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Space exploration is progressing toward long-term missions that will involve both human 

and robotic agents in operations in lunar space habitats, the Gateway space station, and Moon-

to-Mars program. These missions require high-level intelligence and sustained performance 

over extended periods. Analyzing agent performance solely on a task level is insufficient for 

such complex applications because the resources consumed by agents are coupled with the 

utility they provide under various conditions. Additionally, factors like the agents' availability 

to respond to hazard events—impacted by factors including human sleep cycles and robot 

charging times—must be considered. Understanding how resources, utility, and availability 

interrelate is crucial for early-phase decision-making, assessing logistics, and for steering 

investments in promising directions. In this paper, we use the rapid simulation capabilities of 

the Control-oriented Dynamic Computational Modeling (CDCM) to explore the trade space 

involving a human agent (HA) and a robotic agent (RA) tasked with maintaining a smart space 

habitat (SSH). Our approach models two independent parallel scenarios as systems of systems 

using stochastic methods to account for mission variabilities. A human scientist (HS) is 

included to quantify the mission's research outcomes. The outcomes generated by the HS serve 

as the metric to compare the agents' performance, alongside the costs associated with engaging 

the HA and RA. 
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Nomenclature 

CDCM = Control-Oriented Dynamic Computational Modeling Framework 

HA = Human Agent 

HMS = Health management system 

HS = Human Scientist 

IE = Interior Environment Model 

M-ESM = Modified Version of Equivalent System Mass 

MS = Micrometeorite Strike 

PG = Power Generation System 

RA = Robotic Agent 

SRH = Science Research Hours 

SSH = Smart Space Habitat 

ST = Structural System 

SoS = System of Systems 

I. Introduction 

Human space flight missions have achieved remarkable milestones over the past six decades, showcasing the 

extraordinary capabilities of humans in space exploration. Beginning with Yuri Gagarin's historic flight in 1961 as the 

first human in space [1], followed by the Apollo missions that successfully landed astronauts on the Moon and returned 

them safely to Earth [2], humanity has continually pushed the boundaries of what is possible. The Space Shuttle 

program enabled extended missions in low Earth orbit, and facilitated the deployment and repair of satellites like the 

Hubble Space Telescope [3]. Furthermore, the International Space Station, a collaborative effort involving multiple 

countries, has served as a microgravity laboratory for over two decades, where astronauts have conducted thousands 

of experiments in biology, physics, astronomy, Earth science, and more [4–7]. These achievements have not only 

advanced scientific knowledge but have also demonstrated human adaptability, problem-solving skills, and the ability 

to perform complex tasks in the challenging environment of space. 

Despite these successes, human spaceflight faces significant challenges that necessitate the integration of greater 

automation, robotics, and autonomy[8–11]. In space, astronauts are exposed to harsh conditions, including cosmic 

radiation, microgravity that induces muscle atrophy and bone density loss, and isolation and confinement potentially 



resulting in psychological effects [12,13]. The physical and cognitive demands increase the risk of human error, which 

can be life-threatening in the unforgiving environment of space [14]. Moreover, missions beyond low Earth orbit, such 

as those to Mars, involve communication delays of up to 22 minutes one way, making real-time guidance from Earth 

impractical [15]. Missions will be longer, and Earth-independent operations will be essential. To overcome these 

obstacles, integrating automation, robots, and autonomy can enhance mission safety, efficiency, and success, 

extending the capabilities of human spaceflight to achieve more ambitious exploration goals [16–18]. 

In this context, it is important to distinguish between robots, automation, and autonomy. Robots are machines 

designed to perform tasks that may be hazardous or impractical for humans, ranging from simple repetitive actions to 

complex operations in extreme environments [17,19,20]. They can be remotely controlled or pre-programmed to 

execute specific functions. Automation involves systems operating with minimal human intervention by following 

predefined instructions, controllers, or algorithms to carry out tasks efficiently and consistently, reducing the need for 

constant human oversight but typically lacking the ability to adapt to unforeseen situations [21,22]. Autonomy, on the 

other hand, refers to systems capable of making independent decisions and adapting to new circumstances without 

human oversight, potentially utilizing artificial intelligence and machine learning to navigate unpredictable 

environments [23–25]. 

Human involvement varies across these technologies. In teleoperated robotic systems, humans are directly 

involved in controlling the machine, requiring seamless interfaces for real-time interaction. With automated systems, 

humans shift to roles focused on monitoring and intervention during exceptions, as the system handles routine tasks 

independently. Autonomous systems further minimize the need for human involvement during operations, placing 

greater emphasis on human roles in system design, oversight, and managing unexpected behaviors or emergencies. In 

space missions where communication delays can impede real-time control, autonomy becomes essential for tasks like 

navigation, maintenance, and exploration. Effective integration demands robust human-machine interfaces, clear 

communication protocols, and a great deal of trust to ensure mission success and safety [26,27]. 

These considerations become even more critical as space exploration advances toward long-duration endeavors 

that require human and robotic agents capable of independently maintaining the function of space systems, either 

autonomously or at least for extended periods. Operations such as maintaining space habitats, managing the Gateway 

functions, and undertaking Moon-to-Mars missions exemplify this shift toward extended missions [28,29]. These 

missions demand not only high-level intelligence but also sustained performance over prolonged periods, pushing the 



limits of current human and robotic capabilities. Traditional methods that assess agent performance solely at the task 

level are inadequate for such complex applications because the resources consumed by agents—such as energy, time, 

and cognitive effort—are intrinsically linked to the utility they provide in achieving mission objectives [26,27,30]. 

Parameterized simulations that can account for the evolving habitat, random events, aging and degradation, and system 

interdependencies are more appropriate for exploring the trade space involved in mission design and assessing the 

associated logistical and resource requirements [26,31]. 

In addition to considering the agent capabilities and resources needed, the agents' availability to respond to 

unforeseen events should be assessed in early-phase mission design. Human agents are subject to physiological needs, 

including sleep cycles, nutrition, and fatigue management, which can impact their readiness and effectiveness [32]. 

Robotic agents, on the other hand, have limitations such as battery life, maintenance requirements, and potential 

system degradations that can affect their operational availability [33–35]. For instance, an astronaut's ability to perform 

emergency repairs might be compromised during designated rest periods, while a robot may be offline due to charging 

or software updates. A holistic perspective that considers the interplay between resources, utility, and availability is 

needed for early-phase decision-making, enabling mission planners to allocate tasks effectively between human and 

robotic agents [23,36,37].  

With respect to these considerations, we develop and demonstrate a computational framework for early-stage 

mission design to enhance efficiency, safety, and overall success, paving the way for identifying regions where 

investments and research can have the greatest impact. Leveraging the CDCM rapid prototyping simulation tool, we 

consider autonomy that enable task performance within a SSH, specifically on the RA contrasted with the HA. A 

systematic comparison is performed to examine human and robot agents in the context of space missions by achieving 

the following key points. First, we introduce uncertainties into the modeling and simulation instead of following a 

deterministic process. Second, we consider the performance of human and robot agents in a mission-oriented study, 

i.e., we do not simply take a task-oriented perspective. Third, we consider the roles of the agents when they are 

interacting with an entire system instead of studying them in an isolated fashion.  

We do not discuss the feasibility of technologies for realizing a robot agent that can provide the functional activities 

demanded in this paper. We use a recently developed robot as a basis to provide numerical specifications of the robot 

agent in this study. Providing a final answer to the questions raised in the beginning and further enabling humans and 



robots to work side-by-side requires years of experimentation, data collection, and fundamental research, and it is 

beyond the scope of the present work. Herein, we form our model using currently available knowledge and data. 

The proposed approach builds two independent scenarios for the HA and RA, respectively. Specifically, the 

models of the HA and RA include the daily schedule, the resources required, the task output they provide. When the 

SSH is damaged by a micrometeorite strike, tasks are assigned to agents for repairing the damaged systems, such as 

the structure, or power generation system. The goal is to keep the SSH in a safe condition to enable scientific research 

to be carried out. To evaluate this, we place an additional HS in both scenarios. The HS is only responsible for doing 

scientific research. In addition to using scientific research hours as the metric for indicating benefit, we use a modified 

version of equivalent system mass (M-ESM) to indicate the cost of using the HA and RA. The M-ESM accounts for 

mass, volume, crew time, power and cooling for maintaining temperature and pressure in the internal environment. 

Simulations run for each scenario individually to generate results, and conclusions can be drawn from those results. 

Our approach can be used for a variety of aims, including mission design or agent selection. The space habitat is 

treated as a system of systems, currently including the human agent, robot agent, power generation, structure, health 

management, interior environment systems [31,38–40]. For each system, several states are defined to capture the 

characteristics necessary for the study. Each state is assigned a transition function to govern the simulation process. 

Then, the habitat state is the combination of all the states of all systems. Users can customize system design, numerical 

values, and models to realize specific scenarios. For instance, the space habitat can be configured in desired ways, 

with different types and numbers of systems, made-to-order interactions, adaptative modeling focus on selected system 

parts, and so on. 

The paper is organized as follows. In Section II, we present the models of all space habitat systems in detail. 

Section III demonstrates a few illustrative examples to show how the approach can be used for addressing certain 

specific questions. We conclude with Section IV. 

II. Approach 

The technical approach is explained in Fig. 1. The study compares mission outcomes for two configuration choices, 

a HA and an RA, for a given task involving maintaining a smart space habitat. The habitat and its models will be 

explained in a subsequent section, along with the agent models. The primary purpose of this notional habitat is to 

conduct scientific research and the mission duration is ten years. Thus, the time that is available to do science is the 

performance metric used in our study. However, incidents can occur and cause significant disruption to the regular 



operation of the space habitat. For example, structural damage to the habitat may be caused by a direct micrometeorite 

strike or by ejecta caused by a nearby strike. Thus, an emergency arises when a disruption happens in each scenario, 

and the agent must react to remedy the situation. To include uncertainty in the study, the occurrence of disruption 

events is random and governed by a probability distribution. Thus, the agents must react to each dynamic and 

unexpected emergency. 

We construct two scenarios, as in Fig. 1. Scenario 1 employs an HA, and Scenario 2 uses an RA to perform repair 

tasks. Each scenario is further divided into three components of models that are the key elements defining the strategy. 

Scenario 1 has three possible configurations: 1A, 1B, and 1C. In 1A, the HA reacts to emergencies and performs the 

corresponding repair tasks. In 1B, we have an additional HS responsible for carrying out scientific research serving 

as a metric to evaluate the HA. Third, in 1C, the space habitat is configured to accommodate the HS and support its 

needs.  

In Scenario 2, we also have three possible configurations: 2A, 2B, and 2C. In 2A, an RA takes the role of attending 

to emergencies. Version 2B is identical to 1B. In 2C, the overall configuration of the smart habitat is similar to that of 

1C. Some specific changes are captured to reflect the needs and functions of different agents. For instance, to support 

RA, the habitat in Scenario 2 varies from Scenario 1 in that the power generation system is responsible for charging 

the RA's battery. Further details will be explained in Section II.B, Battery Modeling of RA. 

 
Fig. 1 Approach overview: Scenario 1 and Scenario 2 for evaluating the HA and the RA respectively. 

We implement our model using the control-oriented dynamic computational modeling framework (CDCM) 

[31,41]. The CDCM is a modular framework that allows users to build a space habitat model focusing on explicitly 

capturing the causal relationships between the involved variables. The resulting models are represented as 



computational graphs, which can be manipulated programmatically to achieve different goals [31,39]. Once Scenarios 

1 and 2 are constructed, simulations are performed using the entire system encompassing the habitat systems, agents, 

and their interactions. The details of the system and the simulation will be explained in Section III.  

For each scenario, an ensemble of simulations is performed to explore the impact of uncertainties. The overall 

results are evaluated in terms of benefit and cost. The benefit is quantified as the hours of scientific work generated 

over the mission by the HS with each scenario, as explained in Section II.C. Cost is quantified as the cost of the entire 

system measured by M-ESM when either the HA or the RA is included. Based on the results of the ensemble of 

realizations, conclusions about the choice of the agents are drawn. 

In the following sections, we discuss the modeling of all systems and how we use the metrics to evaluate their 

performance. 

A. Modeling of Systems in Scenario 1 

The systems included in this SoS are modeled at different levels of fidelity, as shown in Fig. 2. A sufficient amount 

of detail must be included in the HA and HS models in this study's scope. Models designed with fewer details and 

shared between both scenarios include those for the structural, power generation, and health management systems. An 

interior environment model is included to capture the conditions inside the habitat. All the models are executed with 

a time step of one hour. 

 
Fig. 2 Configuration of Scenario 1 (for evaluating the performance of the HA). 



The following contents are discussed based on Scenario 1, and afterward, the discussion focuses on the different 

components in Scenario 2, specifically the RA. 

1. Structural system modeling (ST) 

ST represents the physical structural component of the habitat. As it is not the main attribute of this study, this 

model captures a disruption from a micrometeorite strike based on the probability of occurrence during each 

simulation time step. ST is damaged whenever a micrometeorite strike occurs in a simulation and requires repair by 

the HA (in Scenario 1). A damaged condition of the ST affects the interior environment (IE) by changing the ambient 

temperature and pressure until the repair is complete. The ST returns to nominal when the HA finishes a repair task. 

When the ST is under repair by the HA, it is unlikely, but possible, for the ST to be damaged again by another 

micrometeorite strike. The additional disruption also causes the current repair by the HA to return to zero progress. 

Relevant details are discussed in Sections II.A.3, the IE, and II.A.5, the HA. A more comprehensive demonstration of 

this behavior is provided in Section III.A through the detailed verification. 

2. The power generation system modeling (PG) 

In Scenario 1, the PG has a similar role as the ST, potentially being affected by a disruption and influencing the 

IE when there is damage. PG is subject to solar panel damage caused by a micrometeorite strike (MS) independent of 

the MS that happened to the ST. Two MS with the same given probability of occurrence affect the ST and the PG. 

When such an event occurs, the HA is responsible for repairing the PG. Other details are the same as the ST when it 

is subject to additional damage. 

3. The interior environment modeling (IE) 

The model of the IE governs the dynamics of the two states used for describing the interior volume of the habitat, 

ambient temperature, and pressure, 𝑋!,#$ , and 𝑋!,#% . In the nominal condition of the habitat, both states are maintained 

at their optimal values. When the habitat transitions to an emergency condition due to the condition of the ST or/and 

the PG, the ambient temperature changes towards the temperature outside of the habitat. On the other hand, the ambient 

pressure always drops as the Moon's surface is a vacuum. When the habitat is repaired and returns to its nominal 

condition, these states return to their predefined set points. It should be noted that the values of ambient temperature 

and pressure influence all of the agents, the HA, the HS, and the RA. A safe range is defined in Section II.A.5 for the 



two classes of human agents (the HA and the HS), and when the values of these two states fall outside of those ranges 

and would cause harm to the human agents, we declare that the mission fails, and terminate the simulation. The energy 

provided by the PG is used to support the IE when ambient temperature and pressure are not at their optimal values, 

which are the optimal values required by the HA, as discussed in Section II.A.5. Note that the two states also influence 

the performance of the HA while it is performing repair tasks, as discussed subsequently. 

4. The health management system modeling (HMS) 

The HMS is designed to assign the agent (the HA or the RA) to repair the damaged system. The HMS takes two 

inputs: the requirement from the ST or/and the PG and the agent's availability. If there is a requirement and 

simultaneously the agent is available, the HMS gives the corresponding task requirement to the agent. Otherwise, the 

task requirement is "None." When a repair task is in progress, the repair for the other system must wait until the 

ongoing task is finished. A specific scenario is when both the ST and the PG are under disruptions simultaneously, 

leading to task requirements for repairing the ST and the PG. In such a case, we prioritize the repair of the ST over 

the PG. The HMS first assigns the agent to repair the ST. Only when this task finishes is the agent sent to repair the 

PG. 

5. The human agent modeling (HA) 

The HA model is developed to capture details of a human agent while maintaining a space habitat. The model 

reflects the presence of the HA in the habitat and its role in performing repair tasks in emergency situations. The 

details of the HA are divided into several modules. These include the daily schedule, resource (oxygen, water, food), 

health, and task modules. Each module is modeled as a number of states for capturing the HA's initial values and 

transitions. For instance, a resource module is built for recording the resources consumed by the HA in each time step 

in the simulation. Moreover, the modules are not entirely separate from each other. Interactions in the transition 

functions can catch the interdependencies that exist between modules. 

Daily schedule modeling 

The model captures, at the highest level, the range of daily activities of the HA during a mission. These activities 

are required to support the basic functions of the HA, like eating and sleeping. Meanwhile, there should be a situation 

when the HA is performing tasks. The possible activities included are defined as: 



1) Sleeping. This happens every 24 hours. This activity takes 8 hours, from 23:00 to 7:00. The HA does not 

sleep at other times. 

2) Eating. This occurs thrice every 24 hours. Each meal takes 1 hour. The times are 7:00 to 8:00 for breakfast, 

then 12:00 to 13:00, and 18:00 to 19:00, respectively, for lunch and dinner.  

3) Exercising. This activity lasts 3 hours every 24 hours, from 19:00 to 22:00. 

4) Idle. Describes when the HA is not doing any other activities. This activity takes place in the time besides 

the time of all the other activities in the above, sleeping, eating, and exercising.  

5) Working. Describes when the HA is doing repair tasks. As explained at the beginning of Section II. The HA 

is only designated to perform repair tasks for the ST and the PG. Herein, this status happens in a randomized 

manner, leading by the occurrence of the requirement of emergency tasks. 

To distinguish between the activities that happen at fixed times during a day and those that are event-driven, we 

first define the state, the HA default status, 𝑋&,#$ , which describes the routine status of the HA and what the HA is 

scheduled to do at time t. Depending on the disruption that can happen randomly during a simulation, "Working" is 

not considered in the range of the HA default status. Instead, "Working" is covered by the HA status, 𝑋&,#' . In this 

study, we assume that under some circumstances, a portion of the default activities, "Eating" or "Sleeping", can be 

skipped to some extent to yield that time for "Working" if needed for coping with emergencies. To decide whether the 

current default activity can be skipped, we consider the relative relationship between the current the HA health and 

predefined thresholds.  

The details of the states describing the HA health will be explained in Section II.A, Health modeling. Here, we 

briefly explain how to decide when the HA is "Working". To begin with, we introduce the state of HA availability, 

𝑋&,#% , which describes whether the HA is available for performing emergency tasks during a particular time step. We 

compare HA eating health with an eating threshold and HA sleeping health with a sleeping threshold. When both 

health terms are above their threshold, the HA is ready to skip "Eating" or "Sleeping" and react to emergencies. On 

the other hand, it is denoted as HA availability being True. Otherwise, we consider "Eating" is not skippable when 

eating health drops below its threshold, or/and a similar case is for "Sleeping." In this case, HA availability is set to 

False, representing that the HA is not available for any tasks at the time step. HA availability remains False until eating 

health or sleeping health rises again to be above the thresholds. 



After introducing HA availability, it is straightforward to define HA status. Only when the HMS gives a task 

assignment, and HA availability is True, concurrently HA status is "Working." In other cases, the HA status follows 

the value of HA default status. 

Resource modeling 

Here, we model the simplified necessary resources to support life for the HA. These include oxygen, water, and 

food, each defined in terms of its mass and volume in the simulations. We use available data from the literature to  

capture the consumption of these three distinct resources. More specifically, we turn to data published and summarized 

from past space missions and generate probability distributions from them. Then, we use samples drawn from these 

distributions to determine the resources consumed in each realization.  

1) Oxygen consumption. NASA lists typical steady-state values for the oxygen consumed in a vehicle 

environment [42], reporting a lower value of 0.518, a nominal value of 0.818, and an upper value of 5.67 

kg/CM-D (crew member - day). We divide these values by 24 to the hour scale, kg/CM-H (crew member - 

hour), and use them as the basis of the model, indicating oxygen consumption per time step is not a fixed 

value. Because the nominal value is not at the center between the lower and upper values, we fit a skew 

normal distribution to capture the trend of oxygen consumption. The distribution for oxygen consumption in 

one hour is obtained as,  

	 𝑋&,#! 	~	𝐷(𝛼 = 15.82, 𝜉 = 0.015	 𝑘𝑔 𝐶𝑀-ℎ⁄ ,𝜔 = 0.11 𝑘𝑔 𝐶𝑀-ℎ⁄ ).	 (1)	

2) Water consumption. NASA provides single values as the typical steady-state water usage rates for various 

missions [42]. The value for a mature planetary base is selected here, which is 9.82 kg/CM-D. We fit a normal 

distribution to represent the consumption value. The water usage rate per hour (0.41 kg/CM-H) is used as the 

mean value, with 5% and 95% percentile being 0.39 and 0.43 kg/CM-H (95% and 105% of 0.41 kg/CM-H). 

The distribution for water consumption in one hour is obtained as,  

	 𝑋&,#( 	~	𝑁(𝜇 = 0.41	 𝑘𝑔 𝐶𝑀-ℎ⁄ , 𝜎 = 0.01 𝑘𝑔 𝐶𝑀-ℎ⁄ ).	 (2)	

3) Food consumption. A typical 10-day menu is provided for short-term missions in space [42]. Each day, the 

mass of the food provided to a single crew member is given. We do not distinguish between different meals: 

breakfast, lunch, and dinner. All three meals are considered to follow the same distribution. The food is 



measured before cooking or, in another sense, after dehydration. We fit a normal distribution to the set formed 

by the ten discrete food mass values (0.53, 0.56, 0.48, 0.42, 0.68, 0.46, 0.61, 0.39, 0.41, 0.56 kg/CM-Meal) 

through maximum likelihood estimation. The distribution for food consumption in one meal is obtained as,  

	 𝑋&,#& 	~	𝑁(𝜇 = 0.51 𝑘𝑔 𝐶𝑀-𝑀𝑒𝑎𝑙⁄ , 𝜎 = 0.09 𝑘𝑔 𝐶𝑀-𝑀𝑒𝑎𝑙⁄ ).	 (3)	

In addition, constant energy usage is included to support the space suit when the HA is at "Working," as all the 

repairs are considered to happen outside of the habitat. 

Health Modeling 

HA health is modeled as a concept different from the everyday use of the term "health." We use health to describe 

the capability of the HA to perform assigned tasks. When health is at its maximum value, the HA is able to output the 

best performance when reacting to an emergency. When health decreases, the performance will correspondingly drop.  

 
HA health is currently modeled as a product of four simplified states: Eating Health, Sleeping Health, Thermal 

Health, and Pressure Health. Each of the states ranges from 0 to 1 (0% to 100%), resulting in a single value for HA 

health between 0 to 1. During the simulation, all health state values are influenced by their corresponding factors (e.g., 

ambient temperature) and may fluctuate within the bounds, either increasing or decreasing over the simulation steps. 

1) Eating health. This state reflects the relationship between the number of meals the HA has and their related 

health state. We consider the possible condition where the HA misses a number of meals to repair damaged 

systems and how this will influence its eating health. To build the model, we resort to studies to find the 

relationship between food deprivation and cognitive performance [43]. In turn, we treat food deprivation 

from the study as the number of meals missed and cognitive performance as eating health, affecting task 

performance. We adopt three cases from [43], 10%, 30%, and 50% of required consumption. These numerical 

values stand for the percentage of the required food consumed in the experiments, then one minus the 

percentage value, e.g., 1-10%, is the food missed. Neglecting the cases of food deprivation with 70% and 

90%, because some amount of food deprivation may result in a performance increase of food deprivation, 

which we do not consider in this study. In each plot (10%, 30%, 50%), x is the number of days for the 

experiment, and y is the performance in %, ranging from 0 to 1. Here, 10% of required consumption is 

transferred to 10% of meals eaten, indicating 1-10% of meals missed. Then, we choose 10 points from each 



percentage plot to form the dataset and fit a standard normal distribution to the formed dataset. A random 

sample from the distribution represents the change in eating health caused by one meal. This can be used for 

two cases: when the HA misses one meal, which leads to a decrease in eating health, or when the HA has a 

meal, it results in an increase in eating health if it is less than 100%. The random sample from the distribution 

serves as the amount of increase or decrease in eating health value. Then, the change of eating health per 

meal, 𝐻)*,+,#-./, is expressed as, 

	 𝐻)*,+,#-./	~	𝑁(𝜇 = 0.0014	𝑚𝑒𝑎𝑙0%, 𝜎 = 0.0004	𝑚𝑒𝑎𝑙0%).	 (4)	

2) Sleeping Health. The hours of sleep per day are found to be among several factors that influence human 

cognitive performance [44]. From the literature [44], cognitive performance peaks when participants have 7 

hours of sleep and continuously drops towards lower and higher hours of sleep. Nevertheless, a typical daily 

schedule of a crew member in deep space is recommended as 8.5 hours by NASA [42]. Given that the higher 

priority of deep space missions is always to weigh HA health over its performance, we choose 8 hours of 

sleep as the number in our study. The performance level at 8 hours is the highest value for cognitive 

performance [44], and truncate any values higher than that to 100%, and calculate any other values lower 

than that for the percentage of difference with respect to the value at 8 hours, and then form a dataset, and 

generate the distribution to the formed dataset. We only consider the data points with hours of sleep equal to 

or less than 8 hours [44]. Then, sleeping health transits in the realizations in the same way as eating health. 

When the HA misses one hour of "Sleeping" for an emergency, sleeping health drops by a value. When the 

HA has one hour of "Sleeping," sleeping health increases by a value if it is less than 100%. The values are 

random samples from the distribution built in this section. The distribution for the change of sleeping health 

per hour is given as,  

	 𝐻)*,12334-./(𝑡)	~	𝑁(𝜇 = 0.0014	𝑠𝑙𝑒𝑒𝑝𝑖𝑛𝑔-ℎ𝑜𝑢𝑟0%, 𝜎 = 0.0004	𝑠𝑙𝑒𝑒𝑝𝑖𝑛𝑔-ℎ𝑜𝑢𝑟0%).	 (5)	

3) Thermal health. In this study, three values can govern the behavior of the ambient temperature and the 

ambient pressure in a space vehicle or space habitat. They are an optimal value, a lower value and an upper 

value (hereafter, 𝑝5,6, 𝑝5,2 and 𝑝5,7 for temperature, and 𝑝8,6, 𝑝8,2 and 𝑝8,7 for pressure, respectively). At the 

optimal value of 𝑝5,6, we assume that the HA is under the best condition of ambient environment in terms of 

ambient temperature. Thermal health, therefore, equals its maximum value in such circumstances. We will 



see a drop in thermal health when the ambient temperature moves away from 𝑝5,6 towards 𝑝5,2 and 𝑝5,7. The 

following model reflects the relationship between thermal health and ambient temperature. We pick the 

ambient temperature in a typical steady vehicle atmosphere as the reference, with as lower point of 291 K, a 

nominal point as 296 K, and an upper point of 300 K [42]. Sequentially, 𝑝5,6, 𝑝5,2 and 𝑝5,7are set as 21, 18, 

and 27 ℃, and thermal health is assigned to 1, 0.95, and 0.95 correspondingly. Then, we model the function 

of thermal health in the range of 𝑝5,6 and 𝑝5,2, and the range of 𝑝5,6 and 𝑝5,7 as two independent sigmoid 

functions [45]. Given the ambient temperature, 𝑋!,#$ , at a time step, the function of thermal health is obtained 

as,  

	 𝑋&,#9 =

⎩
⎪
⎨

⎪
⎧

%

%:3!".$%&$,(
) *$+.$+

, 𝑖𝑓18 ≤ 𝑋!,#$ ≤ 21,
%

%:3,.,-&$,(
) !$..%+

, 𝑖𝑓21 < 𝑋!,#$ ≤ 27,

0.95, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

	 (6)	

Outside of 𝑝5,2  and 𝑝5,7 , we set the values of 𝑋&,#9 to stay at 0.95. This is because when the ambient 

temperature is outside of this range, we consider the simulation as a failed realization, and to reflect that, a 

hefty penalty is added to the cost metric, which will be explained in Section II.C. Under the circumstance, 

the effect of ambient temperature on thermal health is not considered at the same level as in the normal 

condition (ambient temperature within the range of 𝑝5,2 and 𝑝5,7).  

4) Pressure health. Like the modeling of thermal health, we refer to the ambient pressure in a typical steady 

vehicle atmosphere as lower point as 48 kPa, nominal point as 101 kPa, and upper point as 102.7 kPa [42]. 

These values, at this moment, are set as which of the setting points, 𝑝8,6 as 101 kPa, 𝑝8,2 as 48 kPa and 𝑝8,7 

as 102.7 kPa. Then, the function of pressure health is expressed as,  

	 𝑋&,#; =

⎩
⎪
⎨

⎪
⎧

%

%:3!).,$&$,(
, *$...

, 𝑖𝑓48 ≤ 𝑋!,#% ≤ 101,
%

%:3..,%&$,(
, !."+.,-

, 𝑖𝑓101 < 𝑋!,#% ≤ 102.7,

0.95, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

	 (7)	

Additionally, the lower point and upper point of ambient temperature (18 ℃ and 27 ℃) and ambient pressure 

(48 kPa and 102.7 kPa) are treated as the safety range of the IE or the SSH. When either one is outside of the 

range, the SSH is considered in a hazardous state until the values are back to the safety range. This is applied 

to both Scenarios 1 and 2. 



Task modeling 

The process to finish a task is modeled by assuming that, during each time step, the agent (robot or human) can 

complete a percentage of the task, defined as task progress. When the amount reaches 100%, the task is finished. 

During each time step, there is a probability that the agent fails at performing the repair, in which case the progress at 

that time step stays the same as in the previous time step. The repair of damage to the ST and the PG, for both the HA 

and the RA, is modeled independently. To reflect specific repair procedures, varying task progress rates, and task 

success probability values are chosen for each system (the ST and the PG). The rate of each agent's progress at each 

time step and the probability for success at each step is based on the technique we choose to repair the damage and 

the related data, which will be discussed in Section III, illustrative examples.  

6. The human scientist modeling (HS) 

The HS is modeled almost identically to the HA, has the same nominal schedule, and uses resources in the same 

manner. The only discrepancy is in task assignments. Instead of reacting to emergency tasks, the HS is designed to 

perform scientific research. This contribution is then used for comparing the agents' performance in the two scenarios. 

During each time step that the habitat is in a safe condition (i.e., there are no emergency tasks to perform), the HS has 

a probability to successfully output a research hour (the probability is set as 50%). During emergencies, the HS will 

not generate research hours at all. Intuitively, this is meant to evaluate the ability of the HA (later for the RA) to keep 

the habitat in a functional condition. In this study, we envision that a functional condition is a condition suitable for 

conducting research.  

B. Modeling of Systems in Scenario 2 

Scenario 2 is set up for simulating and evaluating the performance of the RA, as shown in Fig. 3. To make both 

scenarios comparable for our purpose, the RA replaces the roles of the HA in Scenario 1. In contrast, the rest of the 

systems in Scenario 2 are replicas of the systems in Scenario 1. The only difference is that with Scenario 2, the PG 

model includes a function to supply power to the RA. Here, we will focus on the distinguishing feature of this model, 

the RA. 



 
Fig. 3 Configuration of Scenario 2 (for evaluating the performance of RA). 

1. The robotic agent modeling (RA) 

In this study, the RA is modeled to reflect a hypothetic robot in a space habitat that can move within the habitat 

and carry out repair tasks while neglecting the discussion of whether the technology to support the capabilities is 

available. We limit the modeling to a relatively realistic level by referring to market-available robots for setting up the 

numerical values of the related physics of the RA [46]. Apart from the above, some unique features of the RA differ 

from those of the HA. For instance, the RA requires a battery to support its activities while the HA needs the support 

of oxygen, water, and food; the RA requires no "Sleeping" activity while the HA does, etc.  

Daily schedule modeling 

We define all the possible activities of the RA in a mission. All are event-based and thus do not happen in a regular 

period. Also, we consider the RA to be self-sufficient enough to carry out all the activities independently without 

additional human intervention. These activities are:  

1) Replacing. describes when one of the RA’s components is removed and a renewal is installed. This depends 

on whether the health of the RA's components is lower than their thresholds, which is caused by degradation 

over time.  



2) Charging. describes when the RA connects to the habitat and draws electric power to till its battery. A battery 

is incorporated into the RA as a critical component, serving to store energy required for the RA's various 

activities. The battery needs charging to refill the energy and output power for supporting activities of the 

RA. 

3) Working. describes when the RA is doing repair task. Like the modeling of the HA in Section II.A.5, this 

occurs when an emergency leads to a task requirement. 

4) Idle. describes when the RA is at no other activities. 

Some of the activities are coupled with the modeling details of the RA below. To be more specific, "Charging" is 

coupled with battery modeling. "Replacing" is coupled with motor degradation and battery degradation as in the 

modeling of RA health. "Working" is regulated in task modeling and is affected by RA health. Details are explained 

in the section below. 

Battery modeling 

A battery charged with a sufficient amount of energy is necessary to support the RA. Hereby, we model the battery 

of the RA with the functionalities of storing energy, taking in energy by "Charging," and outputting energy when 

"Working." During the simulation, the "Charging" activity is constantly given the highest priority due to its critical 

role in supporting the battery. "Charging" herein can happen during a repair task and between the occurrence of 

"Working." This does not indicate we value the condition of the RA over SSH. Instead, it simply suggests that the RA 

requires energy, resupplied by "Charging," to perform the repair tasks.  

Drawn from the battery, a certain amount of energy is consumed for each time step when the RA is at "Working." 

To guarantee the left energy in the battery is sufficient to support the "Working" of the RA in the incoming time step, 

we set up a threshold value for determining when the RA switches to "Charging." When the energy in the battery is 

lower than such threshold, the RA goes to "Charging" activity regardless of the current condition of the space habitat. 

To ease the tension of "Charging" on the performance given by the RA, we also set the RA to charge its battery during 

"Idle" or "Replacing." However, a discrepancy exists between the two situations where the RA charges its battery to 

the full amount during "Charging." At the same time, the RA stops its battery charge during "Idle" or "Replacing" 

anytime when there is an emergency or working requirement. 



Degradation and resources modeling 

Over the long term of the mission, on a year scale, degradation of the RA needs to be taken into consideration. 

Two components of the RA are considered to bear a degradation over time: the battery and the motor(s). Their 

performance drops over time through usage and natural rest. To capture this, we model the degradation of the health 

of the battery and motor over time. Two individual degradation functions are built. And degradation has consequences. 

The health of the battery under the degradation curve directly affects the energy capacity or the maximum energy it 

can store. Consequently, it affects the performance that the RA can provide for "Working" by reducing the time for 

work and increasing the frequency for "Charging." Meanwhile, the health of the battery and the motor are considered 

as coefficients to reduce the task speed and the task success probability of the RA. 

The degradation curve of the battery is modeled by an exponential function [47]. It starts as 100% (or 1) at time 

being 0 and continuously drops as time increases. The curve is featured by a marking point, where we pick from the 

reference that the battery health will drop to approximately 90% at two years of usage [47]. We obtain the degradation 

function governing the battery health as 

	 𝑋<,#& = 20# %%<9$$⁄ .	 (8)	

Similarly, the degradation curve of motors of the RA is modeled as a PF curve (potential failure – functional 

failure) [48]. Motor health ranges from 100% (1) to 0% (0). To get the exact curve, we refer to the fact that a motor is 

normally expected to last for 30,000 hours of usage [49]. Then, the degradation function for motor health of the RA 

is defined as 

	 𝑋<,#< = 1 − (𝑡 30000⁄ )'.	 (9)	

Following the degradation curves, when the health of the battery and motor drops below selected thresholds, they 

are replaced. Replacements are defined as the resources needed by the RA.  

Task modeling 

The RA is modeled in the same way as the HA in the context of performing tasks, described by the task speed and 

task success probability output by the RA. The details are not repeated here. 

C. Metrics 



Cost and benefit are used to compare the two agents in the next section. Two metrics are used, as shown in table 

1 and follows  

Table 1 Summary of the values used for M-ESM calculation 
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Scenario 1 
HA [42,50] 90 3.42 9.16 𝑋&,#%! 76      
HA – oxygen [51] 6.77*𝑋&,#!  0.0045*𝑋&,#!  9.16        
HA – water [52] 1.032*𝑋&,#(  0.011*𝑋&,#(  9.16        
HA – food [42] 1.17*𝑋&,#&  0.0027*𝑋&,#&  9.16        
HS [42,50] 90 3.42 9.16        
HS – oxygen [51] 6.77*𝑋>,#!  0.0045*𝑋>,#!  9.16        
HS – water [52] 1.032*𝑋>,#(  0.011*𝑋>,#(  9.16        
HS – food [42] 1.17*𝑋>,#&  0.0027*𝑋>,#&  9.16        
IE [42]    𝑋!,#! + 𝑋!,#&  76 𝑋!,#!  102    
ST and PG [42]        𝑋&,#%( 10 1.50 

Scenario 2 
RA [42,46] 272 0.60 9.16 𝑋<,#%' 76      
HS [42,50] 90 3.42 9.16        
HS – oxygen [51] 6.77*𝑋>,#!  0.0045*𝑋>,#!  9.16        
HS – water [52] 1.032*𝑋>,#(  0.011*𝑋>,#(  9.16        
HS – food [42] 1.17*𝑋>,#&  0.0027*𝑋>,#&  9.16        
IE [42]    𝑋!,#! + 𝑋!,#&  76 𝑋!,#!  102    
ST and PG [42]        𝑋<,#%% 10 1.50 

 

1) Cost: The M-ESM is chosen as the metric for denoting the cost of each scenario. To work with the models 

developed in this paper, computations are based on the agent models and the systems that interact with them, 

ensuring that only the necessary components are calculated. The M-ESM is calculated following the 

equations [53], which consider mass, volume, crew-time, power needs, and cooling needs. Note that the 

specific values are difficult to obtain, so in some cases, assumptions are used and are noted where they occur. 

The values we use for modeling and, in turn, calculating the M-ESM are summarized in Table 2. These values 

are divided into those relevant to Scenario 1 and those for Scenario 2. In Scenario 1, we start with the HA 



calculations, including the agent's mass and volume. We assume that consumed resources, such as oxygen, 

water, and food, are shipped from the Earth. As the resources being consumed accumulate over time, the 

numerical values in Table 2 correspond to oxygen, water, and food per kg of the consumed resources. To 

obtain the total mass and volume for the consumed resources over the whole simulation, we multiply by the 

amount of the consumed resources, denoted by 𝑋&,#!  for oxygen, 𝑋&,#(  for water, and 𝑋&,#&  for food to the values. 

We are currently not including many details of the systems required for processing the resources, such as 

tanks, pumps, food preparation, etc. The procedure used for the HS is similar. The power consumption for 

supporting the spacesuit of the HA during tasks is included as 𝑋&,#%'. We also include the power to control the 

ambient temperature and ambient pressure, respectively, 𝑋!,#'  and 𝑋!,#( . Then 𝑋!,#' , 𝑋!,#(  and 𝑋&,#%' are divided by 

mission time length to obtain the power requirement for each term, as 𝑋!,#! , 𝑋!,#&  and 𝑋&,#%!, and the average 

over a mission time length of the power term for controlling ambient temperature is treated as cooling power 

requirement. Additionally, we include values for the ST and the PG because task inputs to the HA are 

generated. Herein, crew-time, 𝑋&,#%(, for performing the task is considered. The same logic is followed for 

Scenario 2 and will not be discussed in detail. The citations used for obtaining the values are provided in the 

table. Specifically, the Factor for Volume is chosen as 9.16, and the Factor for crew-time is 1.50 because the 

calculation relates to the Moon [42]. In the end, a penalty value is added to the M-ESM if the SSH is in a 

hazardous state determined by ambient temperature and ambient pressure, as discussed in Sections II.A.3 and 

II.A.5, Health Modeling. 

2) Benefit: One of the primary goals for future deep space missions is to "support scientific research" [54,55]. 

Towards this direction, we use science research hours (SRH) as the metric for measurement of the benefit of 

a given scenario. SRH is the accumulated time that HS works on research or simply is in the "Working" state. 

This value is mainly governed by the task modeling of the HS in Section II. 

III. Illustrative Examples 

With the developed approach, a range of illustrative examples are studied to demonstrate how to use the models 

developed for comparing mission outcomes with either the HA or the RA. The first example serves as a demonstration, 

which the subsequent examples are built upon for establishing the baseline for comparing the agents' performance at 

a mission-level. Moving forward, the second example illustrates the impact of varying task speed and success rate on 



the outcomes. The final example is to demonstrate how to explore technology investments through an evaluation of 

enabling alternate RA's "Charging" methods on the results.  

In the examples, Scenarios 1 and 2 are each simulated for 100 realizations to consider the uncertainties captured 

by the model of the SoS. The simulated mission lasts for ten years. The simulation time step is 1 hour. MS are 

introduced as disruptions to the SSH on the Moon. In this study, each MS event can directly cause corresponding 

system damage, while more complex relationships between the MS and the damage it causes will be studied later. 

Unless otherwise stated, the configurations mentioned above, along with the models detailed in Section II, are applied 

throughout the examples. 

A. Example I: Simulation Outcomes at a Mission Level 

We examine the overall outcomes at a mission level, as depicted in Fig. 4. In Fig. 4(a), we delve into the case 

where MS randomly occurs and the average damage frequency is chosen as 0.4% per hour (3 MS in one month). This 

frequency applies to both the ST and the PG, although independently. Here, the results with each of the two agents 

naturally form two distributions. Scenario 1 (with the HA) results are portrayed in blue and fall in the upper right 

corner, while Scenario 2 (with the RA) results are shown in orange and are clustered in the upper left corner of the 

figure. In the enlarged plots, each point represents one realization, as in Fig. 4(b) and (c). Each single point reflects 

the consequence of the interplay of various stochastic factors, encompassing the occurrence of the MS, the task 

performance by the agents, and more. Clearly, the HA has a larger cost (the M-ESM) due to the required resources to 

support the HA, while it yields more science hours. Both metrics decrease for the RA. The RA requires about half of 

the cost of the HA and generates about 94% of the benefits of the HA. 

We further investigate the same question with varying damage frequencies, specifically 0.04% and 4% (0.3 and 

30 MS in one month). These variations naturally result in decreased or increased workload for the agents, with 

outcomes illustrated in Fig. 4(b) and (c). The case where the MS frequency is set as 0.04% generates an increased 

SRH due to less frequent repair tasks. Consequently, it is evident that when the probability of an emergency is reduced 

significantly, the benefits (i.e., the SRH in Scenario 2) of the RA start to align with those of the HA. In comparison to 

the 0.4% case, the SRH rises by about 11% for the HA and 12% for the RA. However, it is essential to note that the 

HA requires a higher M-ESM with respect to the RA in Fig. 4(b). While the likelihood of emergencies triggered by 

natural events, like the MS, hardly varies drastically, the variability in the outcomes can be attributed to the differing 

levels of resilience exhibited by the systems within the habitat. For example, the case in which the ST is under the 



influence of a less frequent MS can be treated as a more resilient ST and, therefore, is less likely to be damaged under 

a given likelihood of the MS. This suggests that designing and constructing more resilient systems will influence the 

comparison between the HA and the RA. In Fig. 4(c), where the MS frequency increases to 4%, we observe that SRH 

generated by both the HA and the RA drops comparing to other frequencies. At the same time, the M-ESM of both 

the RA and the HA increases. Although a 4% probability of the MS is not likely, we could still extrapolate this outcome 

to consider that with a different, but frequent, emergency, the HA would outperform the RA in terms of the SRH (the 

larger, the better) by an obvious advantage, but with a cost almost twice as much as the RA.  

It is worth noting that in both Fig. 4(a) and (c), each group of results forms a similar arrangement from upper left 

to lower right direction. This is because the uncertainties are mainly due to the occurrence of emergencies or task 

requirements. As more frequent tasks are needed, the cost increases, encompassing the relative terms in the M-ESM 

calculation (i.e., power consumption, resource consumption, crew-time), while simultaneously reducing generated the 

SRH, as the space habitat is more frequently under an emergency condition, stopping the "Research" activity of the 

HS. Moreover, the pattern of both agents becomes more obvious, as in Fig. 4(c) compared to Fig. 4(a). We infer that 

with more frequent MS, this pattern is more evident. This is also the reason that no such phenomenon is observed in 

Fig. 4(b), as the task requirement in this case does not yet overwhelm the capability of the agents. 

  
(a) Damage frequency of 0.4% (b) Damage frequency of 0.04% 



  
(c) Damage frequency of 4% (c) Damage frequency of 4%, with a penalty 

Fig. 4 Overall outcomes of ten-year simulations for analyzing mission success with the HA and the RA under 
MS disruption events with frequencies of 0.4%, 0.04% and 4%. 

When the repair task by the agents takes a significant amount of their time, for example, when the MS frequency 

is 4%, the habitat is more likely to be in a hazardous state, which causes the science outcome to be low, as shown in 

Fig. 4(c). To understand this, we add a penalty cost (an extreme large value) to the M-ESM for each scenario when 

the SSH is considered in a hazardous state. This is evaluated by the ambient temperature and pressure, as explained 

in Section II.A.5. No single realization of the HA and the RA are penalized when the MS frequencies are set as 0.04% 

and 0.4%. Therefore, we only display the remaining case when the MS frequency is 4% for the same realization of 

simulations as above with the SRH but cost metric, including the penalty value. In the figure, we denote the hazardous 

zone by grey; therefore, when the result of a realization falls in the grey region, it indicates that the space habitat is in 

a hazardous state at some point in the mission. From Fig. 4(d), the deterioration is obvious. Scenario 1 with the HA 

has 50% of the realizations being hazardous. Moreover, all the realizations for the RA are considered unsuccessful in 

terms of maintaining the safety of the space habitat. This indicates that with a relatively high level of dangerous cases, 

which corresponds to an MS rate of 4%, or one MS every 25 hours, there is a significant chance that the HA is not 

able to fulfill the mission, while the RA may not be able to cope with the case at all. By comparison, the resistance to 

increasingly frequent disruptions is higher from the HA to the RA. 

B. Example II: Studying the Effect of Varying Task Performance 

In this example, we study the consequences of varying task performance, building upon the results established in 

Section III.A. We parameterize two variables: task speed coefficient, 𝑠, and task success probability coefficient, 𝑟. 

These coefficients are multipliers to change task speed and task success probability, respectively, to alter the task 



performance of the agents within the simulation. Each coefficient is varied from 0.4 to 2 in increments of 0.1, giving 

17 values. A value of 1 is nominal, and is used in Example I. Meanwhile, we associate the variables with a 

corresponding change in the numerical values of the M-ESM to reflect the additional cost for increasing or decreasing 

the task speed and task success. The additional cost is associated with advancing the technologies for supporting the 

HA (e.g., human augmentation robotics and smart wearable devices) or building better RAs. Intuitively, higher task 

performance requires an additional cost. Then, we run the same simulations as in Section III.B for each configuration, 

each representing a unique combination of task coefficient, task probability coefficient, and damage frequency, 

encompassing 867 configurations. 

The results are presented in Fig. 5. We categorize the results into six groups for graphical clarity. For example, 

consider the case of an RA with a damage frequency of 4%. This case corresponds to the region filled by deep purple 

in the left lower corner of the figure and all points belonging to that region, denoted Region 4. Each individual point 

represents the simulation result for a specific configuration. A total of 100 realizations are conducted, and each data 

point is the mean over these realizations. Results for the HA are in blue, and the RA is in orange. For an RA with a 

damage frequency of 4%, the data points span from over 100,000 kg to over 400,000 kg in the M-ESM direction and 

from below 17,000 hours to about 19,000 hours in the SRH direction. This dispersion is attributed to the varied task 

performance configuration implemented for the RA under a single damage frequency. Some configurations yield 

improved performance, while others fall short, incurring a penalty in the form of increased M-ESM. During 

simulations, the penalty is added to the M-ESM only once if necessary. Consequently, for one realization, as in Fig. 4 

in Section III.B, there are two sets of results, without penalty or with penalty. In contrast, focusing again on the RA 

with a damage frequency of 4%, we observe a range of scattered data points positioned between the leftmost and 

rightmost groups. This result can be attributed to the fact that this is mean data point. Across the 100 realizations to 

simulate each combination, some realizations remain penalty-free while others incur penalties. When transformed to 

mean points, the M-ESM values with a penalty are placed within the intermediate region, resulting in the observed 

scatter.  

Upon comprehending the distinct regions, we look at the relative relationship between the different groups in Fig. 

5. Overlapping regions indicate that with specific agent configurations, either two agents or one agent with different 

damage frequencies can each yield comparable outcomes. For the same damage frequency, it states that the HA's 

region is positioned to the right of the figure compared to the RA. However, these regions are not entirely separated, 



as overlapping regions exist between the HA and the RA across different damage frequencies. On the other hand, 

when assessing different damage frequencies, the results are arranged from the bottom to the top of the figure, 

corresponding to the decreased damage frequency. This aligns with our observations from Section III.B, where a less 

frequent MS rate results in increased SRH for both agents. Under closer examination, the RA with a damage frequency 

of 4% (Region 6) overlays with the HA with a damage frequency of 4% (Region 3). RA with a damage frequency of 

0.4% (Region 5) shares two partial regions, respectively, with the HA with a damage frequency of 4% and 0.4% 

(Regions 2 and 3). It can be interpreted that, for the same agent, it is unlikely to have its performance under damage 

frequencies of 4% and 0.4% be identical to each other, given the varying performance capability. However, regarding 

the damage frequency of 0.4% and 0.04%, overlap exists, as shown in the enlarged plot for the HA (Regions 1 and 2). 

The same is true for the RA. Moreover, the HA and the RA can deliver comparable outcomes by changing their task 

speed or/and task probability, even under two relatively frequent disruptions (the RA with a frequency of 0.4% 

compared to the HA with a frequency of 4%, Region 5 to 3).  

 
Fig. 5 Outcomes with varying task speed and task success rate for the HA and the RA: Region 1, the HA with 

disruption frequency of 0.04%; Region 2, the HA with 0.4%; Region 3, the HA with 4%; Region 4, the RA 
with 0.04%; Region 5, the RA with 0.4%; Region 6, the RA with 4%. 

For a more elaborate examination, we focus our attention on comparing outcomes within a given region. For region 

1, the outcomes are detailed in Fig. 6(a). The majority of the points are grouped in the upper left, leaving one yellow 

point below. The line-up on the left and upper boundary forms the Pareto front of points in Region 1. On this front, 

we observe that more benefit requires higher cost. From left to right, the same amount of cost increase gives a reduced 

gain of benefit. We further categorize the outcomes by the values of 𝑠. Three intervals are selected: less than 1 

(depicted in yellow), from 1 to 1.5 (depicted in green), and no less than 1.5 (depicted in black). Outcomes in black are 



driven to the right side, while green points stay in the center of the Pareto front, leaving yellow points in the very left. 

Points hold similar trends below the Pareto front, though further away from the front, more yellow points and less 

green or black points are observed, as compared to those on the front. 

Similar outcomes are observed for the RA with a damage frequency of 0.04% or Region 4, as in Fig. 6(b). The 

points in the upper left exhibit the same pattern, with the Pareto front being more compact than in Fig. 6(a). The 

relative placements of the points within three intervals hold the same relationship. However, more yellow points are 

scattered across Region 4 to its right side. This outcome means that the agents' task speed or task success probability 

cannot cope with the increased MS frequency, leading to a hazardous state in the space habitat. Again, higher M-ESM 

and less SRH can be expected, while the amount of the change is determined by the specific improvement of the 

agents and the disruption frequency.  

The HA with a damage frequency of 4% (Region 3) and the RA w. damage frequency of 0.4% (Region 5) is 

analyzed next. In Fig. 6(c) and (d), intricate distributions of the points emerge as we move away from the left 

boundaries. Besides yellow points, a substantial number of points within the two higher intervals are also present. This 

suggests that as the damage frequency rises from 0.04% to 0.4% and 4%, the increased task speed cannot guarantee 

the simulation will be free from penalties. Remember that any point not in the upper left of each region signifies that 

the mission can fail and fall into the penalty zone. This trend is further supported by the points along the right border 

of Fig 6(c) and (d). Primarily, yellow points, a number of green points and one black point lie in the right in Fig 6(d), 

whereas with a damage frequency of 4% in Fig. 6(c), a more significant presence of green and black points is seen in 

the same positions. Note these outcomes result from the coupling of task speed coefficient and task success probability 

coefficient. With the same task speed, agents can deliver varying levels of performance depending on the task success 

probability and the damage frequency condition. When damage frequency is low, a low task success probability alone 

is likely to ensure the level of the mission outcome, as in the scatter of yellow points in Fig. 6(a) and (b). Otherwise, 

it requires the interplay of speed and success probability in higher damage frequency conditions. 

 



  
(a) HA w. damage frequency of 0.04% (b) RA w. damage frequency of 0.04% 

  
(c) HA w. damage frequency of 4% (d) RA w. damage frequency of 0.4% 

 

Fig. 6 Close examination of outcomes with varying task speed coefficient denoted by 𝒔: Region 1, the HA with 
0.04%; Region 3, the HA with 4%; Region 4, the RA with 0.04%; Region 5, the RA with 0.4%. 

C. Example III: Studying the Effect of Remote Wireless Charging on the Roles of the RA 

During the detailed process of RA repairs, the RA repeatedly switches between "Working" and "Charging". 

Inevitably, this limits its performance. Electrical power is the essential resource that the RA relies on to move from 

one location to a target location, identify its surroundings, pick up objects, etc. Herein we use a battery concept to 

store the electrical power to provide it to the RA. One possible improvement is to increase the battery capacity, though 

the extra weight potentially may reduce the speed or efficiency of the RA. Alternatively, a promising technology that 

may be available in the near future is wireless charging [56]. Approaches are being developed to charge a battery 

without the need for physical connections or cables. The field is heading toward realizing remote wireless charging 

when over-the-air or no-contact charging. In this example, we focus on exploring the benefits and costs of investing 

in this technology in the RA. By enabling the battery to be charged constantly, the RA avoids all "Charging" activities 



and can generate more science outcomes. Skipping the details of the technology itself, we consider a method to 

examine its potential benefits. In Fig. 7, we compare the simulation results with the modified RA to those of the same 

HA model. We see that in Fig. 7(b), when damage frequency is 0.04%, the RA does not show any obvious advantages 

to the HA. When the damage frequency increases to 0.4%, in Fig. 7(a), an improvement in science outcome is 

generated by the RA over the HA. Furthermore, if we increase the frequency to 4%, as in Fig. 7(c), the improvement 

is obvious. The benefit of the RA rises from 4000 hours, as in Fig. 7(c), to 8750 hours with the modification. Moreover, 

the benefit of the RA surpasses the HA in this situation. Moreover, the chance of falling into a hazardous state reduces 

from 100%, as in Section III.B, to 1%, as shown in Fig. 7(c). However, it should be noted that taking advantage of 

wireless charging can add a cost for design, installation, which is not yet considered here. If those data were known, 

we could include them. However, wireless charging is an up-and-coming technology. 

  
(a) Damage frequency of 0.4% (b) Damage frequency of 0.04% 

  
(c) Damage frequency of 4% (d) Damage frequency of 4%, with a penalty 

Fig. 7 Overall outcomes with remote wireless charging to support the RA. 



IV. Conclusions 

Having a method to study the role of agents in the context of space missions holds great importance due to the 

evolving landscape of space exploration. As humanity ventures toward more complex and extended missions, such as 

the establishment of permanent habitats on the Moon, the roles of agents, human or robotic, become a substantial 

consideration. Allocating roles to the agents is central to mission success, safety, and efficiency. 

In this paper we introduce the stochastic models and the computational framework that facilitates such comparisons 

for decisions, and can expanded for more specific studies in future phases. A key achievement demonstrated here is 

the ability to quantitatively analyze outcomes under customized configurations, including customized choice of space 

habitat configuration, models, and numerical values for best reflecting the target research question. In addition, 

introducing randomness or stochastic elements into models and simulations allows for capturing the inherent 

variability and uncertainty of the space habitat system, leading to more robust and realistic predictions and analyses. 

Another significant contribution is our approach to treating human and robotic agents as elements within a system of 

systems, which offers a novel perspective in the study of human and/or robot in space missions. Additionally, this 

work establishes a foundation for modeling various aspects of human and robotic agents, such as quantifying agent 

health and resource consumption, as discussed in Section II. These models will serve as foundations to models of 

varying fidelities to enable other research objectives. Furthermore, modules not covered in this paper can be integrated 

into this framework using the modeling logic presented. 

In addition, this paper demonstrates that determining the optimal strategy for agent performance is a complex and 

compounded decision-making process influenced by multiple stochastic interrelated factors, where variations in the 

frequency and intensity of external disruptions, combined with the capabilities of the agents and task requirements, 

can significantly alter conclusions about which agent performs better. This complexity further increases when 

additional factors, such as material properties for structural repairs, environmental conditions, resource availability, 

required technologies, and mission setup, are considered, necessitating a powerful analytical framework to navigate 

the intricate considerations involved. 

The project's findings support important decisions: using stochastic disruptions to identify the likelihood of mission 

success, supporting dynamic mission planning by enabling simulations to be reconfigured from any intermediate state, 

identifying key technologies for future space missions that are worthy of targeted investment, and facilitating the 



analysis of intermediate values throughout the rich time history outcomes of each mission, such as logistical 

requirements. These capabilities enhance our understanding and preparation for future space missions. 

It is worth noting that the approach and illustrative examples are based on the accessible data, which do not 

necessarily reflect the actual agent capabilities in the future space mission. The data collection process for human 

agent and robot agent, which can be deployed in a space environment alone, can span several years. Given this 

temporal reality, conducting such comprehensive comparison studies after all data and knowledge have been amassed 

becomes improbable. Along the journey, our approach can serve as a compelling tool for rationalizing the acquisition 

of specific data, allowing for the prioritization of data importance and the strategic focus of research and technology 

development efforts.  

  



Appendix – Supplemental Material 

Table A1 Structural system modeling (ST) 
 

Attribute Notation Description Value 
Name ST   
id 1   
Coupling inputs 𝑋&,#%$ Task progress  
Control inputs - -  
External disturbances - -  
States 𝑋%,#$  Damage happened to the ST {True, False} 
 𝑋%,#%  Requirement for repairing from ST {True, False} 
Parameters 𝜃%,#$  Damage frequency  
Coupled parameters - -  
State transition functions  𝑋%,#$ 	~	Bernoullib𝜃%,#$ c 

𝑋%,#% : Table A1-1 
 

 
Table A1-1 State transition function of requirement for repairing from ST (𝑿𝟏,𝒕𝟏 ) 

Output 𝑋%,#%  
Pseudo 
code 

𝑋%,#% = 𝑓(𝑡): 
if 𝑋%,#$ == True: #new damage happens during repair 
  𝑋%,#% = True 
  𝑋&,#%$ = 0 #set progress to 0 
if 𝑋&,#%$ == 1 #task is finished 
  𝑋%,#% = False 

 
  



Table A2 Power generation system modeling (PG) 
 

Attribute Notation Description Value 
Name PG   
id 2   
Coupling inputs 𝑋&,#%$ Task progress  
Control inputs - -  
External disturbances - -  
States 𝑋',#$  The damage happened to the PG {True, False} 
 𝑋',#%  Requirement for repairing from 

PG 
{True, False} 

Parameters 𝜃'$ Damage frequency  
Coupled parameters - -  
State transition functions  𝑋',#$ 	~	Bernoulli(𝜃'$) 

𝑋',#% : Table A2-1 
 

 
Table A2-1 State transition function of requirement for repairing from PG (𝑿𝟐,𝒕𝟏 ) 

Output 𝑋',#%  
Pseudo 
code 

𝑋',#% = 𝑓(𝑡): 
if 𝑋',#$ == True: #new damage happens during repair 
  𝑋',#% = True 
  𝑋&,#%$ = 0 #set progress to 0 
if 𝑋&,#%$ = 1 #task is finished 
  𝑋',#% = False 

 
  



Table A3 Interior environment modeling (IE) 
 

Attribute Notation Description Value 
Name IE   
id 3   
Coupling inputs 𝑋%,#%  Requirement for repairing from ST  
 𝑋',#%  Requirement for repairing from PG  
External disturbances - -  
States 𝑋!,#$  Ambient temperature  
 𝑋!,#%  Ambient pressure  
 𝑋!,#'  Accumulate energy required by ambient temperature  
 𝑋!,#!  Averaged energy required by ambient temperature  
 𝑋!,#(  The energy required by ambient pressure  
 𝑋!,#&  Averaged energy required by ambient pressure  
Parameters 𝜃!$ Default ambient temperature 21 
 𝜃!% Default ambient pressure 101 
Coupled parameters - -  
State transition functions  𝑋!,#$ : Table A3-1 

𝑋!,#% : Table A3-2 
𝑋!,#' : Table A3-3 
𝑋!,#! = 𝑋!,#' 𝑡⁄  
𝑋!,#( : Table A3-4 
𝑋!,#& = 𝑋!,#( 𝑡⁄  

 

 
  



Table A3-1 State transition function of ambient temperature (𝑿𝟑,𝒕𝟎 ) 

Output 𝑋!,#$  
Pseudo 
code 

𝑋!,#$ = 𝑓(𝑡): 
if 𝑋%,#% == True or 𝑋',#% == True: #repair requirement 

  𝑇 = 249 + 52 ∗ 𝑐𝑜𝑠 h '∗4-∗#
';.&!$<∗'(

− 4-
(
i − 273.15 

  𝑋!,#$ = 𝑋!,#0%$ + 0.01 ∗ b𝑇 − 𝑋!,#0%$ c # temperature changes 
else: 
  𝑋!,#$ = round h𝑋!,#$ + 0.9 ∗ b𝜃!$ − 𝑋!,#0%$ ci #recover temperature 

 
Table A3-2 State transition function of ambient pressure (𝑿𝟑,𝒕𝟏 ) 

Output 𝑋!,#%  
Pseudo 
code 

𝑋!,#% = 𝑓(𝑡): 
if 𝑋%,#% == True or 𝑋',#% == True: #repair requirement 
  𝑋!,#% = 𝑋!,#0%% ∗ (1 − 0.01) #pressure drops 
else: 
  𝑋!,#% = round h𝑋!,#% + 0.9 ∗ b𝜃!% − 𝑋!,#0%% ci #recover pressure 

 
Table A3-3 State transition function of ambient temperature required energy (𝑿𝟑,𝒕𝟐 ) 

Output 𝑋!,#'  
Pseudo 
code 

𝑋!,#' = 𝑓(𝑡): 
if 𝑋!,#$  != 27: 
  𝑋!,#' = 𝑋!,#0%' + 0.55 

 
Table A3-4 State transition function of ambient pressure required energy (𝑿𝟑,𝒕𝟒 ) 

Output 𝑋!,#(  
Pseudo 
code 

𝑋!,#( = 𝑓(𝑡): 
if 𝑋!,#%  != 101: 
  𝑋!,#( = 𝑋!,#0%( + 0.01 

 
  



 
Table A4 Health management system modeling (HMS) 

 
Attribute Notation Description Value 
Name HMS   
id 4   
Coupling inputs 𝑋%,#%  Requirement for repairing from ST  
 𝑋',#%  Requirement for repairing from PG  
 𝑋&,#%$ Human agent availability  
 𝑋<,#%  Science agent availability  
Control inputs - -  
External disturbances - -  
States 𝑋(,#$  Task requirement {None, ST, PG} 
 𝑋(,#%  Science task requirement {None, Science} 
Parameters - -  
Coupled parameters - -  
State transition functions  𝑋(,#$ : Table A4-1 

𝑋(,#% : Table 4-2 
 

 
Table A4-1 State transition function of task requirement (𝑿𝟒,𝒕𝟎 ) 

Output 𝑋(,#$  
Pseudo 
code 

𝑋(,#$ = 𝑓(𝑡): 
if 𝑋&,#%$ == True:  
  if 𝑋%,#% == True: #repair structure 
    𝑋(,#$ = "ST" 
  else if 𝑋',#% == True: #repair power 
    𝑋(,#$ = "PG" 
else: 
  𝑋(,#$ = "None" 

 
Table A4-2 State transition function of science task requirement (𝑿𝟒,𝒕𝟏 ) 

Output 𝑋(,#%  
Pseudo 
code 

𝑋(,#% = 𝑓(𝑡): 
if 𝑋&,#%$ == True and 𝑋%,#%  != True and 𝑋',#%  != True: 
  𝑟 ~	𝑈(0,1) 
  if 𝑟 ≥ 0.5: 
    𝑋(,#% = "Science" 
else: 
  𝑋(,#% = "None" 

 
  



Table A5 Human agent modeling (HA) 
 

Attribute Notation Description Value 
Name HA   
id 5   
Coupling inputs 𝑋!,#$  Ambient temperature  
 𝑋!,#%  Ambient pressure  
 𝑋(,#$  Task requirement {None, ST, 

PG} 
Control inputs - -  
External disturbances - -  
States 𝑋&,#$  HA default status  
 𝑋&,#%  HA availability {True, False} 
 𝑋&,#'  HA status  
 𝑋&,#!  HA oxygen consumption  
 𝑋&,#(  HA water consumption  
 𝑋&,#&  HA food consumption  
 𝑋&,#<  HA eating health [0, 1] 
 𝑋&,#>  HA sleeping health [0, 1] 
 𝑋&,#9  HA thermal health [0, 1] 
 𝑋&,#;  HA pressure health [0, 1] 
 𝑋&,#%$ HA health [0, 1] 
 𝑋&,#%% Task progress [0, 1] 
 𝑋&,#%' HA energy consumption  
 𝑋&,#%! Averaged HA energy consumption  
 𝑋&,#%( Crew-time  
Parameters 𝜃&$ HA default status parameters  
 𝜃&% HA eating health threshold  
 𝜃&' HA sleeping health threshold  
 𝜃&! HA oxygen parameters: [skewness, 

mean, standard deviation] 
 

 𝜃&( HA water parameters: [mean, standard 
deviation] 

 

 𝜃&& HA food parameters: [mean, standard 
deviation] 

 

 𝜃&< HA eating parameters [mean, standard 
deviation] 

 

 𝜃&> HA sleeping parameters [mean, 
standard deviation] 

 

 𝜃&9 HA temperature parameters  
 𝜃&; HA pressure parameters  
 𝜃&%$ HA task speed  
 𝜃&%% HA task success probability  
Coupled parameters - -  
State transition functions  𝑋&,#$ : Table A5-1 

𝑋&,#% : Table A5-2 
𝑋&,#' : Table A5-3 
𝑋&,#! : Table A5-4 
𝑋&,#( : Table A5-5 
𝑋&,#& : Table A5-6 

 



𝑋&,#< : Table A5-7 
𝑋&,#> : Table A5-8 
𝑋&,#9 : Table A5-9 
𝑋&,#; : Table A5-10 
𝑋&,#%$ = 𝑋&,#< ∗ 𝑋&,#> ∗ 𝑋&,#9 ∗ 𝑋&,#;  
𝑋&,#%%: Table A5-11 
𝑋&,#%': Table A5-12 
𝑋&,#%! = 𝑋&,#%! 𝑡⁄  
𝑋&,#%(: Table A5-13 

 
Table A5-1 State transition function of HA default status (𝑿𝟓,𝒕𝟎 ) 

Output 𝑋&,#$  
Pseudo 
code 

𝑋&,#$ = 𝑓(𝑡): 
  if 𝜃&$[0] < 𝑡%24 ≤ 𝜃&$[1]: 
    𝑋&,#$ = "Sleeping" 
  else if 𝜃&$[2] < 𝑡%24 ≤ 𝜃&$[3] or 𝜃&$[4] < 𝑡%24 ≤ 𝜃&$[5] or 𝜃&$[6] < 𝑡%24 ≤ 𝜃&$[7]: 
    𝑋&,#$ = "Eating" 
  else if 𝜃&$[8] < 𝑡%24 ≤ 𝜃&$[9]: 
    𝑋&,#$ = "Exercising" 
  else: 
    𝑋&,#$ = "Idle" 

 
Table A5-2 State transition function of HA availability (𝑿𝟓,𝒕𝟏 ) 

Output 𝑋&,#%  
Pseudo 
code 

𝑋&,#% = 𝑓(𝑡): 
if 𝑋&,#< ≥ 𝜃&% and 𝑋&,#> ≥ 𝜃&': #working over default activities 
  𝑋&,#%  = True 
else: 
  if 𝑋&,#< < 𝜃&% and 𝑋&,#> ≥ 𝜃&': 
    var = {𝑋&,#$  != "Eating"} 
  else if 𝑋&,#< ≥ 𝜃&% and 𝑋&,#< < 𝜃&': 
    var = {𝑋&,#$  != "Sleeping"} 
  else: 
    var = {𝑋&,#$  != "Eating"} and {𝑋&,#$  != "Sleeping"} 
  if var == True: 
    𝑋&,#% = True 
  else: 
    𝑋&,#% = False 

 
Table A5-3 State transition function of HA status (𝑿𝟓,𝒕𝟐 ) 

Output 𝑋&,#'  
Pseudo 
code 

𝑋&,#' = 𝑓(𝑡): 
if 𝑋(,#$  != "None": 
  𝑋&,#' = "Working" 
else: 
  𝑋&,#' = 𝑋&,#$  

 



 
Table A5-4 State transition function of HA oxygen consumption (𝑿𝟓,𝒕𝟑 ) 

Output 𝑋&,#!  
Pseudo 
code 

𝑋&,#! = 𝑓(𝑡): 
if 𝑋&,#' == "Working" or "Exercising": 
  sample ~ D(𝛼 = 1.2 ∗ 𝜃&![0], 𝜉 = 𝜃&![1], 𝜔 = 𝜃&![2]) 
  𝑋&,#! = 𝑋&,#0%! + sample 
else: 
  sample ~ D(𝛼 = 𝜃&![0], 𝜉 = 𝜃&![1], 𝜔 = 𝜃&![2]) 
  𝑋&,#! = 𝑋&,#0%! + sample 

 
Table A5-5 State transition function of HA water consumption (𝑿𝟓,𝒕𝟒 ) 

Output 𝑋&,#(  
Pseudo 
code 

𝑋&,#( = 𝑓(𝑡): 
if 𝑋&,#' == "Working" or "Exercising": 
  sample ~ D(𝛼 = 2, 𝜉 = 𝜃&([0], 𝜔 = 𝜃&([1]) 
  𝑋&,#( = 𝑋&,#0%( + sample 
else: 
  sample ~ N(𝜇 = 𝜃&([0], 𝛿 = 𝜃&([1]) 
  𝑋&,#( = 𝑋&,#0%( + sample 

 
Table A5-6 State transition function of HA food consumption (𝑿𝟓,𝒕𝟓 ) 

Output 𝑋&,#&  
Pseudo 
code 

𝑋&,#& = 𝑓(𝑡): 
if 𝑋&,#' == "Eating": 
  if 𝑋&,#%$ < 1: 
    sample ~ D(𝛼 = 2, 𝜉 = 𝜃&&[0], 𝜔 = 𝜃&&[1]) 
  else: 
    sample ~ N(𝜇 = 𝜃&&[0], 𝛿 = 𝜃&&[1]) 
  𝑋&,#& = 𝑋&,#0%& + sample 

 
Table A5-7 State transition function of HA eating health (𝑿𝟓,𝒕𝟔 ) 

Output 𝑋&,#<  
Pseudo 
code 

𝑋&,#< = 𝑓(𝑡): 
if 𝑋&,#$ == "Eating" and 𝑋&,#' == "Working": 
  sample ~ N(𝜇 = 𝜃&<[0], 𝛿 = 𝜃&<[1]) 
  𝑋&,#< = 𝑋&,#0%< − sample 
else if 𝑋&,#$ == "Eating" and 𝑋&,#' == "Eating": 
  sample ~ N(𝜇 = 𝜃&<[0], 𝛿 = 𝜃&<[1]) 
  𝑋&,#< = 𝑋&,#0%< + sample 
𝑋&,#< = min(1,max(0, 𝑋&,#< )) 

 
  



 
Table A5-8 State transition function of HA sleeping health (𝑿𝟓,𝒕𝟕 ) 

Output 𝑋&,#>  
Pseudo 
code 

𝑋&,#> = 𝑓(𝑡): 
if 𝑋&,#$ == "Sleeping" and 𝑋&,#' == "Working": 
  sample ~ N(𝜇 = 𝜃&>[0], 𝛿 = 𝜃&>[1])  
  𝑋&,#>  =𝑋&,#0%> − sample 
else if 𝑋&,#$ == "Sleeping" and 𝑋&,#' == "Sleeping": 
  sample ~ N(𝜇 = 𝜃&>[0], 𝛿 = 𝜃&>[1]) 
  𝑋&,#> = 𝑋&,#> + sample 
𝑋&,#> = min(1,max(0, 𝑋&,#> )) 

 
Table A5-9 State transition function of HA thermal health (𝑿𝟓,𝒕𝟖 ) 

Output 𝑋&,#9  
Pseudo 
code 

𝑋&,#9 = 𝑓(𝑡):  
if 18 < 𝑋!,#$ ≤ 21: 
  𝑋&,#9 = %

%:3!".$%&$,(
) *$+.$+

 

else if 21 < 𝑋!,#$ ≤ 27: 
  𝑋&,#9 = %

%:3,.,-&$,(
) !$../+

 

else: 
  𝑋&,#9 = 0.95 

 
Table A5-10 State transition function of HA pressure health (𝑿𝟓,𝒕𝟗 ) 

Output 𝑋&,#;  
Pseudo 
code 

𝑋&,#; = 𝑓(𝑡): 
if 48 < 𝑋!,#% ≤ 101: 
  𝑋&,#; = %

%:3!).,$&$,(
, *$...

 

else if 101 < 𝑋!,#% ≤ 102.7: 
  𝑋&,#; = %

%:3..,%&$,(
, !."+.,-

 

else: 
  𝑋&,#; = 0.95 

 
Table A5-11 State transition function of HA task progress (𝑿𝟓,𝒕𝟏𝟏) 

Output 𝑋&,#%% 
Pseudo 
code 

𝑋&,#%% = 𝑓(𝑡): 
if 𝑋&,#' == "Working": 
  𝑟	~	𝑈(0,1) 
  if 𝑟 ≥ 𝜃&%%s𝑋(,#$ t ∗ 𝑋&,#%$: 
    𝑋&,#%%s𝑋(,#$ t = 𝑋&,#0%%% s𝑋(,#$ t + 𝜃&%$s𝑋(,#$ t ∗ 𝑋&,#%$ #update by task speed 
  else: 
    𝑋&,#%%s𝑋(,#$ t = 𝑋&,#0%%% s𝑋(,#$ t 

 
  



 
Table A5-12 State transition function of HA energy consumption (𝑿𝟓,𝒕𝟏𝟐) 

Output 𝑋&,#%' 
Pseudo 
code 

𝑋&,#%' = 𝑓(𝑡): 
if 𝑋&,#' == "Working": 
  𝑋&,#%' = 𝑋&,#0%%' + 0.117 

 
Table A5-13 State transition function of HA crew-time (𝑿𝟓,𝒕𝟏𝟒) 

Output 𝑋&,#%( 
Pseudo 
code 

𝑋&,#%( = 𝑓(𝑡): 
if 𝑋&,#' == "Working": 
  𝑋&,#%( = 𝑋&,#0%%( + 1 

 
  



Table A6 Robotic agent modeling (RA) 
 

Attribute Notation Description Value 
Name RA   
Id 6   
Coupling inputs 𝑋(,#$  Task requirement  
Control inputs - -  
External disturbances - -  
States 𝑋<,#$  RA availability {True, False} 
 𝑋<,#%  RA status  
 𝑋<,#'  RA battery charge [0, 1] 
 𝑋<,#!  RA battery capacity  
 𝑋<,#(  RA energy consumption  
 𝑋<,#&  RA battery health  
 𝑋<,#<  RA motor health  
 𝑋<,#>  RA health  
 𝑋<,#9  RA battery replacements  
 𝑋<,#;  RA motor replacements  
 𝑋<,#%$ RA task progress [0, 1] 
 𝑋<,#%% RA time  
 𝑋<,#%' Averaged RA energy consumption  
Parameters 𝜃<$ RA battery charge threshold  
 𝜃<% RA energy charge and consumption 

parameters 
 

 𝜃<' RA battery default capacity  
 𝜃<! RA battery replace threshold  
 𝜃<( RA battery replacement  
 𝜃<& RA motor replace threshold  
 𝜃<< RA motor replacement  
 𝜃<> RA task speed parameters  
 𝜃<9 RA task success parameters  
Coupled parameters - -  
State transition functions  𝑋<,#$ : Table A6-1 

𝑋<,#% : Table A6-2 
𝑋<,#' , 𝑋<,#( : Table A6-3 
𝑋<,#! = 𝜃<,#% ∗ 𝑋<,#&  
𝑋<,#& = 20# ('∗!<&∗'( $.%&⁄ )⁄  

𝑋<,#< = 1 − u
𝑡

30000v
'
 

𝑋<,#> = 𝑋<,#& ∗ 𝑋<,#<  
𝑋<,#9 : Table A6-4 
𝑋<,#; : Table A6-5 
𝑋<,#%$: Table A6-6 
𝑋<,#%%: Table A6-7 
𝑋<,#%' = 𝑋<,#( 𝑡⁄  

 

 
  



Table A6-1 State transition function of RA availability (𝑿𝟔,𝒕𝟎 ) 
Output 𝑋<,#$  
Pseudo 
code 

𝑋<,#$ = 𝑓(𝑡): 
if 𝑋<,#' ≥ 𝜃<$ and 𝑋<,#& ≥ 𝜃<! and 𝑋<,#< ≥ 𝜃<&: 
  𝑋<,#$ = True 
else: 
  𝑋<,#$ = False 

 
Table A6-2 State transition function of RA status (𝑿𝟔,𝒕𝟏 ) 

Output 𝑋<,#%  
Pseudo 
code 

𝑋<,#% = 𝑓(𝑡): 
if 𝑋(,#$  != "None": 
  𝑋<,#% = "Working" 
else: 
  if 𝑋<,#& < 𝜃<! or 𝑋<,#< < 𝜃<&: 
    𝑋<,#% = "Updating" 
  else: 
    if 𝑋<,#' < 𝜃<$: 
      𝑋<,#% = "Charging" 
    else: 
      𝑋<,#% = "Idle" 

 
Table A6-3 State transition function of RA battery charge (𝑿𝟔,𝒕𝟐 ) and RA energy consumption (𝑿𝟔,𝒕𝟒 ) 

Output 𝑋<,#' , 𝑋<,#(  
Pseudo 
code 

𝑋<,#' , 𝑋<,#( = 𝑓(𝑡): 
if 𝑋<,#% == "Working": 
  𝑋<,#' = 𝑋<,#0%' − 𝜃<%[ Working ] 
else: 
  if 𝑋<,#% == "Charging": 
    𝜃<$ = 1 
    𝑋<,#' = 𝑋<,#0%' + 𝜃<%[ Charging ] 
    𝑋<,#( = 𝑋<,#0%( + 𝜃<%[ Charging ] 
  if 𝑋<,#0%' < 1: 
    𝑋<,#' = 𝑋<,#0%' + 𝜃<%[“Charging”] 
    𝑋<,#( = 𝑋<,#0%( + 𝜃<%[ Charging ] 
𝑋<,#' = min(max(𝑋<,#' ,0),1) 
if 𝑋<,#0%' = 1: 
  𝜃<$ = 0.4 

 
Table A6-4 State transition function of RA battery replacements (𝑿𝟔,𝒕𝟖 ) 

Output 𝑋<,#9  
Pseudo 
code 

𝑋<,#9 = 𝑓(𝑡): 
if 𝑋<,#& < 𝜃<!: 
  𝑋<,#9 = 𝑋<,#0%9 + 𝜃<( 

 
Table A6-5 State transition function of RA motor replacements (𝑿𝟔,𝒕𝟗 ) 

Output 𝑋<,#;  
Pseudo 
code 

𝑋<,#; = 𝑓(𝑡): 
if 𝑋<,#< < 𝜃<&: 
  𝑋<,#; = 𝑋<,#0%; + 𝜃<< 



 
Table A6-6 State transition function of RA task progress (𝑿𝟔,𝒕𝟏𝟎) 

Output 𝑋<,#%$ 
Pseudo 
code 

𝑋<,#%$ = 𝑓(𝑡): 
if 𝑋<,#% == "Working": 
  𝑟	~	𝑈(0,1) 
  if 𝑟 ≥ 𝜃<9s𝑋(,#$ t ∗ 𝑋<,#> : #task success rate 
    𝑋<,#%$s𝑋(,#$ t = 𝑋<,#0%%$ s𝑋(,#$ t + 𝜃<>s𝑋(,#$ t ∗ 𝑋<,#>  #update by task speed 
  else: 
    𝑋<,#%$s𝑋(,#$ t = 𝑋<,#0%%$ s𝑋(,#$ t 

 
Table A6-7 State transition function of RA time (𝑿𝟔,𝒕𝟏𝟏) 

Output 𝑋<,#%% 
Pseudo 
code 

𝑋<,#%% = 𝑓(𝑡): 
if 𝑋<,#% == "Working: 
  𝑋<,#%% = 𝑋<,#0%%% + 1 

 
  



 
Table A7 Human scientist modeling (HS) 

 
Attribute Notation Description Value 
Name HS   
id 7   
Coupling inputs 𝑋!,#$  Ambient temperature  
 𝑋!,#%  Ambient pressure  
 𝑋(,#%  Science Task requirement {None, Science} 
Control inputs - -  
External disturbances - -  
States 𝑋>,#$  HS default status  
 𝑋>,#%  HS availability  
 𝑋>,#'  HS status  
 𝑋>,#!  HS oxygen consumption  
 𝑋>,#(  HS water consumption  
 𝑋>,#&  HS food consumption  
 𝑋>,#<  HS science outcome  
 𝑋>,#>  Hazard indicator {True, False} 
Parameters 𝜃>$ HS default status parameters  
 𝜃>% HS oxygen parameters: [skewness, 

mean, standard deviation] 
 

 𝜃>' HS water parameters: [mean, standard 
deviation] 

 

 𝜃>! HS food parameters: [mean, standard 
deviation] 

 

Coupled parameters - -  
State transition functions  𝑋>,#$ : Table A7-1 

𝑋>,#% : Table A7-2 
𝑋>,#' : Table A7-3 
𝑋>,#! : Table A7-4 
𝑋>,#( : Table A7-5 
𝑋>,#& : Table A7-6 
𝑋>,#< : Table A7-7 
𝑋>,#> : Table A7-8 

 

 
Table A7-1 State transition function of HS default status (𝑿𝟕,𝒕𝟎 ) 

Output 𝑋>,#$  
Pseudo 
code 

𝑋>,#$ = 𝑓(𝑡): 
if 𝜃>$[0] < 𝑡%24 ≤ 𝜃>$[1]:  
  𝑋>,#$ = "Sleeping" 
else if 𝜃>$[2] < 𝑡%24 ≤ 𝜃>$[3] or 𝜃>$[4] < 𝑡%24 ≤ 𝜃>$[5] or 𝜃>$[6] < 𝑡%24 ≤ 𝜃>$[7]:  
  𝑋>,#$ = "Eating" 
else if 𝜃>$[8] < 𝑡%24 ≤ 𝜃>$[9]: 
  𝑋>,#$ = "Exercising" 
else: 
  𝑋>,#$ = "Idle" 

 
  



 
Table A7-2 State transition function of HS status (𝑿𝟕,𝒕𝟏 ) 

Output 𝑋>,#%  
Pseudo 
code 

𝑋>,#% = 𝑓(𝑡): 
if 𝑋>,#$ == "Idle": 
  𝑋>,#% = True 
else: 
  𝑋>,#% = False 

 
Table A7-3 State transition function of HS status (𝑿𝟕,𝒕𝟐 ) 

Output 𝑋>,#'  
Pseudo 
code 

𝑋>,#' = 𝑓(𝑡): 
if 𝑋(,#$  != "None": 
  𝑋>,#' = "Science" 
else: 
  𝑋>,#' = 𝑋>,#$  

 
Table A7-4 State transition function of HS oxygen consumption (𝑿𝟕,𝒕𝟑 ) 

Output 𝑋>,#!  
Pseudo 
code 

𝑋>,#! = 𝑓(𝑡): 
if 𝑋>,#! == "Exercising": 
  sample ~	D(𝛼 = 1.2 ∗ 𝜃>%[0], 𝜉 = 𝜃>%[1], 𝜔 = 𝜃>%[2]) 
else: 
  sample ~	D(𝛼 = 𝜃>%[0], 𝜉 = 𝜃>%[1], 𝜔 = 𝜃>%[2]) 
  𝑋>,#! = 𝑋>,#0%! + sample 

 
Table A7-5 State transition function of HS water consumption (𝑿𝟕,𝒕𝟒 ) 

Output 𝑋>,#(  
Pseudo 
code 

𝑋>,#( = 𝑓(𝑡): 
if 𝑋>,#( == "Exercising": 
  sample ~	D(𝛼 = 2, 𝜉 = 𝜃>'[0], 𝜔 = 𝜃>'[1]) 
else: 
  sample ~	N(𝜇 = 𝜃>'[0], 𝛿 = 𝜃>'[1]) 
  𝑋>,#( = 𝑋>,#0%( + sample 

 
Table A7-6 State transition function of HS food consumption (𝑿𝟕,𝒕𝟓 ) 

Output 𝑋>,#&  
Pseudo 
code 

𝑋>,#& = 𝑓(𝑡): 
if 𝑋>,#& == "Eating": 
  sample ~	N(𝜇 = 𝜃>![0], 𝛿 = 𝜃>![1]) 
  𝑋>,#& = 𝑋>,#0%& + sample 

 
 
 
 
 
 
 



Table A7-7 State transition function of HS science outcome (𝑿𝟕,𝒕𝟔 ) 

Output 𝑋>,#<  
Pseudo 
code 

𝑋>,#< = 𝑓(𝑡): 
if 𝑋>,#' == "Science": 
  𝑋>,#< = 𝑋>,#0%& + 1 

 
Table A7-8 State transition function of hazards indicator (𝑿𝟕,𝒕𝟕 ) 

Output 𝑋>,#>  
Pseudo 
code 

𝑋>,#> = 𝑓(𝑡): 
if 𝑋!,#$ > 18 or 𝑋!,#$ > 27 or 𝑋!,#% < 48 or 𝑋!,#% > 102.7: 
  𝑋>,#> = True 
else: 
  𝑋>,#> = False 

 
Table A8 Additional M-ESM cost relating to the change of task speed and task success probability 

 
Input and 
Output 

task speed coefficient, as 𝑠 
task success probability coefficient, as 𝑟 
M-ESM terms relevant to HA, as 𝐶)* 
M-ESM terms relevant to RA, as 𝐶N* 
Modified M-ESM terms relevant to HA, as 𝐶)*O  
Modified M-ESM terms relevant to RA, as 𝐶N*O  

Pseudo 
code 

f(x,c): 
if 𝑥 == 1: 
  return 1 
else if 𝑥 > 1: 
  return 1 + 𝑐 ∗ (𝑥 − 1) 
else: 
  return 1 − 𝑐 ∗ (1 − 𝑥) 
𝐶)*O = 𝐶)* ∗ 𝑓(𝑚𝑎𝑥	(𝑠, 𝑟), 0.5) 
𝐶N*O = 𝐶N* ∗ 𝑓(𝑚𝑎𝑥	(𝑠, 𝑟), 200) 
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