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Abstract 

Autonomous mobile robots are one of the new and innovative ways to improve operation in 

industries such as warehouses, logistic companies, agricultural businesses, healthcare institutions, 

and a lot more. They are known for their operational improvement, safety, efficiency, and speed, 

automating several functionalities so they can be performed with little or no human intervention. 

 These advantages can only be realized, however, if the degree of autonomy suffices for the task 

at hand. Whilst many degrees of autonomy exist (e.g., functional autonomy), in this thesis we are 

primarily concerned with an aspect of non-functional autonomy: energy. One of the important 

features of an autonomous robot system is the capability to charge autonomously with little to no 

human intervention.  

This thesis examines the energy distribution problem on multi-robot warehouse systems. We 

model warehouse systems where robots charge autonomously, pausing their workload when 

needed, to charge at a station. Depending on specific execution, it is possible that robots fully 

deplete their energy before arriving at a charging station, decreasing total work achieved, and 

becoming an obstacle on the warehouse floor. We then introduce the concept of energy sharing, 

where robots are capable of charging one another, essentially becoming mobile charging stations. 

In this context, the problem of energy distribution becomes a problem of multi-agent collaboration. 

We analyze the impact of our solution on a multi-agent simulation, showing that energy sharing 

for autonomous mobile robots in warehouse systems reduces the total number of depleted robots 

and contributes to increasing the amount of work performed. 
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Chapter  1: Introduction 

1.1 Overview 

Autonomous mobile robots (AMRs) are being widely implemented to replace manually operated 

vehicles in warehouse systems to fulfill large shipping demands, extend warehouse operating 

hours, and mitigate safety concerns, towards true “lights-out” warehouse operation. Light-out 

warehouses, refer to warehouses that run on machines with no human workers present.  In the best-

case scenario, a fully automated warehouse achieves more work than a manual one, with far less 

implications on human safety. 

In order to achieve a fully automated mobile robot system, robots must complete all tasks and 

activities without any human intervention (i.e., functional autonomy), including docking and 

charging (non-functional autonomy) [1]. Autonomous charging brings with it the promise of 

extended runtime, enhanced system performance [2], and true safe operation. 

1.2 Problem Statement 

One of the main problems with autonomous robots is the ability to stay “alive” (operational, i.e., 

with sufficient energy to carry out its tasks) without the need for human assistance. Several works 

in the literature ignore the fact that the robot’s battery is limited, meaning that the robot could run 

out of energy while performing a task [3].  

Running out of energy while operating in an environment is a critical problem. Researchers have 

identified it as the Autonomous Recharging Problem (ARP) [3] [2].  ARP can be divided into two 

categories: when does the robot charge? And how does the robot charge? In this thesis we will be 

focusing on the first category.  

A very important concept is for the robot to decide when to charge. When is the proper time for 

the robot to go to a charging station and ensure it will not run out of energy? The most popular 
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solution is the threshold approach, where a threshold limit is defined by the system designer after 

proper estimation. When the battery level reaches this limit, it will stop any current task and go to 

a charging station [3].  

The effectiveness of such systems is dependent on the selected threshold and can hence lead to 

recharge failure, particularly when the charging station is far from the work area. Choosing 

appropriate thresholds can be difficult under dynamic and uncertain conditions, leading to 

inefficient solutions.  

Another type of the threshold-based approach gives the robot the option to recharge when the robot 

has just enough battery life to reach a charging station [4]. This approach is more robust than other 

approaches but poses a problem if the estimation is done poorly, resulting in under-utilized robots 

that charge too often. 

1.3 Objectives 

The objectives of this thesis are the focus on analyzing collaboration algorithms for AMRs that 

may charge at the same charging station at different intervals of time, investigating how sharing 

resources (charging stations) impact on the overall performance, and whether robots can 

collaborate to share power with one another, such that the overall performance increases.  

1.4 Contribution 

We have contributed an idea to solve the problem of complete energy depletion for autonomous 

mobile robots in a warehouse environment:  this thesis introduces our concept of energy sharing, 

where robots can collaboratively ensure that each one has sufficient energy. Specifically, this thesis 

presents the following contributions: 

• We have built an AMR simulation environment that models robots operating in a smart 

warehouse. Robots perform tasks (moving between assigned workstations) and must periodically 
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move to a charging station when their battery falls below a threshold. Charging stations are shared 

resources between robots (the number of charging stations is less than the number of robots). 

• We evaluated how the ratio between the number of robots and the number of charging stations 

affects total system performance, tracking the number of completed tasks, time robots were idle 

(waiting for a charging station to become available), and robots that died (battery reached zero). 

• We implemented different power sharing algorithms to assess their contribution to overall 

performance and suggested guidelines for AMR developers to optimize their solutions. 

1.5 Structure 

The remainder of this thesis is organized as follows: Chapter 2 describes related work in the field 

of autonomous vehicles, to place our contribution in perspective. Chapter 3 outlines the conceptual 

architecture of the work. Chapter 4 presents our simulation environment, and the implemented 

behaviors (i.e., collaborative algorithms) for different test cases. Chapter 5 presents our simulation 

results and discusses those results in context. Finally, Chapter 6 concludes this thesis, and 

highlights future work. 
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Chapter  2: Literature Review  

2.1 Warehouse Robots 

In 1948 and 1949, William Grey Walter, an American neurophysiologist constructed the 

first electronic autonomous robots. These robots were described as “tortoises” because of 

their shape and slow rate movement [5]. They used the light detecting behavior for 

navigation, they would move in the direction of the weak light and back away from the 

bright light. When the battery of the robots indicated it was low, the tortoise perceived the 

strong light source as weak, because the charging stations had a strong light over them. So, 

the robot would move toward the charging station and after it was recharged, the light 

source was perceived as strong, and the robot would back away [6], [7].  

Alongside, Barrett Electronics in 1950 exhibited their deserved model of an Automated 

Guided Vehicle (AGV) in a warehouse environment, which was just a pull truck vehicle 

which followed a wire in the floor as an alternative of a rail [8] [9], these robots were 

considered the first generation of automated vehicles. One disadvantage is that they will 

come to a complete stop when there are any obstacles in their way, including humans, and 

resume when the path is free. 

The second-generation AGVs are equipped with more advanced localization technology 

so that both the destination and path can be flexible. A common and practical approach is 

laser localization, where the robot is equipped with a laser transmitter and receiver, the area 

the robots operate in are fitted with reflective tape [8]. A laser beam is transmitted from 

the vehicle and reflected off the tape. The reflected beam is then picked up by the vehicle’s 

receiver. The on-board computer calculates the beams angle and distance from the point of 

reflection. The positions of the reflectors are preloaded into the AGVs memory, and it uses 
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an algorithm to determine its position [13], [14], [15]. Thus, an AGV localizes itself based 

on the reflection of laser beams. This approach requires careful floor design and 

alternations ensure lines of sight between the AGV and multiple reflectors, however, 

installation time and path flexibility are still factors of concern [10].  

Nowadays, AGVs are being challenged by the more sophisticated, flexible, and cost-

effective technology, this is the third-generation material handling robots, which are 

referred to as autonomous mobile robots. An AMR localizes itself with self-contained 

technologies, such as cameras [11] and LiDAR [12], so that any infrastructure in the 

environment can be utilized as a landmark.  

Figure (1) shows a simple diagram comparing between AGVs and AMRs. When the AGV 

starts at point “A” and needs to go to point “C” it will come to a complete stop at point 

“B”, wait for the obstacle (the orange circle) to clear the way, then it can continue the track 

to its destination. The AMR will simply take the same route from A to B without stopping, 

it will maneuver around the obstacle and continue its way to the target point. 

 

Figure 1: Simple navigation example between the automated guided vehicles and autonomous 

mobile robots. 
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2.2 Warehouse Scenario 

Warehouses have improved over the years; they have been transformed from traditional to 

smart warehouses. In traditional warehouses, long conveyors belt moves around the 

warehouse [17]. Workers place the items that are ordered on the conveyors to move around 

and reach the sortation area. Then, they are moved to picking and shipment. In this type of 

warehouse, there are many issues such as: inflexibility, costly, not expandable, and require 

manual resorting, which leads to more manual movement [18].  

Smart warehouses are automated warehouses that consist of multi agent systems (MAS), 

where each agent is an autonomous mobile robot, either with distributed or centralized 

intelligence. They are used to increase speed, productivity, and reliability of the distribution 

centers. Currently there are many warehouse robots including: Amazon robotics, 

previously known as KIVA systems, Knapp Open Shuttle (2012), Locus Robotics System, 

Swisslog CarryPick, GreyOrange Butler, Fetch Robotics Freight (and Fetch), Scallog 

System, Hitachi Racrew [19].  

The KIVA system is one example to look at for a better image of the warehouse scenarios. 

This system was first purchased by Amazon in 2012 [20]. In [17], [18] the authors describe 

the techniques used in the system. The workers stay in one location where the items are 

moved around. It relies on Multi-Agent Systems (MAS) and Artificial Intelligence (AI) 

[21]. The robots in this system are self-interested, they do not depend on one another, 

however they have a common goal, to fulfill the customer’s order in a complete and 

efficient manner, they are self-organized, and self-adaptive. The KIVA system’s main 

components are the mobile robots (referred to as the drive unit), inventories, shelves 

(known as pods), and the software [18]. 
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The drive unit (DU) agents are the autonomous mobile robots. As mentioned in [17] and 

[18], the main job for these robots is pick up the pods from the storage areas, these pods 

contain the inventories. The DU’s are small enough to get under the pods and with the 

lifting mechanism, it allows them to lift pods off the ground [18]. All current drive units 

use multiple cameras to read barcodes, find their own position and navigate in the 

warehouse [16]. They carry the pods to the picking station where the workers can identify 

the items. This is done by a blinking laser light to the barcodes on the items. The next step 

for the worker will be to transfer the items to the shipping carton, while the robot will be 

requested to go back to the storage station either, to stay there until there is another task to 

be done, or there will be a task all ready for the robot to complete [17], [22]. For the safety 

of the workers in presence of the robot, Brian Heater, stated in [19] that Amazon has created 

the Robotic Tech Vest. This vest sends a signal to the robotics system to mark the area 

around the worker as an obstacle to the drive units.  

The main responsibilities for the DU’s are path planning and obstacle detection. It also 

maintains the priority list of high-level goals and accomplishes them efficiently [23].  

2.3 Multi-Agent Warehouses 

Multi-agent systems are a group of agents deployed with specific architecture, 

coordination, and messaging protocols [24]. In [25], a MAS is defined as a system that 

comprises two or more agents, which cooperate with each other while achieving local 

goals. The major advantages of using multi-agent technologies include: [26] 

(1) individuals consider the application-specific nature and environment 

(2) local interactions between individuals can be modeled and investigated 

(3) difficulties in modeling and computation are organized as sublayers and/or components. 
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There are two models for the warehouses that use these systems: Multiple Agent Path 

Finding (MAPF) and Target Assignment and Path Finding (TAPF). In MAPF the agents 

find a collision free path from their start point to the desired target. MAPF algorithms are 

based on one simplistic assumption that limits their applicability. This assumption is to 

ignore the shape of agents and consider them as point agents, which occupy exactly one 

point at any time [27]. To combine two aspects of assigning a task and path finding the 

TAPF model is used. The TAPF’s goal is to first assign agents to targets and then plan 

collision free paths for the agents to their targets in a way such that the completion time is 

minimized. A limitation of both models is the assumption that the number of agents is equal 

to the number of targets, which is invalid in some applications. 

 In [28], the authors have proposed an approach were the number of agents and targets are 

not equal. They address this limitation by generalizing TAPF to allow for (1) unequal 

number of agents and tasks; (2) tasks to have deadlines by which they must be completed; 

(3) ordering of groups of tasks to be completed; and (4) tasks that are composed of a 

sequence of checkpoints that must be visited in a specific order.  

Navigation in the warehouse with multiple agents and obstacles is used by adding path 

planning algorithms, these algorithms are known to be NP-hard [29],[30],[31]. Their main 

objective is to find a collision free path, this is not in the scope of this thesis.  

2.4 Energy Consumption  

Mobile robots are operated by batteries, reducing energy consumption is one of the main 

goals to achieve in designing a smart warehouse. Many recent publications have adopted 

different methods when it comes to the calculation of energy consumption. Authors have 

attempted to achieve this through modifications in trajectory planning, control, or 
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mechanical design. The robot itself can clearly understand the energy required for its 

motion and the specific energy consumption of each part; hence, the energy consumption 

can be reduced according to different situations and the existing energy support can be 

estimated [32]. Therefore, only knowing the working environment of the robot and the 

accurate power consumption model we can accurately predict the power consumption of 

the robot [33].  

There are many techniques that help reduce power consumption. Angelina et al. [34] state 

a system designed to use visible light communication (VLC) for mobile robot navigation 

because VLC only utilize lights as the transmitter. The method used is sending the data 

containing navigation coordinates which is modulated on the lighting system, then data 

will be received by the photodetector and processed as mobile robot’s navigation. This 

design is to utilize illuminance of visible light which are coming from warehouse’s lighting 

system for navigation of mobile robot purpose. 

Hou et al.  [32] have proposed a method that involves dividing the energy consumed by 

the robot into three parts: the sensor system, control system, and motion system. This model 

is referred to as the energy modelling method. This model does not consider the path of the 

robot and was only used in a horizontal road. Therefore, it was very simple and there was 

no need for any complicated parameters. In [35], [36] energy optimization was investigated 

by hardware replacements. Using low power hardware that can reduce the overall electrical 

energy consumption of the robot. 

In real-world scenarios, the robot’s battery may discharge completely. This is a critical case 

because if the robot’s battery is completely discharged while the robot is in operation, it 

will stop anywhere. The downtime over which the robot will be in one place occupying 
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that location can cause a delay, or an extension to the paths for different robots.  In such 

scenarios, the robot must be moved manually from the area [37]. Any worker interfering 

in the robot’s environment need to take extra precautions, such as wearing safety gear and 

following all the guidelines to be able to enter the area the robots are working in and carry 

the robot to the charging station to get charged.   

2.5  Docking and Charging 

During the activation of the robots and their capability of continuously completing tasks, 

the energy of the robots depletes, and at some point, the robots need to recharge. In every 

kind of environment the robots work, weather it was indoor or outdoor, the existence of a 

charging station is necessary. Researchers have focused on the two main categories 

mentioned previously: How does the robot go to the station? When should the robot go to 

the charging station?  

2.5.1 How to charge? 

How to recharge focuses on proposing hardware modifications and building energy 

stations. 

Oh et al. [38] used the laser sensors of an indoor mobile robot and proposed a procedure to 

align the robot with a simple charging station. They use a reflective tape for the robot to 

find a beacon that guides it to the station over long range. For short range, a grid with a 

unique pattern is used to detect and align the robot with the connector of the station. 

Another approach in how to recharge is from Cassinis et al [1], the authors inspired by 

ancient navigation and lighthouses, use the light range to guide the proper alignment of the 

robot with the energy station. When the robot detects the light vertically in line, it is on the 

range line. If it detects on the left, it is on the right of the range line. And if it detects on 
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the right, it is on the left of the range line. With the aid of markers and robot laser sensors, 

an algorithm aligns the robot with the energy station on a low-cost system. This behavior 

takes action when a low battery is detected, aborting the current task, and starting the 

algorithm. But the authors didn’t show how they detected that the battery is at a low level, 

and when the robot should go to the station.  

The authors in [39] use IR receiver sensor in the front of the robot and IR transmitter 

sensors near the docking station. The robot scans the transmitted IR signal from the sensor 

transmitter only when it needs to charge its battery. If detected, it will take the path of the 

charging station. Once the robot approaches the charging station with the required 

orientation, it connects to the supply terminals for charging. The data related to battery 

charging voltage is transmitted by micro-controller. Once the battery is fully charged the 

robot moves back to continue its original task.  

2.5.2 When to charge? 

In terms of deciding when to recharge, currently, the popular solution is threshold-based 

where the threshold is either a fixed distance traveled or a fixed time of operation ([40], 

[41], [42]). Since these approaches do not simultaneously account for robot or charging 

stations locations, and task loads, several scenarios result in robots failing to reach a 

docking station before their batteries are drained.  

It is mentioned in [43] that the robot will begin the recharge behavior when the battery 

reaches a fixed minimum threshold value, pre-determined by the user. The authors in [44] 

uses historical data to estimate the cost of each task. Using the semantic trajectory of the 

robot, they stored data from the tasks executions and estimate the cost of each task with 

the average energy consumption. Before executing a task, they checked if there is enough 
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energy to execute it and still have the energy level above a fixed threshold value for going 

to an energy source. This approach could fail if the task spends more energy than previous 

executions. 

de Lucca Siqueira et al. [3] have expanded from the threshold approach and proposed a 

fuzzy set that checks the energy level. They have defined four terms for the energy level:  

full term means that the battery is at full or almost full level. Operational term means that 

the robot can execute any task without recharging. The caution term indicates that the robot 

should be careful and must decide if it will finish the task or abort it and go to a charging 

station. The decision is made based on the distance of the robot to the target and the 

charging station. Finally, the critical term means that the energy is at the critical level and 

the robot must recharge at all costs. With their experiment they have considered checking 

the energy level, the distance from the task, and the distance from the charging stations, 

with a set of rules to decide if a robot should abort the task to recharge or finish it first. 

This experiment results in a more flexible, smarter approach and optimizes the energy 

consumption that avoids wasting to much energy on tasks that would be aborted. 

2.6 Other methods of charging 

In [45] the authors propose a solution for recharging an autonomous mobile robot with 

power so that it can perform tasks with little or no human intervention. This paper added a 

wireless self-charging module, a power bank, and a digital compass to the main hardware 

architecture. The robot recharges itself, explores, creates a map of its surroundings, 

calculates optimal paths between targets and navigates between them, autonomously. The 

power bank replaced the rechargeable battery it charges using USB cables it connects to 

the control board and to the wireless self-charging module. In this case the power bank 
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provides the power to the robot, the disadvantage is the power remaining is unknown and 

should be calculated by the operating time and the charging time.  

Recently, researchers at Skolkovo Institute of Science and Technology in Russia have 

developed MobileCharger [46]. This system gives the robots the ability to continue their 

missions. The idea is captured from the "mobile power bank". They have explained that 

the robot and the MobileCharger run as one, until the robot is efficiently charged then the 

MobileCharger detaches and moves on to another robot indicating their need of power. 

The following are different strategies of charging concepts that keep the robot powered up 

and operational. They are chosen depending on the situation of the robot and the design of 

the environment [47]: 

A.  Opportunity charging 

Depending on the battery chemistry, some batteries are able to recharge 

opportunistically. Being able to opportunity charge the battery means that a robot 

with a few minutes to spare between delivery tasks can get on to an open charger and 

grab a few electrons.  

B. Deep charging 

When the robots are operating for a long period of time, deep charging will require 

them to get offline for an extended period to fully charge, this is called deep charging.  

C. Inter shift battery replacement  

In different facilities robots are required to work endlessly round the clock, with little 

to no time to charge, the inter-shift battery replacement strategy will help in this case. 

Where the battery will be replaced in the beginning or the end of the working shift 

manually by a worker.  
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2.7 Modeling and Simulation tools 

Real experiments using AMRs are quite expensive, therefore the system should be 

analyzed before deployment. Simulation tools give the opportunity to operate any type of 

vehicle, without the need of hardware. It influences on avoiding hazard situations and 

preserving costly equipment being damaged [48]. Simulation is an important issue in 

robotics research because it is essential for evaluating and predicting the behavior of a 

robot. It gives researchers the ability to make quantitative evaluations of the experiments, 

with many trials, with the option of changing parameters.  

There are a variety of modeling methods and software tools used for mobile robots, each 

have different levels. These methods may not involve major cost, but the realism of the 

experimental results depend on the accuracy of the modelling method which is adopted in 

the simulation [49].   

2.7.1  Discrete Event System Specification (DEVS) 

DEVS is a mathematical formalism to model and simulate discrete event dynamic systems 

introduced by Bernard P. Zeigler. [50][51]. DEVS manages the complexity of the system 

using a modular structure. The system is decomposed using two types of models: (1) atomic 

models, which defines the behavior of the system, and (2) coupled models, that describes 

the hierarchical structure. One of the advantages of the hierarchical and modular structure 

of DEVS is that it allows reusing models and reduces development and testing times [52].  

The same model can be implemented using different DEVS simulators, sometimes known 

as concrete simulators [53], such as:  CD++ [54], JDEVS [55], DEVSJava [56] and 

PyDEV[57]. These simulators are implemented using different programming languages. 
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For example, JDEVS and DEVSJava are implemented in JAVA [58] [59], CD++ is coded 

in C++ [60], PyDEV in Python [61], etc.…  

2.7.2 Other Simulation Tools  

There are several different simulators used in robotic experiments, the choice of the 

adequate simulator depends on both the purposes and the different features offered. Some 

simulators are: 

A.  Microsoft AirSim 

This simulator is developed by Microsoft for the machine learning development. It 

uses Unreal Engine 4 to render the simulation more photo realistic. There exist APIs 

for both Python and C++. AirSim has implemented monocular and depth cameras, 

whereas, other sensors, like lidars, are not developed. The great visuals can be a 

downside because it demands powerful graphics processing units (GPUs) to run 

[62].  

B. Gazebo 

Gazebo simulator is the main simulator of robotic systems in the Robotic Operating 

System (ROS). It makes it possible to rapidly test algorithms, design robots, 

perform regression testing, and train AI systems, using realistic scenarios. Gazebo 

offers the ability to simulate populations of robots accurately and efficiently in 

complex indoor and outdoor environments [63].  It is used in many research studies 

in the autonomous mobile robot field [64], [65], [66].  

C. Agent-based Models (ABMs) 
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ABMs seek to create electronic laboratories, to allow experimentation with 

simulated complex systems. There are several platforms for scientific agent-based 

models including: Netlogo and Mason.  

- NetLogo is a multi-agent programming language and modeling environment for 

simulating natural and social phenomena. It is particularly well suited for 

modeling complex systems evolving over time. Modelers can give instructions 

to hundreds or thousands of independent “agents” all operating concurrently 

[67].  

- MASON is a fast discrete-event multiagent simulation library core in Java, 

designed to be the foundation for large custom-purpose Java simulations, and 

also to provide more than enough functionality for many lightweight simulation 

needs. MASON contains both a model library and an optional suite of 

visualization tools in 2D and 3D [68].  

Katsumi et al. [69] have designed a simulator to achieve realistic simulation of robot 

functions, interaction between the robot and its environment at the sensor level and the 

synchronization between the program of the behavior algorithm and robot's simulated 

functions, so that experiments can be augmented by the simulation. The Autonomous 

Mobile Robot Simulator’s (AMROS) main purpose is to provide a programming 

environment with great variety of simulations for users who are engaged in developing 

behavior programs.  

We have discovered the different concepts and research studies that have been introduced 

in the autonomous mobile robots’ field. Furthermore, in the next chapter we will introduce 

our unique idea of robots sharing charging stations sequentially and joining to share their 
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energy between one another. To focus on this specific concept, we will be using C language 

to implement the idea. 
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Chapter  3: Conceptual Architecture 

3.1 Warehouse Operations 

Our approaches are applied to a class of robotic warehouse scenarios. Specifically, we 

focus on scenarios where warehouses can be modeled within 2 dimensions (i.e., planar 

warehouses). 3-dimensional ones exist, but autonomous robot behavior inside warehouses 

of such a class exhibits more degrees of freedom, and additional restrictions than 2-

dimensional ones: these are beyond the scope of this thesis. 

We model warehouses as rectangular structures, such that a specific warehouse can be 

specified by a pair of length and width values: each position inside a warehouse is uniquely 

specified by a (x, y) coordinate pair, such that 0 <=  𝑥 <  𝑤𝑖𝑑𝑡ℎ and 0 <=  𝑦 <

 𝑙𝑒𝑛𝑔𝑡ℎ. Realistically, warehouses can be of any non-rectangular shape [77], but this model 

is general enough to evaluate our proposed approach and simplifies simulation. 

In our model, warehouses are populated by three relevant entities: autonomous robots, 

workstations, and charging stations. Each autonomous robot performs a single task: 

roundtrips between two workstations. This suffices to model several real-world examples 

of autonomous warehouses, including moving parts/components from place to place for 

distribution, actuating on particular devices located on specific locations, picking up 

consumables for use in another location, etc. [2][70]. More complex task scenarios (e.g., 

moving across patterns consisting of more than 2 workstations) can be considered, but we 

do not believe they would significantly influence the results of our approach: thus, we limit 

our model to roundtrips between two workstations. Workstations can be placed anywhere 

in a warehouse. We assume robots always move in a straight line towards their intended 

destination. 
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Charging stations, like workstations, can be placed anywhere in a warehouse. In order to 

recharge, the robot attaches itself to the charging station in between tasks.  

We assume every entity is placed on an integer (x, y) pair, such that we can model 

warehouses and relevant entities as a grid world (Fig. 2); this assumption probably limits 

our model in terms of representing some real-world scenarios (particularly, regarding the 

more analog side of robot interaction with the physical world), but it should not influence 

the proposed approach.  

 

Figure 2: Simple example of a 2-D warehouse environment, identifying where each element is at 

a specific (x, y) location 
 

3.2 Energy and Charging Model 

Each robot in our scenario is powered by an internal battery, with a maximum energy 

capacity, E.  A realistic depiction of battery usage (energy depletion) would be a function 

of its internal processing (e.g., required number of computations per second), and its 

external activities (e.g., motion, interaction with the environment). Even subjected to a 

constant drain, battery energy tends to decay non-linearly [71][72], following the inverse 

pattern than charging at a constant supply, as depicted in Fig. 3.  
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We simplify this usage, modeling energy depletion as a linear function of time, where the 

decrease per time unit can be considered the average energy depletion in a realistic setting, 

without loss of generality. Energy increase, when charging, is also linear: as long as the 

total time required to charge a battery is reasonable, its specific rate is not significant for 

our purposes, insofar as the proposed approach is concerned. 

 

Figure 3: Simple plot of the traditional charging and discharging behavior of a battery 

When a robot’s internal energy level is below a given critical threshold, it pauses its 

workload, and begins moving towards a charging station. Upon arrival, if the charging 

station is free (i.e., no other robot is currently charging there), the robot “docks” and begins 

charging. When energy is back to maximum capacity, the robot resumes its workload, 

moving back to one of its assigned workstations. 

We consider two different scenarios for the selection of charging station once a robot 

requires charging. In the first one, each robot “knows” a specific station it is assigned to: 

once it requires charging, it starts moving towards that station, regardless of where it is. 

This allows us to model scenarios where robots are heterogeneous [73], i.e., they require 

specific charging stations, compatible with their specifications.  
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In the second scenario, robots are aware of the location of all charging stations in the 

warehouse, and of their own location, of course. Once a robot requires charging, it 

determines which charging station is nearest to its current location and moves towards it 

for charging. This allows us to model scenarios where robots are homogeneous [74], or at 

least inter-compatible regarding charging.  

Combinations of these two scenarios are of course possible, but we do not consider in this 

thesis: studying how the proportion of homogeneous and heterogeneous robots affects our 

metrics of interest is reserved for future work. 

3.3 Problem Statement 

We are concerned with the problem of complete energy depletion: i.e., situations when a 

robot’s battery is completely out of energy. These situations may happen when a robot 

decides to charge (i.e., its energy level has reached the threshold) but it does not have 

sufficient energy left to reach a charging station. 

This situation can arise whenever there is no a priori energy expenditure planning, e.g., a 

robot is moving towards a position (on the way to a workstation), such that its energy 

threshold will be reached, but the remaining energy will not suffice to reach the charging 

station it intends to use.  

This leads to robots remaining “dead” on the warehouse floor, with implications on 

achieved workload: not only is the particular dead robot no longer performing its task, its 

inactivity can further impede other robots (e.g., if they must perform longer routes to avert 

the dead robot). 

This problem requires some form of recovery system: e.g., manual intervention to either 

move the robot to a charging station or charge it locally, both of which have safety 
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implications, i.e., stopping all operation may be required to safely allow a human worker 

onto the warehouse floor, further decreasing the total amount of work performed, with 

logistical and financial implications. 

3.4 Energy Sharing Model 

There are two potential types of approaches to the dead robot problem: pre-emptive and 

reactive. Pre-emptive approaches include techniques such as a priori estimation of required 

energy, such that the problem of dead robots is eliminated in the first place: i.e., either 

dynamically adjusting energy thresholds that lead to charging, or dynamically adjusting 

which workstations robots work on, to prevent any such situation to ever occurring [75] 

[76].  

In this thesis, we do not concern ourselves with pre-emptive approaches: they are outside 

the scope, and orthogonal to our approach (i.e., both pre-emptive and reactive approaches 

should probably be used to further increase guarantees of successful operation). Instead, 

we look at a reactive approach, providing alternative (automated) charging options to 

address the dead robot problem. 

Thus, the main contribution of this thesis is a proposed power sharing algorithm, that 

allows robots to share their energy with one another. We aim to assess its contribution to 

overall performance and suggest guidelines for AMR developers to optimize their 

solutions. 

3.4.1 Proposed Approach 

Our proposed approach assumes that robots can not only be charged at a charging station, 

but are also capable of charging one another: i.e., two robots can connect with one another, 

anywhere within the warehouse floor, and transfer energy from one’s battery to another’s: 



 31 

i.e., such that if one robot has energy level E1 and another has energy level E2, at the end 

of the transaction both will have energy level (E1+E2)/2.  

This implies two assumptions: (1) robots can communicate with one another, notifying that 

they are in need of charge, and robots are capable of cooperatively deciding whether or 

not, or which one, will provide charge. (2) interrupting a robot’s workload to provide 

charge has no negative effect on the system as a whole, apart from delaying that particular 

robot’s workload completion. 

Thus, we propose a modified model, where whenever a robot is in need of charge and/or 

dead, nearby robots, up to a radius of R, can meet the in-need robot and share their charge 

(assuming their energy levels are high enough, such that (E1+E2)/2 is above the energy 

sharing threshold), as demonstrated in Fig. 4.  

 

Figure 4: 2-D Warehouse where two robots meet, and one gives energy to another in need. 
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The following chapter describes the simulation model that we use to implement the 

considered scenario, comparing cases with and without the proposed energy sharing 

approach. 
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Chapter  4: Simulation 

Our model uses agent-based simulation in a 2-dimensional grid environment with fixed 

time-advance steps, or "ticks". In every tick, agents’, which we refer to as robots, states are 

updated, and they take an action. The robots are functional with the aid of the power supply, 

their battery. We have assigned an energy level threshold limit for all the robots in the 

environment, referred to as the charging threshold, selected through iterative testing until 

the selected value resulted in a small, non-zero percentage of dead robots. Initially, the 

robots start off with a random energy level above this threshold. Each robot is assigned 

three points of interest: two workstations and a charging station.  

As long as it has enough energy, each robot will continuously commute between its two 

workstations: each round trip is counted as an achieved task. If the energy level reaches the 

charging threshold, the task is paused, and the robot will head to the charging station.  

Further in this chapter we will look at the different case studies, and depending on the case, 

the robot will either charge at an assigned station, or the nearest one. 

 If a robot's battery is completely depleted of energy the robot will become “dead”. To help 

the robots that have reached their threshold limit, and the robots that are dead, the 

collaboration approach is introduced. A robot that has enough energy will share it to help 

the depleted or dead robot complete the tasks and reach a charging station.  

The overall simulation strategy is depicted in Algorithm 1. Notice that there is no 

centralized intelligence: robots’ states, energy levels, and positions are updated internally, 

through each robot’s own internal behavior (described below), as a function of its state and 

the environment around it.  
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 Algorithm 1 Core evaluation loop 

1 for Roboti in Robots[] do 

2 Roboti (state)  working 
3 Roboti  Workstation1x,y,Workstation2x,y 
4 Roboti (position)   positionx,y 
5 Roboti  energy 
6 if fixed charging stations then 

7 Roboti  Stationx,y 
8 end if 

9 end for 

10 while ticks < max_simulation_time do 

11 for Roboti in Robots[] do 

12 Roboti (state)  state` 
13 Roboti (position)  position` 
14 Roboti (energy)  energy` 

15 

16 

end for 

end while 

 

In the algorithm it is mentioned that the states are updated at each tick. If the robot is in a 

‘working’ state, it will be going either to workstation1 or workstation2, depending on 

where it actually is, updating the position and keeping in mind the movement of the robot 

is linear. While the robot is moving the energy level will also be updated.  

To elevate the behavior of the robots in various scenarios, we have implemented different 

case studies modeled by state machines. These cases are:   
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• Case 1: Robots charge at a pre-defined, assigned charging station; no collaboration 

between robots. Figure 5 shows the state machine of this case. At each tick, the robot will 

be moving to the next state referring to the energy level. The energy level will be updated, 

it will decrease in the movement from state to state and increase when the robot is at a 

charging station.  

 

Figure 5: Robot charges at assigned charging station 
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• Case 2: Robots charge at the nearest charging station; no collaboration between robots 

(Fig. 6). This state machine differs from the previous case, as the robots charge at the 

nearest charging station, they do not have a fixed location to navigate to when they require 

charging. The energy level will have the same behaviour as the previous case. 

 

Figure 6: Robot charges at nearest charging station 
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• Case 3(A): Robots charge at a pre-defined, assigned charging station; robots can share 

energy with other robots that are either going to charge or dead. In Figure 7, the state 

machine models this case. The addition to the previous cases is the “Giving Charge” states. 

The energy level is updated as follows: (1) The general case when robot is moving, the 

energy decreases, (2) when the robot is charging the energy level increases, and (3) when 

a robot can provide energy: the energy level is depleted for the robot providing the energy 

and increased for the robot that is getting the energy.  

 

 
Figure 7:Robot charges at assigned charging station and shares energy with robots in need and 

dead robots  
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• Case 3(B): Robots charge at the nearest charging station; robots can share energy with 

other robots that are either going to charge or dead (Fig. 8). This case is similar to the 

previous case only having the robots navigate to a charging station close by instead of 

having a fixed location to go to. 

 
Figure 8: Robot charges at nearest charging station and shares energy with robots in need and 

dead robots 
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• Case 4(A): Robots charge at a pre-defined, assigned charging station; robots can share 

energy with other robots, only if they are dead. Figure 9 demonstrates this particular case. 

At each tick the state, position and energy are updated. When a robot that is working 

between two workstations comes across a dead robot and has enough energy to share, it 

will provide it with the energy needed, that will drain some of its energy to give to the dead 

robot.     

 

Figure 9:Robots charge at assigned charging station and share energy with only dead robots.  
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• Case 4(B): Robots charge at the nearest charging station; robots can share energy with 

other robots, only if they are dead (Fig. 10). The robots will be actively changing states 

depending on tasks given and the energy level, it either decreases when consuming energy 

or increases when gaining energy. 

 

Figure 10: Robots charge at nearest charging station and share energy with only dead robots.  
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• Case 5(A): Robots charge at a pre-defined, assigned charging station. In Figure 11, the 

state machine shows that robots can share energy with other robots, only if they are dead, 

the inter-robot charging is twice as fast as charging at a station. In this case the energy level 

update will be either: decreased when moving, increased in charging state, and double 

increased (+x2) when a dead robot is getting energy from a providing robot that will double 

decrease (-x2) its energy level.  

 
Figure 11: Robots charge at assigned charging station and share energy (x2) faster with dead 

robots only.  
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• Case 5(B): Robots charge at the nearest charging station; robots can share energy with 

other robots, only if they are dead. Inter-robot charging is twice as fast as charging at a 

station (Fig.12). This case will be identical to the previous one, adding the benefit to have 

the robot charge at a charging station that is nearby. The double speed in providing charge 

to a dead robot will also be beneficial, so both robots can get back to work faster.  

 
Figure 12: Robots charge at nearest charging station and share energy (x2) faster with dead robots 

only.  

 

In the next chapter we will examine the results of simulating these models to examine the 

outcomes and verify the impact of collaborative energy sharing among robots. Among the 

cases where this is possible (3-5), a robot will provide charge to another if its battery is 

above a given threshold, and the robot in need of charge is in the same area, or when it is 

in its way while alternating between workstations to complete the task.
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Chapter  5: Experimental Results and Discussion  

In this chapter the experimental results are described and discussed.  

5.1 Experimental Results 

We are interested in implementing the simulation for the previous cases mentioned.  

Consider the robots are oblivious, meaning that they always act based on their current 

perception of the environment; and anonymous, in the sense that they all execute the same 

algorithm, and they cannot be distinguished by their appearances [74]. 

We have set up a simulation environment, with the following parameters: the world is a 

square grid (100x100), the equality of the length and width will make it simple for the 

robot’s linear movement. For every run, the system evolves over 5000 ticks. In each tick, 

the state of each robot is updated so the robot may either be working on a task, going to a 

charging station, waiting to get charged, transferring energy to another robot, etc.  

The number of robots is ranging from 500 to 2000, to examine how the difference in 

quantity of robots impacts on the overall performance. The number of charging stations 

starts from 10% of the number of robots, to 100% (one station per robot), incrementing by 

10%.  

The maximum battery capacity is arbitrary, and can change depending on models and 

designs, we assumed the maximum capacity of 750, which verifies multiple transitions for 

each robot, for example, round trips between workstations. Also, we assumed the charging 

threshold limit is 10% of the maximum capacity, this is the limit indicating the robot to 

move to the charging state. 
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Any robot on the warehouse floor can provide charge only when the battery capacity is 

80%, we refer to this as the energy sharing threshold, this is also determined by the user. 

The provider will give energy until the robot receiving has equal amount of energy. 

Assuming all tasks are of equal complexity, we ran the simulation 10 times, to gather the 

data and get a clear average of the number of tasks completed, number of dead robots, and 

the waiting time, all noted in appendix A, B, C respectively.  

To show the variation from the average, the standard deviation was calculated for all the 

data collected. For example: as recorded in Table 5, the number of tasks completed for 1500 

robots, and 50% charging stations (750 charging stations) in case 4B, where the robots 

charge at the nearest charging station and provide charge with only dead robots, is 35,763 

and the standard deviation is 1,581.6, meaning the number of tasks competed range from 

34,181.4 to 37,344.6 

Also, with a confidence level of 95%, the confidence intervals have been observed. The 

confidence intervals would help us examine the range of values that we would expect if we 

repeated the experiments because it gives the range of certainty regarding an estimation. In 

the same previous example for 1500 robots and 50% charging stations the upper bound is 

calculated by 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 +  𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 and the lower band by 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 –  𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 resulting in 36,072.99 and 35,453.01 respectively, as 

detailed in Table 6 

In the figures below, the results have been plotted. The x-axis represents the number of 

robots, and the y-axis shows the total number of tasks completed. The factor of charging 

station is represented by the color of the circle, while the size of the circle is the average 

waiting time. The average waiting time is the time a single robot is waiting idly to charge. 
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The numbers that are visible at the circles are the total number of robots calculated using 

the following equation: 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑜𝑏𝑜𝑡𝑠 =  𝑑𝑒𝑎𝑑 𝑟𝑜𝑏𝑜𝑡𝑠 −  ℎ𝑒𝑙𝑝𝑒𝑑 𝑟𝑜𝑏𝑜𝑡𝑠                     (1) 

The dead robots are the ones that have consumed all their energy and are not functional 

anymore, the helped robots are the robots that have been provided charge.  
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Figure 13: Case 1 “Robots charge at an assigned charging station” 
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Figure 14: Case 2 “Robots charge at the nearest charging station” 
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Figure 15: Case 3A “Robots charge at an assigned charging station and share energy with robots 

with battery level below threshold or dead robots” 
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Figure 16: Case 3B “Robots charge at the nearest charging station and share energy with robots 

with battery level below threshold or dead robots” 
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Figure 17: Case 4A “Robots charge at an assigned charging station and share energy with dead 

robots” 
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Figure 18: Case 4B “Robots charge at the nearest charging station and share energy with dead 

robots” 
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Figure 19: Case 5A “Robots charge at an assigned charging station and share energy with only 

dead robots x2 faster” 

 



 53 

 

Figure 20: Case 5B “Robots charge at the nearest charging station and share energy with only 

dead robots x2 faster” 

 

5.2 Discussion 

Generally, in all cases, we can recognize the reduction in the waiting time for the robots 

when increasing the number of charging stations. The robot’s waiting time is affected by 

the number of robots in the queue already waiting to charge at the same station, in the case 
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where the robots are assigned the same charging station and also when the robots are going 

to the same station because it is the closest. Realistically having 100% of charging stations 

for the number of robots is not optimal at it will occupy the space that may be needed for 

robot navigation, and storage.  

It is obvious when incrementing the number of robots and charging stations that the number 

of tasks completed grows.  

In Figure 13, case 1, there are no robots providing charge and all the robots have an assigned 

charging station to go to. The positive numbers indicate the number of dead robots. Case 2 

in Figure 14 shows the total number of robots 0, there is no robot collaboration, and the 

robots reach the charging stations when their battery level is at the threshold limit., resulting 

in no lost robot. 

Comparing between these two cases, case 2 is the best option to avoid dead robots on the 

floor. Examining an example from the Appendix, in Table 1, the number of completed tasks 

for 500 robots and 300 charging stations (60% the number of robots) in case 1 is 12,722 

and case 2 is 13,269.  

We can notice a slight unparticular difference in the data where the average number of 

completed tasks in case 2 is less than what is complete in case 1 as shown in Table 4 23,935 

and 25,946 respectively for 1000 robots and 500 charging stations (50%). This will lead to 

several different definitions one being, the robots in case 2 will always go to the nearest 

charging station and there are no dead robots in the environment floor, meaning the tasks 

will have a possibility of being delayed till the robot has charged. Energy collaboration 

starts from case 3, Figures 15, and 16. When a robot has energy level 80% and above it will 

have the opportunity to share that energy and save a robot that has become dead, or a robot 
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in need, we previously referred to this level as the energy sharing threshold. This is 

beneficial, to have the robot complete the task and not pause it which will cause a delay.  

Specifically in this case the total number of robots shown in the plots is negative. This 

indicates the number of robots helping is larger than the number of dead robots. This is a 

positive sign showing that the collaboration between the robots may help robots be active 

and complete their tasks.  

Looking at the tables in Appendix A, referring to the average number of completed tasks, 

there is a benefit for the robot to charge at the nearest charging station, while having the 

technique of sharing charge (Case 3B), as the numbers are higher.    

Case 4a and 5a, the robots provide energy to only dead robots, Figures 17, and 19. They 

charge at an assigned charging station. We can recognize the significant difference in the 

total number of robots noted in the plots compared to case 1, where there are no robots 

helping and providing charge.  

In Figures 18, and 20 the robots will charge at the nearest charging station, looking at the 

total number of robots, being 0 can have two explanations: either there are no dead robots, 

and all the dead robots are able to reach the charging stations on time, or the number of 

helped robots are equal to the number of dead robots.  

In Appendix B, the average number of dead robots for all the cases is noted down. In the 

cases where the robots charge at the nearest charging station the number of dead robots is 

0 (Case 2, 3B, 4B and 5B).  
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Chapter  6: Conclusion and Future Work 

6.1 Conclusion  

This thesis has introduced the concept of collaborative energy sharing for autonomous mobile 

robots in a warehouse scenario. The impact of this concept was evaluated on a simulation 

environment that allows modeling different use cases and examining several metrics of 

interest. 

Our results suggest that there are several advantages to the energy sharing concept: fewer 

robots remain dead, removing the need for (potentially very intrusive) manual replacement or 

charging: in such scenarios, the robot must be moved manually from the area. When this is 

happening, a worker moving the robots needs to consider precautionary measures, or even 

completely shut down operations. Even without the need for manual replacement, (i.e., in the 

case where robots can be left idle on the warehouse floor), collaborative energy sharing 

improves overall amount of work performed. 

Our results highlight the importance of robot-charging station compatibility: when all robots 

are compatible with all charging stations, they are more likely to reach one in time before 

losing their energy. 

6.2  Future Work 

In future studies, including path planning techniques and examining the empirical validations 

in a realistic warehouse would be extremely interesting, to observe in more detail how both 

path planning and other aspects, that have not occurred to us, affect the behavior of such a 

system. Investigating the possibility of having a helping robot take over a task that will be 

paused by a robot that has reached the threshold limit and needs to go to the charging station 
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is an interesting research direction, to examine the impact of changing the robot responsible 

for a task instead of having it delayed (i.e., dynamic task allocation).  

Considering expanding the threshold approach to obtain specific details on the energy level of 

the battery and estimating the approximation of the distances for the possible options of either: 

completing the tasks then going to charge; or pausing the task and navigating to the charging 

station.  

Also, adding an algorithm for robot communication and charging station occupancy will be 

helpful, this specification will give the robots the opportunity to know if charging stations are 

occupied.  

Studying how the proportion of homogeneous and heterogeneous robots affects the system 

should also be considered.  

Finally, adding different types of chargers to help the robots on the floor, such as charging 

flying drones. These drones will be responsible to provide charge to the working robots that 

have tasks to complete and cannot reach a charging station. The flying drone should have the 

ability to safely land on the robot and connect to give the power. The advantage of this concept 

will be helping robots without occupying the extra space of two robots connecting.  
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Appendices 

Appendix A   

Table 1: Average Number of Tasks Completed and Standard Deviation for 500 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 
average   

Standard 

Deviation 

10% 6158 ± 598.30 5979 ± 523.70 5277 ± 331.20 5988 ± 546.20 5682 ± 551.90 5947 ± 487.20 6162 ± 494.70 5848 ± 428.52 

20% 8409 ± 514.90 8249 ± 515.70 7381 ± 306.90 8425 ± 1045.30 8529 ± 428.40 8450 ± 671.50 8929 ± 584.90 8016 ± 382.44 

30% 10423 ± 610.80 9927 ± 879.20 8464 ± 345.10 9428 ± 808.70 8464 ± 1013.80 9843 ± 445.80 10814 ± 504.80 9784 ± 659.24 

40% 10992 ± 768.20 11007 ± 780.30 8901 ± 558.50 10418 ± 1143.40 11518 ± 906.40 11637 ± 1203.70 12376 ± 842.17 11233 ± 579.95 

50% 13045 ± 796.70 11962 ± 1270.00 10407 ± 858.70 11515 ± 1113.90 12426 ± 498.20 11867 ± 802.10 12974 ± 1141.11 12102 ± 1611.95 

60% 12722 ± 693.50 13269 ± 848.40 11117 ± 785.60 12571 ± 1289.80 13845 ± 917.70 13121 ± 1109.90 13382 ± 694.51 13472 ± 847.26 

70% 14237 ± 951.50 14146 ± 1396.30 11075 ± 460.60 12777 ± 816.50 13892 ± 852.40 13549 ± 1535.60 13771 ± 890.72 13931 ± 1253.42 

80% 14925 ± 1246.60 14030 ± 1166.10 11573 ± 794.10 13352 ± 1025.50 14323 ± 601.90 14762 ± 1443.90 14453 ± 1141.12 14984 ± 978.25 

90% 14310 ± 976.00 15261 ± 1531.30 12176 ± 1129.80 13479 ± 1095.60 14698 ± 1083.00 14857 ± 1491.50 15772 ± 1353.78 15033 ± 983.82 

100% 14818 ± 1381.50 15110 ± 1008.30 12416 ± 730.00 13869 ± 985.10 15371 ± 775.40 15466 ± 1194.10 15122 ± 837.40 15460 ± 1185.27 
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Table 2: Average Number of Tasks Completed and Confidence Interval for 500 Robots 
Fraction 

of 

Chargin

g 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 6158 ± 117.26 5979 ± 102.64 5277 ± 64.91 5988 ± 107.05 5682 ± 108.17 5947 ± 95.49 6162 ± 96.96 5848 ± 83.99 

20% 8409 ± 100.92 8249 ± 101.08 7381 ± 60.15 8425 ± 204.88 8529 ± 83.96 8450 ± 131.61 8929 ± 114.64 8016 ± 74.96 

30% 10423 ± 119.71 9927 ± 172.32 8464 ± 67.64 9428 ± 158.50 8464 ± 198.70 9843 ± 87.38 10814 ± 98.94 9784 ± 129.21 

40% 10992 ± 150.56 11007 ± 152.94 8901 ± 109.46 10418 ± 224.10 11518 ± 177.65 11637 ± 235.92 12376 ± 165.06 11233 ± 113.67 

50% 13045 ± 156.15 11962 ± 248.92 10407 ± 168.30 11515 ± 218.32 12426 ± 97.65 11867 ± 157.21 12974 ± 223.65 12102 ± 315.94 

60% 12722 ± 135.92 13269 ± 166.28 11117 ± 153.97 12571 ± 252.80 13845 ± 179.87 13121 ± 217.54 13382 ± 136.12 13472 ± 166.06 

70% 14237 ± 186.49 14146 ± 273.67 11075 ± 90.28 12777 ± 160.03 13892 ± 167.07 13549 ± 300.97 13771 ± 174.58 13931 ± 245.67 

80% 14925 ± 244.33 14030 ± 228.55 11573 ± 155.64 13352 ± 200.99 14323 ± 117.97 14762 ± 283.00 14453 ± 223.66 14984 ± 191.73 

90% 14310 ± 191.29 15261 ± 300.13 12176 ± 221.44 13479 ± 214.73 14698 ± 212.26 14857 ± 292.33 15772 ± 265.34 15033 ± 192.82 

100% 14818 ± 270.77 15110 ± 197.62 12416 ± 143.08 13869 ± 193.08 15371 ± 151.98 15466 ± 234.04 15122 ± 164.13 15460 ± 232.31 

 

Table 3: Average Number of Tasks Completed and Standard Deviation for 1000 Robots 
Fraction 

of 

Charging 

Stations 

to Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

  average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 

10% 11561 ± 663.7 15811 ± 682.8 10419 ± 650.9 11470 ± 694.7 11262 ± 593.6 11960 ± 461.2 11646 ± 759.6 11482 ± 896.5 

20% 17000 ± 1187.1 17635 ± 1415.6 14818 ± 406.6 16108 ± 867.6 16517 ± 773.5 16652 ± 1364.2 16981 ± 1273.1 17061 ± 1126.3 

30% 21013 ± 1237.2 19218 ± 742.7 17715 ± 790 19061 ± 690.3 20352 ± 633.5 19364 ± 1116.4 20919 ± 882.9 19929 ± 1574.7 

40% 24442 ± 1673.6 22779 ± 1243.4 19781 ± 1008.9 20599 ± 1012.3 23220 ± 944.6 22359 ± 999.8 23809 ± 1107.4 23001 ± 1744.3 

50% 25946 ± 1304.8 23935 ± 1852.5 20543 ± 953.8 23268 ± 1845.8 25462 ± 866.9 24892 ± 1498.2 25138 ± 1137.4 24424 ± 1229.2 

60% 27298 ± 1232.5 25997 ± 1007.6 21787 ± 1066.9 24058 ± 1467.1 26999 ± 1235.4 25611 ± 1056.7 27247 ± 1337.3 26503 ± 1684.8 

70% 28565 ± 1376.5 27231 ± 1137.5 23247 ± 1102.7 25168 ± 1916.2 28743 ± 1654.2 28185 ± 1650.2 28277 ± 1405.7 28676 ± 1918.1 

80% 29370 ± 848.6 28951 ± 923 23629 ± 990.4 26204 ± 871.2 28508 ± 1269.5 29520 ± 1325.6 29223 ± 1442.9 29289 ± 1459.6 

90% 28977 ± 1683.9 29956 ± 910.6 23876 ± 1462.6 27008 ± 1768.7 30289 ± 1838.2 29733 ± 1595.2 29557 ± 1479.2 29190 ± 1297.2 

100% 29965 ± 917 30887 ± 1688 24768 ± 1045 28278 ± 1122.2 30178 ± 1836.3 30219 ± 1158.1 30342 ± 1094.7 31074 ± 1705.2 
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Table 4: Average Number of Tasks Completed and Confidence Interval for 1000 Robots 

Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 11561 ± 130.08 15811 ± 133.83 10419 ± 127.57 11470 ± 136.16 11262 ± 116.34 11960 ± 90.39 11646 ± 148.88 11482 ± 175.71 

20% 17000 ± 232.67 17635 ± 277.45 14818 ± 79.69 16108 ± 170.05 16517 ± 151.60 16652 ± 267.38 16981 ± 249.52 17061 ± 220.75 

30% 21013 ± 242.49 19218 ± 145.57 17715 ± 154.84 19061 ± 135.30 20352 ± 124.16 19364 ± 218.81 20919 ± 173.05 19929 ± 308.64 

40% 24442 ± 328.02 22779 ± 243.70 19781 ± 197.74 20599 ± 198.41 23220 ± 185.14 22359 ± 195.96 23809 ± 217.05 23001 ± 341.88 

50% 25946 ± 255.74 23935 ± 363.08 20543 ± 186.94 23268 ± 361.77 25462 ± 169.91 24892 ± 293.64 25138 ± 222.93 24424 ± 240.92 

60% 27298 ± 241.57 25997 ± 197.49 21787 ± 209.11 24058 ± 287.55 26999 ± 242.13 25611 ± 207.11 27247 ± 262.11 26503 ± 330.21 

70% 28565 ± 269.79 27231 ± 222.95 23247 ± 216.13 25168 ± 375.57 28743 ± 324.22 28185 ± 323.43 28277 ± 275.51 28676 ± 375.94 

80% 29370 ± 166.32 28951 ± 180.90 23629 ± 194.11 26204 ± 170.75 28508 ± 248.82 29520 ± 259.81 29223 ± 282.80 29289 ± 286.08 

90% 28977 ± 330.04 29956 ± 178.47 23876 ± 286.66 27008 ± 346.66 30289 ± 360.28 29733 ± 312.65 29557 ± 289.92 29190 ± 254.25 

100% 29965 ± 179.73 30887 ± 330.84 24768 ± 204.82 28278 ± 219.95 30178 ± 359.91 30219 ± 226.98 30342 ± 214.56 31074 ± 334.21 

 

Table 5: Average Number of Tasks Completed and Standard Deviation for 1500 Robots 
Fraction 

of 

Charging 

Stations 
to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

  average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 

10% 17352 ± 656.4 18296 ± 724.4 15616 ± 693 17327 ± 1359.5 17127 ± 979.6 18252 ± 884.7 17221 ± 971.5 18505 ± 898.1 

20% 25342 ± 1215.3 25074 ± 2250.3 21958 ± 956.2 24056 ± 1341.1 24704 ± 611.0 25450 ± 1379.0 25397 ± 938.4 24568 ± 1108.1 

30% 32283 ± 893.4 30405 ± 1586.6 26654 ± 977.6 27927 ± 1589.6 31035 ± 1520.7 30067 ± 1668.1 30794 ± 1220.7 29643 ± 1458.7 

40% 35377 ± 986.5 33765 ± 1385 28632 ± 1385.5 32040 ± 1619.8 35346 ± 1830.9 33887 ± 1613.6 35867 ± 1975.2 33972 ± 893.9 

50% 38385 ± 1223.5 36328 ± 1858.9 30487 ± 1347.4 34064 ± 1679.4 38698 ± 1538.4 35763 ± 1581.6 39178 ± 1128.1 35707 ± 1864.2 

60% 41019 ± 1757.2 39369 ± 2263.2 31702 ± 700.9 35605 ± 1724.1 41144 ± 1465.6 39769 ± 1460.4 41069 ± 1999.2 40217 ± 1455.0 

70% 42158 ± 1906.6 40968 ± 2245.3 33439 ± 562.5 38253 ± 2525.5 41828 ± 1797.9 41520 ± 1408.0 42121 ± 1875.1 41706 ± 1863.5 

80% 43698 ± 1948.1 40967 ± 1431.4 35439 ± 1354.3 39502 ± 2681.8 43255 ± 1221.4 42695 ± 1632.5 43876 ± 1558.6 42255 ± 1667.6 

90% 44025 ± 1239.4 41827 ± 1700.7 35840 ± 2534.4 41133 ± 1654.1 44825 ± 2369.5 44846 ± 2428.8 44554 ± 945.0 43893 ± 1612.0 

100% 45745 ± 2175.6 44453 ± 1294.8 37280 ± 2049.9 40007 ± 1677.5 43700 ± 1288.4 45481 ± 1899.9 45992 ± 2180.8 45039 ± 1538.8 
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Table 6: Average Number of Tasks Completed and Confidence Interval for 1500 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case5a Case5b 

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 17352 ± 128.65 18296 ± 141.98 15616 ± 135.83 17327 ± 266.46 17127 ± 192.00 18252 ± 173.40 17221 ± 190.41 18505 ± 176.02 

20% 25342 ± 238.19 25074 ± 441.05 21958 ± 187.41 24056 ± 262.85 24704 ± 119.75 25450 ± 270.28 25397 ± 183.92 24568 ± 217.18 

30% 32283 ± 175.10 30405 ± 310.97 26654 ± 191.61 27927 ± 311.56 31035 ± 298.05 30067 ± 326.94 30794 ± 239.25 29643 ± 285.90 

40% 35377 ± 193.35 33765 ± 271.46 28632 ± 271.55 32040 ± 317.47 35346 ± 358.85 33887 ± 316.26 35867 ± 387.13 33972 ± 175.20 

50% 38385 ± 239.80 36328 ± 364.34 30487 ± 264.09 34064 ± 329.16 38698 ± 301.52 35763 ± 309.99 39178 ± 221.10 35707 ± 365.38 

60% 41019 ± 344.40 39369 ± 443.58 31702 ± 137.37 35605 ± 337.92 41144 ± 287.25 39769 ± 286.23 41069 ± 391.84 40217 ± 285.17 

70% 42158 ± 373.69 40968 ± 440.07 33439 ± 110.25 38253 ± 494.99 41828 ± 352.38 41520 ± 275.96 42121 ± 367.51 41706 ± 365.24 

80% 43698 ± 381.82 40967 ± 280.55 35439 ± 265.44 39502 ± 525.62 43255 ± 239.39 42695 ± 319.96 43876 ± 305.48 42255 ± 326.84 

90% 44025 ± 242.92 41827 ± 333.33 35840 ± 496.73 41133 ± 324.20 44825 ± 464.41 44846 ± 476.04 44554 ± 185.22 43893 ± 315.95 

100% 45745 ± 426.41 44453 ± 253.78 37280 ± 401.77 40007 ± 328.78 43700 ± 252.52 45481 ± 372.37 45992 ± 427.43 45039 ± 301.60 

 

Table 7: Average Number of Tasks Completed and the Standard Deviation for 2000 Robots 
Fraction 

of 
Chargin

g 

Stations 
to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 

10% 23040 ± 656.4 23677 ± 844 21074 ± 987.6 23164 ± 1406.8 22939 ± 1192.8 23926 ± 777.7 22639 ± 1094.6 24253 ± 1315.7 

20% 33904 ± 1215.3 33147 ± 1362.2 29474 ± 1023.5 32379 ± 1893.5 33155 ± 1051.6 32932 ± 1408.1 33497 ± 1129.5 32470 ± 971.7 

30% 41698 ± 893.4 39590 ± 1013 28962 ± 1001.1 36724 ± 1007 41879 ± 892.0 40182 ± 1873.8 41142 ± 1471.5 40015 ± 1615.1 

40% 47360 ± 986.5 44837 ± 1838.4 39499 ± 1790.9 41956 ± 1266.2 47469 ± 1228.5 44143 ± 2258.7 46673 ± 1671.0 43580 ± 1177.9 

50% 51119 ± 1223.5 48969 ± 1465.1 41170 ± 1285.3 46074 ± 1552 51359 ± 734.6 48273 ± 1260.8 51798 ± 2631.3 48336 ± 1932.9 

60% 49000 ± 1757.2 51247 ± 1676.6 42715 ± 1181.9 47452 ± 750.9 42658 ± 2048.6 51952 ± 940.6 53574 ± 1606.9 51630 ± 2197.5 

70% 56521 ± 1906.6 53715 ± 1565.8 45249 ± 1521.1 48330 ± 1196.7 57407 ± 2572.8 54846 ± 1638.7 56678 ± 1121.4 53602 ± 1576.3 

80% 57703 ± 1948.1 56287 ± 2731.5 46768 ± 1305.5 50960 ± 2278.4 59865 ± 2137.0 56041 ± 2161.4 58738 ± 1565.1 56818 ± 1565.4 

90% 58618 ± 1239.4 58360 ± 1957.1 47643 ± 1791.7 53288 ± 2063.8 59706 ± 1912.0 59680 ± 2412.8 60147 ± 1930.4 59496 ± 1904.8 

100% 59922 ± 2175.6 60713 ± 3109.4 46858 ± 1333.6 54561 ± 2531.5 60408 ± 2589.7 59555 ± 2209.3 60477 ± 2464.9 59864 ± 1770.6 



 68 

Table 8: Average Number of Tasks Completed and Confidence Interval for 2000 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 23040 ± 128.65 23677 ± 165.42 21074 ± 193.57 23164 ± 275.73 22939 ± 233.78 23926 ± 152.43 22639 ± 214.54 24253 ± 257.87 

20% 33904 ± 238.19 33147 ± 266.99 29474 ± 200.60 32379 ± 371.12 33155 ± 206.11 32932 ± 275.98 33497 ± 221.38 32470 ± 190.45 

30% 41698 ± 175.10 39590 ± 198.54 28962 ± 196.21 36724 ± 197.37 41879 ± 174.83 40182 ± 367.26 41142 ± 288.41 40015 ± 316.55 

40% 47360 ± 193.35 44837 ± 360.32 39499 ± 351.01 41956 ± 248.17 47469 ± 240.78 44143 ± 442.70 46673 ± 327.51 43580 ± 230.86 

50% 51119 ± 239.80 48969 ± 287.15 41170 ± 251.91 46074 ± 304.19 51359 ± 143.98 48273 ± 247.11 51798 ± 515.73 48336 ± 378.84 

60% 49000 ± 344.40 51247 ± 328.61 42715 ± 231.65 47452 ± 147.17 42658 ± 401.52 51952 ± 184.35 53574 ± 314.95 51630 ± 430.70 

70% 56521 ± 373.69 53715 ± 306.89 45249 ± 298.13 48330 ± 234.55 57407 ± 504.26 54846 ± 321.18 56678 ± 219.79 53602 ± 308.95 

80% 57703 ± 381.82 56287 ± 535.36 46768 ± 255.87 50960 ± 446.56 59865 ± 418.84 56041 ± 423.63 58738 ± 306.75 56818 ± 306.81 

90% 58618 ± 242.92 58360 ± 383.58 47643 ± 351.17 53288 ± 404.50 59706 ± 374.75 59680 ± 472.90 60147 ± 378.35 59496 ± 373.33 

100% 59922 ± 426.41 60713 ± 609.43 46858 ± 261.38 54561 ± 496.16 60408 ± 507.57 59555 ± 433.01 60477 ± 483.11 59864 ± 347.03 
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Appendix B   

Table 9: Average Number of Dead Robots and Standard Deviation for 500 Robots 

Fraction 

of 
Charging 

Stations 

to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 48 ± 10.5 0 ± 0 59 ± 7.9 0 ± 0 130 ± 25.5 0 ± 0 171 ± 35.6 0 ± 0 

20% 53 ± 8.1 0 ± 0 90 ± 21.3 0 ± 0 163 ± 19.4 0 ± 0 180 ± 34.1 0 ± 0 

30% 59 ± 11.5 0 ± 0 143 ± 14.2 0 ± 0 159 ± 27.8 0 ± 0 169 ± 18.6 0 ± 0 

40% 57 ± 9.6 0 ± 0 114 ± 14.8 0 ± 0 180 ± 40.6 0 ± 0 211 ± 21.8 0 ± 0 

50% 56 ± 7.2 0 ± 0 141 ± 18.4 0 ± 0 181 ± 24.5 0 ± 0 200 ± 37.4 0 ± 0 

60% 57 ± 7.9 0 ± 0 141 ± 21.0 0 ± 0 168 ± 42.0 0 ± 0 210 ± 44.7 0 ± 0 

70% 59 ± 5.8 0 ± 0 137 ± 18.9 0 ± 0 192 ± 18.5 0 ± 0 229 ± 37.0 0 ± 0 

80% 57 ± 5.9 0 ± 0 142 ± 17.5 0 ± 0 184 ± 39.7 0 ± 0 212 ± 33.3 0 ± 0 

90% 59 ± 9.1 0 ± 0 132 ± 12.3 0 ± 0 181 ± 24.5 0 ± 0 230 ± 26.0 0 ± 0 

100% 59 ± 8.0 0 ± 0 130 ± 23.9 0 ± 0 156 ± 26.3 0 ± 0 232 ± 40.8 0 ± 0 
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Table 10: Average Number of Dead Robots and Confidence Interval for 500 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 48 ± 2.06 0 ± 0 59 ± 1.55 0 ± 0 130 ± 5.00 0 ± 0 171 ± 6.98 0 ± 0 

20% 53 ± 1.59 0 ± 0 90 ± 4.17 0 ± 0 163 ± 3.80 0 ± 0 180 ± 6.68 0 ± 0 

30% 59 ± 2.25 0 ± 0 143 ± 2.78 0 ± 0 159 ± 5.45 0 ± 0 169 ± 3.65 0 ± 0 

40% 57 ± 1.88 0 ± 0 114 ± 2.90 0 ± 0 180 ± 7.96 0 ± 0 211 ± 4.27 0 ± 0 

50% 56 ± 1.41 0 ± 0 141 ± 3.61 0 ± 0 181 ± 4.80 0 ± 0 200 ± 7.33 0 ± 0 

60% 57 ± 1.55 0 ± 0 141 ± 4.12 0 ± 0 168 ± 8.23 0 ± 0 210 ± 8.76 0 ± 0 

70% 59 ± 1.14 0 ± 0 137 ± 3.70 0 ± 0 192 ± 3.63 0 ± 0 229 ± 7.25 0 ± 0 

80% 57 ± 1.16 0 ± 0 142 ± 3.43 0 ± 0 184 ± 7.78 0 ± 0 212 ± 6.53 0 ± 0 

90% 59 ± 1.78 0 ± 0 132 ± 2.41 0 ± 0 181 ± 4.80 0 ± 0 230 ± 5.10 0 ± 0 

100% 59 ± 1.57 0 ± 0 130 ± 4.68 0 ± 0 156 ± 5.15 0 ± 0 232 ± 8.00 0 ± 0 

 

Table 11: Average Number of Dead Robots and Standard Deviation of 1000 Robots 
Fraction 

of 

Charging 
Stations 

to Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 96 ± 15.8 0 ± 0 134 ± 13.8 0 ± 0 276 ± 34.7 0 ± 0 348 ± 30.1 0 ± 0 

20% 107 ± 18.7 0 ± 0 184 ± 29 0 ± 0 306 ± 27 0 ± 0 397 ± 65.7 0 ± 0 

30% 112 ± 13.4 0 ± 0 231 ± 25.8 0 ± 0 339 ± 52.1 0 ± 0 406 ± 52.6 0 ± 0 

40% 114 ± 8.2 0 ± 0 268 ± 33.2 0 ± 0 356 ± 43.8 0 ± 0 421 ± 18.6 0 ± 0 

50% 109 ± 12.7 0 ± 0 288 ± 26.8 0 ± 0 363 ± 27.9 0 ± 0 426 ± 35.7 0 ± 0 

60% 113 ± 13.3 0 ± 0 256 ± 31.1 0 ± 0 367 ± 40.8 0 ± 0 433 ± 71.7 0 ± 0 

70% 118 ± 7.5 0 ± 0 263 ± 26.9 0 ± 0 374 ± 25.6 0 ± 0 416 ± 61.9 0 ± 0 

80% 117 ± 10.1 0 ± 0 262 ± 23.2 0 ± 0 384 ± 45.9 0 ± 0 412 ± 58.6 0 ± 0 

90% 120 ± 10.6 0 ± 0 278 ± 33.9 0 ± 0 368 ± 41.9 0 ± 0 412 ± 50 0 ± 0 

100% 114 ± 11.8 0 ± 0 269 ± 33.6 0 ± 0 380 ± 39.3 0 ± 0 461 ± 57.2 0 ± 0 
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Table 12: Average Number of Dead Robots and Confidence Interval of 1000 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 96 ± 3.10 0 ± 0 134 ± 2.70 0 ± 0 276 ± 6.80 0 ± 0 348 ± 5.90 0 ± 0 

20% 107 ± 3.67 0 ± 0 184 ± 5.68 0 ± 0 306 ± 5.29 0 ± 0 397 ± 12.88 0 ± 0 

30% 112 ± 2.63 0 ± 0 231 ± 5.06 0 ± 0 339 ± 10.21 0 ± 0 406 ± 10.31 0 ± 0 

40% 114 ± 1.61 0 ± 0 268 ± 6.51 0 ± 0 356 ± 8.58 0 ± 0 421 ± 3.65 0 ± 0 

50% 109 ± 2.49 0 ± 0 288 ± 5.25 0 ± 0 363 ± 5.47 0 ± 0 426 ± 7.00 0 ± 0 

60% 113 ± 2.61 0 ± 0 256 ± 6.10 0 ± 0 367 ± 8.00 0 ± 0 433 ± 14.05 0 ± 0 

70% 118 ± 1.47 0 ± 0 263 ± 5.27 0 ± 0 374 ± 5.02 0 ± 0 416 ± 12.13 0 ± 0 

80% 117 ± 1.98 0 ± 0 262 ± 4.55 0 ± 0 384 ± 9.00 0 ± 0 412 ± 11.49 0 ± 0 

90% 120 ± 2.08 0 ± 0 278 ± 6.64 0 ± 0 368 ± 8.21 0 ± 0 412 ± 9.80 0 ± 0 

100% 114 ± 2.31 0 ± 0 269 ± 6.59 0 ± 0 380 ± 7.70 0 ± 0 461 ± 11.21 0 ± 0 

 

Table 13: Average Number of Dead Robots and Standard Deviation of 1500 Robots 

Fraction 
of 

Charging 

Stations to 
Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 153 ± 24.2 0 ± 0 191 ± 20.1 0 ± 0 402 ± 47.4 0 ± 0 522 ± 45.2 0 ± 0 

20% 159 ± 14.3 0 ± 0 268 ± 13.6 0 ± 0 492 ± 58.7 0 ± 0 527 ± 70.8 0 ± 0 

30% 175 ± 17.5 0 ± 0 336 ± 28.3 0 ± 0 509 ± 50.2 0 ± 0 646 ± 46.6 0 ± 0 

40% 177 ± 15.2 0 ± 0 406 ± 32.8 0 ± 0 512 ± 41.2 0 ± 0 616 ± 69.1 0 ± 0 

50% 179 ± 9.3 0 ± 0 412 ± 28.7 0 ± 0 567 ± 44.7 0 ± 0 669 ± 60.4 0 ± 0 

60% 172 ± 10.8 0 ± 0 406 ± 39.4 0 ± 0 520 ± 44.2 0 ± 0 684 ± 64.3 0 ± 0 

70% 175 ± 13.6 0 ± 0 400 ± 27.1 0 ± 0 564 ± 39.3 0 ± 0 677 ± 50 0 ± 0 

80% 167 ± 13.3 0 ± 0 399 ± 41.2 0 ± 0 543 ± 30.8 0 ± 0 658 ± 51.6 0 ± 0 

90% 175 ± 14.5 0 ± 0 392 ± 41.3 0 ± 0 598 ± 52.3 0 ± 0 700 ± 57.7 0 ± 0 

100% 176 ± 10.6 0 ± 0 423 ± 18 0 ± 0 554 ± 55.9 0 ± 0 659 ± 39.1 0 ± 0 
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Table 14:Average Number of Dead Robots and Confidence Interval of 1500 Robots 
Fraction 

of 

Charging 

Stations 

to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

averag

e 
  

confidence 

interval 

averag

e 
  

confidence 

interval 

10% 153 ± 4.74 0 ± 0 191 ± 3.94 0 ± 0 402 ± 9.29 0 ± 0 522 ± 8.86 0 ± 0 

20% 159 ± 2.80 0 ± 0 268 ± 2.67 0 ± 0 492 ± 11.50 0 ± 0 527 ± 13.88 0 ± 0 

30% 175 ± 3.43 0 ± 0 336 ± 5.55 0 ± 0 509 ± 9.84 0 ± 0 646 ± 9.13 0 ± 0 

40% 177 ± 2.98 0 ± 0 406 ± 6.43 0 ± 0 512 ± 8.08 0 ± 0 616 ± 13.54 0 ± 0 

50% 179 ± 1.82 0 ± 0 412 ± 5.63 0 ± 0 567 ± 8.76 0 ± 0 669 ± 11.84 0 ± 0 

60% 172 ± 2.12 0 ± 0 406 ± 7.72 0 ± 0 520 ± 8.66 0 ± 0 684 ± 12.60 0 ± 0 

70% 175 ± 2.67 0 ± 0 400 ± 5.31 0 ± 0 564 ± 7.70 0 ± 0 677 ± 9.80 0 ± 0 

80% 167 ± 2.61 0 ± 0 399 ± 8.08 0 ± 0 543 ± 6.04 0 ± 0 658 ± 10.11 0 ± 0 

90% 175 ± 2.84 0 ± 0 392 ± 8.09 0 ± 0 598 ± 10.25 0 ± 0 700 ± 11.31 0 ± 0 

100% 176 ± 2.08 0 ± 0 423 ± 3.53 0 ± 0 554 ± 10.96 0 ± 0 659 ± 7.66 0 ± 0 

 

Table 15: Average Number of Dead Robots and Standard Deviation of 2000 Robots 
Fraction 

of 
Charging 

Stations 

to Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 196 ± 28.6 0 ± 0 255 ± 22.5 0 ± 0 573 ± 52.2 0 ± 0 688 ± 56.6 0 ± 0 

20% 223 ± 17.2 0 ± 0 346 ± 27.9 0 ± 0 678 ± 59.1 0 ± 0 751 ± 60.5 0 ± 0 

30% 226 ± 18.2 0 ± 0 350 ± 31.7 0 ± 0 700 ± 37.7 0 ± 0 835 ± 79.6 0 ± 0 

40% 242 ± 12.7 0 ± 0 509 ± 33.7 0 ± 0 728 ± 48 0 ± 0 853 ± 59.2 0 ± 0 

50% 230 ± 14.1 0 ± 0 569 ± 30.1 0 ± 0 720 ± 79.1 0 ± 0 860 ± 84 0 ± 0 

60% 213 ± 15.8 0 ± 0 550 ± 35.7 0 ± 0 553 ± 78 0 ± 0 728 ± 53.3 0 ± 0 

70% 228 ± 15 0 ± 0 534 ± 36.4 0 ± 0 724 ± 69.2 0 ± 0 902 ± 47.6 0 ± 0 

80% 237 ± 9.1 0 ± 0 551 ± 25.9 0 ± 0 750 ± 61.1 0 ± 0 958 ± 52.8 0 ± 0 

90% 231 ± 19.7 0 ± 0 532 ± 45.6 0 ± 0 747 ± 69.6 0 ± 0 898 ± 79.1 0 ± 0 

100% 225 ± 15.1 0 ± 0 515 ± 36.5 0 ± 0 754 ± 41.4 0 ± 0 894 ± 102.5 0 ± 0 
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Table 16:Average Number of Dead Robots and Confidence Interval of 2000 Robots 

Fraction 

of Charging 

Stations to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 196 ± 5.61 0 ± 0 255 ± 4.41 0 ± 0 573 ± 10.23 0 ± 0 688 ± 11.09 0 ± 0 

20% 223 ± 3.37 0 ± 0 346 ± 5.47 0 ± 0 678 ± 11.58 0 ± 0 751 ± 11.86 0 ± 0 

30% 226 ± 3.57 0 ± 0 350 ± 6.21 0 ± 0 700 ± 7.39 0 ± 0 835 ± 15.60 0 ± 0 

40% 242 ± 2.49 0 ± 0 509 ± 6.61 0 ± 0 728 ± 9.41 0 ± 0 853 ± 11.60 0 ± 0 

50% 230 ± 2.76 0 ± 0 569 ± 5.90 0 ± 0 720 ± 15.50 0 ± 0 860 ± 16.46 0 ± 0 

60% 213 ± 3.10 0 ± 0 550 ± 7.00 0 ± 0 553 ± 15.29 0 ± 0 728 ± 10.45 0 ± 0 

70% 228 ± 2.94 0 ± 0 534 ± 7.13 0 ± 0 724 ± 13.56 0 ± 0 902 ± 9.33 0 ± 0 

80% 237 ± 1.78 0 ± 0 551 ± 5.08 0 ± 0 750 ± 11.98 0 ± 0 958 ± 10.35 0 ± 0 

90% 231 ± 3.86 0 ± 0 532 ± 8.94 0 ± 0 747 ± 13.64 0 ± 0 898 ± 15.50 0 ± 0 

100% 225 ± 2.96 0 ± 0 515 ± 7.15 0 ± 0 754 ± 8.11 0 ± 0 894 ± 20.09 0 ± 0 
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Appendix C   

Table 17: Average Wait Time and Standard Deviation for 500 Robots 
Fraction 

of 
Charging 

Stations 

to 
Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 
3339.06 ± 76.54 3834.16 ± 28.51 360.80 ± 31.79 3416.44 ± 42.09 3462.50 ± 65.02 3859.97 ± 38.59 3490.10 ± 62.17 3839.11 ± 45.10 

20% 
2483.69 ± 63.91 3223.99 ± 50.91 626.90 ± 54.63 2586.33 ± 77.18 2614.68 ± 41.13 3229.21 ± 45.17 2685.21 ± 43.58 3244.85 ± 61.87 

30% 
1844.07 ± 90.37 2797.06 ± 60.48 818.70 ± 46.70 1930.74 ± 96.50 2007.05 ± 59.25 2832.86 ± 72.77 2070.95 ± 53.60 2815.64 ± 67.79 

40% 
1849.72 ± 56.51 2471.87 ± 119.34 671.70 ± 45.28 1532.41 ± 74.80 1541.16 ± 25.87 2426.67 ± 56.86 1569.36 ± 65.22 2381.11 ± 81.55 

50% 
1125.84 ± 67.91 2209.36 ± 107.94 954.00 ± 35.99 1155.73 ± 141.57 1241.18 ± 96.84 2167.00 ± 89.59 1293.74 ± 52.02 2155.20 ± 72.21 

60% 
1123.04 ± 83.50 1974.22 ± 145.60 941.40 ± 22.66 887.12 ± 83.11 1006.53 ± 70.45 1878.53 ± 126.73 1076.95 ± 64.69 1948.82 ± 40.07 

70% 
750.04 ± 37.73 1716.95 ± 102.68 890.40 ± 19.70 704.88 ± 59.82 845.35 ± 56.22 1719.96 ± 90.12 876.72 ± 61.81 1710.43 ± 65.76 

80% 
636.38 ± 35.58 1705.61 ± 83.90 865.40 ± 19.06 598.71 ± 56.62 750.06 ± 36.21 1527.11 ± 54.62 800.20 ± 40.01 1545.63 ± 98.51 

90% 
557.29 ± 59.56 1448.03 ± 95.20 828.40 ± 27.68 494.85 ± 23.70 622.73 ± 46.42 1426.52 ± 124.34 631.89 ± 62.33 1410.92 ± 38.98 

100% 
475.44 ± 56.59 1275.24 ± 80.21 803.40 ± 13.85 462.86 ± 31.30 550.63 ± 49.86 1277.24 ± 78.60 579.56 ± 37.92 1315.65 ± 68.17 
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Table 18: Average Wait Time and Confidence Interval for 500 Robots 
Fraction 

of 

Charging 

Stations to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 3339.06 ± 47.44 3834.16 ± 17.67 360.80 ± 19.70 3416.44 ± 26.09 3462.50 ± 40.30 3859.97 ± 23.92 3490.10 ± 38.53 3839.11 ± 27.95 

20% 2483.69 ± 39.61 3223.99 ± 31.55 626.90 ± 33.86 2586.33 ± 47.84 2614.68 ± 25.49 3229.21 ± 27.99 2685.21 ± 27.01 3244.85 ± 38.35 

30% 1844.07 ± 56.01 2797.06 ± 37.48 818.70 ± 28.95 1930.74 ± 59.81 2007.05 ± 36.72 2832.86 ± 45.10 2070.95 ± 33.22 2815.64 ± 42.02 

40% 1849.72 ± 35.03 2471.87 ± 73.97 671.70 ± 28.06 1532.41 ± 46.36 1541.16 ± 16.03 2426.67 ± 35.24 1569.36 ± 40.43 2381.11 ± 50.55 

50% 1125.84 ± 42.09 2209.36 ± 66.90 954.00 ± 22.31 1155.73 ± 87.75 1241.18 ± 60.02 2167.00 ± 55.53 1293.74 ± 32.24 2155.20 ± 44.76 

60% 1123.04 ± 51.76 1974.22 ± 90.24 941.40 ± 14.04 887.12 ± 51.51 1006.53 ± 43.66 1878.53 ± 78.55 1076.95 ± 40.09 1948.82 ± 24.83 

70% 750.04 ± 23.38 1716.95 ± 63.64 890.40 ± 12.21 704.88 ± 37.07 845.35 ± 34.85 1719.96 ± 55.86 876.72 ± 38.31 1710.43 ± 40.76 

80% 636.38 ± 22.05 1705.61 ± 52.00 865.40 ± 11.81 598.71 ± 35.09 750.06 ± 22.44 1527.11 ± 33.85 800.20 ± 24.80 1545.63 ± 61.05 

90% 557.29 ± 36.91 1448.03 ± 59.01 828.40 ± 17.15 494.85 ± 14.69 622.73 ± 28.77 1426.52 ± 77.07 631.89 ± 38.63 1410.92 ± 24.16 

100% 475.44 ± 35.08 1275.24 ± 49.71 803.40 ± 8.59 462.86 ± 19.40 550.63 ± 30.90 1277.24 ± 48.72 579.56 ± 23.50 1315.65 ± 42.25 

 

Table 19: Average Wait Time and Standard Deviation for 1000 Robots 
Fraction 

of 

Charging 

Stations to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 3332.91 ± 64.19 3672.22 ± 30.99 731.40 ± 34.66 3434.44 ± 34.86 3473.21 ± 34.26 3860.98 ± 26.21 3506.97 ± 33.02 3837.76 ± 20.96 

20% 2481.17 ± 61.62 3228.30 ± 30.65 1264.60 ± 55.19 2625.14 ± 51.62 2642.43 ± 31.47 3262.18 ± 46.20 2692.97 ± 30.15 3263.03 ± 35.13 

30% 1871.07 ± 56.65 2814.80 ± 47.63 1650.30 ± 35.27 1984.38 ± 30.27 2030.71 ± 29.58 2831.50 ± 38.50 2060.73 ± 30.35 2792.49 ± 59.56 

40% 1427.20 ± 38.65 2488.18 ± 25.03 1853.90 ± 32.92 1525.92 ± 72.32 1544.16 ± 47.99 2486.40 ± 38.16 1599.66 ± 48.29 2441.93 ± 56.04 

50% 1133.02 ± 54.15 2175.37 ± 52.18 1934.40 ± 18.35 1177.76 ± 59.65 1254.80 ± 64.19 2192.43 ± 57.42 1301.89 ± 31.47 2190.98 ± 20.34 

60% 893.30 ± 44.92 1960.22 ± 49.06 1917.60 ± 12.39 883.33 ± 60.39 1024.80 ± 42.03 1948.26 ± 35.93 1058.25 ± 34.53 1869.19 ± 154.23 

70% 778.04 ± 50.06 1764.83 ± 40.23 1830.80 ± 14.12 722.63 ± 41.20 825.93 ± 32.33 1778.45 ± 68.70 894.37 ± 51.31 1610.02 ± 43.68 

80% 651.38 ± 32.79 1573.16 ± 37.23 1740.40 ± 13.81 583.01 ± 46.35 722.75 ± 41.49 1565.87 ± 52.75 764.81 ± 43.04 1449.21 ± 51.60 

90% 563.26 ± 29.38 1430.85 ± 49.72 1666.90 ± 8.39 522.56 ± 22.60 622.65 ± 55.40 1479.59 ± 51.26 650.33 ± 28.12 1443.13 ± 51.53 

100% 481.05 ± 21.68 1337.66 ± 47.54 1594.70 ± 12.21 483.70 ± 21.25 539.62 ± 33.93 1347.88 ± 42.68 612.39 ± 45.10 1337.62 ± 28.84 

 



 76 

Table 20: Average Wait Time and Confidence Interval for 1000 Robots 
Fraction 

of 

Charging 

Stations 

to Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 3332.91 ± 39.79 3672.22 ± 19.21 731.40 ± 21.48 3434.44 ± 21.61 3473.21 ± 21.24 3860.98 ± 16.24 3506.97 ± 20.46 3837.76 ± 12.99 

20% 2481.17 ± 38.19 3228.30 ± 19.00 1264.60 ± 34.21 2625.14 ± 31.99 2642.43 ± 19.50 3262.18 ± 28.63 2692.97 ± 18.69 3263.03 ± 21.77 

30% 1871.07 ± 35.11 2814.80 ± 29.52 1650.30 ± 21.86 1984.38 ± 18.76 2030.71 ± 18.33 2831.50 ± 23.86 2060.73 ± 18.81 2792.49 ± 36.91 

40% 1427.20 ± 23.95 2488.18 ± 15.52 1853.90 ± 20.40 1525.92 ± 44.83 1544.16 ± 29.74 2486.40 ± 23.65 1599.66 ± 29.93 2441.93 ± 34.73 

50% 1133.02 ± 33.56 2175.37 ± 32.34 1934.40 ± 11.37 1177.76 ± 36.97 1254.80 ± 39.78 2192.43 ± 35.59 1301.89 ± 19.51 2190.98 ± 12.61 

60% 893.30 ± 27.84 1960.22 ± 30.41 1917.60 ± 7.68 883.33 ± 37.43 1024.80 ± 26.05 1948.26 ± 22.27 1058.25 ± 21.40 1869.19 ± 95.59 

70% 778.04 ± 31.03 1764.83 ± 24.93 1830.80 ± 8.75 722.63 ± 25.53 825.93 ± 20.04 1778.45 ± 42.58 894.37 ± 31.80 1610.02 ± 27.07 

80% 651.38 ± 20.32 1573.16 ± 23.08 1740.40 ± 8.56 583.01 ± 28.73 722.75 ± 25.72 1565.87 ± 32.70 764.81 ± 26.68 1449.21 ± 31.98 

90% 563.26 ± 18.21 1430.85 ± 30.82 1666.90 ± 5.20 522.56 ± 14.01 622.65 ± 34.34 1479.59 ± 31.77 650.33 ± 17.43 1443.13 ± 31.94 

100% 481.05 ± 13.44 1337.66 ± 29.46 1594.70 ± 7.57 483.70 ± 13.17 539.62 ± 21.03 1347.88 ± 26.45 612.39 ± 27.95 1337.62 ± 17.87 

 

Table 21:Average Wait Time and Standard Deviation for 1500 Robots 

Fraction of 

Charging 

Stations to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 3306.88 ± 63.15 3853.47 ± 21.84 1094.10 ± 38.92 3456.67 ± 29.64 3493.01 ± 27.42 3866.66 ± 31.75 3525.20 ± 18.85 3856.36 ± 23.88 

20% 2492.99 ± 36.89 3263.10 ± 48.60 1908.50 ± 21.75 2613.88 ± 59.68 2634.59 ± 29.85 3255.40 ± 44.11 2714.47 ± 25.77 3277.30 ± 43.61 

30% 1830.45 ± 41.77 2805.68 ± 65.82 2453.70 ± 27.38 2032.36 ± 47.47 1988.65 ± 28.60 2803.43 ± 30.42 2066.24 ± 33.54 2825.42 ± 45.01 

40% 1416.34 ± 37.15 2470.57 ± 35.37 2760.20 ± 23.55 1541.28 ± 44.24 1545.71 ± 23.74 2448.48 ± 44.87 1619.49 ± 40.87 2486.70 ± 39.80 

50% 1122.36 ± 29.60 2181.53 ± 38.47 2914.90 ± 13.89 1170.93 ± 56.83 1237.31 ± 42.79 2206.89 ± 52.02 1307.67 ± 41.88 2227.89 ± 47.06 

60% 911.85 ± 24.59 1956.38 ± 36.41 2887.70 ± 16.29 929.90 ± 47.13 1029.80 ± 22.54 1950.90 ± 29.05 1089.96 ± 76.68 1958.79 ± 39.39 

70% 774.42 ± 37.52 1796.25 ± 52.00 2767.40 ± 6.56 718.73 ± 35.17 850.98 ± 29.37 1771.93 ± 46.60 909.72 ± 60.07 1786.66 ± 32.82 

80% 658.07 ± 28.20 1782.20 ± 39.48 2625.10 ± 9.72 596.27 ± 38.48 711.94 ± 36.73 1598.70 ± 41.93 776.25 ± 25.24 1604.97 ± 41.46 

90% 572.37 ± 16.95 1797.27 ± 52.29 2506.90 ± 12.59 526.57 ± 160.12 625.31 ± 30.14 1488.23 ± 39.35 680.71 ± 23.41 1502.13 ± 24.15 

100% 488.99 ± 27.79 1374.99 ± 33.25 2408.30 ± 11.99 490.38 ± 15.67 551.72 ± 24.06 1372.31 ± 27.42 596.34 ± 36.38 1384.35 ± 29.22 
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Table 22: Average Wait Time and Confidence Interval for 1500 Robots 

Fraction 

of Charging 

Stations to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 3306.88 ± 39.14 3853.47 ± 13.54 1094.10 ± 24.12 3456.67 ± 18.37 3493.01 ± 17.00 3866.66 ± 19.68 3525.20 ± 11.69 3856.36 ± 14.80 

20% 2492.99 ± 22.86 3263.10 ± 30.12 1908.50 ± 13.48 2613.88 ± 36.99 2634.59 ± 18.50 3255.40 ± 27.34 2714.47 ± 15.97 3277.30 ± 27.03 

30% 1830.45 ± 25.89 2805.68 ± 40.79 2453.70 ± 16.97 2032.36 ± 29.42 1988.65 ± 17.73 2803.43 ± 18.86 2066.24 ± 20.79 2825.42 ± 27.90 

40% 1416.34 ± 23.03 2470.57 ± 21.92 2760.20 ± 14.60 1541.28 ± 27.42 1545.71 ± 14.71 2448.48 ± 27.81 1619.49 ± 25.33 2486.70 ± 24.67 

50% 1122.36 ± 18.35 2181.53 ± 23.85 2914.90 ± 8.61 1170.93 ± 35.22 1237.31 ± 26.52 2206.89 ± 32.24 1307.67 ± 25.96 2227.89 ± 29.17 

60% 911.85 ± 15.24 1956.38 ± 22.56 2887.70 ± 10.10 929.90 ± 29.21 1029.80 ± 13.97 1950.90 ± 18.01 1089.96 ± 47.52 1958.79 ± 24.41 

70% 774.42 ± 23.26 1796.25 ± 32.23 2767.40 ± 4.06 718.73 ± 21.80 850.98 ± 18.20 1771.93 ± 28.88 909.72 ± 37.23 1786.66 ± 20.34 

80% 658.07 ± 17.48 1782.20 ± 24.47 2625.10 ± 6.03 596.27 ± 23.85 711.94 ± 22.77 1598.70 ± 25.99 776.25 ± 15.64 1604.97 ± 25.70 

90% 572.37 ± 10.50 1797.27 ± 32.41 2506.90 ± 7.80 526.57 ± 19.24 625.31 ± 18.68 1488.23 ± 24.39 680.71 ± 14.51 1502.13 ± 14.97 

100% 488.99 ± 17.22 1374.99 ± 20.61 2408.30 ± 7.43 490.38 ± 9.71 551.72 ± 14.91 1372.31 ± 17.00 596.34 ± 22.55 1384.35 ± 18.11 

 

Table 23:Average Wait Time and Standard Deviation for 2000 Robots 

Fraction 

of 

Charging 

Stations to 

Robots 

Case1 Case2 Case3a Case3b Case4a Case4b Case 5a Case5b 

 average  
Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard 

Deviation 
average  

Standard  

Deviation 
average  

Standard 

Deviation 

10% 3318.76 ± 56.22 3851.70 ± 12.81 1464.50 ± 29.74 3431.22 ± 27.47 3477.73 ± 21.76 3866.09 ± 20.55 3530.13 ± 17.26 3858.04 ± 28.69 

20% 2472.44 ± 37.71 3275.46 ± 25.45 2559.00 ± 24.52 2610.94 ± 27.90 2630.59 ± 24.78 3290.12 ± 38.41 2706.09 ± 20.85 3265.75 ± 24.72 

30% 1863.10 ± 44.62 2854.40 ± 23.16 2550.40 ± 25.89 1998.49 ± 49.30 1994.33 ± 21.88 2846.13 ± 26.19 2071.91 ± 20.69 2829.93 ± 31.62 

40% 1420.19 ± 23.12 2487.16 ± 36.06 3713.40 ± 27.35 1511.23 ± 59.53 1527.93 ± 22.04 2502.52 ± 50.27 1618.94 ± 24.35 2498.43 ± 27.16 

50% 1121.79 ± 18.11 2230.53 ± 40.81 3898.50 ± 13.23 1184.49 ± 45.34 1252.78 ± 24.43 2231.73 ± 38.46 1281.99 ± 79.56 2244.96 ± 35.94 

60% 840.35 ± 22.16 2003.26 ± 27.15 3873.70 ± 14.09 928.06 ± 37.90 1005.88 ± 26.14 1999.80 ± 28.82 1051.91 ± 46.43 1993.76 ± 47.81 

70% 768.28 ± 31.05 1803.34 ± 44.72 3677.40 ± 10.23 756.80 ± 42.20 847.14 ± 36.30 1825.84 ± 29.66 892.90 ± 34.04 1809.70 ± 52.59 

80% 643.64 ± 25.77 1687.44 ± 38.03 3503.30 ± 9.33 637.81 ± 36.97 721.30 ± 22.77 1662.21 ± 57.21 754.93 ± 27.56 1676.84 ± 41.14 

90% 567.40 ± 20.18 1528.06 ± 28.65 3360.60 ± 7.33 540.43 ± 13.16 643.95 ± 27.93 1501.02 ± 22.80 662.79 ± 39.73 1514.55 ± 32.53 

100% 496.65 ± 21.44 1387.99 ± 40.58 3225.30 ± 10.46 508.95 ± 12.65 536.46 ± 33.20 1424.37 ± 50.98 576.97 ± 23.94 1413.97 ± 41.26 
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Table 24: Average Wait Time and Confidence Interval for 2000 Robots 
Fraction 

of 

Charging 

Stations to 

Robots 

Case1 

  

Case2 

  

Case3a 

  

Case3b 

  

Case4a 

  

Case4b 

  

Case5a 

  

Case5b 

  

  average   
confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 
average   

confidence 

interval 

10% 3318.76 ± 34.84 3851.70 ± 7.94 1464.50 ± 18.43 3431.22 ± 17.02 3477.73 ± 13.49 3866.09 ± 12.74 3530.13 ± 10.70 3858.04 ± 17.78 

20% 2472.44 ± 23.37 3275.46 ± 15.77 2559.00 ± 15.20 2610.94 ± 17.29 2630.59 ± 15.36 3290.12 ± 23.81 2706.09 ± 12.92 3265.75 ± 15.32 

30% 1863.10 ± 27.65 2854.40 ± 14.35 2550.40 ± 16.05 1998.49 ± 30.55 1994.33 ± 13.56 2846.13 ± 16.23 2071.91 ± 12.82 2829.93 ± 19.60 

40% 1420.19 ± 14.33 2487.16 ± 22.35 3713.40 ± 16.95 1511.23 ± 36.90 1527.93 ± 13.66 2502.52 ± 31.16 1618.94 ± 15.09 2498.43 ± 16.83 

50% 1121.79 ± 11.23 2230.53 ± 25.29 3898.50 ± 8.20 1184.49 ± 28.10 1252.78 ± 15.14 2231.73 ± 23.84 1281.99 ± 49.31 2244.96 ± 22.28 

60% 840.35 ± 13.73 2003.26 ± 16.83 3873.70 ± 8.73 928.06 ± 23.49 1005.88 ± 16.20 1999.80 ± 17.86 1051.91 ± 28.77 1993.76 ± 29.63 

70% 768.28 ± 19.24 1803.34 ± 27.72 3677.40 ± 6.34 756.80 ± 26.16 847.14 ± 22.50 1825.84 ± 18.39 892.90 ± 21.10 1809.70 ± 32.60 

80% 643.64 ± 15.97 1687.44 ± 23.57 3503.30 ± 5.78 637.81 ± 22.91 721.30 ± 14.11 1662.21 ± 35.46 754.93 ± 17.08 1676.84 ± 25.50 

90% 567.40 ± 12.51 1528.06 ± 17.76 3360.60 ± 4.54 540.43 ± 8.16 643.95 ± 17.31 1501.02 ± 14.13 662.79 ± 24.63 1514.55 ± 20.16 

100% 496.65 ± 13.29 1387.99 ± 25.15 3225.30 ± 6.48 508.95 ± 7.84 536.46 ± 20.58 1424.37 ± 31.60 576.97 ± 14.84 1413.97 ± 25.57 
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