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ABSTRACT 

Advancements in technology have allowed considerable progress toward putting 

humans on Mars. The next major hurtle in this endeavor is to resolve the lack of 

necessary resources available on Mars for maintaining human life. Recent discoveries 

present the possibility of In-Situ Resource Utilization (ISRU) on Mars. The presence of 

ice presents the potential for living off the land. Specifically, by mining material from 

the surface and processing said material for usable water.  

 It is evident an autonomous solution will be necessary to make ISRU possible. 

The greater the autonomy, the greater the potential. Increased autonomy leads to less 

human supervision and interaction which will save not only time but also reduce cost. 

This thesis evaluates the capabilities of Gmapping, a ROS based SLAM algorithm and 

its applicability to extraterrestrial mining for ISRU. The out-of-the-box 

implementation of this SLAM node illustrates a strong potential for mission success, 

however, preliminary results highlight potential issues when operating on 

unpredictable terrain.  
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CHAPTER 1 
INTRODUCTION 

For ages, humans have looked past the confines of our planet with hopes of 

exploring the unknown. Whether it be to find life other than ours, or to simply 

investigate the immensity of our universe, interplanetary exploration has been in the 

thoughts and dreams of many. Although this is no easy task, humans have made 

considerable progress over the past half century. So much progress in fact that NASA 

projects putting humans on Mars come the 2030s [1]. Already having explored the red 

planet in significant detail has taught us much that was previously unknown. The 

knowledge was attained largely by the use of robots on Mars. Those being: 

Sojourner/Pathfinder, the Mars Exploration Rovers, and the Mars Science Laboratory. 

Although we have learned much from these expeditions, there is still more to learn 

about the surface of the planet and its ability to effectively support human life. Due to 

the nature of the planet and atmosphere of Mars, humans will be unable to survive on 

the surface unless some way to generate necessary elements such as hydrogen and 

oxygen is derived. Recent discoveries by the Mars Science Laboratory have found 

“hydrated minerals” and ice throughout the surface [2]. These discoveries present the 

possibility of surviving on Mars through In-Situ Resource Utilization (ISRU). ISRU 

refers to living off the land. In this case, ISRU would refer to mining material from the 
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surface and processing said material for usable water and other resources. Utilizing 

resources currently on the surface of Mars significantly reduces the complexity of 

supporting life. It is simply impractical to transport all necessary resources from Earth 

to Mars.  The weight, cost, and time necessary for resupply missions limits the 

possibility of long term residence on Mars and puts those relying on resupply for 

survival in danger [2]. 

 It is evident that some sort autonomous solution is necessary to make ISRU 

possible. The greater the autonomy, the greater the potential. Increased autonomy 

leads to less human supervision and interaction. This saves not only time but also 

reduces cost. This thesis evaluates the capabilities of Gmapping, a ROS based SLAM 

algorithm, and its applicability to extraterrestrial mining for ISRU, examining both the 

strengths and shortcomings of Gmapping under these conditions. 

 

1.1 Autonomous Navigation 

Autonomous navigation did not exist until advances in computing technology 

made such tasks possible. “Shakey the robot” was the first instance in this 

advancement constituting of a truly autonomous robot. The research conducted with 

“Shakey” by the Stanford Research Institute involved significant advancements in 

operations requiring planning, route-finding, and object rearrangement [3].  
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Figure 1. Shakey the Robot [3]. 

As technology capabilities in computing continued to grow at extreme rates, so 

too did the capabilities of autonomous mobile robots. These advances ultimately led to 

the development of numerous autonomous navigation methods. Much of the initial 

autonomous capabilities revolved around techniques such as line following, dead 

reckoning, and the use of a priori maps.  

Line following involves the use of external guides for the robot to follow. These 

can be lights positioned above the robot, tape on the floor below, or other details in the 

environment that are exploited through the robot’s onboard sensors for navigation.  

The process itself is fairly simple and inexpensive, however, the environment the robot 
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is operating in must be altered. This constrains the operation of the robot and therefore 

is not true autonomous movement [4]. 

Dead reckoning is the process of calculating one’s position by estimating the 

direction and distance traveled. With respect to autonomous robots, it is the estimation 

of current position and orientation through the use of sensors. These sensors can 

include exteroceptive sensors as well as gyroscopes or accelerometers. For autonomous 

robots, the two main types include the use of odometry or the use of an Inertial 

Navigation System (INS).  The most effective method for mobile robots is the use of 

odometry. Odometry uses information from sensors such as wheel encoders or an 

Internal Measurement Unit (IMU) to estimate the robot's position. INS is mostly used in 

flying and humanoid applications where the use of odometry becomes more 

complicated [4].  

Finally, the use of a priori maps often involves both methods above for its 

implementation. An a priori map is simply a predefined map. This approach utilizes a 

previously generated map to navigate a specified environment. This is useful in certain 

situations, however, there are many instances where the robot is navigating in an 

environment that is completely unknown. 

Although these are all solutions to autonomous navigation, each one has their 

own pitfalls and shortcomings. The issue with line following is the user has to change 

the operating environment for this solution to work properly. Before a robot can even 

begin to navigate, some sort of track or array of beacons has to be installed. Secondly, if 
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the robot were to somehow lose sight of the beacons in the environment, it would be 

completely lost and unable to navigate. Dead reckoning techniques encounter many 

problems resulting from wheel slippage. The majority of odometry techniques use 

wheel encoders to determine the change in position. If the robot’s wheels are slipping 

while the robot is translating, then the encoder data will not accurately reflect the 

actual robot position. This results in exaggerated error in the expected position versus 

the actual position. Lastly, the shortcomings of a priori maps is the idea the map has to 

be in place before any navigation. This is useful in known environments that do not 

change but leads to many problems in applications where the environment is 

completely unknown or dynamic. That being said, a new method was needed to 

improve upon all of these. This new way of navigation is called SLAM or Simultaneous 

Localization and Mapping. 

 

1.2 SLAM 

SLAM is a solution to the problem of autonomously navigating an unknown 

environment. SLAM is concerned with using a mobile robot to map an uncharted area 

while at the same time using said map for navigation and localization purposes. The 

initial capabilities of SLAM have been expanded from use in office-like environments to 

more complex conditions such as those with varying terrains, environments with 

limited landmarks, and even to combat aerial navigation. The first step toward solving 

this problem was proposed by Hugh Durrant-Whyte and John J. Leonard in [5]. They 
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postulated the solution to autonomous navigation utilizing an Extended Kalman Filter 

(EKF). The algorithm makes use of geometric beacons as landmarks and matches their 

observation by scanners on the robot to their location in a priori maps. In this case, the 

robot already knows the location of landmarks in the environment it is operating in [6]. 

This knowledge allows the use of an algorithm to match sensor data of observed 

landmarks with the known positions. Any discrepancies between where the sensors 

believe the landmarks should be, and the actual position of the landmarks provides 

information that the robot pose must be updated. This is the localization aspect of the 

EKF-based SLAM method. Moravec and Elifs also contributed to the field in their work 

[7]. They theorized a sonar-based mapping system for a mobile robot. In general, the 

system takes sonar readings to create a map. It utilizes readings from different 

positions and angles and integrates them into a single occupancy grid of the 

environment. The combination of both these findings result in a robust solution to 

SLAM. Taking the aforementioned localization solution and integrating it with the map 

building solution above results in the ability to simultaneously localize and map within 

an environment. These developments of the first instance of SLAM were all based on 

the pioneering work by Smith, Self and Cheeseman in [8]. In their work, the authors 

provide a detailed description on how to create a stochastic map. Here stochastic 

simply refers to the use of a random process to represent an ever-changing system. 

They explain how to build the map, read data from it, as well as how to incrementally 
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improve the map. This pioneering work paved the way to the development of the first 

SLAM algorithm [8].  

For SLAM to work, it is evident data from the environment (exteroceptive) as 

well as data from the robot (proprioceptive) must be present. Each type of data can be 

generated in a multitude of ways. Common solutions make use of exteroceptive sensors 

such as LiDARs, sonars or even cameras to generate data of the environment. 

Additionally, proprioceptive odometry data is often generated through the use of wheel 

encoders or a fusion of additional data from an IMU. Regardless of the implementation, 

it is important to ensure the SLAM process is receiving and utilizing this data. This 

thesis focuses on the use of a LiDAR to provide exteroceptive data. Additionally, the 

research inspects a combination of odometry data first generated from wheel encoders 

and secondly through the fusion of the wheel encoder data and readings from an IMU. 

The exteroceptive sensor is used for finding landmarks in the environment. This 

generated data is then used for the purpose of building a map and localizing within said 

map. Once the landmarks are processed, the SLAM algorithm attempts to associate this 

new data with any previously observed landmarks. Note that in certain cases, such as in 

this research, landmarks act as obstacles and obstacles as landmarks. There are often 

times the SLAM algorithm is localizing and mapping landmarks in the operating path 

of the robot. When this is the case, obstacles and landmarks are synonymous. As the 

robot continues to traverse and scan the environment, the SLAM process uses 

odometry data to estimate the robot's current position in the map. This estimation is 



 8 

compared with readings of the environment from sensors and corrected if inaccurate. 

The process is iterated until a complete map of the environment is created. This 

generic SLAM algorithm can be split into five main parts. These are landmark 

extraction, data association, state estimation, state update, and landmark update [9]. A 

description of this process is visually represented in Figure 2 below. 

 

Figure 2. Flowchart of the SLAM process. 

Note that the state update step in Figure 2 is synonymous with filter update. 

Varying SLAM approaches generally follow the same structure above save for the use of 

different filters in the state update step. The figure highlights laser and odometry data 
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are used to generate locations of landmarks and a predicted state. The process then 

attempts to associate the new laser data with any previously observed landmarks. This 

step allows the algorithm to adjust for any error in the pose estimate generated from 

odometry data. The data is then passed through a filter to remover unwanted error 

from localization and the process is repeated. The next sections explain the EKF-based 

solution in detail and raises awareness to other SLAM solutions developed from this 

initial method. 

 

1.3 Extended Kalman Filter-based SLAM 

  EKF-based SLAM was the first robust solution to SLAM and is the foundation for 

most SLAM algorithms used today [10]. Remember this process can be decomposed into 

five main steps. The first is landmark extraction. Landmark extraction consists of 

identifying landmarks through the use of the robot's exteroceptive sensor inputs (laser 

scanners, sonar, vision system) to create a map. There are a multitude of methods for 

doing so, however, the most common is Random Sampling Consensus (RANSAC). See 

[11] for an alternate landmark detection approach. RANSAC extracts best fit lines from 

a laser scan that are then used to represent linear features in the environment like 

walls, and utilizes outliers to predict the location of smaller obstacles.  RANSAC 

randomly selects a subset of data from the entire sample. The algorithm generates a 

line fitting model for the tiny subset of data. It then compares this model to the entire 

data set to see what data is consistent [4][9]. Data is considered an outlier if it does not 
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fit the model to some defined error tolerance. Outliers are taken and used to indicate 

obstacles. This process is iterated until a sufficient consensus is reached. 

The second step of SLAM is data association. This refers to taking multiple laser 

scans and finding the common thread between them. Data association takes each scan, 

compares them to previous scans, and matches any data observing the same landmark 

[4][9][10]. Although this process seems straightforward, it can actually prove to be 

extremely difficult. Common problems that arise are not correctly identifying 

previously observed landmarks, falsely identifying landmarks, and finally, wrongly 

associating a new landmark with a previously seen landmark [4][9][12]. False landmark 

association is a major issue because this can negatively affect the pose estimate 

generated from the algorithm. Data association is pivotal in both generating an 

accurate map and effectively localizing the robot. 

The last three aspects of this method of SLAM all revolve around a common 

concept, the EKF. This is the heart of the SLAM process and involves updating the 

current state, updating the previously estimated state, and adding new landmarks to 

the current state. Updating the previous and current state compose what is called the 

filter update step. Here the EKF takes the data generated from the previous steps to 

filter noise from the robot’s estimated position. As with any filter, the EKF removes 

unwanted components of a signal. This step is the backbone of the localization process 

and what sets apart SLAM from any dead reckoning localization [4][9]. 
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Lastly, to wrap up the SLAM process one must complete the map insertion 

phase. This is the final step that involves adding new landmarks to the current state, or 

map. Any unassigned landmarks from the previous steps are added to the map. Since 

they were unassociated, this means the algorithm is ascertaining they have yet to be 

seen. Thus, providing the need for them to be added to the map. This is pivotal because 

each time the map insertion phase is iterated, the map becomes more and more 

complete. For initialization purposes, the map includes some level of uncertainty for 

each landmark’s position [4][8][9]. There are generally two components that define a 

map. These being the state estimate and the variance associated with it. The map 

includes what it believes to be locations of landmarks and a measure of how much the 

estimations for each position are spread out, or vary from the mean [13]. 

The conclusion of the map insertion phase represents one full iteration of the 

SLAM algorithm. As the robot moves and data from the exteroceptive sensors change, 

the steps of the algorithm are once again iterated. Doing so simultaneously localizes 

the robot within an unknown environment while concurrently creating a map of said 

environment. The following set of diagrams pictorially illustrate this process to aid in 

the understanding of this problem. 
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`  

Figure 3. Landmark extraction step. The robot scans the environment and receives data. 

 

Figure 4. Robot move. The robot moves positions.  
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Figure 5. Scan & Data Association. Scan data changes and odometry data is generated. 

 

Figure 6. Update Step. The robot takes into account previously generated data as well as 
the new data from its movement. Dotted outlines denote actual landmark locations. 
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 Figures 3-6 demonstrate there are many moving parts to SLAM. The robot has to 

interpret data to determine the location of objects, and also integrate movement data 

to predict its location within the environment. It is important to note that the dotted 

lines in Figure 6 depict the actual position of the robot and landmarks in the 

environment. There are often discrepancies between the actual location of the robot 

and the estimated position. This is due to the nature of the complex localization 

problem. On one hand, odometry data may be indicating the robot should be in one 

position. On the other hand, the exteroceptive laser scanners may be providing a 

different estimate of the robot pose. The data is combined to provide a more accurate 

localization estimate, however, it is still not perfect. This lack of perfect localization 

data inherently leads to the differences between estimations provided by the robot and 

the actual positions. Although this is a well vetted solution, there are still issues 

evident in the diagrams above. The localization and mapping are indeed not perfect. 

However, SLAM has drastically improved since its beginnings. 

 

1.4 Current State of SLAM 

  It has been over 30 years since the inception of the SLAM problem and the first 

proposed solution by Smith, Self and Cheeseman [8]. From the development of 

algorithms and filters necessary to solve the problem, to the implementation on 

capable mobile robots, SLAM technology has improved tremendously. As stated earlier, 

a robust and proven SLAM technique is the method based on the use of an Extended 



 15 

Kalman Filter. Although this solution is vetted, many variations of SLAM have since 

been presented. These include algorithms utilizing particle filters such as the 

FastSLAM algorithm and solutions utilizing graph-based data.  

The difference between the Rao-Blackwellized particle filter (RBPF) approach 

and the EKF approach is RBPFs carry an individual map of the environment and pose 

estimate within each particle [14]. This solution was initially provided by Murphy, 

Doucet el al. [5][15][16]. They illustrate that RBPFs provide more accurate estimations 

than those of standard particle filters. The underlying theory is the same, but RBPFs 

achieve more accurate estimates through marginalizing variables [12][13][15]. This 

marginalization bypasses the inefficiencies of standard PFs. It is done over the 

probability distribution of one’s state space. Meaning the algorithm samples over a 

subspace of the probability distribution to remove the map from the problem. In this 

case, localization is predicted through the use of particle filters and the mapping of 

landmarks with individual EKFs [15]. This reduces the sample space size and provides a 

more efficient and accurate solution to the complex problem. Each sample within the 

space is assigned a weight based on the likelihood that it accurately represents the 

posterior. When resampling is performed, the algorithm picks new samples from the 

areas with the highest weights. Choosing from the strongest candidates results in 

convergence toward the optimal solution. 

FastSLAM is a RBPF approach that estimates the full posterior distribution over 

robot pose and landmark locations recursively, while scaling logarithmically with the 
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number of landmarks in a map [12][17]. The benefit of this new method is it allows 

effective use in environments with extreme numbers of landmarks. The need for 

FastSLAM is derived from the computational complexity necessary for approaches 

utilizing an EKF and standard PFs [12][18]. This complexity in turn limits the number of 

landmarks the algorithms can handle. Montemerlo, Thrun, Koller, and Wegbreit 

illustrate in [12] that FastSLAM divides the original SLAM problem into a subset of 

problems. FastSLAM handles the representation of the posterior of over robot paths 

through the use of a particle and the estimation of landmarks in the map through use of 

EKFs. FastSLAM is the foundation for the algorithm investigated in this thesis, 

Gmapping, and a strong solution to the SLAM problem. 

Lastly, graph-based SLAM, as the name provides, takes advantage of a graph to 

solve the problem at hand. Each pose of the robot during mapping is represented by a 

node in the graph. The edges between each node represent data-dependent constraints. 

These constraints are calculated from robot movement and environmental data. Graph-

based SLAM uses a model to generate the most likely orientation of poses from the data 

presented as edges [18].   

SLAM has reached the stage in its development where mobile robots have begun 

to utilize these algorithms for autonomous navigation in an assortment of applications. 

Although there has been extensive research done on the SLAM problem, there are 

certainly still many areas of improvement. Additionally, many aspects and solutions to 

SLAM have not been thoroughly investigated. One in particular is the operation of 
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SLAM-based robots in challenging terrain, specifically, outdoor environments 

exhibiting large undulations in terrain. Furthermore, other areas of improvement 

include computing performance and scalability of SLAM applications for industry. 

Additionally, not much research involving laser intensities used in the SLAM process or 

humanoid robot applications has been conducted [19]. That being said, we have truly 

reached a turning point. The capabilities of technology today have made it possible for 

autonomous mobile robots to reach the general public. No longer does one need an 

unparalleled understanding of linear algebra, EKFs, robotics, and computing systems to 

work with the SLAM problem. SLAM algorithms have been developed on numerous 

different robotics platforms, many which are even highly simulation based. Some are 

proprietary, but many are open source. In fact, Robotic Operating System (ROS) has 

numerous open-source algorithms that can be utilized by not only researchers and 

industry professionals, but anyone interested in learning about the technology. ROS 

also allows the simulation of robotic systems that utilize SLAM without the need for 

any hardware. This is significant because it reduces the need for expensive robots and 

sensors. One can simply implement SLAM on a simulation of a mobile robot. Anyone 

with a computer powerful enough to run ROS now has the ability to contribute to the 

SLAM community. As you can imagine, this change has opened the problem to many 

more eyes than before, aiding in its growth and development.  

As mentioned earlier, SLAM for mobile robots is an important autonomous 

navigation solution that since its inception has been adapted for an array of 
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applications. The beginnings of SLAM focused on operation in indoor environments. 

Specifically, office-like environments that are unchanging to semi-dynamic. The 

solution was derived largely due to the issue of localization without GPS indoors [10]. 

Even when new algorithms were developed, they were optimized for operation in these 

aforementioned environments. The changes in implementation were largely focused on 

the reduction of computational complexity and general effectiveness. As a result, SLAM 

has proven to be robust in these environments. One key aspect of these type of 

environments is the presence of walls. Generally, the robot will always have a wall or 

some sort of landmark to view. Many SLAM algorithms require the constant presence of 

exteroceptive data to ensure both localization and mapping data are correct. It is not 

until one introduces a robot operating outdoors on unstructured terrain that many of 

the SLAM algorithm’s pitfalls become apparent. 

Two key issues arise when using laser-based SLAM in an outdoor environment. 

First, due to the nature of operating outdoors, there are often times where LiDAR data 

is unavailable. If there are no landmarks in the field-of-view of the scanner, then no 

useful data will be returned. This is different from operation in indoor environments 

where the algorithm can rely on the constant presence of walls. Secondly, commonly 

used LiDAR laser scanners take readings on a 2D plane. Undulating terrain causes 

extreme changes in roll and pitch, often leading the fixed scanner to point toward the 

ground. Scanning the ground leads to the generation of unwanted data that in turn can 
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affect the SLAM algorithm. More details on this are provided and supported through 

findings in the contribution section of this thesis. 

 

1.5 Contribution 

 This thesis offers an analysis of the ROS SLAM Gmapping node and its 

effectiveness in an unstructured, outdoor environment. SLAM is implemented on the 

simulated drive frame of a skid-steer robot designed for an autonomous robotic mining 

application by the University of Alabama Astrobotics team. The simulation was 

conducted using the ROS and Gazebo 2 simulation environment. An array of 

experiments were executed to vet the algorithm’s capabilities and shortcomings during 

a robotic mining mission for In-Situ Resource Utilization (ISRU) on Mars. These 

experiments were tested in both a flat and undulating Gazebo world with two separate 

sensor packages. The insight gained from the generated data illustrates the most 

effective way to utilize Gmapping for this interplanetary robotic mining application 

and highlights recommended changes necessary to improve robustness. 

 

1.6 Outline 

Chapter 2 presents the necessity of implementing SLAM based navigation for 

ISRU robotic mining. This chapter presents background information on previous Mars 

missions and their navigation capabilities/limitations. 
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Chapter 3 introduces ROS and explains why it is such a powerful tool for the 

robotics world today. This chapter highlights the underlying ideas necessary to 

understanding the framework and algorithms used for this research. 

Chapter 4 gives an overview of research setup and the pieces necessary to 

simulate SLAM on a ROS controlled robot in Gazebo. Additionally, it takes a look at 

Gmapping and the metrics used to validate its effectiveness in an ISRU mining 

application. 

Chapter 5 presents and explains the results generated from using Gmapping in 

ideal, or flat, conditions both with and without an IMU. 

Chapter 6 highlights the results and insight gained from testing Gmapping on 

undulating terrain both with and without an IMU.  

Chapter 7 presents future work and applications, specifically proposing changes 

necessary to optimize Gmapping in an interplanetary robotic mining application. 
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CHAPTER 2 
AUTONOMOUS NAVIGATION ON MARS 

As each past mission to the surface of Mars has illustrated, rovers with some 

level of autonomy are necessary to complete certain tasks on the surface. Recently 

these tasks have focused toward exploring and collecting data about the surface, 

however, this focus must soon be shifted from this. If humans are truly hoping to 

populate Mars, robots will need to be used for a variety of tasks, most specifically as 

workers. It is vital for any robot operating on the surface of Mars to have autonomy due 

to the extent of information unknown about the surface. Rovers operating in these 

conditions must be capable of traversing complex terrains [20]. From extremely varying 

land to less undulating areas to those with a large number of obstacles, the robot must 

be able to safely handle all environments [21]. Furthermore, each previous iteration of a 

Mars rover needed to be impervious to tipping over. If the robot ends up in a position 

that is not right-side-up, there would be no way to correct its orientation and thus the 

mission would be over. Following these requirements, each previous rover designed 

was constrained to the technology available at the time paired with the mission 

requirements. The next sections provide details on past Mars rover missions and their 

navigation capabilities followed by a discussion regarding the expansion of these 

capabilities to incorporate SLAM for future use on robots on Mars.  
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2.1 Mars Pathfinder and Sojourner Rover 

 The first expedition on the surface of Mars revolved around the analysis of the 

Martian atmosphere, climate, and geometry. Sojourner was sent to Mars via Pathfinder 

on July 4, 1997 [22]. Navigation abilities at this point were extremely limited. 

Pathfinder was used not only to deliver Sojourner to the surface of Mars but to also 

transmit data obtained from the rover back to Earth. The need for Sojourner to 

interface with Pathfinder to send data inherently limited its range of operation. This is 

because it had to first off, stay in range of Pathfinder and secondly had a limiting speed 

of 1 cm per second [22]. The navigation of this unknown Martian terrain was achieved 

through the use of a stereo vision camera designated the Imager for Mars Pathfinder 

(IMP). In conjunction with the IMP, a laser system worked with the forward-facing 

cameras to detect and avoid obstacles [23]. The terrain mapping process first began 

with five lasers projecting across the ground surface directly in front of the rover. 

Cameras on board then detected the shapes of the lasers. These were then used to 

generate a contour map of the terrain. Data was sent to the microrover control station 

for transmission to Earth alongside a set of images captured from Pathfinder. Operators 

at the control station on Earth then used this data to pick out waypoints for the rover’s 

navigation plan [24]. The coordinates for these points were sent back to Mars along 

with commands for robot movement.  The rover utilized the map and sensor data 

onboard to determine if there were any obstacles in the calculated path. Autonomous 

navigation capabilities onboard were used to avoid obstacles while maintaining the 
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previously planned high-level path. Localization data was provided by a gyro, and 

odometry updated at the end of each move to maintain current position with respect to 

the goal location [25]. Some of the most important features of the Sojourner’s mission 

were to perform experiments intended to aid in development of future rovers. These 

experiments recorded data from tests on vision sensor performance, path 

reconstruction with dead reckoning, terrain geometry reconstruction, and soil 

mechanics [23]. This invaluable data helped NASA scientists determine the best 

solutions for further robotic navigation, inevitably leading to the development of the 

Mars Exploration Rovers. 

 

2.2 Mars Exploration Rovers: Spirit and Opportunity 

 Launched on January 4, 2004 and January 25, 2004, respectively, Spirit and 

Opportunity were NASA’s second attempt at learning more about Mars. The mission’s 

main goal was to find any information supporting the current or past presence of water 

on Mars. In general, the rovers utilized stereo images to generate 3D terrain maps. The 

navigation algorithm onboard then used these maps to analyze the height and density 

of rocks while accounting for extreme grade in the terrain to determine traversability 

[26]. Dozens of paths were overlaid on the terrain map and a planning algorithm chose 

the shortest or safest path. Each robot followed this path for a distance of 0.5 - 2 meters 

toward the goal. The process was iterated until the final goal was reached. This 

navigation algorithm was called GESTALT, or Grid-based Estimation of Surface 
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Traversability Applied to Local Terrain. This second iteration of autonomous driving 

software is significantly more advanced than that of Sojourner. Spirit and Opportunity 

took over 16,000 points from the stereo images whereas Sojourner measured only 20 

points at each step of its navigation algorithm [26].  

 Additionally, the Mars Exploration Rovers had an average speed of 34 meters per 

hour. The distances covered by both Spirit and Opportunity compared to that of 

Sojourner further support the extent of technological advancement between the launch 

of these missions. Sojourner traversed close to 100 meters in its entire lifetime, 

whereas Spirit and Opportunity drove 124 meters and 220 meters, respectively, in a 

single day [26]. Although impressive, the rover was still limited to 2-meter moves and 

low levels of autonomy. 

 

 2.3 Mars Science Laboratory: Curiosity 

 The main goal of the Mars Science Laboratory is to find the answer to the 

question about life existing on Mars. Major progress toward answering this question 

was made when ice was found both on the surface of and in minerals on Mars. The 

autonomous capabilities making this possible were derived from that of the Mars 

Exploration Rovers. Curiosity navigates by determining a safe driving path from images 

taken from cameras onboard. Much of this requires human guidance from Earth to 

ensure safe operation, however this is not always the case. On August 27, 2013 

Curiosity successfully traversed an area of Mars NASA scouts could not confirm as safe 
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[27]. Similar to Opportunity and Spirit, Curiosity uses sets of stereo images to map 

terrain and geometric hazards. After calculating all possible paths, the navigation 

algorithm chooses the best path for navigation. Although this is a significant increase 

in autonomy over past rovers, the extent of Curiosity’s autonomous navigation is 

limited to a distance of 10 meters. This limitation results in increased human 

interaction and severely restricts autonomous capabilities. The next step is to 

incorporate some sort of navigation technique as effective as the previous solutions, 

but much more autonomous. 

 

2.4 Robotic Mining on Mars 

 Each past mission on Mars has centered around exploration and data collection. 

Now that the life-sustaining potential of Mars is known, a shift must be made to focus 

on using autonomous robots not as explorers but as workers. The next major step 

toward colonizing Mars is an in-depth investigation on the potential of ISRU for 

generating human consumables and spacecraft fuel [2]. It is evident water can be 

extracted from the surface of Mars through processing loose material called regolith. 

This however, is no easy task. Data obtained from the Curiosity rover suggests close to 

two pints of water are contained per cubic foot of Martian Soil [28]. Research suggests 

the average human male requires 3.7 liters of water a day [29]. This would equate to 

approximately 8 cubic feet of soil if extracting every bit of water from the sample. 

Mining 8 cubic feet of soil a day per person just to have enough water for human 
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consumption is no easy task, especially for a human. It would be illogical to consider 

achieving this by any other means than a robot. In this case, an autonomous robot 

could continuously move back and forth between mining and depositing the samples 

for processing. Implementing this solution would allow astronauts on Mars to focus 

their attention elsewhere and not worry about obtaining resources necessary for 

survival. 

 Although it sounds straightforward, mining regolith to be processed for water is 

complicated. Firstly, the deposition site needs to be close to the habitat for easy access 

to the newly processed water. Secondly, not every section of Mars will be easy or 

worthwhile to mine. There are specific areas containing more water than others and 

certain conditions necessary for a robot to mine. For example, it would be ineffective to 

command a robot to mine in an area full of large rocks and samples that cannot be 

accessed. To avoid this, NASA scouts will analyze satellite data and pick out specific 

mining locations for the rover to explore. This is achieved through HiRISE or NASAs 

High Resolution Imaging Science Experiment [26].  The deposition site and astronaut 

habitat will likely be positioned in a central location with respect to these locations. 

The robot will be expected to navigate to the mining area to collect regolith and then 

return back to the deposition site. As mentioned, the likelihood of each mining zone 

being adjacent to the deposition site is extremely low. Areas where mining is not 

possible are likely populated with numerous obstacles, exhibit drastic variations in 

terrain, or present a combination of both. Safely navigating these areas is of utmost 
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importance for the robot to successfully mine and provide resources for ISRU. A layout 

of these conditions is detailed in Figure 7. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Martian surface layout - mining mission. 

 Figure 7 illustrates each mining zone mapped out by NASA will be devoid of all 

obstacles. These are the specified areas to which the robot is expected to autonomously 

navigate and mine samples. The rover will mine areas across the surface of Mars, not 

just an area around the deposition site. As you can see in Figure 7, the mining rover will 

be expected to traverse unknown terrain while avoiding any obstacles in the way with 

zero to limited human interaction. These needs support the argument for utilizing 

SLAM in this scenario.  
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One of the greatest benefits of SLAM is its ability to both calculate the robot’s 

location and create a map of an unknown environment. Localization is required as the 

robot must find the various mining zones and be able to return its collected regolith to 

the deposition site. Also, the robot will no doubt encounter areas not previously seen 

and difficult to navigate. To accurately navigate these environments, the robot must 

have a map of the environment it is working in, and data on where the robot is localized 

within said map. Without all of this, navigating the difficult areas with obstacles is 

almost impossible. Furthermore, inaccurate data on the positioning of obstacles in the 

environment and the location of the robot will inherently lead to the inability to 

implement effective path planning and obstacle avoidance. Luckily, SLAM takes care of 

all this whilst maintaining a great degree of autonomy. A mining robot utilizing SLAM 

will be able to reach the mining zone and deposition site through limited teleoperation 

commands. All the robot needs is a commanded goal. Once that is given, the algorithm 

takes control while onboard path planning, and obstacle avoidance work autonomously 

until the goal is reached. Realize these commands could be given by either the humans 

on Mars or by mission control back on Earth. A robot utilizing SLAM in this case 

optimizes both time and effort by essentially automating the mining process. 

Implementation of this would provide an efficient way to consistently mine regolith 

and guarantee the water supply necessary to maintain human life on Mars.     

 Recall that SLAM utilizes a combination of proprioceptive and exteroceptive 

sensor data to map and localize. This thesis focuses on a rover utilizing two separate 
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sensor package implementations and their innate effect on the Gmapping algorithm’s 

accuracy. The first includes a LIDAR laser scanner to generate data about the 

environment and wheel encoders to generate robot odometry information. The second 

uses the same LIDAR but focuses on improving the odometry data through the fusion of 

wheel encoder data with data generated from an IMU. Note that each of these 

technologies are not new to extraterrestrial use. LIDARs have been optimized for 

numerous missions both outside Earth’s atmosphere and in the atmospheres of other 

planets [30][31][32]. Additionally, the previous iterations of Mars rovers each have 

utilized both wheel encoders and IMUs for operation. 

 To implement SLAM, and specifically Gmapping, robust software must be in 

place to interpret data collected from the sensors mentioned above and implement 

control of the robot based on the data. Without all of this in place, the robot will never 

be able to autonomously operate and achieve the task at hand. 
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CHAPTER 3 
SLAM IN ROS 

Robotic Operating System, or ROS, in simplest terms is a framework for robot 

software development. The tools, libraries and conventions that make up ROS are 

utilized to create robust robot behavior for numerous platforms. The keyword that 

pertains to ROS is collaborative. It was created so that individuals developing robot 

software could effectively combine their contributions. Users are able to easily 

integrate nodes written by others into their own ROS system. This allows pioneering 

robotics software researchers to come together and further push the boundaries of this 

technology. Furthermore, one of the greatest benefits of this framework is the immense 

contributing community. The large number of contributors constantly enables 

advancement through troubleshooting and informative posts on ROS Answers [33]. The 

contribution of this thesis revolves around creating a robust system using ROS. The 

simulations to evaluate the ROS Gmapping node center around the implementation of 

this framework on a model of a robot designed for mining on Mars. Understanding how 

ROS works on a basic level is key to understanding the work in this thesis. 
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3.1 Robotic Operating System Basics  

ROS has a modular structure. It is essentially a network of nodes that 

communicate with each other. Having such structure eases the implementation of the 

complex system required to autonomously control mobile robots. This is because each 

node is designed to achieve its own specific, smaller task. Subdividing the problem into 

numerous smaller problems simplifies the task at hand. As each node is independent, 

debugging difficulty is reduced. Knowing where to concentrate on in order to solve an 

issue drastically reduces the time spent and confusion experienced during this process.  

 As noted above, ROS is a framework. Users take advantage of packages to create 

a system of nodes. This system of nodes is the entire makeup of the robot’s operating 

system. Each node performs a specific task and communicates with the other nodes to 

control the robot [34]. A ROS node is by definition a process that performs 

computation. In this application, it is essentially an executable that communicates with 

other nodes in the system. Nodes can publish data to a topic which therein transmits 

messages between nodes [34]. This is shown in Figure 8. 

 

 

 

Figure 8. Node to node communication via topic. 

Nodes have no idea with whom they are communicating. When a node publishes 

data to a topic, the data is available for any other node to subscribe. Nodes that 

/node1 /node2 Topic X 
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subscribe to topics are exposed to any and all data contained within the topic [35]. In 

order to stream this communication between nodes, the topics utilize TCP or UDP 

transport, both of which are types of internet protocol traffic. TCP sends data bi-

directionally when a connection is established while UDP does not need a connection 

and sends data in packets [35]. To format the sent and received messages, ROS gives 

each topic a message type. These message types allow the differentiation between data 

[36]. Additionally, to solve the need for a request and reply, ROS employs what it calls a 

service. A service is simply a pair of messages where one is purposed for the request 

and the other for the reply. Nodes make use of a service by either waiting for an 

expected request or sending a reply. Once said request is made, the node awaits the 

reply [37]. To store data to be used offline or elsewhere, ROS indentures the use of a 

bag. ROS bags are generated by subscribing to one or more topics. This data is “bagged 

up” to be saved for later or sent to other nodes. This is a way to bypass subscribing to a 

certain topic [38]. Lastly, to fully understand the ROS architecture and terminology one 

must be familiar with the Master. The Master helps the nodes that are interacting with 

each other to locate one another. It can match publishers and subscribers to topics and 

services [39]. The Master maintains the operational complexity of this publisher-

subscriber framework and makes this all possible. 
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3.2 ROS & Mobile Robots 

 Developing a robot to mine on the surface of Mars requires autonomous control 

and movement. ROS utilizes the Navigation Stack exactly for this purpose. The 

Navigation Stack is a package designed for controlling a mobile base (a robot with a 

square or rectangular footprint) but can be tailored for other applications. At a high-

level, the Navigation Stack uses the odometry and sensor data to output velocity 

commands to the robot [40].  

 To utilize the functionality of the Navigation Stack, the robot must meet certain 

software and hardware requirements. Intuitively, to use the Navigation Stack the robot 

must be running a properly installed version of ROS that publishes sensor data with the 

correct ROS message types [40]. Additionally, a transform tree must be configured. ROS 

makes this easy through providing the “tf” library. The purpose of a transform tree is to 

account for the fact that the sensors, wheels and base of the robot are all on different 

coordinate frames [41]. If these differences are not maintained, the robot would be 

using data received in one coordinate frame to move the robot in another. This would 

result in extremely inaccurate navigation and cause innumerable problems. The benefit 

of using the tf library and implementing a transform tree is one needs only knowledge 

of a single coordinate frame to accurately use data from another.  

Moreover, there are certain hardware requirements to ensure the Navigation 

Stack is performing properly. First, velocity commands to the robot are assumed to be 

sent with an x-component, y-component and theta. Second, the robot should have a 
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square or circular footprint. Finally, the robot must be receiving data about the 

environment from an exteroceptive sensor. Once all of this is in place, the robot is now 

ready to use the Navigation Stack for movement. 

 The Navigation Stack is fairly simple at a conceptual level but extremely 

complex in its implementation. Figure 9 provides an overview of how the Navigation 

Stack is configured. 

 

 

Figure 9. Diagram of the ROS Navigation Stack [40]. 

 To understand how this package utilizes sensor data to control the robot the 

basic structure of ROS must be considered. Remember that ROS is fundamentally a 

network of nodes. Figure 9 shows that each node either subscribes and or publishes to a 

topic. Each node in the Navigation Stack serves a specific purpose that when put 

together work uniformly to implement its functionality. The Navigation Stack provides 

both costmaps and planners as their own respective nodes. A costmap contains 
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obstacle data represented in a 2D plane that is continuously updated as sensor data is 

received. Cells occupied by an obstacle have an inherent cost which is then inflated to a 

specified radius. As the distance from the obstacle increases, the cost associated with 

the grid decreases exponentially [42]. The overall objective is to create a path to the 

navigation goal associated with the least cost. There are both a global and local 

costmap. Intuitively, the global costmap represents the environment as a whole while 

the local costmap is concerned with a more refined and detailed snapshot of the local 

range around the robot. The size of this range is configurable, but the standard 

parameters create a 6 x 6-meter costmap with a resolution of 0.05 meters [43]. 

Furthermore, the Navigation Stack includes two planners. These work with the 

costmap to create a path to the goal. The planner takes into account the costs 

associated in the costmap to produce the most cost-effective trajectory [42]. There is 

both a local and global planner. The global planner develops an extremely optimistic 

path as more of a high-level guide for the robot. This path could potentially be 

infeasible and does not account for the kinematics and dynamics of the robot [42]. In 

the Navigation Stack, the global planner makes use of Dijkstra’s algorithm to 

implement A* [44][45]. The local planner on the other hand utilizes the path generated 

from the global planner as a guide, but often develops a plan with deviations from the 

global path. These deviations generally happen when obstacle avoidance is necessary. 

If the local planner has to deviate from the global path, it works as hard as possible to 

get the robot back on the global path. It is the local planner that takes into account the 
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kinematics and dynamics of the system to generate the velocity commands output to 

the robot controller [42]. The local planner makes sure to generate safe velocity 

commands through taking advantage of the Dynamic Window approach, or DWA 

[45][46]. The DWA essentially utilizes a cost function to compute the most cost-

effective velocity commands necessary for the robot to reach its goal [42]. Also note 

that there are certain recovery behaviors built into the Navigation Stack to prevent the 

robot from getting stuck.  

As you can now see, each node in the Navigation Stack works with one or more 

nodes to achieve its specified purpose. There is no linear path of communication 

between said nodes. A high-level description of the Navigation Stack is shown in Figure 

10. 

 

 

 

Figure 10. High-level Navigation Stack description. 

 The main idea is sensor measurements generated from the real (or simulated) 

world are sent to the Navigation Stack. This data is then interpreted and used alongside 

the costmaps and planners to control the robot while simultaneously accounting for 

any obstacles encountered [42]. Figure 9 illustrates an application where a predefined 

map is utilized. Meaning the environment is known and the Navigation Stack uses a 

localization algorithm to control and move the robot while knowing where all obstacles 

Sensor Measurements Velocity Commands Navigation Stack 
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are. However, this is not the only way to configure the Navigation Stack. One can take 

the amcl and map nodes you see in Figure 9 and essentially combine them to make a 

single node. Replace those aforementioned nodes with a SLAM node and one has 

achieved simultaneous localization and mapping on a ROS-based robot. In this case, 

the map starts as a blank slate and is constantly updated while localization data and the 

Navigation Stack guide the robot through the environment. Concurrently looking out 

for known and newly detected obstacles and updating the map allows the Navigation 

Stack to implement real-time obstacle avoidance. At first, the robot can only rely on 

the data it is seeing initially to ensure its path planning algorithms do not lead it into 

any obstacles. Once the map becomes more complete and the data associations become 

stronger, the robot can fully rely on the data within the generated map to aid in 

navigation.   

 These are precisely the requirements needed to be fulfilled for a robot mining on 

the surface of Mars for ISRU. Initially, the robot will start up from the deposition site, 

not knowing anything about the environment. It will be commanded to traverse to the 

mining site. The SLAM algorithm will work with the Navigation Stack to avoid rocks 

and craters while maintaining the course to its goal. A map will be generated 

throughout this process that provides reliable data back to the system to support 

accurate control and localization. The only human interaction will be in the form of 

two teleoperated commands. Those being one command from NASA scientists to the 
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mining area, and another commanding the robot to navigate back to the deposition 

site. Thus, this solution should provide a high level of autonomy. 

Within ROS, the most commonly used and widely accepted SLAM nodes are 

Gmapping & Hector SLAM. Each are open-source algorithms provided by the ROS 

community. The benefit of choosing ROS for SLAM is much is already tailored for quick 

implementation. Depending on the application many nodes can be treated as a “black 

box”. For instance, with both Gmapping and Hector SLAM, the user can take the nodes 

and perform SLAM on their system without knowing or understanding the internal 

details and implementation of the algorithms. This is extremely useful for those 

needing SLAM for their application but don’t have the time or knowledge necessary to 

implement their own solution. The structure of ROS allows experts in other fields to 

conduct research in their respective area that may require SLAM. They are able to do so 

without needing to know the intricate details and theory behind the ROS node.  

To integrate SLAM into the Navigation Stack, one essentially removes the amcl 

and map nodes in Figure 9 and generates the necessary topics through either Gmapping 

or Hector SLAM. Gmapping uses the SLAM technique involving the optimization of 

laser scanner data combined with odometry data from the robot. This algorithm uses 

this data to generate a 2D grid map of the environment in which the robot is operating 

[47]. Alternatively, Hector SLAM takes advantage of the high update rate of laser 

scanners to provide an accurate estimate of the robot's location and pose while also 

mapping the environment [48]. A key aspect of Hector SLAM is that it does not need to 
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use odometry. This is useful for robots that are unable to generate odometry data like 

UAVs. Utilizing the high update rate of scanners can accommodate the gaps in useful 

data created by the lack of odometry. Both are adequate solutions to mapping and 

localization in an unknown environment. The research in this thesis centers around 

simulation of a robot using the Navigation Stack mentioned above implemented with 

the ROS node Gmapping. 

The last key feature of ROS is it provides a tool called Rviz for the visualization 

of data. This tool enables the user to view things such as the laser scanner data, 

occupancy grids, and to map local and globally planned paths. Although this tool has 

numerous capabilities, it was used in this research for teleoperation of the robot as well 

as viewing and evaluating the map. Rviz allows the ability to pick waypoints on the map 

as robot goals. These waypoints represent a desired pose in the world frame. This 

teleoperation mimics the waypoints dictated by NASA scientists and represents the 

only human involvement in this process. Here, the ROS Navigation Stack subscribes to 

the desired pose and autonomously navigates until reaching the commanded goal. Rviz 

also displays the occupancy grid message by the Gmapping node. This is the most 

straightforward way to observe the map and its creation in real-time. The Rviz 

measurement tool can be used to record absolute distances between two points on the 

map. This affords the ability to measure the distances between an object’s mapped 

location and a reference point (origin). The recorded data can then be used to provide a 

way to evaluate the validity and accuracy of maps generated by Gmapping. 
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3.3 FastSLAM and its Derivatives 

 This thesis focuses on Gmapping and how effectively the algorithm 

simultaneously localizes and maps in an extraterrestrial robotic mining application. 

Therefore, it is important to understand the underlying theory and structure behind the 

algorithm. Gmapping is derived from the RBPF based FastSLAM algorithm. As 

mentioned previously, EKF’s are proven robust solutions to the SLAM problem, 

however, they are only effective when dealing with Gaussian systems [49]. To expand 

upon the capabilities of SLAM, PF based approaches were introduced. 

PFs utilize a system where each particle is a sample containing both its own map 

of the environment and a robot pose [49][50]. Every time the robot moves, the particles 

are updated with a new map and pose corrected to the movement. In addition to every 

particle possessing its own representation of the map and the robot orientation, each 

individual particle in the system is associated with a weight. This weight is utilized by 

the algorithm to filter out the weakest samples converge toward the strongest 

representation [14][49]. One can think of this as a sort of natural selection of particles. 

Maintaining a set number of particles eliminates the possibility of having infinite 

particles with representations of a map and pose. Filtering out the less likely particles 

makes room for resampling and further confirms strong state estimations. The 

significant number of particles, each of which contain their own map and pose 

estimate, leads to high computational complexity. To reduce the computational 

complexity of this problem, Rao-Blackwellized particle filters were introduced. The first 
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solution involving RBPFs was postulated by Doucet in his work [49][50]. Doucet and 

Murphy argue Rao-Blackwellization particle filtering utilizes the same premise of the 

particle filter explained above, however it takes advantage of the marginalization of 

state variables. This marginalization optimizes the computational complexity by 

reducing the overall size of the sample space [49]. That being said, this approach still 

requires	𝒪(𝑀𝐾) time, with M being the number of particles and K the number of 

landmarks. FastSLAM improves upon this through use of a tree-based structure. This 

structure results in 𝒪(𝑀𝑙𝑜𝑔𝐾) run time [17].  

There are three generalized steps that describe the RBPF process. These include: 

initial sampling from the proposal distribution; the computation of the particle weight; 

and resampling. The first step is where the process estimates the trajectory of the robot 

and the map of the environment given the observations from the laser scanner and the 

odometry data from the robot. The second step assigns a weight to each particle. This 

weight indicates the likelihood of the calculated trajectory and proposed map. Finally, 

these weights are employed during the resampling process where the RBPF takes the 

strongest samples and saves them while discarding the weaker samples. The filter then 

resamples the discarded samples in hopes of gaining newer samples with strong 

likelihoods to confirm our most likely robot state estimate [14][49]. Figure 11 attempts 

to graphically explain this process. 
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Figure 11. Graphic interpretation of RBPF based SLAM. 

In Figure 11, X, M, Z and U describe the robot pose, map, observations, and 

movements respectively. The diagram shows each time new movement data is 

generated, the robot pose estimate is updated. The new pose is then used alongside 

sensor data to update the map. This process is iterated as the robot moves throughout 

the environment.  

To approximate where the robot is located while concurrently building a map of 

the environment, one must utilize the joint posterior distribution about the trajectory 

and map. This distribution is simply a distribution of unknown quantities (trajectories 

and map) that are treated as a random variable. The result of the unknown quantities 

depends on the data from the environment (scan and odometry data). This distribution 

is as follows: 

                                                      (1)       
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Where  is the trajectory of the robot,  is the map of the environment, 

 is the data received from the laser scanners, and  

is the robot odometry data [15]. Realize that this distribution contrasts the problem of 

only localization which has the distribution: 

                                                                    (2) 

As stated earlier, the difficulty with robot localization increases exponentially 

when the map is unknown as well. To reduce the complexity of the distribution for the 

SLAM problem, Murphy proposed a factorization in his work [16]. The factorization 

provides: 

                                               (3) 

Notice that the initial distribution of two unknowns and two known quantities is 

now split into two distributions with only one unknown. The first,  

can be looked at as only a localization problem, similar to the one provided in (2). This 

is because there is only one unknown quantity in the distribution. That being the 

current pose which depends on the odometry and scan data. Here, the robot trajectory 

is estimated with a particle filter that processes odometry and observation data as they 

are available [14][51]. Additionally, the second part of the factorized distribution 

 can be looked at as a mapping problem solved using known poses of the 

robot [51]. The map is updated based on the newest trajectory estimated and locations 

of landmarks within the map are realized through individual EKFs. 
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 Working with a mapping system that takes advantage of a RBPF warrants the 

need for a proposal distribution to draw the next set of samples. The standard 

framework of the system allows the user to choose the distribution and how to 

calculate it. In standard Monte-Carlo localization, the distribution  is 

used to predict the motion of the robot. The issue here is the distribution does not take 

advantage of the observations from the robot’s laser scanner. This confirms the idea 

that a problem-specific distribution is necessary to obtain an accurate motion model 

[12]. The Gmapping algorithm in ROS is analogous to the FastSLAM algorithm save that 

it formulates FastSLAM to work in a grid-based scenario, introduces adaptive 

resampling, and an improved proposal distribution. Doucet and colleagues contrived an 

optimal proposal distribution for this problem in [50]. Under Markov assumption the 

distribution is:  

                
                    

Note that  is the observed likelihood of the laser range finder while the 

motion model is described through the distribution .  The likelihood of 

the laser scanner is much greater than that of the motion model, causing it to be the 

dominating term in the optimal proposal distribution. Gmapping improves this 

distribution by taking this term and representing it with constant  inside the 

meaningful area   to allow the following approximation: 

(4) 
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                                                         (5) 

Additionally, the distribution around the maximum of the likelihood function is 

locally approximated by a Gaussian [51]. These formulated distributions are now 

adequate enough to estimate the map and the robot’s pose. Each time the robot moves, 

these distributions provide the necessary estimate. Recognize that this distribution 

takes advantage of the most recent observation to provide accurate pose estimates [51]. 

The parameters of the Gaussian can be found through the evaluation of the likelihood 

function for a set of points. The points of which are sampled around the corresponding 

maximum determined from scan matching [14][51]. As the samples are generated each 

is then weighted based on importance. 

 Importance sampling is purposed for the task of eliminating weak samples. 

Ideally, there is an exact distribution to sample from, however that distribution isn’t 

always known [14]. The idea behind importance sampling is to sample from the 

available distribution and reweight samples to account for the fact that the used 

distribution is not the exact desired solution [12]. Importance weight is calculated with 

the equation below: 

                 (6)     

 

Where  is the required solution and  is the known distribution. The process 

uses this relationship to account for any error and make the best approximation 
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possible. As stated, the particles with greater “importance” or weight are more heavily 

relied upon to produce the approximation of the robot’s pose and the environment. 

 The last step in Rao-Blackwellized based SLAM is particle resampling. In a 

perfect world, sampling after every step would be best, however, each resampling 

causes an increase in variance. To combat this issue, the algorithm picks when to 

resample. Gmapping resamples when the effective number of particles is less than N/2 

with N being the number of particles used [18][51]. The effective number of particles 

measures the samples from the proposal distribution and how likely they are to 

describe the goal distribution. Particle resampling utilizes the current set of particles to 

create a new set. This is done by simply drawing from the old set while favoring the 

samples with higher weights. The process leads to another randomly generated sample 

set often more accurate than the previous distribution due to the favoring of higher 

weights. Doing this completes the SLAM process and accurately localizes the robot 

while mapping the environment.   

 

3.4 Gmapping 

The Gmapping ROS node was authored by Brian Gerkey. It is a wrapper for 

OpenSlam’s Gmapping and is licensed under the CreativeCommons-by-nc-sa-2.0. The 

original authors of OpenSlam’s Gmapping algorithm are Giorgio Grisetti, Cyrill 

Stachniss, and Wolfram Burgard. As stated above, the algorithm generates a map of an 

unknown environment from laser and odometry data. Therefore, a sufficient laser 
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scanner and vehicle that can produce odometry data is necessary for this solution. This 

laser scanner must be fixed and planar mounted meaning the transform between the 

robot and laser frame cannot be dynamic. The node was derived from the RBPF-based 

SLAM technique FastSLAM. The difference between the two is Gmapping reduces the 

number of particles necessary and optimizes results through varying the proposal 

distribution with the current situation. The key difference is how the algorithm works 

when the robot is operating in already visited areas. In this case, the algorithm choses a 

new pose that maximizes the likelihood of observation predicted by odometry. The 

algorithm is able to stay localized within the known area which results in a constant 

effective number of particles [14][51]. Maintaining a constant value above the 

designated threshold reduces resampling and keeps accurate estimates. 

 Recall that each particle carries its own map of the environment independent 

from all the others. One can ascertain that the use of a method involving numerous 

individual maps can add extreme computational complexity to the solution. Thus, it is 

imperative to develop this in a way that uses minimal numbers of particles. Although 

the number of particles used it a tunable parameter, this research uses 30 particles, the 

recommended solution [52].  

Additionally, one must be weary of the particle depletion problem for RBPFs 

[51]. This problem postulates that the resampling in the algorithm could potentially 

eliminate a particle that is most accurately representing a map of the environment [51]. 

Gmapping utilizes a “highly accurate” proposal distribution to combat this. The benefit 
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to said distribution lies within observing the sample size [53]. Looking at the sample 

size gives the algorithm an indicator for when effective resampling is needed, therein 

reducing the risk of particle depletion and combating the problem [53]. 

Drawbacks to Gmapping include computational complexity that is often a 

function of the number of particles used and the need for a planar mounted laser. The 

need for mounting a laser as such leads to difficulty when operating in unstructured 

environments, however Gmapping is proven robust [52]. If sufficient and accurate 

sensor data is being passed to the algorithm, its robustness will inherently produce 

viable SLAM data.  

 

3.5 Alternate ROS-based SLAM approach 

 Hector SLAM is yet another ROS node that offers SLAM capabilities. Authored by 

Stefan Kohlbrecher, it is a solution that avoids having to use odometry data [48]. The 

algorithm does so by taking advantage of scanners with high update rates of 40 Hz or 

more to give estimates for the robot pose at the rate of said scanner [48][52]. 

Consequently, not having a laser with high update rates makes the use of this 

algorithm inappropriate. 

 Not using odometry can be useful in situations where accurate information is 

difficult to generate, particularly in the operation of UAVs and certain rugged mobile 

robots. Providing an adequate SLAM solution that bypasses the need for odometry data 

can be extremely useful in certain scenarios [47]. This, however, is not an advantage if 
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the system requires odometry data for navigation. Mobile autonomous robots operating 

on Mars require odometry data to intelligently move on their own. This is largely in 

part due to the lack of other data like GPS that autonomous robots can rely on for 

movement when odometry is not present. Since odometry is necessary for autonomous 

operation on Mars, the ability to implement SLAM without odometry is a moot point. 

Sources indicate Hector SLAM does not need odometry but is able to accept it. As 

Hector SLAM does not make use of the transform from base link to odometry it is 

assumed the provided odometry is ignored [54]. In this case, the node’s ability to accept 

odometry is likely to provide easy interface between Hector SLAM and the more 

prevalent Gmapping [54]. 

Hector SLAM has limitations for Martian robotic mining. First, Hector SLAM 

does not provide any loop closing abilities [48]. Loop closure refers to the ability of the 

algorithm to recognize when it has reached a previously seen environment. The ability 

to do so is inherently difficult but imperative [55]. Closing the loop and recognizing old 

environments is important when working with a robot that will at some point return to 

its starting position. In the case of mining Mars for ISRU, the robot will constantly 

traverse back and forth between the same areas. Recognizing it is back in an area it has 

seen before is important for generating accurate SLAM data. The reason loop closure is 

difficult is because current solutions heavily rely on pose estimates [52]. Hector SLAM’s 

large reliance on laser scan data and a lack of odometry makes this impossible. 

Secondly, when operating in conditions with limited number of landmarks as would be 



 50 

encountered inside a mining zone, error in Hector SLAM grows continuously. This is 

largely due to the lack of useful data pushed to the scan matching aspect of the 

algorithm [52]. 

 Weighing the pros and cons of both Hector SLAM and Gmapping is important 

when deciding what SLAM technique is optimized for mining material on Mars. Due to 

the nature of the terrain, the robot will experience variations in roll and pitch 

combined with a great amount of wheel slippage. The generic capabilities of Hector 

SLAM would point toward utilizing that approach in this situation. Error in localization 

due to wheel slippage and continuous roll/pitch make it difficult to provide accurate 

data for SLAM. Furthermore, Hector SLAM is optimized for conditions exhibiting roll 

and pitch, mainly from the use of a dynamic transform between the laser and the robot 

[56].  This however, requires a more sophisticated sensor package containing an IMU to 

estimate the positioning of the laser allowing the implementation of this transform 

possible. 

 Notwithstanding, this research foremost focuses on the effectiveness of 

Gmapping for robotic mining robots, but also centers on the effect two different sensor 

packages have on the algorithm’s robustness and accuracy. With one sensor package, 

accurate odometry data is generated from the use of an IMU. The fusion of IMU data 

with wheel encoder data provides adequate information in rough terrains. Therefore, 

this capability neutralizes Hector SLAM’s advantage of no odometry or odometry based 

solely on an IMU alone. Furthermore, the other sensor package does not make use of an 
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IMU and therefore does not provide the adequate data necessary for implementing 

Hector SLAM. 

 Gmapping and Hector SLAM present similarities, but highlight having different 

capabilities that must be taken advantage of depending on the application. Overall, this 

implementation is able to fill in the gaps of Gmapping through the varying sensor 

packages that would generally make the case for Hector SLAM. Lastly, Hector SLAM 

shows increasingly poor performance in areas without many landmarks and in 

situations requiring quicker operation. Due to the nature of the problem, areas without 

many landmarks could often be encountered and operating at a reasonable speed is 

necessary. If the robot is only able to reach the mining area once a day due to the 

limitations of Hector SLAM it will be increasingly difficult to mine enough regolith for 

ISRU.  

 This inadequacy could lead to drastic issues with generated SLAM data and 

makes the case for solely investigating the more robust Gmapping algorithm and its 

potential in an extraterrestrial mining application for ISRU. 

 

3.6 ROS and Gazebo 

A convenient feature about working with a ROS-based robot is the user does not 

need a physical robot to implement the operating system. ROS packages have been 

written to provide wrappers that make it extremely simple to simulate robots in 

Gazebo. Gazebo is a free robotic physics simulator [57]. With Gazebo a user can do all 
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sorts of testing and proof of concept before spending time and money on hardware and 

development. This research took advantage of these capabilities to evaluate the 

effectiveness of Gmapping for a Martian robotic mining expedition solely through 

simulation. 

This invaluable tool provides the ability to create or import a model of a robot 

and simulate control through the robust physics engine [57]. Furthermore, Gazebo has 

the ability to simulate sensors and generate data replicating operation in the real 

world. All of which replicate the sensor’s physical counterpart as closely as possible 

[58]. With the use of plugins, one can interface with the ROS framework and simulate 

this data for use on a ROS controlled robot. If properly setup, these plugins take data 

generated in Gazebo to publish and subscribe to necessary topics for ROS. In this 

research, plugins were used to generate LiDAR data in the environment, simulate data 

from an IMU, and implement skid-steer control on the model of the robot base. The 

LiDAR plugin generated sensor data from objects in the world that was then used by 

Gmapping and the move base node to implement SLAM, path planning, and obstacle 

avoidance. The IMU was used to produce acceleration information later purposed to 

create more robust odometry data, all of which is detailed in the next section. Lastly, 

the skid-steer controller was utilized to replicate the skid-steer characteristics of the 

physical robot in the real world to replicate operation as closely as possible. One can 

essentially replicate any conditions from the real world for use in this simulator.  
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Additionally, Gazebo allows the creation of complex indoor and outdoor 

environments [59]. One can add objects, obstacles, floor plans and much more to create 

almost any environment desirable. These abilities were utilized to create a Gazebo 

world replicating the conditions on Mars. Details on this process are presented in a 

later section. Notwithstanding, the ability to simulate robots in an array of 

environments and provide the functionality for testing numerous applications and 

scenarios makes Gazebo invaluable. 

Gazebo is such an incredible tool that infinitely increases potential access to the 

world of robotics. Many people do not have the resources to build or design their own 

physical robot, and Gazebo allows those people to contribute to the world of robotics. 
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CHAPTER 4 
CONTRIBUTION SETUP 

This work concentrates on the ROS node Gmapping and its applicability to 

simultaneously localize and map during a robotic mining mission. Mining regolith from 

the surface is a task perfectly designed for a mining robot, and increased levels of 

autonomy are necessary to make this a reality. Vetting the capabilities of Gmapping for 

this application makes a case for its use and provides insight to the necessary steps for 

improving the algorithm’s overall effectiveness and robustness. The simulations 

executed in Gazebo were configured to closely replicate the conditions any skid-steer 

rover would experience while operating on the surface of Mars. Keeping in mind that 

the robot is skid-steer is important throughout this work because of the inherent 

greater uncertainty of odometry data generated from wheel encoders. This chapter 

presents the methods used and justification for the evaluation of Gmapping. Many 

parameters and conditions were adapted from NASA launch and mission requirements 

for this particular type of mission. NASA experts have provided details on the specific 

sizes and weights necessary to satisfy mission payload launch requirements.  
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4.1 Robot and Simulation Setup Overview 

 To complete any sort of analysis of the Gmapping algorithm ROS provides, a 

working model of a robot designed for use on Mars needed to be developed. Said model 

needed to be compatible with Gazebo and have all the necessary ROS packages for 

control in the form of autonomous navigation. The first step in this process involved 

converting a Solidworks model to URDF. Description, control, and navigation packages 

were all created to both simulate the robot in Gazebo and implement the ROS 

Navigation Stack. The conversion from Soldworks to URDF was necessary as ROS 

utilizes the URDF file type for simulation. Although Gazebo uses its own file type to 

represent a robot (SDF), one must start with a URDF when using both ROS and Gazebo. 

Executing a simulation in Gazebo converts the URDF to SDF for internal use behind the 

scenes. As long as the URDF is properly written, this makes the integration between 

ROS and Gazebo almost seamless. Launching the robot in Gazebo is only the first step. 

From there, a control package, sensors, and the Navigation Stack all had to be 

integrated on the robot.  Doing this properly set the robot up to utilize the ROS 

navigation nodes available. 

 The computing system executing the simulations uses Ubuntu 14.04 with ROS 

Indigo and Gazebo 2. A Hokuyo LiDAR and 3-axis IMU were both simulated on the 

robot. Each were in a form of a Gazebo plugin developed to take advantage of the ROS 

drivers available for the respective sensors. The ROS Hokuyo node can be used to 
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implement any SCIP 2.0-Compliant laser range finder [60].  Details on the laser scanner 

are shown in Table 1 below. 

TABLE 1: LASER SCANNER SPECIFICATIONS 

Samples Resolution Min Angle  Max Angle Min Range Max Range Update Rate 

720 0.25° -90° 90° 0.1 m 30 m 40 Hz 

 

 The purpose of the Hokuyo is to scan the environment and take measurements 

indicating the presence of landmarks. In this case, only objects in the environment 

taller than the robot’s ground clearance must be accounted for. Anything below a 

certain threshold is easily traversable for the robot. Details on the sensor positioning 

are shown in Figure 12 below. 

 

    

 

Figure 12. Robot close up with laser scanner. 

 Figure 12 illustrates how the positioning of the LiDAR will avoid scanning any 

obstacles considered insignificant such as A but will register objects it must avoid such 

as B. The IMU simulates a standard 3-axis IMU experiencing low-frequency drift that is 

affected by Gaussian noise [61]. The IMU operates at a frequency of 20 Hz and returns a 

simple Attitude and Heading Reference System. 

A 
B Ground 

Clearance 

Laser Scanner 
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 The inclusion and omission of the IMU will be the differentiating factor between 

the two separate sensor packages examined for use with Gmapping. Without any 

additional sensors such as the IMU, the system uses odometry data generated from the 

Gazebo skid-steer drive plugin which replicates information obtained from wheel 

encoders in the real world. The second sensor package makes use of an IMU and utilizes 

this additional data to generate a much more accurate estimation for the SLAM node. 

This process is shown in Figure 13. 

 

 

 

Figure 13. Creation of fused odometry data. 

 Figure 13 details the two forms of data that are passed through an Extended 

Kalman Filter to crate the more accurate odometry data. The IMU records accelerations 

along six axes. Those being linearly in the x, y, x direction as well as for roll, pitch and 

yaw. In this situation, the EKF combines the x and y accelerations with the data from 

the wheel encoders. This additional data accommodates for any error in wheel 

odometry resulting in a much more accurate pose estimation which should 

theoretically improve not only the localization but also the mapping aspects of this 

implementation.  
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4.2 Gazebo World Terrain 

 Multiple Gazebo worlds were created for testing the Gmapping algorithm in an 

off-planet robotic mining application. Each world specified a different scenario with a 

specific set of conditions. The goal behind this was to provide close representations of 

the terrain a rover would face on the surface of Mars. The worlds that represented 

environments with undulating terrains were created using models available within 

Gazebo. Effects of undulating terrain will depend on the exact size and kinematic 

model of a robot operating in said conditions. A robot with a larger footprint will 

certainly experience smaller values of roll and pitch than a smaller robot. These precise 

values are a function of the ground clearance, length and width. In this thesis, the robot 

roll conditions are up to +/- 25° and pitch conditions up to +/- 18.5°. The greatest 

difference in height between two points in these worlds is roughly 0.2 meters. The 

robot base frame is 0.635 meters long (from center of front wheel to center of back 

wheel). Figure 14 shows the robot in max pitch conditions and how the angle was 

calculated. 

 

 

  

 

Figure 14. Max pitch condition calculation diagram. 

A B 
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 The values for A and B refer to the maximum height difference in the terrain and 

length of the base frame from the center of the back wheel to the front wheel. 

Trigonometry led to generating a value of +/- 18.5° for the maximum pitch experienced. 

A similar process was done to find maximum roll. Since the robot base frame width is 

shorter than the length, this value is logically higher. Calculations led to a maximum 

roll of approximately +/- 25°. Similar calculations can be made depending on the 

length, width, ground clearance and maximum difference between highest and lowest 

points in the environment. The generated roll and pitch conditions are satisfactory for 

this application because the Mars Exploration Rovers Spirit and Opportunity 

experienced ranges up to +/- 30° and +/- 31° tilt respectively [62]. The roll and pitch 

values of +/- 25° and +/- 20° are well within those ranges. Furthermore, the mean tilt 

experienced for Spirit was 14.6° with a +/- 4.4° tolerance [62]. Each past rover was 

programmed to avoid any tilts greater than 30° and there is only one instance where 

Curiosity operated in tilt of 32° [63][64]. That being said, the conditions experienced in 

the simulations are clearly inside the allowable range and effectively represent the 

conditions experienced by past rovers on Mars. 

  Methodical placement of rough terrain objects throughout the world enabled 

effective testing of Gmapping under roll and pitch conditions. Figure 15 shows a close 

up the obstacle area of the Gazebo world. 
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Figure 15. Gazebo world representing undulating terrain. 

The rough terrain blocks are positioned in the area the robot most often 

traverses, the area between the deposition bin and the various mining zones. NASA 

scouts will pick a landing area relatively flat. This is why the world is flat for 

approximately 1.5 meters in front of the starting position. The following rough terrain 

varies from extremely difficult to flat as the robot passes through an obstacle area to 

the mining area. This is to best represent the variability in the terrain present on the 

surface of Mars and is consistent with the site selection as described in Chapter 2 and 

shown in Figure 7. 
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4.3 Gazebo World Landmark Placement 

 Objects in the form of cubes and rectangular prisms were used to represent 

obstacles a rover might encounter when navigating the unknown terrain. Three 

variations were chosen to encapsulate the array of sizes the rover may encounter. Use 

of a large, medium, and small obstacle sufficiently accounts for this variation and 

provides data for the range of objects present on Mars in the rover’s designated area of 

interest. The sizes are shown in Table 2. 

TABLE 2: WORLD OBSTACLES 

Obstacle Width (m) Depth (m) Height (m) 

Large 1 1 1 

Medium 0.5 0.5 1 

Small 0.2 0.2 1 

Mining Pole 0.1 0.1 1 

Deposition Bin 1.575 .457 1 

 

Table 2 illustrates that the heights of each object are 1 meter. Due to the nature 

of the terrain on Mars, landmarks often become obstacles and vice versa. This research 

is concerned with mapping visible landmarks on Mars and successfully localizing while 

completing a mining mission. Since the rover is able to navigate over obstacles smaller 

than the ground clearance, each obstacle was made tall enough they are detected by the 

LiDAR.  Furthermore, the choice to use symmetric objects with edges was made to help 

with the evaluation of the algorithm’s performance and is based upon the way data 
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from the Gmapping algorithm is formatted and the capabilities of Rviz. Details on this 

are expanded upon in a later section.  

For the purposes of this research, the deposition site was positioned ten meters 

away from the mining area. Although NASA engineers may hope to send rovers across 

greater than one hundred meters of unknown terrain, tests were performed in the ten-

meter conditions to replicate mining material for ISRU around a local habitat. The 

mining zone was assumed to be a 10 x 10-meter area centered along the x-axis, similar 

to that of the obstacle area. The mining zone and obstacle area combine for 200 square 

meters of area in which the robot will operate. Figure 16 depicts the layout of the 

robot’s operational area. 
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Figure 16. Top view of robot operational area. 
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Recognize that the figure pictured above represents only the area the robot will 

be expected to traverse. The Gazebo world when launched is much larger, however, 

operation of the robot is confined to the space pictured above. Six obstacles, two of 

each size, were chosen to populate the obstacle area. A random number generator was 

used to obtain coordinates for the placement of landmarks to ensure their orientation 

was not in such a way that favored Gmapping.  

Gazebo worlds were created assuming the origin as the mission start point, 

which is directly in front of the deposition site. One can see this from Figure 16.  The 

rover initializes with its pose oriented along the positive x axis. The obstacle area and 

mining area were then built out along the x axis. The deposition site is centered on the 

x-axis. Thus, the area of concern in the Gazebo world is from -5 to 5 along the y-axis 

and 0 to 20 along the x-axis with the obstacle area limited to 0 to 10 along the x-axis.  

That being said, six sets of coordinates for the placement of obstacles couldn't simply 

be chosen by a random number generator with limits of -10 to 10 (for the size of the 

obstacle area). To effectively generate coordinates in the obstacle area, x values for 

each pair were first generated followed by the y values. This was achieved by generating 

six random x coordinates in the range of 0 to 10 and six y coordinates with a random 

number generator in the range -5 to 5. The numbers for x and y were paired up in the 

order they were generated and assigned to the landmarks in order of decreasing size. 

For example, the first pair was assigned to a large object and the last a small object. 

Details on the exact placement of objects are shown in Table 3. 
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TABLE 3: LANDMARK DATA 

Name Description Origin Closest Corner X Closest Corner Y Distance (Origin to Corner) 

A Large 1 (4, -3) 4.000 -2.293 4.611  

B Large 2 (9, 4) 9.000 3.293 9.583 

C Medium 1 (3, 0) 2.646 0.000 2.646 

D Medium 2 (3, 4) 3.000 3.646 4.722 

E Small 1 (6, 4) 6.000 3.859 7.134 

F Small 2 (4, -5) 4.000 -4.859 6.293 

G 
Deposition Bin 
 

(-1,0) 
 

-0.772 -0.788 1.102 

H -0.772 0.788 1.102 

I Mining Pole 1 (10, -5) 10.000 -4.929 11.149 

J Mining Pole 2 (10, 5) 10.000 4.929 11.149 

K Mining Pole 3 (20, -5) 19.950 -4.950 20.555 

L Mining Pole 4 (20, 5) 19.950 4.950 20.555 

 

Lastly, per NASA’s specified mission and launch requirements, the interior 

dimensions of the collector trough are 1.575 x 0.457 meters [2]. To replicate this, a 

rectangular object of the necessary dimensions was placed behind the origin at (-1, 0). 

This was to ensure the robot began operation directly in front of the deposition site 

when beginning simulation. Furthermore, each object was oriented in a way that the 

laser scanner can easily scan a corner. Obstacles with linear sides have a corner that 

converges to a single point.  A sharply defined intersection guaranteed the most 

consistent and accurate way to record absolute distance data to each obstacle using 

Rviz. 
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4.4 Measurements in Rviz 

 The Gmapping node publishes a message in the form of an occupancy grid. This 

is represented as a set of integers specifying a value for each individual square in the 

occupancy grid. These values are either -1, 0 or 1. Negative one indicates it is neither 

known nor unknown that the grid is occupied. Zero indicates the algorithm determined 

there is nothing in the square, and 1 determines the algorithm detected something at 

that location [47]. The size of the grid depends on the size and fidelity of the map. Due 

to this, one message could be millions of integers each represented as a -1, 0 or 1. 

Luckily, Rviz has a tool that allows the visualization of an occupancy grid message. This 

allows observation of the mapping and localization process in real-time. Furthermore, 

Rviz has a tool to provide measurements for the distances between points on the map. 

Unfortunately, the measurement tool does not have the capability to snap onto a point 

in the occupancy grid. However, each square in the occupancy grid represents only a 

0.05 x 0.05-meter space. Therefore, although the tool is unable to snap to a specific 

point in the grid, measurements can guarantee an accuracy within 0.05 meters.  

This data is used to support the hypothesis that Gmapping is an effective way of 

mapping and navigating an unknown environment during a robotic mining mission. 

The goal of the mission is to move back and forth from deposition site to mining site 

while creating a map and avoiding any obstacles in the way. To successfully complete 

the mission the robot must be able to return to the deposition site. Remember that the 

deposition bin is 1.575 meters long. Per the NASA rules, the maximum width of the 
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robot is 0.75 meters, which is also the width of the robot used in simulation. The 

deposition site is essentially a trough where the robot deposits samples obtained from 

mining. So long as the robot can deposit the samples, the mission is complete. For this 

to be considered successful, the edge of the robot must not be past the edge of the 

trough. As long as this condition is satisfied, it does not matter if the robot reaches the 

exact center. Successful offloading positions are depicted in Figure 17. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Successful offloading positions. 

Due to the size of the trough, the robot has 0.415 meters of error on each side. 
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to the exact center, it will still successfully make the deposit. Ideally, the robot will be 

centered on the x-axis shown in Figure 17, but the mission will be successful if the 

robot deposes the mined regolith in any of the positions depicted. Mapping error 

greater than 0.4. meters should negatively affect the overall scoring of the algorithm’s 

effectiveness. The distances of most concern are those from the origin to the left and 

right front corners of the deposition bin. If the error in absolute distance from the 

origin to these points is low, the map is accurate enough to guarantee a successful 

mission. SLAM is both a localization and mapping problem. If the map is correct, but 

robot localization data drifts too much, the robot may not be able to complete the 

mission. Data collected from the mapping of other obstacles is used to confirm findings 

and provide overall error averages for each simulation. 

 

4.5 Test Cases and Gmapping Evaluation Metrics 

 Four test cases were developed to vet the capabilities of Gmapping under 

specific conditions. These revolved around the inclusion or lack of mining zone 

markers at each corner.  

The navigation plan consisted of teleoperation via two waypoints and 

completely autonomous navigation between said waypoints. The idea behind this plan 

is to send the robot from its starting point 12 meters in front of the start position thus 

placing the robot directly in the mining area. The robot was sent only 12 meters 

because regardless of where the robot is positioned in the mining area, it will still 
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collect regolith and return to the deposition site. Moving 12 meters positions the robot 

in the mining zone at a point mining will occur. This case is sufficient because the tests 

are evaluating reaching the mining zone in any capacity and returning from there to 

the deposition site. After the teleoperation command is sent, the Gmapping and path 

planning algorithms work to autonomously map and traverse the unknown 

environment while avoiding obstacles. Once the robot reaches the mining area it is sent 

back to the deposition site (where the robot started) via a second teleop command. The 

robot completes its mission with a pose facing the deposition bin or pointing in the 

negative x direction of the world frame. The robot must be oriented precisely that way 

to deposit material that was mined. Reaching this point concludes the navigation plan 

and represents mission success.  

Insight gained during simulation illustrated the robot may experience 

localization issues when it reaches the mining zone. This is because it is devoid of any 

landmarks. Placement of mining zone markers at each corner has the potential to 

improve localization issues by maintaining useful scanner data throughout the 180° 

turn necessary to return to the deposition site. Details on each test conducted are 

provided in the Table 4. 
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 Each one of these sixteen tests were run a total of eight times. The raw data 

generated was then applied to a rubric for systematic quantification of Gmapping 

results. The purpose of the rubric is to provide a way to draw comparisons between 

trials and quantify observations from simulation. Creating a standardized rubric for the 

evaluation of SLAM is extremely difficult and inherently subjective. That being said, 

TABLE 4: TEST CASE DETAILS 

Test Name World Type Sensor Package Front Mining Zone Flags Back Mining Zone Flags 

FN00 Flat LiDAR Only 0 0 

FN22 Flat LiDAR Only 2 2 

FN21 Flat LiDAR Only 2 1 

FN11 Flat LiDAR Only 1 1 

FI00 Flat LiDAR and IMU 0 0 

FI22 Flat LiDAR and IMU 2 2 

FI21 Flat LiDAR and IMU 2 1 

FI11 Flat LiDAR and IMU 1 1 

UN00 Undulating LiDAR Only 0 0 

UN22 Undulating LiDAR Only 2 2 

UN21 Undulating LiDAR Only 2 1 

UN11 Undulating LiDAR Only 1 1 

UI00 Undulating LiDAR and IMU 0 0 

UI22 Undulating LiDAR and IMU 2 2 

UI21 Undulating LiDAR and IMU 2 1 

UI11 Undulating LiDAR and IMU 1 1 
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the scores generated are not used to validate the precise performance of Gmapping but 

used to provide a way to visualize patterns and trends in the simulations. Additionally, 

due to the nature of the Gazebo environment used, there were a few instances where 

the robot became physically stuck on the terrain. This was a result of the base frame 

bottoming out on the terrain. This was a direct result of how the Gazebo worlds were 

constructed and the ground clearance of the robot. Since it was not due to any of the 

algorithms, tests exhibiting this behavior were thrown out and another iteration was 

run. This was to record data more representative of the capabilities of Gmapping and 

inherently the Navigation Stack.  The parameters observed for evaluation were as 

follows: arrival at deposition site, arrival at mining zone, overall mapping error, 

presence of false positives, presence of false negatives, and overall fidelity. Each 

condition is objective save the fidelity evaluation. This is the one parameter that 

includes a subjective interpretation of the overall quality of the map. Scoring of each 

parameter is shown in Table 5. 
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TABLE 5: SCORING RUBRIC 

Parameter Weight 

Reached Deposition Site 40 

Reached Mining Zone 10 

Error 20 

False Positives 10 

False Negatives 10 

Fidelity 10 

Total Score 100 

 

 Reaching both the deposition and mining sites make up half the total score as 

both are considered mission critical. Without the robot either reaching the mining zone 

to mine or returning to the deposition site to deposit the regolith, the mission is 

incomplete. A greater weight was assigned to reaching the deposition site because it is 

a smaller target for the robot to reach and is further along the mission path.  

Error scores are based on the average absolute error from the origin to the 

closest corner of each obstacle. Remember the maximum allowable error is 0.4 meters. 

This is because the robot can be offset from the origin 0.4 meters on either side of the 

deposition bin. Since this is true, an absolute error of 0.02 meters from the actual 

position of the obstacle would account for 1 of the 20 error points.  

Furthermore, the false positive and false negative category refer to the presence 

of obstacles on the map that are not in the environment and lack of obstacles on the 

Localization 
Score 

Mapping 
Score 
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map that are in the environment, respectively. For the false positives category, two 

points are subtracted for each additional obstacle detected. An obstacle is determined 

as anything occupying 2 or more adjacent grids or 4 total grids within a 4 x 4 grouping 

of grids. The smallest obstacle in the environment is 0.1 meters wide. The 0.05 meter 

resolution of the map gives that at least 4 grids should be occupied in a relative area to 

detail at least two sides of the smallest obstacle are mapped. Mapping is not perfect and 

data from the LiDAR may not always result in the Gmapping algorithm populating grids 

in succession. Observing 4 populated grids within a 16 square grid will adequately 

account for this.  The same can be said for the false negatives category. Each obstacle 

not present on the map subtracts one point from the score. The use of this rubric 

provides an objective metric for analyzing the effectiveness of Gmapping in each case 

tested. 
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CHAPTER 5  
GMAPPING IN IDEAL ENVIRONMENTS 

 A series of simulations were executed in an ideal world, one with level ground. 

These tests were executed with and without an IMU to develop baseline data for the 

Gmapping algorithm. Under these conditions, a sensor package consisting of only a 

laser scanner should be sufficient, however, the inclusion of an IMU should produce 

more accurate SLAM results. Roll and pitch of the robot are not a factor here and the 

amount of wheel slippage experienced should be less than on undulating terrain. Robot 

odometry data generated by Gazebo replicates data generated by wheel encoders. 

Remember that wheel encoders measure the distance a robot moves from the amount 

the wheels turn. Without experiencing much wheel slippage or roll/pitch, the odometry 

data should be strong enough for accurate pose estimation. Nevertheless, wheel 

encoders are not perfect and can still result in odometry data that gives incorrect pose 

estimates to the SLAM algorithm. Incorporating the second sensor package and fusing 

newly available IMU data with odometry data will inherently create more accurate 

odometry data. This improved odometry data will result in more accurate pose 

estimates and enhance the overall results from the Gmapping algorithm. 
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5.1 Test Cases FN00 & FI00 

 The first set of simulations analyzed operation of the robot in a flat world 

without any objects present to mark the boundaries of the mining zone. The simulation 

world is shown in Figure 18. 

Figure 18. Simulation world for tests FN00 and FI00. 

 Eight iterations were run for both cases to calculate an average performance 

score for Gmapping in these conditions. The total values are shown in Table 6, and raw 

scores presented in the Appendix. 
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 Table 6 speaks volumes for the IMU and how integrating the sensor on the robot 

to generate more accurate odometry data improves the performance of Gmapping. 

Adding the IMU improves the score almost 40 points and drastically reduces the 

standard deviation. Fusing the IMU data with wheel encoder data results in a more 

consistent and accurate performance in this environment. One likely cause for the low 

average score and high standard deviation for case FN00 is the lack of landmarks 

present when the robot reaches the mining zone. The mining zone is completely devoid 

of significantly sized obstacles, and thus the laser scanner has no landmarks to observe. 

Recall that the observed likelihood of the laser range finder dominates the motion 

model [14]. This assumption resulted in an optimal proposal distribution that heavily 

relies on scan data. Since the scanner has no new data to send to the Gmapping 

algorithm, the algorithm must utilize the only other data it has available, that being 

odometry. Due to the inherent nature of using wheel encoders, odometry data will drift. 

Having no laser scan data to correct this error can lead to poor performance. 

Furthermore, the robot must make a 180° turn once it reaches the mining zone to 

TABLE 6: GMAPPING SCORES - FN00 & FI00 

Case Average Score Standard Deviation 

FN00 
 
 

Mapping = 74.00% 
Total = 52.00 

Mapping = 4.84 
Total = 16.41 Localization = 

30.00% 
Localization = 14.14 

FI00 
 
 

Mapping = 83.00% 
Total = 91.50 

Mapping = 6.93 
Total = 6.93 Localization = 

100.00% 
Localization = 0.00 
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orient its pose back toward the deposition site. Since skid-steer turns involve 

significant wheel slippage, the odometry data generated from wheel encoders will 

inherently be inaccurate. The inaccurate data generated here will further accentuate 

localization error. Justification of this is provided in Figure 19, a screenshot of the 

simulation from test FN00. 

 

Figure 19. Screenshot of Gazebo world at end of FN00 test run. 

 Recognize that in this situation the robot has completed its mission and thinks it 

has reached the deposition site. However, the robot did not complete a mission critical 

task because it missed the deposition bin. This behavior results in a failure of the test. 

Seven of the eight iterations of test case FN00 resulted in the robot being unable to 

accurately reach the deposition site. Overall, the mapping scores were fairly high, but 

when it came to localization, the robot consistently failed to hit its waypoints. 

Robot final 
position did 
not reach 
deposition site 
goal 
 

Obstacle 



 78 

Remember the localization and mapping score each account for half of the total score. 

This is due to the innate characteristic that SLAM is two problems in one. Those 

problems being both localization and mapping. For test FN00, the average mapping 

score is 74.00%, and the average localization score is a 30.00%. A one hundred percent 

in either category would represent complete localization or mapping accuracy. 

 Introducing the sensor package with an IMU significantly improved the mapping 

and localization results in this scenario, as expected. Table 6 shows test case FI00 

resulted in an average score of 91.50 with a standard deviation of 6.93. These metrics 

confirm the support an IMU provides in improving the odometry data and illustrate the 

effectiveness of Gmapping in these conditions. Furthermore, the tests including an IMU 

greatly improved the localization capabilities of the algorithm while maintaining the 

mapping effectiveness of the algorithm. The integration of an IMU raised the mapping 

score to 83.00%. Test case FI00 resulted in an average localization score of 100%, 

compared to the 30.00% score using a sensor package that did not include an IMU. One 

can see this improvement in accuracy in Figure 20.  

 

 

 

 

 

 



 79 

 

 

 

 

 

 

 

 

Figure 20. Robot mission completion test FI00. 

 Figure 20 illustrates the improvement in localization data with the integration of 

an IMU. The robot was able to successfully complete the mission every time when using 

an IMU. This indicates that extra IMU data is able to accommodate for the lack of scan 

data and improve the overall performance of Gmapping. That being said, the addition 

of mining zone markers could reduce this dependency on odometry and provide more 

accurate localization and mapping data. 
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commanded 
waypoint 
 

Deposition Site 
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5.2 Test Cases FN22 & FI22 

 The localization issues prevalent in test FN00 can likely be attributed to the 

robot losing sight of all obstacles upon arrival at the mining zone. Installing mining 

zone markers to depict the boundaries of said mining area could remedy this issue. In 

doing so, a landmark will always be in view. If localization issues were truly due to drift 

generated from inaccurate odometry and a lack of laser data, then always having a 

reference point for localization will resolve this issue. Figure 21 shows the new world 

with mining zone markers. 

Figure 21. Gazebo world with markers at mining zone boundaries. 

 Recognize that the robot will always be in either the mining area or the obstacle 

area. Due to the layout of the markers, the robot will always have a landmark from 

which to generate sensor data. Below is the summary of the data obtained from these 

tests. 

 

Mining 
Zone 

 Markers 
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Table 7 shows the addition of mining markers greatly improves the overall 

performance of the Gmapping algorithm with both sensor packages. The scores 

generated using only a laser scanner improve from 52.00 to 78.38 with the addition of 

boundary markers, and the scores associated with a robot utilizing both the laser 

scanner and IMU improve from 91.50 to 94.63. That being said, the robot still has 

consistency issues when not using an IMU which are evident in the high standard 

deviation. Nevertheless, the average mapping and localization scores generated from 

this test case are 86.75% and 70%, respectively. This strongly suggests that the mining 

zone markers significantly improve localization data. Without adding an IMU, the 

integration of more reference points for the laser scanner increased the localization 

score by approximately 40%. This is a greater improvement than what was seen by 

simply implementing an IMU in the initial world setup. Furthermore, the addition of 

the mining poles attributed to an overall improvement of three points when utilizing 

an IMU as part of the sensor package. Although this is not a drastic change, the data to 

keep in mind here is the improvement in standard deviation. Test case FI00 resulted in 

TABLE 7: GMAPPING SCORES -  FN22 & FI22 

Case Average Score Standard Deviation 

FN22 Mapping = 86.75% 
Total = 78.38 

Mapping = 20.70 
Total = 21.29 

Localization = 70.00% Localization = 0.74 

FI22 Mapping = 89.25% 
Total = 94.63 

Mapping = 1.18 
Total = 1.18 Localization = 

100.00% 
Localization = 0.00 
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a standard deviation of 6.93 whereas FI22 recorded a standard deviation of 1.18. This 

illustrates the robot operating in a flat environment with an IMU integrated into the 

sensor package and landmarks at each corner of the mining zone consistency records 

highly accurate mapping and localization scores. In fact, localization is perfect in this 

scenario highlighting the robot completed the mission every time. This supports the 

argument for utilizing an IMU as well as mining zone markers to improve the accuracy 

and consistency of SLAM to mine materials on Mars for ISRU.  

 

5.3 Test Cases FN21 & FI21 

Cost drives much of the decision making in almost any application. This is 

particularly true in an extraterrestrial mining application requiring the shipment of 

materials over distances close to 225 million km. The need to get materials from Earth 

to Mars and vice versa is unavoidable, however, optimizing space and weight can cut 

down the cost of the mission. Using mining zone markers not only requires their 

delivery from Earth to Mars but also requires an astronaut to install them on the 

surface. Therefore, in this situation, the lower the number of mining zone markers 

necessary to optimize SLAM the better. The next tests observed the effects of varying 

the number of mining zone markers on the robot’s localization and mapping scores. 

Tests FN21 and FI21 test the effectiveness of eliminating a mining zone marker 

furthest from the starting position. This was based on the hypothesis that it is most 

important to map and navigate the area between the start of the mining zone and 
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deposition site. Recall the mining zone is devoid of any concerning obstacles. Retaining 

the mining markers closest to the center of robot operations should have a greater 

effect on the accuracy of the Gmapping algorithm than keeping the furthest ones. A 

diagram of this setup is illustrated in Figure 22. 

  

Figure 22. Gazebo world with three mining area indicators. 

The removal of a back-end mining zone indicator resulted in the scores 

presented in Table 8, and raw data in the Appendix. 
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Table 8 indicates a significant drop in the average score of the robot operating 

without an IMU. In this case, the score was reduced by approximately 10 points. This 

supports how heavily the robot relies on LiDAR data when it does not have an IMU to 

strengthen the odometry data generated. The removal of one reference landmark 

increases the difficulty the Gmapping algorithm has in maintaining accurate 

localization data. In this case, less LiDAR data results in less accurate localization data 

generated by the ROS node Gmapping. Furthermore, the standard deviation of test case 

FN21 is very high and similar to that of FN22. This is likely a combination of behaviors. 

First, the only difference between test FN21 and FN22 is the lack of a mining pole. If 

the FN22 test resulted in a high standard deviation, one would presume that FN21 

would lead to an equally high if not higher value. Secondly, by eliminating a mining 

pole at the back of the mining area, the robot is exposed to only receiving data from 

one mining pole if it happens to turn in the direction of the removed indicator. Thus, 

this lack of data could result in localization error making the robot unable to reach the 

TABLE 8: GMAPPING SCORES -   FN21 & FI21 

Case Average Score Standard Deviation 

FN21 Mapping = 87.75% 
Total = 68.88 

Mapping = 2.23 
Total = 21.46 Localization = 

50.00% 
Localization = 20.70 

FI21 Mapping = 85.25% 
Total = 92.63 

Mapping = 2.39 
Total = 2.39 Localization = 

100.00% 
Localization = 0.00 
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deposition site. This behavior, however, is dependent on the path planning algorithms 

on board and is not seen every iteration. 

 Taking a look at test case FI21, Table 8 illuminates the removal of one mining 

zone marker while using an IMU has a miniscule impact on the average score and 

standard deviation. However, both values drop which supports the idea that four total 

poles produce the most accurate SLAM data, but that the robot with an IMU relies less 

heavily on LiDAR data to correct the pose estimate than the one without. 

 

5.4 Test Cases FN11 & FI11 

The following test cases measured the effectiveness of the Gmapping algorithm 

with diagonal placement of mining zone markers. The random placement of obstacles 

put obstacle B very close to one corner of the mining zone. Due to this, it seems logical 

to leave the mining zone indicator closest to obstacle B in place as well as the one 

diagonal from it. Doing this eliminated the chance of object B essentially being used as 

a third mining zone indicator. There are instances where the mining zone marker is 

shadowed by the obstacle. However, this is not an issue because in that instance the 

obstacle essentially acts as the mining marker. The laser scan data generated from the 
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obstacle certainly provides the same data the mining marker would. The figure below 

graphically shows this setup. 

Figure 23. Gazebo simulation world with two mining zone indicators. 

If the trend presented by the data observed with three mining zone markers 

holds, the average score from the tests should at best stay the same if not decrease. The 

average scores presented in Table 9, and raw scores presented in the Appendix support 

this conclusion. 
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It is interesting to see that removal of a second mining zone marker maintains 

the exact same score for the robot without an IMU and actually increases the score of 

the robot using the IMU. Albeit, the difference in scores are approximately one point 

and thus statistically insignificant. The lack of change seen here illustrates the number 

of landmarks has a minimal effect on the overall accuracy of the Gmapping SLAM 

process, as long as at least two mining markers are present. Test case FI22 illustrated 

having four landmarks does result in the most accurate SLAM results, but tests FI21 

and FI11 make the case that the number of landmarks present does not have as 

significant of an impact as one would think. As long as an object is constantly in view of 

the LiDAR and an IMU is used to improve odometry, the Gmapping algorithm is able to 

produce accurate mapping and localization data in an unknown environment. 

 

 

 

 

TABLE 9: GMAPPING SCORES -   FN11 & FI11 

Case Average Score Standard Deviation 

FN11 Mapping = 87.75% 
Total = 68.88 

Mapping = 1.36 
Total = 21.12 

Localization = 50.00% Localization = 20.70 

FI11 Mapping = 88.00% 
Total = 94.00 

Mapping = 2.00 
Total = 2.00 Localization = 

100.00% 
Localization = 0.00 
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5.5 Ideal World Tests Summary 

 It is apparent from the data presented in this chapter that the bare bones 

implementation of Gmapping will not perform adequately in an outdoor environment, 

regardless of its complexity. The data showed that when the robot reaches an area 

without any landmarks, Gmapping has major struggles maintaining accurate 

localization data. The drift ensued by the use of wheel encoders has no way to “zero 

out” if LiDAR data is not present. Thus, any moves made by the robot while it is not 

recording any laser data greatly skew the localization data. This behavior is most 

evident when the robot reaches the beginning of the mining area. As it does this, sight 

of any landmarks is completely lost if there are no mining zone markers. Since this is a 

sample return mission, the robot must at some point turn around and return to the 

place from which it initially traversed. The action of completing a 180° turn without 

any landmark data to pass to the matching aspect of the algorithm provides no way for 

Gmapping to maintain accurate localization data. This is apparent as the robot can 

never consistently reach the deposition site after operating in the mining area. This 

behavior, however, does not seem to have a large impact on the mapping data 

generated by the algorithm. The scan matching and data association aspects of the 

algorithm must be robust enough to withstand minor operation in an area without 

landmarks before returning to the area it had previously mapped. 

 That being said, the straightforward solution is to add landmarks in the mining 

zone so that the robot always has data to utilize from the laser scanner. The data 
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generated from these tests support this conclusion and make the case that as long as 

one landmark is visible, the overall performance is not greatly affected. However, 

having more landmarks that are constantly present results in slightly more accurate 

SLAM data. 

 Lastly, a comparison between two separate sensor packages was made 

throughout the execution of each test. The data supports the hypothesis that the 

addition of an IMU greatly improves the localization data obtained from the Gmapping 

SLAM process. The bare-bones SLAM implementation of only a LiDAR and wheel 

odometry works at times, but eventually runs into consistency problems and is 

nowhere near as accurate as the SLAM results seen with an IMU. All of this is insightful 

data for SLAM in a completely flat outdoor world. The trouble is in mining applications 

these conditions will almost never be seen. There are often cases that the robot 

experiences terrains causing significant changes in its roll and pitch. Now that this 

baseline data has been generated on how SLAM should work in a specific set of 

conditions, Gmapping can be evaluated in rough and varying terrains. Viewing the data 

from both scenarios should provide insight toward the effectiveness of Gmapping in 

undulating terrain and the problems that may need to be resolved to make this 

implementation work. 
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CHAPTER 6 
GMAPPING IN MARS LIKE TERRAIN 

To analyze the effectiveness of Gmapping in a Martian environment, the 

conditions present on Mars must be simulated as accurately as possible. A mining rover 

will encounter trenches, divots, and other types of unpredictable terrain as it crosses 

the surface of Mars. A specific world was generated in Gazebo to emulate the variance 

in roll and pitch the robot will encounter in undulating terrain. This world is pictured in 

Figure 24. 

Figure 24. Undulating Gazebo world with four mining zone markers. 
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 A series of Gazebo blocks were placed throughout the Gazebo world to simulate 

the unpredictable terrain a mining robot will experience on the surface of Mars. These 

blocks cause the robot to experience roll and pitch conditions of up to +/- 25° and +/- 

20°, respectively. These conditions vary depending on the path taken and exact 

operation of the robot but are always experienced by the robot at some point during its 

mission. Figures 25 and 26 depict the pitch and roll conditions the robot will encounter 

and the effect this has on the SLAM process. 

  

 

 

 

 

Figure 25. Robot under pitch conditions. 

 

 

 

 

 

 

 

Figure 26. Robot under roll conditions.  
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 The issue with rolling and pitching when utilizing 2D LiDAR data is apparent in 

Figures 25 and 26. Algorithms that utilize sensor data generally assume that if an object 

is detected, it is an obstacle. Furthermore, a robot traversing toward a detected object 

will logically determine a new path in order to avoid collision. When rolling and 

pitching, the robot unnecessarily records the ground as an obstacle. This behavior is 

depicted by the red X’s in the figures above and greatly effects the robot’s navigation 

abilities. Figure 25 illustrates that due to the increased pitch, the ground is detected as 

an obstacle. If the ground directly in front of the robot is detected as an obstacle, then 

the path planning algorithms will attempt to avoid said obstacle. One can see this could 

potentially result in a never-ending loop of attempting to avoid an obstacle while 

constantly seeing the ground in front as another. The roll scenario is less likely to have 

an immediate impact on the overall path planning of the robot but still largely effects 

the mapping aspect of SLAM. Figure 26 shows the robot detecting the ground off to the 

side as an obstacle. Since the false positive is not directly in front of the robot, it should 

continue along its predetermined path. The issue is later on, when the robot is 

attempting to navigate the same area. Occupancy grids will be populated where 

obstacles aren’t actually present, thus, causing unnecessary path planning changes and 

limiting the available area of operation for the robot. It is important to note the exact 

same tests run on the flat terrain were run in the environment with unpredictable 

terrain. Doing so provides insight into the effectiveness of Gmapping in the undulating 
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terrain and allows comparison between said results and the data generated from the 

baseline tests.   

 

 

6.1 Test Cases UN00 & UI00 

Following suit of the first tests run for an ideal world, this set of tests evaluated 

the performance of Gmapping in undulating terrain with no mining zone markers. A 

screenshot of the simulation world is pictured in Figure 27 below. 

Figure 27. Undulating world without mining zone indicators. 

 As one can see, a series of Gazebo blocks were used to emulate the undulating 

terrain the robot will be experiencing. Patches of extreme undulations combined with 
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flat terrain are integrated to replicate the extent of variation a robot may experience. 

The data in Table 10 and the raw data in the Appendix illustrate the immense impact 

undulating terrain has on the effectiveness of Gmapping.  

 

 

One can see the average scores for the tests with and without an IMU are each 

close to half the values obtained in a flat environment. Introducing this additional 

variable tremendously affects the algorithm’s capabilities in such an environment. 

Notice that although the average score for the trial involving the robot with an IMU is 

much higher than that of the robot without, the standard deviation is significantly 

greater. This shows that not having an IMU constantly leads to poor Gmapping whereas 

the addition of an IMU potentially allows for successful runs. The success of these runs, 

however, is at an unpredictable rate. Trial UN00 resulted in an average individual 

mapping score of 47.00% and a localization score of 20.00%. Each are significantly 

lower than the mapping and localization values of 74.00% and 30.00% obtained from 

the FN00 trials. In this instance, mapping took the most significant hit. The SLAM 

TABLE 10: GMAPPING SCORES -   UN00 & UI00 

Case Average Score Standard Deviation 

UN00 Mapping = 47.00% 
Total = 33.50 

Mapping = 8.38 
Total = 8.38 Localization = 

20.00% 
Localization = 0.00 

UI00 Mapping = 57.50% 
Total = 48.75 

Mapping = 2.49 
Total = 26.14 Localization = 

40.00% 
Localization = 25.07 
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algorithm’s mapping capabilities reduce by close to 30.00% once undulating terrain is 

introduced. Evidence of this is presented in Figure 28. 

 

 

 

 

Figure 28. Map of UN00 Trial.  
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Figure 28 shows how difficult it is to identify obstacles in the map of the 

environment generated by Gmapping during a trial of the UN00 test case.  A more 

accurate map generated from test FN00 is shown in Figure 29 for comparison. 

 

Figure 29. Map of FN00 Trial. 
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Figure 29 illustrates a much more accurate map. In this case, the map generated 

is close to ground truth. Each obstacle is clearly defined on the map and accurately 

positioned with respect to the origin. This is supported by the mapping score of 74.00% 

generated from this test. Figure 28 not only inaccurately positions the objects present 

in the real world, but also illustrates the presence of many false positives. The circled 

areas depict where Gmapping mapped an obstacle in a completely barren portion of the 

real world. In this case, the false positives refer to when the laser scanner is receiving 

data from the ground in roll and pitch situations and the obstacle data often appears 

linear. This results in a map largely populated with obstacles that actually aren’t there. 

Additionally, significant error in the Euclidian distance from the center of the 

deposition site to the real obstacles is also observed.  These inaccuracies effect the path 

planning and navigation of the robot ultimately resulting in the robot being unable to 

reach the deposition site. 

Test UI00 averaged a greater SLAM score than that of the test without an IMU, 

however, the robot still ran into the same issues as seen in test UN00. No matter how 

accurate the odometry data is, if the robot is unable to reach the deposition site due to 

the prevalence of false positives in the map, the mission is still a failure. That being 

said, localization problems are largely due to poor mapping because of roll and pitch 

conditions.  

Similar to the slight bump in performance through integration of the IMU, it can 

be anticipated that the inclusion of mining zone markers will improve the overall 
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effectiveness. Issues in mapping, however, will likely still be present and inhibit 

Gmapping from being a robust solution for robotic mining on Mars in its current state. 

 

 

6.2 Test Cases UN22 & UI22 

 The same addition of markers at each corner of the mining zone was done for the 

undulating world as it was for the tests in the flat world. The results from these 

iterations are shown in Table 11, and raw data presented in the Appendix. 

 

 Table 11 supports the conclusion that trends observed in the flat world are still 

present in the undulating terrain. Tests in the ideal world illustrate having four mining 

poles and a sensor package with an IMU should result in relative Gmapping scores 

being the highest. This is true for the undulating world, however, the overall 

performance of Gmapping in these unpredictable conditions compared to the ideal 

conditions is significantly lower. Test UI22 resulted in an average score of 79.63. Break 

this score down into its mapping and localization parts and one can see localization 

TABLE 11: GMAPPING SCORES -   UN22 & UI22 

Case Average Score Standard Deviation 

UN22 Mapping = 39.00% 
Total = 44.50 

Mapping = 10.90 
 

Total = 36.31 Localization = 
50.00% 

Localization = 25.60 

UI22 Mapping = 59.25% 
Total = 79.63 

Mapping = 8.38 
Total = 8.38 Localization = 

100.00% 
Localization = 0.00 
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outperformed mapping tremendously. Of the eight iterations, not one of them failed to 

reach both the mining zone and deposition site. The 100% localization score sheds 

significant light on the potential for Gmapping in a robotic mining application. 

Regardless of the error and mapping insufficiencies, the robot successfully completed 

the mission every iteration. Similar to the trends shown in tests UN00 and UI00, much 

of the mapping issues were a result of the detection of false positives. Although these 

false positives are creating an inaccurate representation of the world, LiDAR data is still 

recognizing the real obstacles in the environment. Gmapping is constantly utilizing the 

observed landmarks to correct any drift in localization and maintain the most accurate 

pose estimate. The trouble is the pose estimates generated from solely wheel encoder 

odometry on unpredictable terrain must be so inaccurate that the LiDAR data is unable 

to correct this estimate during scan-matching. This is evident in the 50% localization 

score generated from these tests and in Figures 30 and 31. 
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Figure 30. Map generated from an iteration of test UN22. 
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Figure 31. Map generated from another iteration of test UN22. 

 Figure 30 and 31 address the large level of mapping inaccuracies seen under the 

conditions of test UN22. Figure 30 seems to more or less map the environment and at 

least record the obstacles and their respective distances from each other. However, the 

entire map is rotated about the ground truth origin. The diagonal dotted line in the 
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figure attempts to show this. Localization data generated without the use of an IMU in 

this instance must be so inaccurate that the robot perceives it had rotated 

approximately 45° and ultimately attempted to correct this by rotating the entire map 

about the world frame. Furthermore, there are numerous objects in the map that 

cannot be differentiated between real obstacles in the environment or scans the robot 

registered from measuring the ground during roll and pitch conditions.  

This condition is further accentuated in Figure 31. The entire map is illegible. In 

no way does the map accurately record the objects in their correct location. 

Additionally, there are an array of linear obstacles represented throughout the map 

illustrating the presence of false positives. Test UN22, resulted in a localization score of 

50%. The illegible map is likely due to the combination of error in odometry and LiDAR 

data. Poor localization and LiDAR scans of the ground during roll and pitch likely 

resulted in difficulties associating new scan data with previously seen objects. This 

behavior is similar to that of the flat world without mining markers. In that case, a lack 

of strong odometry data combined with the compete loss of scan data resulted in 

inaccurate SLAM results. When operating in undulating terrain it is not a complete 

loss, but overall inconsistent scanner data that causes these poor results. The rolling 

and pitching of the robot results in much more rapidly changing LiDAR data. This 

dynamically changing data seems to cause similar issues as having no data at all. In flat 

conditions the laser scan data is changing relative to the location of the robot. Meaning 

the change in pose corresponds to the change in LiDAR data. Here the algorithm can 



 103 

easily recognize it is detecting a previously seen obstacle at a different pose in the 

world frame. In the undulating case without an IMU, Gmapping essentially has no idea 

how to process the constantly changing laser data. The algorithm is unable to associate 

this dynamic data with previous scans during scan-matching to aid in pose estimate 

correction. This behavior results in the inaccurate population of the map combined 

with incorrect localization data. 

Moreover, Gmapping is not as impetuous toward populating the map when the 

odometry data is robust. This can likely be described by the nature of Gmapping when 

operating in already known conditions. Recall that the algorithm utilizes a distribution 

making use of not only the most recent odometry but also current and past readings of 

scan data. Additionally, the nature of the algorithm resamples much less often when 

operating in known conditions. Since the robot begins operation on a portion of flat 

land and has an IMU to provide extremely accurate odometry data, it is likely the 

particles converge toward a strong solution before experiencing any undulation. When 

the robot reaches the undulations and the LiDAR begins to record scans of the ground, 

the high weights of the previous solutions have the potential to withstand the 

inaccurate representations created at the current moment during resampling. All the 

while, odometry generated from the fusion of wheel encoder and IMU data is able to 

maintain accurate pose estimates. This combined with the lower rate of resampling in 

known environments allows the algorithm to often maintain accurate solutions in the 

sample space. The false detection of obstacles is prevented from greatly affecting 
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navigation and localization abilities of the robot under certain conditions. This 

behavior revolves around the rate at which the robot experiences undulation which is 

often a direct result of the planned path. Furthermore, when the robot reaches flat 

ground, the newer, more real-world representative particles have the potential of 

replacing the inaccurate particles generated from data during undulations during the 

resampling step. This behavior is shown in Figures 32 and 33, the best and worst-case 

scenarios seen in test UI22. 
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Figure 32. Best case map generated from UI22 iteration. 
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Figure 33. Worst case map generated from UI22 iteration. 

One can ascertain that the overall structure of the map in Figure 32 is relatively 

strong. Meaning that if one looks back at Figure 29, an accurate representation of the 

world, Figure 32 adequately represent the obstacles of interest. Figure 33 is a much 

worse representation of the world, however, the majority of obstacles in the world are 

mapped at the approximate location they are expected to be. The only issue is that 
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many of the obstacles are mapped twice in different locations such as with obstacle B 

and there is a linear false positive across the entire mining zone. The most interesting 

characteristic of both Figure 32 and 33 is the reduced number of false positives in the 

middle of the map compared to the rest of the environment. Since the shortest distance 

between the commanded waypoints is a straight line, the robot’s path planning 

algorithms tend to send it on a more or less linear path to the center of the mining area 

and back to the deposition site. Figures 32 and 33 demonstrate Gmapping is able to 

resample the generated particles from undulating conditions and essentially “erase” 

most false positives in the middle of the map. Figure 33 is the worst-case scenario seen 

in these tests and the robot was still able to successfully complete the mission. The 

mapping data was poor, due to the inaccuracies present in the sides of the area of 

operation, however, the robot tends to keep its movement along the x-axis.  Again, this 

behavior is not absolute but did result in a map that could be navigated by the robot. 

This is evident in the 100.00% localization score generated during these tests. Lastly, 

recognize the presence of a false negative on the map in Figure 32. Such a behavior 

rarely occurred throughout simulation, however, this iteration resulted in one false 

negative. Remember, an object is considered an obstacle if two or more adjacent 

occupancy grids are populated or four or more are populated in a 4 x 4 grid area. Figure 

32 highlights there is only one grid populated where a mining marker should be and is 

therefore an occurrence of a false negative. 
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 In conclusion, the scores presented from either of these tests do not support the 

use of Gmapping for a robotic mining application in its current state. There are 

problems with the algorithm and its applicability to conditions that cause the laser 

scanner to lose sight of previously seen obstacles as well as scan the ground during 

operation. That being said, trends have presented themselves and observations have 

illustrated the issues causing Gmapping to be inaccurate. Resolving said issues will 

result in more accurate SLAM during a robotic mining application pushing for its 

implementation. More on these ideas are explained in Chapter 7. 

 

6.3 Test Cases UN21, UI21, UN11 & UI11 

 Similar to the tests in an ideal world, the following four cases analyzed the effect 

of reducing the number of mining zone markers on the overall performance in an 

undulating world. The worlds with three and two mining markers are depicted in 

Figures 34 and 35, respectively. 
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Figure 34. Gazebo world, undulating terrain, three mining zone markers. 

Figure 35. Gazebo world, undulating terrain, two mining zone markers. 
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 As one can see, the world setups in Figure 34 and 35 are similar to those used to 

analyze the effectiveness of Gmapping on flat ground save for the undulating terrain. 

Similar to those tests, the idea behind these is to see if Gmapping can provide adequate 

results with less mining zone markers. Needing less of these would reduce the cost of 

installing all four markers on the surface of Mars. Trends from the ideal world 

illustrated a slight decrease in the overall score as a function of the number of mining 

poles removed. Similar trends should be expected, but keep in mind the variability of 

the terrain often results in inconsistent behaviors during trials. The average scores 

generated from these tests are shown in Table 12, and raw data in the Appendix. 

  

 

Table 12 supports many of the trends seen from similar tests in the flat world. It 

is apparent that limiting the amount of mining zone markers results in either similar 

TABLE 12: GMAPPING SCORES -   UN21, UI21, UN11 & UI11 

Case Average Score Standard Deviation 

UN21 Mapping = 38.00% 
Total = 31.50 

Mapping = 10.30 
Total = 17.61 Localization = 

25.00% 
Localization = 15.81 

UI21 Mapping = 63.00% 
Total = 81.50 

Mapping = 8.14 
Total = 8.14 Localization = 

100.00% 
Localization = 0.00 

UN11 Mapping = 54.75% 
Total = 31.13 

Mapping = 6.86 
Total = 8.23 

Localization = 7.50% Localization = 5.18 

UI11 Mapping = 68.75% 
Total = 79.38 

Mapping = 7.95 
Total = 15.86 Localization = 

90.00% 
Localization = 15.12  
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results or a slight decrease in Gmapping’s overall abilities regardless of the sensor 

package. It is evident in Table 12 that limiting the number of mining markers is 

insignificant. The slight difference is likely attributed to the path the robot took and 

the number of false positives it happened to record on each run. The high localization 

scores and poor mapping scores are likely due to behavior of the robot and Gmapping 

algorithm similar to that of test UI22. In the majority of the cases, the robot was able to 

successfully reduce the number of false positives in the middle of the area of operation. 

This reduction was likely due to the inherent nature of the algorithm and allowed 

mission success each time for test UI21 and the majority of the time for test UI11. 

Furthermore, one specific iteration of test UN11 exhibited an interesting behavior not 

seen in the majority of the trials. In this instance, robot took an extremely illogical path 

to the mining area. This is depicted in Figure 36. 
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Figure 36. Illogical robot path during one UN11 trial. 

Let it be known that due to the nature of receiving scans of the ground during 

severe roll conditions, many of the iterations of all tests under varying terrain exhibited 

unusual paths. The path planners and obstacle avoidance are working to get the robot 

to the goal location but also have to avoid detected obstacles. Even if they are false 

positives, the nature of the algorithms will inherently steer the robot in a different 

direction until clear of the perceived obstacle. The complete avoidance of this behavior 

is not possible when operating in undulating terrain. That being said, those abrupt 

changes generally did not lead to any major discrepancies in the data. Here, however, 
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the extremely skewed path resulted in less accurate mapping data for this iteration of 

test UI11 than the other iterations. These results are a testament to the variability in 

Gmapping’s effectiveness on undulating terrain. This variability is truly dependent on 

exactly what extent the rover falsely populates the map and the effects this has on path 

planning and localization. 

That being said, localization scores for the test cases utilizing an IMU are very 

strong. This accurate localization data shows the robot is likely to result in a mission 

success even when dealing with the variability of recording false positives and the 

effect this has on path planning. Nonetheless, the scores represent approximately 80% 

total accuracy with a fairly high standard deviation. Reaching the mining zone and 

deposition site consistently and accurately is imperative when utilizing autonomous 

mining robots for ISRU. In this case, humans on Mars are relying on the robots to mine 

materials to make water available. If the robot is unable to do so consistently, it could 

be life threatening for astronauts. Therefore, the issues evident in mapping 

demonstrate the current out-of-the-box implementation of Gmapping is not an ideal 

candidate at this point.  

 

6.4 Undulating World Tests Summary 

 The ideas presented in this chapter support the conclusion that in its current 

state, Gmapping would be an inadequate form of autonomous navigation for a robotic 

mining application. The data illustrates that similar to the tests in a flat world, 
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Gmapping is ineffective in maintaining accurate localization data with only wheel 

encoders. This is because in the initial world setup, there are no landmarks in the view 

of the LiDAR once the robot reaches the mining zone. Not having data from the laser 

scanners to correct the pose estimates results in constant drift of localization data. The 

inability to maintain accurate pose estimates when making the 180° turn to return back 

to the deposition site effects localization so much that the robot is unable to recover. 

This behavior often results in mission failure.  

To accommodate this, mining zone markers were added to the corners of the 

mining area. The markers allow the constant presence of LiDAR data and provide a 

robust way to maintain localization data when turning back to face the deposition site. 

These same trends observed from the baseline tests are evident in the undulating world 

and localization data is improved greatly with their addition.  

Nevertheless, the operation on unstructured terrain causes many more mapping 

issues throughout the entirety of the mission than the flat world. In the flat world 

issues were only evident when making a 180°		turn back to the deposition site. In this 

case, the robot had to provide adequate localization data so the data association aspect 

of Gmapping could recognize the LiDAR was scanning previously seen objects. Tests in 

undulating terrain illustrate these issues but also highlight the effect of the LiDAR 

scanning the ground. 

An interesting trend observed in the tests was that the portion of the world the 

robot operates most in had a significantly low presence of false positives. This is likely 
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due to the inherent nature of the Gmapping algorithm and how it performs in 

previously seen areas. It is evident that the resampling nature of the algorithm is able 

to withstand the creation of inaccurate particle representations during operation on 

undulating terrain. Gmapping shows the ability to replace said inaccurate samples and 

maintain more likely estimates when going back and forth between experiencing 

undulations and working on flat land. 

In conclusion, trends reveal the strong potential for Gmapping in an 

extraterrestrial robotic mining application. The data presented from these simulations 

demonstrate that a current out-of-the-box implementation will be inadequate, but the 

use of an IMU and mining zone markers will greatly improve the performance. The last 

step to ensuring Gmapping is a viable candidate for robotic mining is to reduce the 

amount of mapping errors. This is largely due to the undulating terrain and nature of 

the LiDAR recording scans of the ground during these roll and pitch conditions. 

Nevertheless, suggested changes are highlighted in the next section that should 

overcome the current inadequacies of the Gmapping and make it suitable for a robotic 

mining application. 
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CHAPTER 7 
CONCLUSIONS AND FUTURE WORK 

 It is apparent from the data above that the current state of Gmapping is unable 

to consistently simultaneously map and localize a rover on a Martin mining expedition. 

The addition of the IMU did present expected improvements, however, Gmapping is 

still unable to differentiate between when it is scanning an obstacle and when it is 

scanning the ground. This inherently lead to the incorrect population of the occupancy 

grid resulting in poor mapping results as well as path planning and navigation errors. 

 

7.1 Results and Conclusions 

 This thesis evaluates Gmapping and its capacity to implement effective SLAM 

for robot mining on Mars for In-Situ Resource Utilization. Logically, a shift from using 

rovers as explorers to using rovers as workers must be made. To fulfill the goal of 

putting humans on Mars, rovers capable of long-term autonomous mining must be 

developed. Gmapping is evaluated using different terrain models and with different 

sensor packages. An objective rubric was created to evaluate simulation results. 

It is shown that when operating on flat terrain, Gmapping is extremely robust 

with an IMU incorporated into the sensor package and the constant presence of 

landmarks. Remove the mining markers and the IMU, and the SLAM capabilities are 
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indisputably less consistent and accurate. Additionally, when introduced to undulating 

terrain, the results are much less positive. Similar trends on undulating terrain are 

observed with the introduction of mining zone markers and an IMU, however, the 

overall scores decrease due to inaccurate laser data. This inaccurate data is a result of 

scanning the ground in roll and pitch scenarios, leading to the creation of false 

positives in the map.  

The insights from this research support that an out-of-the-box implementation 

of Gmapping is not suitable for a Martian autonomous rover application. There are too 

many inconsistencies and issues in mapping that need to be addressed before utilizing 

Gmapping in a life-critical application. 

 

7.2 Potential Gmapping Improvements and Future Works 

Changes must be implemented to Gmapping to optimize its use for this 

application. These changes could include adding a filter to the internal structure for 

omitting scan data when rolling and pitching, implementing less autonomy with 

respect to the teleoperated waypoints, and integrating a mechanical gimbal to stabilize 

the LiDAR. 

 Implementing a filter when the roll and pitch conditions are above a certain 

threshold could aid in the overall performance of Gmapping. If the robot is rolling and 

pitching, the laser scanner can be expected to receive readings from the LiDAR 

scanning the ground. Implementing a filter in these scenarios to ignore all scanner data 
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during severe roll and or pitch conditions could improve the abilities of the algorithm. 

If the troubles of scanning the ground in certain situations are removed, the SLAM 

results can be expected to be similar to those generated in a flat environment. This 

behavior would completely eliminate the issue of inaccurately populating the map. The 

only problem here is if the rover is constantly encountering high roll and pitch values, 

it may be difficult or even impossible to extract enough suitable data to map and 

localize. This would be a strong solution in areas where the robot can map the majority 

of the environment before experiencing roll and pitch but could lead to more 

complications in extremely difficult terrain.  

Alternatively, one could mechanically bypass the roll and pitch problems by 

mounting the LiDAR on a roll and pitch platform similar to a gimbal. This device would 

maintain a planar orientation (with respect to the ground) regardless of the roll or pitch 

the robot is experiencing. Doing so would completely eliminate the issues seen in 

Gmapping when operating on undulating terrain. Maintaining constant positioning for 

scan data to be generated would enable the LiDAR to constantly record and map data 

from the environment without the presence of false positives. Preliminary data from 

using an articulated gimbal to remove LiDAR pitch and roll show promising results. 

Lastly, reverting to less autonomy should improve the overall results. It is 

mentioned earlier that Spirit and Opportunity were limited to autonomously moving a 

maximum of 2 meters. Although a greater level of autonomy is preferred, implementing 

a navigation plan as such will improve the overall accuracy. A series of tests were 
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performed in the ideal world without mining zone markers to verify this. These tests 

resulted in the robot consistently reaching both the mining zone and deposition site 

and provided more accurate mapping data than similar tests exhibiting greater levels of 

autonomy. 

Although Gmapping is not a perfect solution for ISRU robotic mining on Mars in 

its current state, insights gained from this research point out the underlying issues and 

shortcomings. As mentioned above, there are certain changes to be made that should 

resolve these issues and make Gmapping a candidate for this application. The 

consistent successful missions recorded in the undulating tests with an IMU 

demonstrate Gmapping could potentially be a strong candidate for robotic mining if 

issues in mapping can be resolved. Nonetheless, further research must be done to 

investigate these solutions and comprehensively evaluate Gmapping for this task. 

To corroborate the current and expected findings, alternate simulated 

environments should be tested. Although this research focused on implementing 

conditions as realistic as possible, there is no one set of conditions a rover will 

experience on Mars. Testing and evaluating as many likely conditions as possible would 

result in an even greater understanding of Gmapping and its capabilities in this 

application. 
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APPENDIX 
 

Legend: 
X = Object not present in simulated world  
UM = Object could not be mapped because robot never reached area.  
ID = Insufficient Data to calculate value 
 

FN00 Results Raw Euclidian Distance Data in Meters: 
 

 
 
FN00 Results Euclidian Distance Error Data in Meters: 
 

 
 
FN00 SLAM Evaluation Rubric: 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.510 9.511 2.629 4.528 7.072 6.295 1.142 1.076 X X X X

2 4.526 9.513 2.584 4.622 7.074 6.234 1.067 1.065 X X X X

3 4.520 9.570 2.620 4.704 7.077 6.248 1.076 1.176 X X X X

4 4.423 9.430 2.636 4.263 6.613 6.235 1.425 1.374 X X X X

5 4.480 9.504 2.637 4.325 6.750 6.232 1.464 1.146 X X X X

6 4.321 9.432 2.640 4.403 6.734 6.089 1.353 1.453 X X X X

7 4.486 9.538 2.636 4.160 6.655 6.383 1.602 1.172 X X X X

8 4.518 9.493 2.633 4.652 7.040 6.208 1.067 1.142 X X X X

FN00

Actual Distance

Test Iteration A B C D E F G H I J K L Average 

1 0.101 0.073 0.017 0.194 0.061 0.002 0.040 0.027 X X X X 0.064

2 0.085 0.070 0.062 0.100 0.059 0.060 0.036 0.038 X X X X 0.064

3 0.091 0.013 0.027 0.018 0.057 0.046 0.026 0.074 X X X X 0.044

4 0.187 0.154 0.011 0.459 0.521 0.059 0.322 0.272 X X X X 0.248

5 0.131 0.080 0.009 0.397 0.383 0.061 0.362 0.044 X X X X 0.183

6 0.290 0.152 0.007 0.319 0.400 0.205 0.251 0.351 X X X X 0.247

7 0.124 0.045 0.010 0.562 0.479 0.089 0.499 0.069 X X X X 0.235

8 0.093 0.090 0.014 0.070 0.093 0.085 0.036 0.039 X X X X 0.065

FN00

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 0 10 14 10 10 5 49

2 40 10 16 10 10 5 91

3 0 10 16 10 10 5 51

4 0 10 8 10 10 4 42

5 0 10 11 10 10 4 45

6 0 10 8 10 10 4 42

7 0 10 8 10 10 4 42

8 0 10 17 10 10 7 54

FN00
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FN22 Results Raw Euclidian Distance Data in Meters: 
 

 

FN22 Results Euclidian Distance Error Data in Meters: 
 

 

FN22 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.537 9.561 2.645 4.702 7.121 6.175 1.210 1.052 11.034 11.043 20.485 20.546

2 4.585 9.473 2.651 4.576 7.008 6.229 1.170 1.112 10.998 11.089 20.479 20.474

3 4.574 9.425 2.645 4.544 6.965 6.236 1.249 1.124 11.013 11.109 20.467 20.679

4 4.521 9.442 2.655 4.558 7.050 6.234 1.214 1.096 11.053 11.103 20.486 20.478

5 4.541 9.565 2.606 4.621 7.062 6.229 1.161 1.082 11.083 11.047 20.532 20.546

6 4.523 9.520 2.623 4.539 7.026 6.260 1.209 1.005 11.045 11.051 20.476 20.517

7 4.539 9.520 2.650 4.629 7.065 6.237 1.142 1.174 11.061 10.991 20.490 20.456

8 4.492 9.557 2.633 4.726 7.089 6.132 1.037 1.323 11.078 11.085 20.486 20.581

Actual Distance

FN22

Test Iteration A B C D E F G H I J K L Average 

1 0.074 0.023 0.001 0.020 0.013 0.119 0.107 0.050 0.115 0.106 0.070 0.009 0.059

2 0.026 0.110 0.004 0.146 0.126 0.065 0.068 0.010 0.151 0.060 0.076 0.081 0.077

3 0.037 0.159 0.001 0.178 0.169 0.057 0.146 0.022 0.136 0.040 0.088 0.124 0.096

4 0.090 0.142 0.009 0.164 0.084 0.059 0.111 0.007 0.096 0.046 0.069 0.077 0.080

5 0.070 0.018 0.041 0.101 0.071 0.064 0.058 0.020 0.066 0.102 0.023 0.009 0.054

6 0.087 0.064 0.023 0.183 0.108 0.033 0.107 0.097 0.103 0.098 0.079 0.038 0.085

7 0.071 0.063 0.004 0.093 0.069 0.057 0.039 0.072 0.088 0.158 0.065 0.099 0.073

8 0.118 0.027 0.013 0.004 0.045 0.162 0.066 0.220 0.071 0.064 0.069 0.026 0.074

FN22

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 10 10 8 94

2 40 10 16 10 10 8 94

3 0 10 15 10 10 7 52

4 0 10 16 10 10 7 53

5 40 10 17 10 10 7 94

6 0 10 16 10 10 7 53

7 40 10 16 10 10 8 94

8 40 10 16 10 10 7 93

FN22
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FN21 Results Raw Euclidian Distance Data in Meters: 
 

 

FN21 Results Euclidian Distance Error Data in Meters: 
 

 

FN21 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.495 9.444 2.648 4.687 7.070 6.215 1.168 1.105 11.065 11.085 20.478 X

2 4.531 9.531 2.636 4.638 7.033 6.201 1.098 1.180 11.059 11.028 20.539 X

3 4.544 9.523 2.658 4.698 7.079 6.245 1.070 1.148 11.083 11.048 20.572 X

4 4.540 9.527 2.639 4.683 7.126 6.234 1.113 1.100 11.060 11.052 20.526 X

5 4.480 9.436 2.641 4.690 7.026 6.069 1.173 1.281 10.714 11.059 20.540 X

6 4.538 9.500 2.628 4.695 7.056 6.156 1.247 1.188 11.017 11.125 20.556 X

7 4.486 9.550 2.635 4.684 7.068 6.108 1.169 1.221 10.716 11.066 20.489 X

8 4.505 9.493 2.643 4.686 7.063 6.212 1.150 1.167 11.082 11.007 20.544 X

Actual Distance

FN21

Test Iteration A B C D E F G H I J K L Average 

1 0.115 0.140 0.002 0.035 0.063 0.078 0.065 0.002 0.084 0.064 0.077 X 0.066

2 0.080 0.053 0.011 0.084 0.101 0.092 0.004 0.078 0.090 0.121 0.015 X 0.066

3 0.066 0.060 0.012 0.024 0.055 0.048 0.032 0.045 0.066 0.101 0.017 X 0.048

4 0.071 0.056 0.008 0.039 0.008 0.060 0.011 0.002 0.089 0.097 0.029 X 0.043

5 0.131 0.147 0.006 0.032 0.108 0.225 0.071 0.179 0.435 0.090 0.015 X 0.131

6 0.073 0.084 0.018 0.027 0.077 0.138 0.144 0.086 0.132 0.024 0.001 X 0.073

7 0.124 0.034 0.012 0.038 0.065 0.186 0.067 0.119 0.433 0.083 0.066 X 0.111

8 0.105 0.090 0.004 0.036 0.070 0.081 0.048 0.065 0.067 0.142 0.011 X 0.065

FN21

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 17 10 10 7 94

2 0 10 17 10 10 8 55

3 40 10 18 10 10 8 96

4 0 10 18 10 10 8 56

5 0 10 13 10 10 7 50

6 40 10 16 10 10 8 94

7 0 10 14 10 10 7 51

8 0 10 17 10 10 8 55

FN21
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FN11 Results Raw Euclidian Distance Data in Meters: 
 

 

FN11 Results Euclidian Distance Error Data in Meters: 
 

 

FN11 SLAM Evaluation Rubric: 

 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.511 9.518 2.635 4.677 7.077 6.217 1.112 1.321 X 11.136 20.584 X

2 4.522 9.440 2.601 4.631 7.042 6.182 1.236 1.103 X 11.027 20.460 X

3 4.514 9.515 2.631 4.680 7.057 6.227 1.061 1.077 X 10.998 20.535 X

4 4.593 9.461 2.636 4.574 7.089 6.239 1.106 1.107 X 11.106 20.521 X

5 4.535 9.518 2.628 4.710 7.091 6.237 1.068 1.269 X 10.908 20.504 X

6 4.528 9.561 2.650 4.687 7.115 6.210 1.194 1.087 X 11.055 20.526 X

7 4.562 9.505 2.650 4.715 7.113 6.163 1.070 1.193 X 11.144 20.507 X

8 4.537 9.542 2.632 4.650 7.138 6.241 1.096 1.211 X 11.102 20.026 X

FN11

Actual Distance

Test Iteration A B C D E F G H I J K L Average 

1 0.099 0.065 0.011 0.045 0.057 0.076 0.010 0.218 X 0.013 0.029 X 0.062

2 0.088 0.143 0.045 0.091 0.092 0.112 0.134 0.000 X 0.122 0.095 X 0.092

3 0.097 0.069 0.015 0.042 0.076 0.066 0.042 0.026 X 0.151 0.020 X 0.060

4 0.018 0.123 0.010 0.148 0.044 0.054 0.003 0.004 X 0.043 0.034 X 0.048

5 0.076 0.065 0.018 0.012 0.043 0.056 0.034 0.167 X 0.241 0.051 X 0.076

6 0.083 0.022 0.004 0.034 0.019 0.083 0.092 0.015 X 0.094 0.029 X 0.047

7 0.049 0.079 0.004 0.007 0.021 0.130 0.033 0.090 X 0.005 0.048 X 0.047

8 0.073 0.041 0.015 0.072 0.004 0.052 0.006 0.108 X 0.047 0.529 X 0.095

FN11

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 10 10 8 94

2 40 10 15 10 10 8 93

3 0 10 16 10 10 7 53

4 40 10 18 10 10 8 96

5 0 10 16 10 10 7 53

6 0 10 18 10 10 7 55

7 0 10 18 10 10 7 55

8 0 10 15 10 10 7 52

FN11
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FI00 Results Raw Euclidian Distance Data in Meters: 
 

 

FI00 Results Euclidian Distance Error Data in Meters: 
 

 

FI00 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.520 9.489 2.629 4.626 7.097 6.208 1.242 1.051 X X X X

2 4.514 9.488 2.629 4.715 7.110 6.121 1.136 1.217 X X X X

3 4.511 9.554 2.632 4.702 7.101 6.174 1.100 1.124 X X X X

4 4.514 9.481 2.623 4.677 7.093 6.228 1.161 1.100 X X X X

5 4.557 9.473 2.634 4.675 7.070 6.253 1.120 1.198 X X X X

6 4.516 9.544 2.627 4.681 7.091 6.205 1.138 1.136 X X X X

7 4.525 9.494 2.630 4.723 6.995 6.028 1.368 0.857 X X X X

8 4.543 9.557 2.643 4.677 7.107 6.237 1.181 1.164 X X X X

FI00

Actual Distance

Test Iteration A B C D E F G H I J K L Average 

1 0.090 0.095 0.018 0.096 0.037 0.086 0.140 0.051 X X X X 0.076

2 0.096 0.096 0.018 0.007 0.023 0.172 0.034 0.115 X X X X 0.070

3 0.100 0.029 0.015 0.020 0.033 0.120 0.002 0.022 X X X X 0.043

4 0.097 0.103 0.024 0.045 0.041 0.065 0.058 0.003 X X X X 0.054

5 0.053 0.111 0.012 0.047 0.064 0.040 0.018 0.095 X X X X 0.055

6 0.094 0.039 0.020 0.041 0.042 0.089 0.035 0.033 X X X X 0.049

7 0.085 0.089 0.017 0.001 0.139 0.265 0.266 0.245 X X X X 0.138

8 0.068 0.026 0.004 0.044 0.027 0.056 0.079 0.062 X X X X 0.046

FI00

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 10 10 8 94

2 40 10 16 10 10 7 93

3 40 10 18 10 10 8 96

4 40 10 17 10 10 7 94

5 40 10 17 10 10 7 94

6 40 10 18 10 10 8 96

7 40 10 13 0 10 2 75

8 40 10 18 6 10 6 90

FI00
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FI22 Results Raw Euclidian Distance Data in Meters: 
 

 

FI22 Results Euclidian Distance Error Data in Meters: 
 

 
 
FI22 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.547 9.498 2.643 4.671 7.047 6.192 1.175 1.176 11.032 11.069 20.523 20.515

2 4.567 9.536 2.626 4.705 7.091 6.211 1.075 1.051 10.949 10.994 20.553 20.532

3 4.575 9.388 2.647 4.611 6.980 6.210 1.152 1.120 10.995 10.996 20.530 20.441

4 4.474 9.490 2.636 4.638 7.046 6.177 0.981 1.292 11.151 10.995 20.506 20.503

5 4.528 9.581 2.601 4.707 7.097 6.169 1.065 1.212 11.075 11.258 20.539 20.522

6 4.466 9.501 2.617 4.646 7.070 6.178 1.070 1.273 10.915 11.082 20.417 20.520

7 4.567 9.504 2.648 4.675 7.051 6.253 1.138 1.228 11.057 11.000 20.550 20.494

8 4.523 9.542 2.632 4.677 7.096 6.164 1.067 1.381 10.940 11.034 20.527 20.538

Actual Distance

FI22

Test Iteration A B C D E F G H I J K L Average 

1 0.064 0.086 0.004 0.051 0.087 0.101 0.072 0.074 0.117 0.080 0.032 0.040 0.067

2 0.043 0.047 0.021 0.017 0.042 0.082 0.028 0.052 0.200 0.154 0.002 0.023 0.059

3 0.036 0.195 0.001 0.111 0.154 0.083 0.049 0.018 0.154 0.153 0.025 0.114 0.091

4 0.136 0.093 0.010 0.084 0.087 0.116 0.121 0.189 0.002 0.154 0.049 0.052 0.091

5 0.083 0.002 0.046 0.015 0.036 0.124 0.038 0.110 0.074 0.109 0.016 0.033 0.057

6 0.145 0.082 0.030 0.076 0.064 0.116 0.032 0.171 0.234 0.067 0.138 0.035 0.099

7 0.044 0.080 0.002 0.047 0.082 0.041 0.035 0.125 0.091 0.149 0.005 0.061 0.064

8 0.088 0.042 0.014 0.045 0.037 0.130 0.036 0.279 0.209 0.115 0.028 0.017 0.087

FI22

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 17 10 10 9 96

2 40 10 17 10 10 8 95

3 40 10 15 10 10 8 93

4 40 10 15 10 10 9 94

5 40 10 17 10 10 9 96

6 40 10 15 10 10 8 93

7 40 10 17 10 10 8 95

8 40 10 16 10 10 9 95

FI22
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FI21 Results Raw Euclidian Distance Data in Meters: 
 

 

FI21 Results Euclidian Distance Error Data in Meters: 
 

 
 
FI21 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.503 9.492 2.636 4.697 7.101 6.174 1.014 1.255 11.075 11.022 20.493 X

2 4.533 9.483 2.636 4.686 7.093 6.172 1.117 1.228 11.098 11.087 20.498 X

3 4.521 9.572 2.633 4.713 7.068 6.175 1.082 1.245 11.039 10.756 20.499 X

4 4.472 9.471 2.615 4.683 7.130 6.159 1.124 1.197 10.562 10.704 20.522 X

5 4.514 9.377 2.634 4.427 6.948 6.205 1.184 1.186 10.931 10.816 20.435 X

6 4.530 9.484 2.641 4.654 7.100 6.223 1.112 1.229 10.954 11.114 20.441 X

7 4.511 9.490 2.592 4.681 7.085 6.174 1.121 1.214 11.029 11.049 20.521 X

8 4.523 9.556 2.636 4.723 7.093 6.182 1.118 1.273 11.093 11.167 20.711 X

Actual Distance

FI21

Test Iteration A B C D E F G H I J K L Average 

1 0.108 0.092 0.010 0.025 0.033 0.120 0.089 0.153 0.074 0.127 0.061 X 0.081

2 0.077 0.100 0.011 0.036 0.040 0.122 0.014 0.126 0.051 0.062 0.057 X 0.063

3 0.089 0.012 0.014 0.009 0.066 0.118 0.021 0.142 0.110 0.393 0.056 X 0.094

4 0.139 0.113 0.031 0.039 0.004 0.134 0.022 0.094 0.587 0.445 0.033 X 0.149

5 0.097 0.206 0.012 0.295 0.186 0.088 0.081 0.084 0.218 0.333 0.120 X 0.156

6 0.081 0.100 0.005 0.068 0.033 0.071 0.010 0.126 0.195 0.035 0.113 X 0.076

7 0.099 0.093 0.055 0.040 0.048 0.120 0.018 0.112 0.120 0.100 0.034 X 0.076

8 0.088 0.027 0.010 0.001 0.040 0.111 0.016 0.171 0.056 0.018 0.156 X 0.063

FI21

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 10 10 8 94

2 40 10 17 10 10 8 95

3 40 10 15 10 10 9 94

4 40 10 13 10 10 7 90

5 40 10 12 10 10 6 88

6 40 10 16 10 10 7 93

7 40 10 16 10 10 7 93

8 40 10 17 10 10 7 94

FI21
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FI11 Results Raw Euclidian Distance Data in Meters: 
 

 

FI11 Results Euclidian Distance Error Data in Meters: 
 

 
 
FI11 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.541 9.519 2.632 4.713 7.106 6.219 1.145 1.126 X 11.010 20.531 X

2 4.536 9.539 2.634 4.590 7.071 6.231 1.250 1.258 X 10.971 20.621 X

3 4.548 9.510 2.634 4.655 7.065 6.199 1.136 1.142 X 11.081 20.464 X

4 4.518 9.530 2.653 4.574 7.051 6.211 1.227 1.220 X 10.824 20.568 X

5 4.546 9.536 2.642 4.663 7.085 6.198 1.126 1.148 X 11.119 20.535 X

6 4.509 9.508 2.644 4.756 7.060 6.208 0.999 1.271 X 11.007 20.485 X

7 4.524 9.511 2.634 4.624 7.080 6.266 1.196 1.120 X 11.100 20.475 X

8 4.529 9.535 2.609 4.727 7.120 6.169 1.072 1.185 X 11.068 20.593 X

Actual Distance

FI11

Test Iteration A B C D E F G H I J K L Average 

1 0.070 0.064 0.014 0.009 0.028 0.074 0.043 0.024 X 0.138 0.024 X 0.049

2 0.074 0.044 0.013 0.132 0.062 0.062 0.148 0.155 X 0.178 0.066 X 0.094

3 0.062 0.073 0.013 0.067 0.069 0.094 0.033 0.039 X 0.068 0.090 X 0.061

4 0.093 0.053 0.006 0.147 0.083 0.083 0.125 0.118 X 0.325 0.013 X 0.105

5 0.065 0.048 0.004 0.059 0.049 0.095 0.024 0.045 X 0.030 0.020 X 0.044

6 0.102 0.075 0.002 0.034 0.073 0.086 0.103 0.168 X 0.142 0.070 X 0.086

7 0.087 0.072 0.013 0.098 0.053 0.027 0.093 0.017 X 0.048 0.080 X 0.059

8 0.082 0.049 0.037 0.005 0.014 0.125 0.030 0.082 X 0.081 0.038 X 0.054

FI11

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 18 10 10 8 96

2 40 10 15 10 10 6 91

3 40 10 17 10 10 7 94

4 40 10 15 10 10 7 92

5 40 10 18 10 10 9 97

6 40 10 16 10 10 7 93

7 40 10 17 10 10 8 95

8 40 10 17 10 10 7 94

FI11
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UN00 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UN00 Results Euclidian Distance Error Data in Meters: 
 

 
 
UN00 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.557 9.601 2.626 4.679 7.133 5.991 0.895 1.099 X X X X

2 4.509 9.544 2.493 4.392 6.733 6.300 1.376 1.298 X X X X

3 4.384 9.500 2.625 4.753 7.115 5.901 1.102 1.415 X X X X

4 4.591 9.860 2.664 4.735 7.116 6.232 0.709 1.091 X X X X

5 3.569 8.745 2.184 4.387 5.329 6.516 1.815 2.098 X X X X

6 4.514 9.410 2.454 4.665 7.136 6.612 1.091 1.061 X X X X

7 UNABLE TO TAKE REASONABLE MEASUREMENTS X X X X

8 4.517 9.417 2.647 4.678 7.044 6.249 1.120 1.244 X X X X

Actual Distance

UN00

Test Iteration A B C D E F G H I J K L Average 

1 0.053 0.017 0.021 0.043 0.001 0.302 0.208 0.004 X X X X 0.081

2 0.102 0.039 0.153 0.330 0.400 0.007 0.273 0.195 X X X X 0.187

3 0.226 0.084 0.021 0.031 0.018 0.392 0.001 0.313 X X X X 0.136

4 0.019 0.277 0.018 0.013 0.018 0.062 0.394 0.011 X X X X 0.101

5 1.041 0.839 0.463 0.335 1.805 0.223 0.713 0.996 X X X X 0.802

6 0.096 0.173 0.192 0.057 0.002 0.318 0.012 0.041 X X X X 0.111

7 UM UM UM UM UM UM UM UM X X X X ID

8 0.093 0.166 0.000 0.044 0.089 0.044 0.018 0.142 X X X X 0.075

UN00

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 0 10 15 0 10 4 39

2 0 10 9 0 10 4 33

3 0 10 12 4 10 3 39

4 0 10 15 0 10 3 38

5 0 10 0 0 10 2 22

6 0 10 12 0 10 1 33

7 0 10 0 0 10 1 21

8 0 10 16 4 10 3 43

UN00
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UN22 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UN22 Results Euclidian Distance Error Data in Meters: 
 

 
 
UN22 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 3.694 9.485 2.374 5.280 7.069 5.110 1.328 2.257 11.104 10.593 20.492 20.368

2 4.540 9.541 2.643 4.714 7.089 6.218 UM UM 11.087 UM 20.581 20.538

3 4.522 9.502 2.567 4.607 7.124 6.209 1.184 1.293 11.085 11.004 20.569 20.495

4 4.560 9.514 2.655 4.647 7.067 6.168 1.080 1.170 11.072 11.062 20.540 20.498

5 UNABLE TO TAKE REASONABLE MEASUREMENTS

6 4.535 9.542 2.654 4.680 7.085 6.236 1.268 1.305 11.068 11.037 20.531 20.490

7 UNABLE TO TAKE REASONABLE MEASUREMENTS

8 4.523 9.517 2.631 4.700 7.070 4.924 UM UM 11.107 UM 20.537 UM

Actual Distance

UN22

Test Iteration A B C D E F G H I J K L Average 

1 0.917 0.099 0.272 0.558 0.065 1.183 0.226 1.154 0.045 0.556 0.063 0.187 0.444

2 0.070 0.042 0.003 0.008 0.044 0.075 UM UM 0.062 UM 0.026 0.017 0.039

3 0.088 0.082 0.080 0.115 0.010 0.084 0.081 0.191 0.064 0.145 0.014 0.060 0.084

4 0.051 0.069 0.009 0.075 0.067 0.126 0.023 0.068 0.077 0.087 0.015 0.057 0.060

5 UM UM UM UM UM UM UM UM UM UM UM UM ID

6 0.075 0.042 0.008 0.042 0.048 0.057 0.165 0.203 0.081 0.112 0.024 0.065 0.077

7 UM UM UM UM UM UM UM UM UM UM UM UM ID

8 0.087 0.067 0.015 0.022 0.064 1.369 UM UM 0.042 UM 0.018 UM 0.211

UN22

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 0 0 10 5 65

2 0 0 0 0 10 3 13

3 40 10 14 6 10 6 86

4 40 10 14 0 10 6 80

5 0 0 0 0 10 1 11

6 40 10 10 6 10 5 81

7 0 0 0 0 6 3 9

8 0 0 0 0 10 1 11

UN22
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UN21 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UN21 Results Euclidian Distance Error Data in Meters: 
 

 
 
UN21 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.237 9.538 2.667 4.788 7.038 5.587 1.161 1.587 UM 11.764 20.014 X

2 4.529 9.570 2.632 4.707 7.113 6.189 UM UM UM UM UM X

3 4.422 9.419 2.527 4.607 7.121 6.229 1.184 1.634 11.095 11.025 20.551 X

4 4.532 9.586 2.592 4.696 7.072 6.238 1.023 1.235 11.081 11.129 20.526 X

5 UNABLE TO TAKE REASONABLE MEASUREMENTS X

6 4.585 9.525 2.653 4.587 7.121 6.245 UM UM UM 10.736 20.609 X

7 2.671 9.068 2.440 6.290 7.513 6.013 2.508 3.670 11.030 11.288 19.956 X

8 4.571 9.595 2.673 4.633 7.134 6.240 1.140 1.135 10.911 11.049 20.587 X

Actual Distance

UN21

Test Iteration A B C D E F G H I J K L Average 

1 0.373 0.045 0.021 0.066 0.096 0.706 0.058 0.484 UM 0.615 0.541 UM 0.301

2 0.082 0.013 0.015 0.015 0.021 0.104 UM UM UM UM UM X 0.042

3 0.188 0.164 0.120 0.115 0.012 0.064 0.081 0.532 0.054 0.124 0.004 X 0.133

4 0.079 0.002 0.054 0.026 0.062 0.055 0.079 0.132 0.068 0.020 0.029 X 0.055

5 UM UM UM UM UM UM UM UM UM UM UM X ID

6 0.025 0.058 0.007 0.135 0.013 0.048 UM UM UM 0.413 0.054 X 0.094

7 1.939 0.515 0.206 1.568 0.379 0.281 1.405 2.568 0.119 0.139 0.599 X 0.883

8 0.040 0.011 0.027 0.089 0.000 0.054 0.038 0.032 0.238 0.100 0.032 X 0.060

UN21

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 0 0 10 3 63

2 0 0 16 0 4 3 23

3 0 10 0 5 4 5 24

4 0 10 13 5 10 5 43

5 0 10 0 0 10 1 21

6 0 0 0 0 10 3 13

7 0 10 0 0 10 0 20

8 0 10 13 5 10 7 45

UN21
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UN11 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UN11 Results Euclidian Distance Error Data in Meters: 
 

 

UN11 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.527 9.546 2.623 4.691 7.087 6.222 0.969 0.969 X 11.149 20.548 X

2 4.534 9.579 2.660 4.690 7.105 6.207 1.060 1.212 X 11.066 20.548 X

3 4.600 9.583 2.661 4.747 7.013 6.204 UM UM X 11.141 UM X

4 4.488 9.530 2.658 4.730 7.031 6.225 UM UM X UM UM X

5 4.555 9.515 2.625 4.702 7.111 6.247 0.813 1.235 X 11.113 20.543 X

6 4.545 9.526 2.639 4.694 7.082 6.237 UM UM X UM 20.499 X

7 4.500 9.482 2.564 4.297 6.716 6.174 1.419 1.223 X 11.083 20.436 X

8 4.526 9.544 2.631 4.712 7.109 6.200 UM UM X 10.829 20.547 X

Actual Distance

UN11

Test Iteration A B C D E F G H I J K L Average 

1 0.084 0.037 0.023 0.031 0.046 0.071 0.133 0.133 UM 0.000 0.006 X 0.057

2 0.077 0.004 0.013 0.032 0.029 0.086 0.043 0.110 UM 0.083 0.006 X 0.048

3 0.011 0.000 0.015 0.025 0.121 0.090 UM UM X 0.008 X X 0.039

4 0.123 0.053 0.011 0.008 0.103 0.068 UM UM X UM X X 0.061

5 0.056 0.068 0.022 0.020 0.023 0.046 0.290 0.133 X 0.036 0.012 X 0.070

6 0.066 0.057 0.007 0.028 0.051 0.056 UM UM X UM 0.056 X 0.046

7 0.110 0.102 0.082 0.425 0.417 0.119 0.317 0.121 X 0.066 0.119 X 0.188

8 0.085 0.040 0.015 0.010 0.025 0.093 UM UM X 0.320 0.008 X 0.074

UN11

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 0 10 0 0 10 3 23

2 0 10 16 2 10 4 42

3 0 0 16 0 10 5 31

4 0 0 16 0 4 3 23

5 0 0 16 0 10 4 30

6 0 0 16 0 8 2 26

7 0 10 16 4 10 5 45

8 0 0 16 0 8 5 29

UN11
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UI00 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UI00 Results Euclidian Distance Error Data in Meters: 
 

 

UI00 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.557 9.601 2.626 4.679 7.133 5.991 0.895 1.099 X X X X

2 4.573 9.489 2.657 4.504 7.074 6.251 1.018 1.272 X X X X

3 4.505 9.498 2.638 4.694 7.016 6.221 UM UM X X X X

4 4.527 9.535 2.663 4.631 7.075 6.214 UM UM X X X X

5 4.603 9.476 2.629 4.582 7.044 6.314 1.196 1.299 X X X X

6 4.511 9.597 2.568 4.556 6.988 6.195 UM UM X X X X

7 4.520 9.498 2.566 4.678 7.051 6.198 UM UM X X X X

8 4.531 9.496 2.595 4.585 6.953 6.252 1.255 1.043 X X X X

Actual Distance

UI00

Test Iteration A B C D E F G H I J K L Average 

1 0.053 0.017 0.021 0.043 0.001 0.302 0.208 0.004 X X X X 0.081

2 0.037 0.095 0.011 0.218 0.059 0.043 0.084 0.169 X X X X 0.089

3 0.105 0.086 0.009 0.028 0.118 0.072 UM UM X X X X 0.070

4 0.084 0.049 0.016 0.091 0.058 0.079 UM UM X X X X 0.063

5 0.007 0.107 0.017 0.140 0.089 0.021 0.093 0.197 X X X X 0.084

6 0.100 0.013 0.079 0.166 0.146 0.099 UM UM X X X X 0.100

7 0.091 0.085 0.080 0.044 0.083 0.096 UM UM X X X X 0.080

8 0.079 0.088 0.051 0.137 0.181 0.041 0.152 0.060 X X X X 0.099

UI00

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 0 10 1 77

2 0 10 16 0 10 1 37

3 0 0 17 0 10 3 30

4 0 0 18 0 10 2 30

5 40 10 16 0 10 4 80

6 0 0 15 0 8 2 25

7 0 0 15 0 10 3 28

8 40 10 16 0 10 7 83

UI00
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UI22 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UI22 Results Euclidian Distance Error Data in Meters: 
 

 

UI22 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.489 9.537 2.644 4.757 7.122 6.133 UM UM 11.044 11.060 20.480 UM

2 4.586 9.496 2.599 4.716 7.049 6.252 1.153 1.132 11.117 10.598 20.587 20.557

3 4.521 9.925 2.623 4.739 8.858 6.238 1.108 1.122 UM 12.693 20.553 20.532

4 4.584 9.406 2.605 4.604 6.241 6.888 1.166 1.098 11.095 11.043 20.510 20.643

5 4.515 9.567 2.599 4.708 7.096 5.885 1.045 1.107 UM 11.233 20.365 20.637

6 4.459 9.343 2.606 4.493 6.872 6.189 1.263 1.345 10.635 10.759 20.325 20.305

7 4.570 9.462 2.582 4.668 7.026 6.261 1.040 1.190 11.012 10.928 20.539 20.522

8 4.469 9.591 2.540 4.709 7.084 6.026 1.514 1.225 UM 11.194 20.418 20.515

UI22

Actual Distance

Test Iteration A B C D E F G H I J K L Average 

1 0.121 0.046 0.003 0.035 0.012 0.160 UM UM 0.105 0.089 0.075 X 0.072

2 0.024 0.088 0.048 0.006 0.085 0.041 0.051 0.030 0.032 0.551 0.032 0.002 0.082

3 0.090 0.341 0.023 0.017 1.724 0.055 0.005 0.020 UM 1.544 0.002 0.023 0.349

4 0.026 0.178 0.041 0.118 0.892 0.595 0.064 0.005 0.054 0.106 0.044 0.088 0.184

5 0.095 0.016 0.047 0.014 0.038 0.408 0.058 0.004 UM 0.084 0.190 0.082 0.094

6 0.151 0.240 0.041 0.228 0.262 0.105 0.161 0.243 0.514 0.390 0.230 0.250 0.235

7 0.041 0.121 0.064 0.054 0.108 0.032 0.062 0.088 0.137 0.220 0.016 0.033 0.082

8 0.141 0.008 0.107 0.013 0.050 0.268 0.412 0.123 UM 0.045 0.137 0.040 0.122

UI22

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 16 0 10 1 77

2 40 10 16 4 10 3 83

3 40 10 0 0 10 3 63

4 40 10 10 2 10 4 76

5 40 10 15 6 10 3 84

6 40 10 8 4 10 5 77

7 40 10 16 6 10 6 88

8 40 10 14 8 10 7 89

UI22
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UI21 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UI21 Results Euclidian Distance Error Data in Meters: 
 

 

UI21 SLAM Evaluation Rubric: 

 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.554 9.579 2.663 4.711 7.093 6.277 1.174 1.135 11.048 10.996 20.599 X

2 4.509 9.515 2.535 4.639 7.139 6.172 1.241 1.440 11.090 11.153 20.537 X

3 4.456 9.393 2.645 4.600 6.946 6.188 1.186 1.312 11.102 10.953 20.557 X

4 4.516 9.564 2.656 4.691 7.148 6.234 1.096 1.156 11.069 11.123 20.610 X

5 4.566 9.531 2.654 4.630 7.043 6.245 1.347 1.076 11.377 11.082 20.522 X

6 4.554 9.406 2.591 4.710 6.992 6.214 1.359 1.111 11.121 10.962 20.590 X

7 4.497 9.518 2.626 4.657 7.058 6.208 1.116 1.289 11.105 10.964 20.556 X

8 4.530 9.497 2.576 4.643 7.016 6.200 1.140 1.151 10.861 11.068 20.433 X

Actual Distance

UI21

Test Iteration A B C D E F G H I J K L Average 

1 0.057 0.004 0.016 0.011 0.041 0.017 0.071 0.033 0.101 0.153 0.044 X 0.050

2 0.101 0.069 0.111 0.083 0.005 0.122 0.139 0.337 0.059 0.004 0.018 X 0.095

3 0.155 0.190 0.001 0.121 0.188 0.105 0.083 0.210 0.047 0.196 0.002 X 0.118

4 0.095 0.019 0.010 0.031 0.014 0.059 0.006 0.054 0.080 0.026 0.055 X 0.041

5 0.045 0.052 0.008 0.092 0.091 0.049 0.245 0.027 0.228 0.067 0.033 X 0.085

6 0.057 0.178 0.055 0.012 0.141 0.080 0.257 0.008 0.028 0.186 0.035 X 0.094

7 0.113 0.066 0.020 0.065 0.075 0.086 0.014 0.186 0.044 0.185 0.002 X 0.078

8 0.080 0.086 0.070 0.079 0.118 0.094 0.037 0.049 0.288 0.081 0.122 X 0.100

UI21

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 40 10 0 0 10 2 62

2 40 10 15 2 10 5 82

3 40 10 14 4 10 5 83

4 40 10 18 2 10 5 85

5 40 10 16 4 10 6 86

6 40 10 15 4 10 5 84

7 40 10 16 0 10 6 82

8 40 10 15 6 10 7 88

UI21
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UI11 Results Raw Euclidian Distance Data in Meters: 
 

 
 
UI11 Results Euclidian Distance Error Data in Meters: 
 

 

UI11 SLAM Evaluation Rubric: 

 

 

 

 

Test Iteration A B C D E F G H I J K L

4.611 9.583 2.646 4.722 7.134 6.293 1.102 1.102 11.149 11.149 20.555 20.555

1 4.595 9.470 2.644 4.115 6.639 6.618 1.780 0.921 X 10.943 20.555 X

2 4.565 9.544 2.620 4.666 7.093 6.226 1.011 1.248 X 10.964 20.537 X

3 4.590 9.508 2.598 4.682 7.129 6.219 1.027 1.288 X 11.056 20.282 X

4 4.562 9.525 2.650 4.518 7.041 6.236 1.297 1.154 X 10.960 20.475 X

5 4.584 9.544 2.567 4.668 7.064 6.227 1.082 1.101 X 11.066 20.515 X

6 4.518 9.543 2.611 4.704 7.057 6.092 1.115 1.130 X 11.010 20.488 X

7 4.519 9.542 2.661 4.661 7.079 6.133 1.321 1.452 X 11.083 20.546 X

8 4.535 9.569 2.578 4.604 7.052 6.236 1.192 1.186 X 11.090 20.420 X

Actual Distance

UI11

Test Iteration A B C D E F G H I J K L Average 

1 0.016 0.114 0.002 0.607 0.495 0.324 0.677 0.182 X 0.206 0.000 X 0.262

2 0.045 0.039 0.026 0.056 0.041 0.067 0.091 0.145 X 0.185 0.018 X 0.071

3 0.021 0.075 0.048 0.040 0.005 0.075 0.075 0.186 X 0.093 0.273 X 0.089

4 0.049 0.059 0.004 0.204 0.092 0.057 0.194 0.051 X 0.189 0.080 X 0.098

5 0.027 0.040 0.079 0.054 0.070 0.067 0.020 0.001 X 0.083 0.040 X 0.048

6 0.093 0.041 0.036 0.018 0.077 0.201 0.013 0.028 X 0.139 0.067 X 0.071

7 0.092 0.041 0.014 0.061 0.055 0.161 0.219 0.349 X 0.066 0.009 X 0.107

8 0.076 0.014 0.068 0.118 0.082 0.057 0.089 0.084 X 0.059 0.135 X 0.078

UI11

Test Iteration Docking (40) Mining (10) Error (20) False Pos. (10) False Neg. (10) Fidelity (10)Total

1 0 10 18 0 10 3 41

2 40 10 17 4 10 7 88

3 40 10 18 2 10 7 87

4 40 10 18 0 10 7 85

5 40 10 16 2 10 7 85

6 40 10 18 2 10 6 86

7 40 10 9 2 10 6 77

8 40 10 16 4 10 6 86

UI11


