in the high-porosity cryogenic samples.  

• The algorithm was tested on four different forms of water-bearing lunar regolith simulant: 

low-porosity aqueous icy simulant, high-porosity aqueous icy simulant, unfused granular 

icy simulant, and fused granular icy simulant. Procedures were developed to create a large 

volume of each of these samples for testing at cryogenic conditions. 

• The accuracy and the versatility of the algorithms was tested and proven to be reliable on 

both blind data and for simulated data in a complex 3D lunar subsurface sample.  

• The algorithms developed here can have wide-ranging applications in both extraterrestrial 

and terrestrial drilling operations. As shown in Section 6.3, such algorithms can be used to 

identify subsurface stratigraphy. Similar models can be developed and used to identify 

drilling dysfunction and optimize drilling operations.  

• With several spacecraft slated to drill on the Moon over the next decade, the algorithms 

similar to the one developed in this study will be invaluable in exploring the PSRs to 
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identify and characterize water-ice, to eventually start producing the water and volatiles 

from the Moon. This will be the one of the early steps in revolutionizing space activities 

and making humans a multi-planetary species.  

7.3 Recommendations for future work 

Several improvements can be made on these algorithms to make them more comprehensive 

and make them applicable to TRIDENT and other drilling systems that will drill on the Moon over 

the next decade. Some of these improvements are: 

• The drilling unit used here is a simple rotary drilling system. However, most of the drilling 

systems designed to be used on the Moon or Mars use a rotary-percussive actuation. Due 

to the added percussion mechanism, the algorithms developed here might not be directly 

applicable to those drilling systems. The addition of percussion actuators on the existing 

drilling systems and conducting drilling tests with optional percussion mechanism offers 

additional versatility and can improve the applicability of this algorithm. 

• The geotechnical properties of the low-porosity aqueous icy type of CSM-MC simulant are 

well understood but the geotechnical properties of the high-porosity forms of water-bearing 

simulants are largely unknown. Extensive geotechnical tests of the high-porosity samples 

will help improve the fidelity of the form classification and UCS prediction algorithms.  

• The focus of this study was limited to estimating UCS of a lunar-regolith sample based on 

drilling data. With more geotechnical information about the analog and cryogenic samples, 

this algorithm can be easily extended to predict other geotechnical information like 

cohesion, friction angle, and density.   
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• Currently, the algorithm can only predict auger choking, however, with more experiments 

and after adding more sensors, more mechanical dysfunctions such as bit wear and 

excessive vibrations, and geological dysfunctions such as stringers can be detected. 

• The testing program in this study did not include the testing of hard inclusions (stringers) 

and additional testing is needed to generate the data and train the algorithm to identify such 

cases.  
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APPENDIX A 

STATISTICAL DESCRIPTION OF THE DATASET 

The overall data set contained 137 million rows and six columns of raw data, resulting in 820 

million data points. After processing and labelling, the dataset size increases to ~2 billion data 

points. Table A.1 details the sample type and rows of data in each sample.  

Table A.1: Sample type, rows of data and data points used in this study 

Sample No of Rows Data points 

LPB1 37.34 million 522.83 million 

LPB2 6.30 million 88.20 million 

LPB3 34.30 million 480.22 million 

HPCCA 6.03 million 84.48 million 

HPCCB 5.54 million 77.56 million 

HPCCC 5.03 million 70.40 million 

HPCCD 5.51 million 77.11 million 

HPCCE 5.76 million 80.59 million 

LPC-A 18.52 million 259.24 million 

HPC-A 7.70 million 107.75 million 

HPC-U 2.42 million 33.89 million 

HPC-F 2.26 million 31.66 million 
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A.1 Statistical Description of Weight on Bit 

Table A.2: Statistical Description of WOB 

Sample Mean Median Mode 
Standard 

Deviation 
Kurtosis Skewness 

LPB1 826.89 826.89 652.29 87.47 0.78 0.75 

LPB2 815.61 815.61 834.97 40.63 1.90 -1.65 

LPB3 1060.27 1060.27 1121.85 86.66 -0.78 0.29 

HPCCA 582.46 582.46 593.29 56.21 -0.05 -0.86 

HPCCB 569.69 569.69 491.29 48.46 -0.44 -0.08 

HPCCC 578.67 578.67 542.23 32.35 -0.96 -0.14 

HPCCD 584.40 584.40 567.82 37.55 -0.22 0.37 

HPCCE 628.86 628.86 639.04 31.91 -0.34 -0.63 

LPC-A 680.45 680.45 696.64 53.14 -0.75 -0.43 

HPC-A 603.64 603.64 584.21 19.11 -1.17 0.38 

HPC-U 678.92 678.92 663.39 14.78 1.39 1.21 

HPC-F 680.60 680.60 669.64 20.14 -0.51 0.64 
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Figure A.1: Histogram of WOB for each of the samples. 
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A.2 Statistical Description of Torque 

Table A.3: Statistical Description of Torque 

Sample Mean Median Mode 
Standard 

Deviation 
Kurtosis Skewness 

LPB1 1.032 0.795 0.762 0.659 -0.107 0.768 

LPB2 2.118 2.148 2.136 0.382 9.056 1.608 

LPB3 2.155 2.191 1.957 0.507 0.639 -0.452 

HPCCA 1.299 1.278 1.176 0.085 4.938 2.028 

HPCCB 1.315 1.310 1.108 0.060 0.747 0.685 

HPCCC 1.268 1.266 1.051 0.060 -0.070 0.080 

HPCCD 1.265 1.275 1.107 0.049 -0.636 -0.502 

HPCCE 1.185 1.196 1.027 0.077 -1.256 -0.141 

LPC-A 1.415 1.238 1.027 0.872 0.094 0.646 

HPC-A 1.024 1.019 1.011 0.122 6.041 -1.348 

HPC-U 0.931 0.982 0.982 0.346 -0.980 -0.461 

HPC-F 0.976 0.982 0.982 0.352 -0.917 -0.538 
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Figure A.2: Histogram of Torque for each of the samples. 
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A.3 Statistical Description of Mechanical Specific Energy 

Table A.4: Statistical Description of MSE 

Sample Mean Median Mode 
Standard 

Deviation 
Kurtosis Skewness 

LPB1 245.97 205.98 20.74 160.40 1.80 1.28 

LPB2 174.31 171.66 146.80 78.79 164.12 9.99 

LPB3 561.19 553.90 106.50 232.78 1.70 0.82 

HPCCA 526.00 515.70 301.39 56.28 1.91 1.12 

HPCCB 419.33 371.12 216.48 102.33 -1.32 0.48 

HPCCC 448.08 447.49 7.41 125.63 -0.16 0.28 

HPCCD 398.59 397.97 299.07 33.44 0.16 0.18 

HPCCE 135.33 135.17 98.97 10.84 -0.39 0.20 

LPC-A 266.75 236.80 15.64 184.85 0.53 0.87 

HPC-A 165.49 146.27 12.88 80.45 1.59 0.91 

HPC-U 16.18 16.84 16.09 4.90 -0.84 -0.39 

HPC-F 18.47 21.37 6.05 5.66 -0.74 -0.68 
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Figure A.3: Histogram of MSE for each of the samples. 


