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Executive Summary  

This deliverable presents the outcomes of Task T3.4 of WP3 (Energy Aware 
Scheduling methods for swarm). The research explores AI-based Energy 
Harvesting Aware Path Planning and Energy-Aware (EA) Multi-Robot Task 
Scheduling for ambiently powered robot swarms. The focus is on optimizing 
energy consumption while ensuring reliable task completion and maximizing 
operational efficiency. 

The first part of the research investigates Energy-Aware Multi-Robot Scheduling 
using Heuristic Optimization methods for Ambiently-Powered Robot Swarms. This 
work integrates energy harvesting awareness into the task-scheduling process, 
aiming to minimize energy consumption and ensuring timely task completion. The 
proposed approach employs a centralized and autonomous architecture to 
handle Sequence-Dependent Setup Time (SDST) job shop scheduling demands. 
Key strategies include energy consumption estimation, charging contingency 
planning, and energy harvesting prediction, all of which minimize overall task 
execution time. To optimize the problem, Adaptive Particle Swarm Optimization 
(APSO), Particle Swarm Optimization (PSO), and Genetic Algorithm (GA) have been 
adopted. A case study was conducted using a Heterogeneous Pick Drop Delivery 
(HPDD) scenario inside a warehouse. The study was conducted utilizing the 
TurtelBot3 burger robot model within the Robotic Operating System (ROS) and 
Gazebo simulation environment. Simulation results demonstrated a 15% reduction 
in task completion time using the EA solution for multi-robot scheduling and task 
allocation problems, compared to Energy-Unaware (EU) methods, thus validating 
the approach’s effectiveness.  

The second part of the research focuses on Energy-Aware Path Planning for 
swarm robotics, where tasks are dynamically allocated based on energy 
availability. This work proposes the use of meta-heuristic methods, like GA and 
APSO for optimal EA task scheduling , and reinforcement learning (RL) for AI-
based Energy Harvesting Aware Path Planning. The RL-based intelligent 
navigation algorithm aims to balance the objectives of minimizing travel distance 
and maximizing energy harvested. A comparative study was conducted using 
various RL techniques in simulated environments, evaluating performance based 
on several criteria. The results of this comparative study provide valuable insights 
into selecting optimal RL techniques for energy-efficient swarm robotics. Overall, 
the integration of energy harvesting into swarm navigation significantly enhances 
both the autonomy and mission success of robotic swarms, particularly in 
environments where recharging opportunities are limited. 

  



 

 

1. Introduction 

The advancements in robotics have led to the development of swarm robotics, 
where multiple robots work collaboratively to accomplish certain tasks efficiently. 
Swarm robotics shows significant potential in various applications, including pick-
up and delivery services. For instance, in a factory setting, delivery robots can 
transport goods and materials from one point to another. However, efficient task 
scheduling in a swarm of delivery robots presents a challenging problem due to 
the dynamic environment and the need to handle heterogeneous tasks.  

Multi-Robot Task Allocation (MRTA) algorithms are often customized to address 
specific challenges encountered by multi-robot teams within their operational 
environment. A major challenge for current multi-robot systems is the limited 
capacity of their batteries, which act as the primary power source. Researchers are 
exploring various solutions to address this limitation [28], especially for 
applications that require efficient utilization of robots over extended durations [26]. 

Energy-Aware (EA) scheduling in a swarm of robots involves scheduling multiple 
agents to accomplish tasks while optimizing energy consumption [21]. Robots 
equipped with energy harvesting capabilities are particularly suited for this 
approach, as they can collect energy from their environment [14], using 
mechanisms like solar panels, wind turbines, or kinetic energy converters. These 
energy-harvesting robots reduce their dependency on traditional energy sources. 
By integrating EA scheduling, the system can dynamically adapt task allocation to 
energy constraints and task requirements [4], thus minimizing charging times and 
avoiding battery depletion. This enhances operational reliability and reduces 
overall task completion time. 

Providing energy for a swarm of robots is as crucial as the tasks themselves 
because it directly affects their endurance and ability to operate over extended 
periods. In this work, the proposed scheduling algorithm incorporates a predicted 
model of the energy consumption of individual robots, in conjunction with the total 
energy consumption of the swarm. Charging is treated as a priority task, which is 
planned for by the scheduling algorithm. 

Given the complexity of scheduling problems - many of which are NP-hard [25] - 
a common approach to optimizing these tasks is the use of heuristic methods. 
There must be a balance between the computational burden and the schedule 
timing to ensure a compromise between precise solutions and fast response 
times. Selecting the appropriate optimization algorithm is critical [31]. Among 
these, Adaptive Particle Swarm Optimization (APSO) has demonstrated efficiency 
due to its multiple adaptive controls, resulting in faster convergence and more 
precise solutions, especially for complex optimization problems [33]. 

To address the challenges of resource management and task scheduling 
constraints, this work proposes a novel Energy-Aware Sequence-Dependent 
Setup Time (EASDST) open job shop scheduling method, which also considers  



 

 

Travel Time (TT). The algorithm collects data from the robots, including current 
positions and battery levels, and makes predictions about energy harvesting and 
task completion times in collaboration with the robots themselves. The problem is 
optimized using APSO, and its performance is compared against the Particle 
Swarm Optimization (PSO) [8] and Genetic Algorithm (GA) [1]. The objective is to 
minimize the total task completion time. Although the proposed scheduling 
algorithm is generalized for multiple use cases, the current focus is on a 
Heterogeneous Pick, Drop, and Delivery (HPDD) setting in a warehouse. The 
system is designed and evaluated using ROS [24] and the Gazebo simulator [3]. 

The work also introduces a distributed scheduling framework in which each device 
autonomously decides when to execute its available tasks (e.g., sensing, AI-based 
data processing, or data dissemination). These decisions are based on energy 
constraints and swarm-wide objectives (e.g., exploring an area or detecting an 
object). For this, the complex collaborative behaviour of swarms is divided into 
smaller atomic subtasks, which can be distributed across devices and scheduled 
individually, as studied in T3.3. The energy consumption and interdependencies 
between subtasks are modelled and considered by the scheduler. This scheduling 
problem can be formulated as a distributed Mixed Integer Linear Program (MILP), 
which, given its NP-hardness, requires fast practical heuristics. As swarm-wide 
objectives must be achieved, each robot must  observe the behaviour of 
neighbouring robots and adapt accordingly. This can be accomplished through 
direct observations using sensors or cameras, or through information exchange. 
This task also investigates the trade-offs between observation methods, balancing 
accuracy and communication overhead. 

  



 

 

2. Key Performance Indicators (KPIs) 

The KPI defined for T3.4 for the DoA is “target for successful collaborative task 
execution on field devices > 95%”. According to the results in Section 4.3.3, Large-
scale Simulation Results, the target for successful collaborative task execution on 
field devices is theoretically 100% and practically (i.e., using the well-known ROS 
and Gazebo simulators) above 99%. In the evaluation, which included over 1,000 
different trials, we did not encounter any incomplete tasks, as the task scheduler 
accounted for energy drainage and scheduled recharging accordingly. These 
findings indicate strong reliability and robustness, supporting the feasibility of real-
world deployment with minimal risk of task failure. 

However, due to an error in the final version of the DoA, another KPI was ultimately 
listed for T3.4, as “target average current draw of field device < 100µA”. This KPI 
is instead addressed in Section 7 of D4.1. Here we developed a low-power 
controller for mobile robots that successfully reduced the power consumption of 
a sleeping robot to just 26.2 µW (i.e., 6.9 µA considering the 3.8V terminal voltage). 
This work introduces an Energy Management Module which can manage the 
robot idle period energy consumption using an ultra-low power Bluetooth 
connection. This achievement further enhances the energy efficiency of our 
system, making it more suitable for practical applications.   



 

 

 

3. Technology Readiness Level (TRL) 

The work on energy-aware task scheduling (Section 6), was at TRL 2 (Technology 
concept formulated) at project start, and was evolved to TRL 3 (Experimental proof 
of concept) during the execution of T3.4. The goal by the end of the project is to 
integrate the energy-aware scheduler into one of the project PoCs, aiming for TRL 
4 or 5. This will involve demonstrating the system’s functionality in a relevant 
environment, moving us closer to practical application and validation. 

The work on energy harvesting aware path planning is at an earlier stage, and was 
at TRL 1 (Basic principles observed) at project start. It has been evolved to TRL 2 
(Technology concept formulated) during the execution of T3.4.  
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5. Background 

To understand the methods and results presented in this work, this chapter 
provides an overview of important topics and several key concepts.. 

5.1. Ambiently-Powered Robot Swarms 
Ambiently-powered robotic swarms refer to groups of robots that harvest energy 
from their surroundings, such as solar, thermal, or Radio Frequency (RF) energy. 
These robots are often deployed in scenarios where continuous recharging from 
traditional sources is infeasible, such as remote areas, hazardous environments, or 
space exploration. By autonomous harvesting energy, they operate for extended 
durations, completing tasks in areas with limited or no human intervention, or 
where conventional energy infrastructure is absent. 

5.2. AI-based Energy Harvesting Aware Path Planning 
Path planning for robotic swarms typically focuses on determining optimal routes 
to complete tasks while minimizing energy consumption and maximizing 
efficiency. In the context of ambiently-powered robots, path planning must 
account for fluctuating energy availability from the environment. AI-based path 
planning, particularly machine learning and deep learning, enhance this 
dynamically adjusting robot paths to optimize both energy consumption and task 
completion based on predicted energy availability. To achieve this primary goal, 
robots are guided through routes that allow them to collect energy while 
maintaining task completion efficiency. The challenge lies in balancing between 
task accomplishment reliability and the constraints of harvested energy. 
Environmental conditions (e.g., cloud cover affecting solar energy) can cause 
energy levels to fluctuate, requiring dynamic adjustments. Therefore, AI models 
that can predict energy availability by analyzing environmental factors and 
historical data need to be taken into account. Deep reinforcement learning and 
neural networks can help the swarm adapt in real-time, allowing robots to 
recharge opportunistically during missions and adjust paths based on energy 
collection opportunities. 

5.3. Energy-Aware Multi-Robot Task Scheduling 
Energy-aware multi-robot task scheduling allocates tasks to multiple robots while 
accounting for their current energy levels, task priorities, and energy harvesting 
potential. In ambiently-powered swarms, additional complexities arise, as tasks 



 

 

may need to be reassigned dynamically based on robots’ energy reserves and 
charging needs. 

The goal here is to maximize the overall task accomplishment while minimizing 
the swarm task completion time. Tasks must be assigned in a way that considers 
both the current energy status of each robot and its potential to harvest energy 
during task execution. Meta-heuristic optimization methods, such as GA, PSO, and 
ant colony optimization (ACO), are commonly applied to this problem. These 
methods explore vast solution spaces to find optimal or near-optimal task 
allocation strategies that account for the dynamic and uncertain nature of ambient 
energy harvesting. Additionally, RL can be used to adapt the swarm to its 
environment in real-time. 

5.4. Energy Consumption Reduction and Environmental 
Impact 

Managing energy consumption is critical for ambiently-powered swarms, as their 
energy comes from unpredictable and sometimes scarce sources. AI-based path 
planning and task scheduling, combined with meta-heuristic optimization, help 
minimize the overall energy consumption of the swarm. 

Ambiently-powered swarms reduce reliance on fossil fuels or battery 
replacement, lowering their environmental impact. By harvesting energy from 
renewable sources, these swarms can operate sustainably for long-term missions, 
significantly reducing operational costs by eliminating the need for manual 
recharging or battery replacements. Additionally, optimized task scheduling and 
path planning ensure that energy usage is kept to a minimum, preventing 
unnecessary expenditures on energy and maximizing the lifespan of robots. 

5.5. Reinforcement learning 
Machine learning (ML) is a field of computer science that enables computers to 
learn autonomously without explicit programming [83, 85]. At its core, there are 
three main groups of algorithms: supervised learning, unsupervised learning and 
RL [78]. 

In the first two categories of machine learning, data is gathered before the actual 
learning begins. In supervised learning, the algorithm learns from a labelled 
dataset. This means the model is trained with data consisting of input and the 
corresponding output. The model learns to make accurate predictions on new, 
unseen data by mapping the inputs to the outputs of the known labelled data. In 
unsupervised learning the algorithm learns from unlabelled data. Here, the model 
trains to find patterns, structures or groupings within the given data without any 
explicit guidance. 

The last category of machine learning is RL, which also requires data to learn from. 
However, unlike the previous categories, this data not collected beforehand but 
instead is generated during the learning process [62]. 



 

 

RL is a type of ML technique that enables an agent to learn in an interactive 
environment using feedback from its own actions and experiences [70, 48]. In 
Figure 1 you will find a schema of a basic RL algorithm [43]. As you can see, there 
is an agent in a current state, that can perform an action. The environment will then 
respond to that action by providing a new state and interpreting that new state to 
generate a reward with the help of a reward function. This reward is what the agent 
tries to maximize which means it is what the agent will use to learn. This new state 
and reward are then passed along back to the agent, so it can decide what the 
next action will be and the learning process can continue. 

The strategy the agent uses to decide which action it will take is called the policy. 
The purpose of an RL agent is to learn an optimal, or near-optimal, policy that 
maximizes the reward function. To build an optimal policy, the agent faces the 
Exploration vs Exploitation dilemma [62, 48]. On one hand, the agent wants to 
explore new states in the environment, allowing it to improve its current 
knowledge about each action (Exploration). 

 
Figure 1. Reinforcement Learning Diagram [43] 

And on the other hand, the agent also wants to maximize the overall reward 
(Exploitation). However, being greedy and only focusing on maximizing rewards 
may not actually get the most reward and lead to sub-optimal behavior. It is thus 
essential to balance between both exploration and exploitation. 

There are three different types of RL implementations acknowledged: policy-
based, value based, and model-based [43]. Policy-based RL focuses on 
developing a policy, or a deterministic/stochastic strategy, to maximize the 
cumulative reward. Next, value-based RL aims to maximize a value function that 
represents the expected reward. Lastly, model-based RL involves constructing a 
virtual model of a particular environment, allowing the agent to learn and operate 
within the environment’s constraints. Another important way to categorize RL 
algorithms is by whether they are model-free or model-based [84]. Model-based 
RL builds a model of the environment to simulate outcomes before actions are 
taken. 



 

 

Specific challenges in RL have led to the development of advanced techniques, 
like multi-objective RL [57], which handles conflicting objectives, and distributed 
RL [54], which involves multiple agents learning concurrently in a shared 
environment. Another technique, hierarchical RL [46], decomposes complex tasks 
into smaller, manageable subtasks.  

Q-Learning [52] is a popular, value-based, model-free RL. At its core, Q-learning 
learns to estimate the value of taking a certain action in a particular state. The 
algorithm keeps those values in a Q-table for all possible state-action pairs [45]. 

Initially, the agent knows nothing and will have an empty Q-table, where each row 
is a state, and each column is an action. The agent will then explore the 
environment by taking actions. After taking an action, the agent observes the new 
state and reward and updates the q-value for the state-action pair using the 
Bellman equation. 

We can also describe the Q-learning algorithm as a mathematical model [66]. We 
start by formally defining the attributes. 

• State (s): An observation of the environment at a specific time. 
• Action (a): A possible action that an agent can take in state s. 
• Reward (r): The reward received after taking action a in state s, transitioning 
to state s′. 
• Q-value Q(s,a): The function that estimates the expected future reward of 
taking action a in state s. 
• Learning rate α: The rate at which the agent updates the Q-values. 
• Discount factor γ: A factor between 0 and 1 that discounts future rewards. 

The Q-learning update rule is then given by: 

 (1) 

Where: 

• st is the current state at time t. 
• at is the action taken in the current state at time t. 
• rt is the reward received after taking action at. 
• st+1 is the next state at time t + 1. 
• maxa′ Q(st+1,a′) is the maximum Q-value for the next state across all possible 
actions a′. 
• α is the learning rate. 
• γ is the discount factor. 
 

5.6. Deep Reinforcement Learning 
A problem arising in basic RL is that the state spaces in an environment can quickly 
become extremely large making it impractical for an agent to learn an effective 
policy by storing information about every possible state explicitly. As a solution, a 
Deep Neural Network can be used to approximate crucial components of the 



 

 

learning process, such as policies or value functions [75, 42]. Instead of directly 
mapping states to actions using a tabular method, the neural network generalizes 
across similar states, enabling the agent to make decisions even in complex, high-
dimensional environments. 

Proximal Policy Optimization (PPO) [73] is a widely used, policy-based, model-free 
deep RL algorithm, and is the second algorithm utilized in this work. The three main 
advantages of PPO in comparison with other RL techniques are simplicity, stability, 
and sample efficiency, making it a preferred choice for many complex RL tasks. 

 
Figure 2. PPO diagram [60] 

In Figure 2, the general workflow of the PPO algorithm is illustrated [68, 50]. As you 
can see, the algorithm identifies two main components: the Actor and the Critic. 
The Actor is a neural network responsible for determining the policy π(a|s), which 
decides what actions to take based on the current state of the environment. The 
Critic is another neural network that evaluates how good these actions are by 
estimating the value function Q(s,a) representing the future rewards of taking action 
a in state s. 

The way PPO works starts with the Actor interacting with the Environment by 
choosing an action. This leads to a transition to a new state and the receipt of a 
reward which is given to both the Actor and Critic. The Critic network is then 
updated by minimizing the difference between the predicted value and the actual 
rewards received. Next, the Critic’s output is used to compute the Policy Gradient 
which is in its turn used to update the Actor’s policy. 

This process loops continuously: the actor interacts with the environment, the critic 
evaluates the actions, and both networks are updated to improve the agent’s 
performance over time. 

Another critical component of PPO, that is not explicitly shown in the diagram, is 
called the clip function. It plays a vital role in the policy update process by ensuring 
that the update does not deviate excessively from the previous policy by limiting 
the change in the probability ratio. This constraint stabilizes training by preventing 
large, unstable updates that could degrade the policy’s performance. The clip 
function effectively balances exploration and exploitation, ensuring that the agent 
learns efficiently without diverging from a reasonably good policy. 

We summarize the working of PPO by giving the mathematical model [40]. 



 

 

• Policy πθ(a|s): A probability distribution over actions given a state, 
parameterized by θ. 
• Value function Vθ(s): An estimate of the expected return (cumulative future 
reward) from state s following the policy πθ. 
• Advantage function A(s,a): The difference between the actual return and the 
estimated value, calculated as: 

(2) 

• Clipped Objective: PPO optimizes the following clipped surrogate objective 
function: 

 

 (3) 

Where: 

• πθ(at|st) is the policy’s probability of taking action at in state st, under 
parameters θ. 
• πθold(at|st) is the policy’s probability of taking action at in state st, under the old 
parameters θold. 
• At is the advantage function at time step t. 
• ϵ is a hyperparameter controlling the range for clipping. 

 

Deep Q-Networks (DQN) [59] is one of the pioneering algorithms in deep RL that 
combines Q-Learning with deep neural networks to handle environments with 
high dimensional state spaces [79]. DQN leverages a neural network, often 
referred to as the Q-network, to approximate the Q-values Q(s,a) for each state-
action pair. Instead of maintaining a large Q-table as in traditional Q-Learning, DQN 
uses the Q-network to predict Q-values for all possible actions given the current 
state. 

The DQN algorithm also introduces several key techniques to stabilize learning, 
such as experience replay and target networks [38]. Experience replay involves 
storing transitions (s,a,r,s′) in a replay buffer and sampling mini-batches to update 
the Q-network, which helps break the correlation between consecutive transitions. 
The target network which is a copy of the Q-network, is updated less frequently 
to provide more stable target values during training. 

Mathematically, the Q-network is trained by minimizing the loss: 

(4) 

Where: 

• θ are the parameters of the Q-network. 



 

 

• θ− are the parameters of the target network, which are periodically updated 
to the current parameters θ 
• γ is the discount factor. 
• E denotes the expectation over the mini-batch sampled from the replay 
buffer. 

 

DQN, being a value-based method, differs significantly from Proximal Policy 
Optimization (PPO), which is a policy-based method. While DQN uses a Q-network 
to estimate the value of actions and selects actions greedily based on these 
estimates [79], PPO directly optimizes the policy by adjusting its parameters to 
maximize the expected reward. PPO generally handles continuous action spaces 
better and is often more stable due to its use of policy gradients and a clipped 
objective function to limit policy updates. In contrast, DQN is typically used in 
discrete action spaces and may struggle in environments with high-dimensional 
or continuous actions. 

5.7. Gymnasium Library 
The Gymnasium library is a maintained fork of OpenAI’s Gym [74], providing an 
open-source toolkit designed to test and develop RL algorithms. It offers a 
standardized API for interacting with a variety of environments, allowing 
researchers to evaluate different algorithms consistently. Gymnasium allows the 
creation of custom environments, making it valuable for testing novel RL problems 
and algorithms. This flexibility supports a wide range of experimental setups in RL 
research. 

5.8. Energy Harvesting 
Energy harvesting refers to capturing and storing energy from external sources to 
power devices [37, 77]. This technology is increasingly critical as it provides 
sustainable and efficient ways to meet growing energy demands. Despite its 
widespread relevance, there is no universally accepted definition of energy 
harvesting. The term broadly encompasses a variety of techniques and 
technologies that convert different forms of ambient energy into usable electrical 
energy. 

The most relevant energy harvesting methods include: 

• Solar Energy Harvesting [67]: Involves the use of photovoltaic cells to 
convert sunlight into electricity, being one of the most widely used and 
mature technologies for energy harvesting. Solar energy harvesting is 
particularly advantageous in environments where sunlight is consistently 
available, making it an excellent choice for outdoor applications such as in 
our problem. 
• Kinetic Energy Harvesting [58]: Captures energy from movements or 
vibrations, being beneficial in natural settings where wind or water 
movement is present. It can be realized by converting mechanical stress or 



 

 

vibrations into electrical energy using piezoelectric materials. This is 
beneficial when operating in environments with high levels of vibration, such 
as near machinery or in uneven terrains. But we can also use electromagnetic 
induction which allows generation of energy from our own movements or the 
movement of surrounding objects. 
• Radio Frequency (RF) Energy Harvesting [41]: Captures energy from 
ambient radio waves emitted by communication devices, such as cell towers, 
Wi-Fi routers, or even other robots in a swarm. The approach utilizes 
antennas to capture electromagnetic energy from ambient RF signals. RF 
energy harvesting is useful in urban environments or any area with a dense 
network of communication signals. However, the power density is usually 
low, so it might be more suitable as a supplementary energy source rather 
than the primary one. 
• Thermophotovoltaic (TVP) Energy Harvesting [65]: Involves converting 
radiant energy from a thermal source into electricity, similar to solar 
photovoltaic cells, but tuned for thermal radiation instead of sunlight. When 
operating in high-temperature environments (like near furnaces, industrial 
sites, or volcanic regions), TPV cells could harness the infrared radiation from 
these sources to generate power. 
 

Among these methods, solar energy harvesting is the most suitable for mobile 
robots, given its high efficiency, lightweight nature, and compatibility with outdoor 
environments. Solar panels are easily integrated into robots, allowing them to 
harness an abundant energy source, reducing their dependency on traditional 
energy sources. 

  



 

 

 

6. Energy-Aware Multi-Robot Task Scheduling using 
Meta Heuristic Optimization methods for 
Ambiently-Powered Robot Swarms 

This section addresses the intricate challenge of energy aware multi-robot task 
scheduling, allocation, and planning in a robotic swarm. A central issue in such 
systems is ensuring efficient task scheduling while accounting for the energy 
constraints of individual robots. Scheduling tasks in such energy-constrained 
environments requires sophisticated methods that optimize both task completion 
and energy usage. 

Previous studies have explored aspects of energy-aware task allocation. For 
instance, Gul [7] investigated energy harvesting in MRTA using a PSO algorithm, 
focusing on energy-related factors like energy consumption and battery 
utilization. Similarly, Latif et al. [11] proposed an energy-conscious distributed task 
allocation algorithm, focusing on minimizing charging transit times for robots.. 
Their approach singularly emphasizes efficiency derived from the energy 
expended during robot exploration and collection endeavors, mainly focusing on 
minimizing the charging transit time. However, their analysis overlooks pivotal 
aspects such as energy harvesting, robot energy models, and battery 
characteristics. Notably, their optimization objective centers on energy 
consumption reduction rather than the optimization of task completion time. Milan 
Tomy [26] presents a battery charge scheduling method for long-life autonomous 
robots that predicts efficient recharging time based on the workflow probability. 
Despite the valuable concept of this view, it is more related to workflow prediction 
and does not take into account the energy resource availability and variability. 

The exploration of a PSO-based distributed Algorithm for dynamic task allocation 
in a robotic swarm, as conducted by Nedjah [20], yields insights into a task 
allocation algorithm inspired by the PSO methodology. Experimental validation 
underscores the efficacy of this algorithm in converging toward an optimal task 
allocation configuration. Notably, the communication aspect is paramount, 
employing a message structure transmitted by robot identifiers to a base station. 
Leu [12], introduced a robust task-planning framework for human robot 
collaboration within assembly lines. Hierarchical task modeling underpins their 
approach, which captures both sequential and parallel task relationships. While 
energy considerations are absent in their scheme, their hierarchical approach 
serves as a pertinent reference point for our task-planning strategy. Prospects of 
integrating their human-robot collaboration (HRC) framework into our future work 
emerge as a natural progression. 

Further delving into the domain, Vazquez’s formal task allocation and scheduling 
paradigm for multi-robot missions (KANOA) [29] is notable for accommodating task 



 

 

constraints encompassing task order and joint tasks requiring collaborative robot 
engagement. However, the energy aspect remains unaddressed. In a similar vein, 
Xiong’s work on swarm game and task allocation for autonomous underwater 
robots [32] sheds light on the dynamic evolution of robot swarm strategies during 
game scenarios. Although the primary objective centers on task completion time 
reduction, the energy facet is notably absent in their considerations. Moreover, Li 
et al.’s work [13] introduces a novel scheduling mechanism for multi-robot 
intelligent warehouse systems, leveraging PSO for task allocation. Despite the 
innovative aspects of their approach, this study notably overlooks crucial energy 
aspects, such as charging dynamics and real-world robotic characteristics. Wang 
[31] researched task scheduling for heterogeneous agents’ pickup and delivery 
using recurrent open shop scheduling models. In this work, different kinds of 
open-shop scheduling algorithms for pick-up delivery tasks are investigated. This 
work is more concentrated on scheduling processes regardless of the agent’s 
characteristics and energy considerations. 

Certainly, the choice of the right optimization algorithm is pivotal for task 
scheduling. One approach proposed by the authors in [10] involves using the 
Hungarian method, a centralized solution that can allocate tasks optimally. 
However, this approach has some drawbacks, such as slow responses to dynamic 
changes. To address this issue, more distributed algorithms were proposed, 
including an auction-based method proposed in [19] that rebids uncompleted 
tasks every time a robot completes its previously assigned task. The authors in [31] 
adopted a specific Append-Beam-Christofides (ABC) heuristic, greedy local 
search (GLS), and simulated annealing (SA) to optimize the heterogeneous agent’s 
pickup and delivery using recurrent open shop scheduling models. Additionally, 
[6] proposed a distributed solution to a multi-robot task allocation problem, and 
[27] introduced a distributed market based MRTA algorithm. Finally, the authors in 
[16] developed a pairwise distance-based matching algorithm to solve the 
dispatch problem in a multi-robot system. Several studies have been conducted 
to address the problem of assigning tasks to robots with different optimization 
criteria. For instance, Luo et al. [17] focused on the task-assignment problem with 
task-deadline constraints, while [18] formulated a single-robot task, single-task 
robot, time extended assignment, and MRTA problem with multiple nonlinear 
criteria. The proposed techniques in these studies used discrete variables to 
reduce computation burden and tackled low and large-scale MRTA problems 
using Branch and Bound (B&B) and GA, respectively. The MRTA techniques 
considered multiple optimization criteria such as traveled distance, task execution 
time, and energy consumption feasibility. 

In summary, this research aims to bridge the gaps in previous studies by 
introducing a comprehensive framework for energy-aware multi-robot task 
scheduling. By integrating energy considerations into the scheduling process, we 
improve task efficiency and reduce the risk of battery depletion, resulting in faster 
task completion times and better overall resource management in robot swarms. 



 

 

 

6.1. Problem statement 

The problem scenario involves a set of tasks, a fleet of robots, and strategically 
positioned charging stations. The primary goal is to solve the Energy-Aware 
Sequence-Dependent Setup Time (EASDST) scheduling problem within the  
Heterogeneous Pick, Drop, and Delivery (HPDD) task structure. A detailed 
formulation and notation for this problem are provided in the next sections. 

 

6.1.1. Set of Robots 
In this problem, robots are programmable entities responsible for task execution. 
Each robot has a unique set of capabilities, including energy harvesting, 
navigation, and object manipulation. The set of 𝑁 robots is represented as ℝ =

𝑟1, 𝑟2, … , 𝑟𝑁, where each robot 𝑟 ∈ ℝ has the following attributes:  

• 𝑝𝑟
0: Start location. 

• 𝐸𝑟
0: Initial energy level. 

• 𝐸max: Maximum battery capacity. 
 

The location of robot 𝑟 at any time 𝑡 is defined as 𝑝𝑟
𝑡 = (𝑥𝑟

𝑡 , 𝑦𝑟
𝑡 , 𝑧𝑟

𝑡). The energy 
harvested by robot 𝑟 at a specific location 𝑝𝑟

𝑡 and time 𝑡 is denoted as 𝐻r(𝑡, 𝑝𝑟
𝑡). The 

total energy harvested by robot 𝑟 between time 𝑡0 and 𝑡1 is calculated as: 

𝐸ℎ𝑎𝑟𝑣𝑒𝑠𝑡(𝑡0, 𝑡1) = ∫ 𝐻r
𝑡1

𝑡0
(𝑡, 𝑝𝑟

𝑡) 𝑑𝑡 (1) 

 

6.1.2. Energy and Time Variables 
To ensure accurate predictive scheduling, we consider the energy and time 
consumption associated with each task. Specifically, these components consist of: 

• 𝐸pick: Energy required for the robot to pick up a package. 

• 𝑇pick: Time taken to pick up a package. 

• 𝐸drop : Energy required for the robot to drop off a package, including actions 
like unloading. 

• 𝑇drop: Time taken to drop off a package. 

• 𝐸drive(𝑝1, 𝑝2): Energy required for the robot to travel from location 𝑝1 to 
location 𝑝2. 

• 𝑇drive(𝑝1, 𝑝2): Time taken for the robot to travel from 𝑝1 to 𝑝2. 
 



 

 

6.1.3. Set of Tasks 

As mentioned before, the tasks are based on a warehouse setting. Each order 𝑚 ∈

𝕄 = 𝑚1, 𝑚2, … , 𝑚𝑥 contains a set of tasks 𝑂𝑚 = 𝑜𝑚
1 , 𝑜𝑚

2 , … , 𝑜𝑚
𝑗 , with M tasks in total. 

Each task 𝑜 ∈ 𝑂𝑚 is a drop with a specific weight 𝑤𝑜, picked from pₒ⁰ = (xₒ⁰, yₒ⁰, zₒ⁰) 
and dropped at pₒ¹ = (xₒ¹, yₒ¹, zₒ¹). Orders also have deadlines, with 𝑡𝑑𝑚 representing 
the deadline for order 𝑚.  

The total energy required to complete task 𝑜 is: 

𝐸𝑜 = 𝐸pick + 𝐸drive(𝑝𝑜
0, 𝑝𝑜

1) + 𝐸drop (2) 

Similarly, the total time needed to complete task 𝑜 is: 

𝑇𝑜 = 𝑇pick + 𝑇drive(𝑝𝑜
0, 𝑝𝑜

1) + 𝑇drop (3) 

Different uncertainties, like other robots’ movement and obstacles, need to be 
considered when calculating 𝐸𝑜 and 𝑇𝑜 . To predict these two variables, we used a 
predictive approach, leading to 𝐸̂𝑜 and 𝑇̂𝑜 . 

 

6.1.4. Set of Charging Stations 
Although robots can harvest ambient energy, some tasks may require energy 
beyond what is harvested. Therefore, charging stations ℂ = 𝑐1, 𝑐2, … , 𝑐𝑙 are included 
in the system. Each charging station 𝑐 ∈ ℂ is located at 𝑝𝑐 = (𝑥𝑐, 𝑦𝑐, 𝑧𝑐). The time 
required to charge a robot’s battery from energy level 𝐸0 to 𝐸1 is given by 
𝑇charge(𝐸0, 𝐸1). 

 

6.1.5. Decision Variables 

To achieve task scheduling, specific decision variables are defined. Each robot 𝑟 is 
assigned a sorted list of 𝑘 tasks from each order m, represented as 𝑂𝑟,𝑚 =

𝑜1, 𝑜2, … , 𝑜𝑘 , where 𝑂𝑟,𝑚 ⊆ 𝑂𝑚 . No task can be assigned to more than one robot, 
ensuring: 

𝑂𝑟,𝑚 ∩ 𝑂𝑞,𝑚 = ∅     ∀𝑞 ∈ ℝ{𝑟} (4) 

 

6.1.6. State Variables 
To account for the dynamic task allocation process, we define state variables that 
continuously update the robot’s location, energy, and timing. The energy levels for 
robot 𝑟 at the start and end of task 𝑜𝑖, with 0 ≤ 𝑖 ≤ 𝑘, are denoted as 𝐸start

𝑟 (𝑜𝑖) and 
𝐸end

𝑟 (𝑜𝑖), respectively: 

𝐸start
𝑟 (𝑜0) = 𝐸𝑟

0

𝐸start
𝑟 (𝑜𝑖) = 𝐸end

𝑟 (𝑜𝑖−1)
 (5) 



 

 

If robot 𝑟 lacks sufficient energy to complete a task 𝑜𝑖, i.e., 

𝐸start
𝑟 (𝑜𝑖) < 𝐸drive(𝑝𝑜𝑖−1

1 , 𝑝𝑜𝑖
0 ) + 𝐸𝑜𝑖

 (6) 

it will first recharge at the nearest charging station 𝑐𝑖 : 

𝑐𝑖 = argmin
𝑐∈𝐶𝑟

(𝑇drive(𝑝𝑜𝑖−1
1 , 𝑝𝑐) + 𝑇charge(𝐸𝑐

𝑟 , 𝐸max)

  +𝑇drive(𝑝𝑐, 𝑝𝑜𝑖
0 ))

(7) 

𝒞𝑟 is the set of charging stations that can be reached by 𝑟, given its current energy 
supply, i.e., 

∀𝑐 ∈ 𝒞𝑟: 𝐸𝑐
𝑟 > 0, 

where 𝐸𝑐
𝑟 represents the available energy of robot 𝑟 when it reaches recharging 

station 𝑐, i.e., 

𝐸𝑐
𝑟 =  𝐸start

𝑟 (𝑜𝑖) − 𝐸drive(𝑝𝑜𝑖−1
1 , 𝑝𝑐)

 +𝐸harvest
𝑟 (𝑇start

𝑟 (𝑜𝑖), 𝑇start
𝑟 (𝑜𝑖) + 𝑇drive(𝑝𝑜𝑖−1

1 , 𝑝𝑐))
 (8) 

 

We can then calculate 𝐸end
𝑟 (𝑜𝑖) as follows: 

𝐸end
𝑟 (𝑜𝑖) = 𝐸max

𝑟 + 𝐸harvest
𝑟 (𝑇start

𝑟 (𝑜𝑖), 𝑇end
𝑟 (𝑜𝑖))

  −𝐸drive(𝑝𝑐𝑖
, 𝑝𝑜𝑖

0 ) − 𝐸𝑜𝑖

 (9) 

 

Otherwise, if the robot has enough energy to complete the task without charging, 
the end energy 𝐸end

𝑟 (𝑜𝑖) can be computed as follows: 

𝐸end
𝑟 (𝑜𝑖) = 𝐸start

𝑟 + 𝐸harvest
𝑟 (𝑇start

𝑟 (𝑜𝑖), 𝑇end
𝑟 (𝑜𝑖))

 −𝐸drive(𝑝𝑜𝑖
1 , 𝑝𝑜𝑖

0 ) − 𝐸𝑜𝑖

 (10) 

To continually monitor and update the temporal time status of robots during 
scheduling to measure the problem objective function, for each robot 𝑟, the start 
and end time of a task 𝑜𝑖, with 0 ≤ 𝑖 ≤ 𝑘, as 𝑇start

𝑟 (𝑜𝑖) and 𝑇end
𝑟 (𝑜𝑖), are defined as: 

𝑇start
𝑟 (𝑜0) = 0

𝑇start
𝑟 (𝑜𝑖) = 𝑇end

𝑟 (𝑜𝑖−1)
 (11) 

𝑇end
𝑟 (𝑜𝑖) can be calculated as follows: 

𝑇end
𝑟 (𝑜𝑖) = 𝑇start

𝑟 (𝑜𝑖) + 𝑇𝑠𝑒𝑡𝑢𝑝
𝑟 + 𝑇𝑜𝑖

 (12) 

where 𝑇𝑠𝑒𝑡𝑢𝑝
𝑟  is the Travel Time (TT) between the task 𝑜𝑖−1 and 𝑜𝑖 for robot 𝑟. 



 

 

(13) 

 

6.1.7. Objective Function 

After task assignment, we aim to minimize the longest time taken by any robot to 
complete its tasks. Mathematically it can be formulated as below: 

𝑚in ( max
𝑟∈ℝ,𝑜∈𝑂𝑟,𝑚

(𝑇𝑒𝑛𝑑
𝑟 (𝑜)))  (14) 

The goal is to assign a subset of tasks 𝑂𝑟,𝑚 to each robot 𝑟, which minimizes the 
objective function defined in the equation above, under the following constraints: 

• Task Completion: Each assigned order must be completed before its 
deadline, underscoring the importance of timing in this process: 
 

∀𝑚 ∈ 𝕄: max
𝑜∈𝑂𝑚

(𝑇𝑒𝑛𝑑
𝑟 (𝑜)) ≤ 𝑡𝑑𝑚)  (15) 

• Energy Constraints: Robots must have sufficient battery to reach the 
nearest charging station, being pivotal in this work due to the energy-aware 
features of task scheduling: 

∀𝑟 ∈ ℝ, ∀𝑜 ∈ 𝑂𝑚: 𝐸end
𝑟 ≥ 𝐸𝑟𝑐

 (16) 

where 𝐸𝑟𝑐
 is the energy that the robot needs to reach the nearest charging 

station. 

• Sequential Task Completion: Orders must be completed sequentially, 
though tasks can be executed concurrently in an open job shop fashion: 

∀𝑚𝑖 ∈  𝕄: 𝑇end
𝑚𝑖 > 𝑇end

𝑚𝑖−1  (17) 

where 𝑇end
𝑚𝑖  is the 

𝑇𝑒𝑛𝑑
𝑚(𝑟,𝑖)

= max(∑ (∑ 𝑇𝑂𝑖

𝑘
𝑖=1  | 𝑜𝑖 ∈ 𝑂𝑟,𝑚)𝑚

𝑗=1  )  (18) 

𝑇𝑒𝑛𝑑
𝑚𝑖 = max(𝑇𝑒𝑛𝑑

𝑚(𝑟,0)
, 𝑇𝑒𝑛𝑑

𝑚(𝑟,1)
, … , 𝑇𝑒𝑛𝑑

𝑚(𝑟,𝑖)
) (19) 

 



 

 

6.2. Optimization algorithm and energy modelling 

6.2.1. APSO optimization algorithm 

Scheduling problems, particularly those involving multi-robot task allocation, are 
widely recognized as NP-hard. This complexity means that finding optimal 
solutions in polynomial time is often infeasible, especially as the problem size 
increases. Metaheuristic algorithms, such as APSO, offer a practical approach for 
finding high-quality solutions within reasonable computational limits, even though 
they do not guarantee global optimality. 

 

Figure 3. APSO optimization flowchart. After receiving the number of robots 𝑁 and tasks 𝑀 the 
required parameters for starting the APSO process are set. APSO optimizes the EASDST algorithm. 

Once the stopping criteria are mitigated the process terminates. 

 

Figure 3 shows an overview of the APSO-based approach used to optimize the 
EASDST scheduling algorithm. going through the following stage: (i) initialization; 
(ii) fitness evaluation; (iii) velocity update; (iv) distance and evolutionary factor; (v) 
adaptive parameter control; and (vi) position update. 

 

Initialization 

During the initial stage, the scheduling algorithm is provided with data, including 
the set of robots, set of tasks, set of charging stations, and the initial value of the 
state variables as elaborated in section 3. Key parameters for the APSO algorithm, 
such as swarm size 𝑆, inertia weight 𝑊, acceleration coefficients 𝑐1 and 𝑐2, and the 
stopping criterion for iterations 𝐼iter, are initialized. Additionally, the initial position 



 

 

of each particle 𝑝𝑖
0 is set randomly. The swarm consists of 𝑆 particles, each 

representing a potential solution to the task scheduling problem.  

Each particle in the swarm is represented as an array of length equal to 𝑀 (the total 
number of tasks). The first row of the particle array 𝑃𝑖

𝑡 contains the number of tasks 
from order 𝑚𝑖 while the second row shows the robot ID 𝑟𝑖 assigned to each 
corresponding task 𝑜𝑚

𝑖 ∈ 𝑂𝑚. Figure 4 demonstrates the particle configuration, 
illustrating how the APSO algorithm assigns robots to tasks in a sequential order. 

 
Figure 4. Particle array structure. This Figure shows the particle configuration. It shows how the APSO 

algorithm assigns the robot to each task in each sequential order. 

 

Fitness Evaluation 

After initialization, the fitness function Algorithm 2 is employed to evaluate each 
particle’s performance. The objective function, described in Section 3.3, is used to 
calculate the overall value 𝐹𝑓𝑖𝑡𝑛𝑒𝑠𝑠 for each particle 𝑃𝑖

𝑡 . The best-performing  

particle, denoted as 𝑔𝑏
𝑡 , represents the global best solution found by the swarm. In 

each iteration, the algorithm compares the current solution of all 𝑆 particles with 
the global best solution, upgrading 𝑔𝑏

𝑡  whenever a particle’s performance exceeds 
that of the previous best. 

 

Velocity Update 

Before proceeding to the next iteration, the APSO algorithm updates particles’ 
velocities based on the best particle 𝑔𝑏

𝑡  position. This is key to balancing 
exploration (searching for new areas of the solution space) and exploitation 
(refining known good solutions). The velocity of each particle is updated using the  
the velocity update equation of the traditional PSO algorithm: 

𝑉𝑖
𝑡+1 = 𝑊 ⋅ 𝑉𝑖

𝑡 + 𝑐1 ⋅ 𝑈1
𝑡 ⋅ (𝑔𝑏

𝑡 − 𝑝𝑖
𝑡) + 𝑐2 ⋅ 𝑈2

𝑡 ⋅ (𝑔𝑏
𝑡 − 𝑝𝑖

𝑡) (20) 

In this equation: 

• 𝑉𝑖
𝑡+1: Updated velocity of particle 𝑖 at time 𝑡 + 1. 

• 𝑊: Inertia weight, controlling the trade-off between exploration and 
exploitation. 



 

 

• 𝑐1 and 𝑐2: Acceleration coefficients influencing the particle’s tendency to 
move towards the global best solution.  

• 𝑈1
𝑡 and 𝑈2

𝑡 : Random numbers uniformly distributed between 0 and 1, 
introducing stochasticity to the search process. 

• 𝑝𝑖
𝑡 : Current position 𝑖 of particle 𝑃𝑖

𝑡 . 

The implemented algorithm uses adaptive rules that can involve monitoring the 
convergence rate of the optimization process. During the early stages of 
optimization, 𝑊 is typically set to a high value to encourage exploration. As the 
algorithm progresses, 𝑊 decreases to encourage convergence on the best 
solution. In APSO, the inertia weight is controlled using the following adaptive 
equation:  

𝑊(𝑓) =
1

1+1.5𝑒−2.6𝑓
∈ [0.4,0.9] ∀𝑓 ∈ [0,1] (21) 

 

Distance and Evolutionary Factor: 

To calculate the inertial weight 𝑊, the mean distance 𝑑𝑖 of each particle 𝑃𝑖 to all 
the other particles is computed using the Euclidian metric: 

𝑑𝑖 =
1

(𝑆−1)
∑ √∑ (𝑥𝑖

𝑘 − 𝑥𝑗
𝑘)

2𝐷
𝑘=1

𝑆
𝑗=1,𝑗≠𝑖  (22) 

where 𝑆 and 𝐷 are the swarm and dimension size, respectively (𝐷 = 1 in our 
specific problem).  

The evolutionary factor 𝑓 is calculated as: 

𝑓 =
𝑑𝑔−𝑑min

𝑑max−𝑑min
 where 𝑓 ∈ [0,1] (23) 

Here, 𝑑𝑔 is the distance of the globally best particle, while 𝑑𝑚𝑎𝑥 and 𝑑𝑚𝑖𝑛 
represent the maximum and minimum distances, respectively. 

 

Adaptive Parameter Control: 

To control the acceleration coefficients of 𝑐1 and 𝑐2, the evolutionary factor 𝑓 is 
classified into four states: exploration (𝑆1), exploitation (𝑆2), convergence (𝑆3), and 
jumping out (𝑆4). Figure 5 illustrates the adaptive parameter control flow, which 
adjusts the values of 𝑐1 and 𝑐2 based on the current state of the swarm. 



 

 

 
Figure 5. The Figure illustrates the process of adaptive parameter control which considers the 

position of particles, estimates their current state, and adaptively controls the 𝑐1, 𝑐2, and 𝑊 
coefficients. 

 

Position Update: 

The position update for each particle is subsequently executed using the updated 
velocity, and it is a pivotal step in the optimization process. The velocity update 
equation ensures that particles explore and exploit the search space effectively, 
contributing to the convergence of the algorithm toward an optimal or near-
optimal solution. As the positions in the particle are discrete and identify the robot's 
number, the absolute value function is used to discretize the position value: 

𝑝𝑖
𝑡+1 = 𝐴𝑏𝑠(𝑝𝑖

𝑡 + 𝑉𝑖
𝑡+1) ∈ [0, 𝑁] (24) 

where 𝑃𝑖
𝑡 is the current position of particle i at time t, and 𝑉𝑖

𝑡+1 is the updated 
velocity of particle 𝑖 at time 𝑡 + 1. 

The velocity and position updates are performed iteratively until a stopping 
criterion of iterations 𝐼𝑖𝑡𝑒𝑟  is met. 

 



 

 

 

6.2.2. Tasks energy consumption and execution time estimation 
model 

One of the key constraints for mobile robots is their limited energy storage 
capacity, making effective management a crucial issue. Therefore, developing an 
energy estimation and prediction model that can be integrated into the scheduling 
phase is essential. 

In general, the subsystems of a mobile robot can be categorized as power supply, 
computing (including high-level embedded computers and low-level 
microcontrollers), sensing, actuation, and communication subsystems. The energy 
consumption model of the robot is determined by the power demands of these 
subsystems. As such, the general power consumption model of a robot can be 
expressed as: 

𝑃𝑟 = 𝑃𝑠𝑒𝑛 + 𝑃𝑐𝑜𝑚 + 𝑃𝑐𝑜𝑚𝑚 + 𝑃𝑎𝑐𝑡 (25) 

where 𝑃𝑟 is the robot’s total power consumption, and 𝑃𝑠𝑒𝑛 , 𝑃𝑐𝑜𝑚 , 𝑃𝑐𝑜𝑚𝑚 and 𝑃𝑎𝑐𝑡 are 
sensing, computing, communication, and actuation subsystems, respectively. 

In our test scenario, based on experimental data, we found that instantaneous 
power consumption of the computing, sensing, and communication subsystems 
remains relatively constant during different robot tasks. Thus, they can be grouped 



 

 

as a static power (𝑃𝑠), while the actuating power consumption (𝑃𝑎𝑐𝑡) is dynamic 
and varies depending on the robot’s movement and payload. As a result, the 
equation can be simplified to: 

𝑃𝑟 = 𝑃𝑠 + 𝑃𝑎𝑐𝑡 (26) 

In this work both 𝑃𝑠 and 𝑃𝑎𝑐𝑡 are modeled using the experimental data from the 
TurtleBot3 (burger) robot. 

For ground-wheeled robots, like TurtleBot3, actuating power is affected by 
payload, motor losses, road grade, rolling friction, and the robot’s velocity and 
acceleration profiles. In our warehouse scenario, we assume that the rolling friction 
coefficient remains constant throughout the warehouse and the road grade is zero. 
Moreover, we neglect 𝐸𝑑𝑟𝑜𝑝 and 𝐸𝑝𝑖𝑐𝑘 , as these are relatively small in comparison 
to the overall task energy.  

Based on the fundamental relationship between power and energy, the energy 
consumption for a given task can be calculated as: 

𝐸𝑜 = ∫ (𝑃𝑠 + 𝑃𝑎𝑐𝑡)𝑑𝑡 (27) 

If the robot is moving at a constant speed, the dynamic power 𝑝𝑎𝑐𝑡  can be 
expressed as: 

𝑝act = 𝑝stdby + ∑ (𝜎0 + 𝜎1𝜃̇𝑤𝑖
2 + 𝜎2sgn(𝜃̇𝑤𝑖

)𝜃̇𝑤𝑖
)

𝑁𝑤
𝑖=1 + 𝜎3𝑚 (28) 

where: 

𝑁𝑤 Number of active wheels (for TurtleBot3, 𝑁𝑤 = 2 ) 

• 𝜎0, 𝜎1, 𝜎2 and 𝜎3: Motor friction and loss coefficients. 

• 𝜃̇𝑤𝑖
: wheel speed. 

• 𝑚: total weight of the robot and the drop. 

• 𝑃stdby : motors’ standby power. 

 

To estimate energy consumption for a task, we need the following information: (i) 
the energy consumption model; (ii) task duration; (iii) task route distance; and (iv) 
robot constraints. In autonomous mobile robots, the global path planner generates 
the optimal route to the destination based on a known map. The local path planner 
navigates the robot along the waypoints while accounting for constraints and 
avoiding obstacles. Assuming that the local planner directs the robot at a constant 
speed between waypoints, the estimated task time and energy consumption are 
given by: 



 

 

𝑇̂𝑜  = ∑ 𝛥𝑤
𝑗=1 𝑡𝑗

  =  ∑ (
𝑑𝑙(𝑤𝑝𝑗 ,𝑤𝑝𝑗−1)

𝑣
+

𝑑𝑎(𝑤𝑝𝑗 ,𝑤𝑝𝑗−1)

𝜔
)𝑤

𝑗=1

 (29) 

where 𝑇̂𝑜 stands for estimated task time, and 𝑣 and 𝜔 are robot linear and angular 
velocities (which can be converted to wheels’ velocity using the kinematic model 
of the robot). Furthermore 𝑑𝑙(. ) and 𝑑𝑎(. ). denote the functions for calculating the 
linear and angular distance of two waypoints. 

The total energy consumption 𝐸̂𝑜 for the task is then estimated as: 

𝐸̂𝑜 = ∫ (𝑃𝑠 + 𝑃𝑎𝑐𝑡)
𝑇𝑜

0
𝑑𝑡 (30) 

 

6.2.3. TurtleBot3 (burger) energy consumption model 

For estimating the coefficients of power estimation and modeling the static power 
𝑃𝑠 under a specific payload, we equipped a TurtleBot3 with power meters. By 
conducting different experiments, the power consumption of each subsystem is 
measured, and the data set is used for training and testing the models. 

 
Figure 6. Predicted power consumption of static power and actuation power of TurtleBot3 (burger) 

compared to the boundaries of measured instance powers with moving averages with window 
size=20. 

 

For modeling the static power 𝑃𝑠, a Gaussian distribution with mean = 6.357(w) and 
standard deviation = 0.343(w) is fitted to the data as shown in Figure 7. 



 

 

 
Figure 7. The static power consumption of TurtleBot3 can be represented by a fitted Gaussian 

distribution (red line) on the histogram of static power measurements. 

Furthermore, using the well-known least squares regression method, actuating 
power coefficients are estimated and evaluated in different experiments. The 
model performance validation is shown in Figure 8. The results show the 
independent behavior of estimation error to the predicted values and a mean 
absolute percentage error of 5.7%. 

 
Figure 8. Predictions validation with the test data set shows a bounded error for actuation power 

estimation with a mean absolute percentage error of 5.7% and 𝑟2𝑠𝑐𝑜𝑟𝑒 = 0.84. 

 

6.2.4.  Energy harvesting prediction 
Predicting energy harvested from a photovoltaic (PV) system is inherently 
complex, as it depends on a variety of factors, including weather conditions, 
historical data, the PV model, tilt angle, and geographic position. The overall 
equation representing the energy harvested by the robot from its solar panel can 
be expressed as: 

𝐻̂r(𝑡, 𝑝𝑟
𝑡) = 𝐹 ⋅ [𝑓(𝑊(𝑡), 𝑃𝑉(𝑡),T(𝑡), 𝑃(𝑡))] (31) 

where: 



 

 

• 𝐹: Maximum PowerPoint Tracking (MPPT) efficiency.  

• 𝑊(𝑡): Accounts for weather-related historic data factors, including solar 
irradiance, which would typically affect outdoor energy harvesting.  

• 𝑃𝑉(𝑡): PV model, incorporating the electrical characteristics of the solar 
panel.  

• T(𝑡): Tilt angle of the PV system, which affects how much sunlight the panel 
can capture.  

• 𝑃(𝑡): Robot’s position, which can affect the amount of light captured, 
particularly in an indoor environment where lighting conditions may vary 
across different areas. 

6.2.5.  Energy harvesting prediction for the test-bed environment 
In the specific context of this work, the energy harvesting scenario is based on a 
controlled indoor environment, where robots equipped with 20 𝑐𝑚2 solar panels 
harvest energy from artificial light sources with an efficiency of 8 to 14 percent. The 
light intensity within the warehouse is modeled using a lighting histogram 
generated by six 10,000-lumen LED bulbs. These bulbs are installed on a ceiling 
that is 4 meters high in a 20 meters (length) by 14 meters (width) warehouse. Due 
to the fact of indoor energy harvesting, the tilt angle and weather data are 
neglected.  

By considering these components, an analytic model can provide valuable 
insights into the energy harvesting potential of a solar panel system in a 
warehouse environment, enabling better decision-making for optimizing energy 
production and efficiency. The lighting simulation and harvested energy histogram 
of the warehouse are shown in Figure 9, which is an estimated result based on 
reference methodology. 

 
Figure 9. Inside warehouse lighting and energy harvesting histogram. The histogram shows the 

energy a robot can harvest in every spot inside the warehouse. 

 

6.3. System architecture and results 
We have developed a comprehensive autonomous architecture using ROS to 
implement task scheduling for practical applications. This architecture leverages 



 

 

queue models and parallel processing and consists of 12 distinct nodes that 
collaborate seamlessly. 

Figures 10 and 11 provide a visual representation of the system’s flowchart, 
illustrating the interactions between these nodes and the overall system 
architecture. Figure 10 illustrates how the central nodes coordinate scheduling, 
monitoring, task queue management, and task duration/energy estimation, all 
within the ROS framework. Figure 11 provides a flowchart depicting the 
architecture of the task queuing system. It highlights how tasks are assigned to 
robots in parallel, based on the scheduling plan, ensuring efficient task distribution 
across the robotic swarm. 

The first critical component is the Task Acquisition node, which continuously 
monitors the Task Publisher node - an external source responsible for providing 
task information. In some future scenarios, the Task Acquisition process may be 
autonomously handled by the robots themselves. This feature, which we plan to 
explore in future research, could further enhance the system’s adaptability in 
dynamic environments. 

Another pivotal node is the Monitoring node. This node oversees robot availability, 
energy levels, and maintenance planning. Additionally, it gathers essential data 
about both tasks and robots, playing a key role in workload-based scheduling. The 
Monitoring node communicates with the Scheduling node using a service and 
request protocol. This ensures that the Scheduling node - which is the most 
resource-intensive component of the architecture - activates only when 
necessary. To optimize energy consumption, the Monitoring node can place the 
system in an idle state when appropriate. 

The Scheduling node initiates the task scheduling process by communicating 
directly with the robots, obtaining critical data such as their current positions, 
battery status, and energy harvesting rates. This collaborative connection forms 
the backbone of the task scheduling approach presented in this work. The 
Scheduling process relies on the notations and methodology described further in 
this section. A crucial aspect of the Scheduling is its integration with the Duration 
and Energy Consumption Estimator (DEE) node.  

The DEE node is optimized to significantly reduce energy consumption. Rather 
than relying on continuous positioning data, we transitioned to discrete 
positioning, thereby creating a lookup table of feasible energy points. This shift not 
only reduces computational overhead, but also minimizes energy consumption 
during task execution. The DEE node utilizes information from ROS and Gazebo, 
such as the global planner and robot goal setter, to estimate task energy 
requirements, path planning, and task duration. Additionally, to ensure that robots 
avoid collisions during task execution, we implemented the Collision Avoidance 
node. This node  relies on the robots’ onboard sensors and employs a periodic 
sensing algorithm to prevent collisions. 



 

 

Finally, the Queue Management node uses parallel processing to manage the 
execution of tasks by the robots, following the scheduled plan. 

 
Figure 10. The central nodes schedule, monitor, manage the tasks queue and estimate each task’s 

duration and energy. This architecture is implemented using ROS. 

 
Figure 11. Task queuing architecture flowchart. It illustrates the tasks queuing architecture that 

parallelly assigns the scheduled tasks to the robots. 

 

6.3.1. Simulation setup 
As illustrated in Figure 12, the simulation environment represents a 20m × 14m 
warehouse space. The warehouse contains six storage areas, each consisting of 
six 5m×1m shelves arranged in a grid. Four sorting stations are positioned at the 
bottom of the environment. A charging station, marked by the green sign in Figure 
12, is deployed within the system. This charging station is capable of charging up 



 

 

to two robots simultaneously; a constraint that affects both the task scheduling 
and charging times of the robots. The objective is for the robots to deliver drops 
from the storage shelves to the sorting stations, while optimizing their task and 
energy consumptions. 

 
Figure 12. Warehouse simulation environment, featuring six storage shelves and four sorting stations. 

 

In this setup, the APSO algorithm is compared against two baseline algorithms: 
traditional PSO and GA. The optimization performance depends on specific control 
parameters as previously introduced, like swarm size 𝑆, number of iterations 𝐼𝑖𝑡𝑒𝑟 , 
inertia weight 𝑊, and acceleration coefficients 𝑐1 and 𝑐2.  

In the experimental design, the control parameters for APSO an PSO are defined 
as follows: 𝑐1 = 𝑐2 = 2, 𝑊 = 0.9 (although in the case of APSO, these variables 
adapt dynamically), 𝑆 = 100, and 𝐼𝑖𝑡𝑒𝑟 = 100. For the GA, the population size is set 
to 100 and the mutation rate is set to 0.1. The scheduling results were visualized 
using a Gantt chart, which displays the execution order of the different tasks. 
Different colors are used to represent different orders (i.e., groups of tasks with the 
same deadline), allowing for easy interpretation of the scheduling outcomes. 

6.3.2. Multi-robot task scheduling validation 
In this section, we present the results of our comprehensive robot task scheduling 
simulation, focusing on the effectiveness of the EA approach in dynamically 
optimized task scheduling for four ambiently powered robots, with a workload of 
𝑀 = 50 tasks. The results, as shown in Figure 13, provide the Gantt chart scheduling 
output of the EASDST algorithm.  

To evaluate the algorithm, system architecture, and energy and time estimation 
model, a predicted schedule obtained from the EASDST optimized using the APSO 
algorithm is sent to the ROS-based architecture and simulated in the Gazebo 
environment. The different colors in the chart represent the set of orders 𝕄 =

𝑚0, 𝑚1, 𝑚2, 𝑚3, with each order containing a set of tasks. Specifically: 

• 𝑂𝑚
0 = 𝑜𝑚

0 , … , 𝑜𝑚
12 



 

 

• 𝑂𝑚
1 = 𝑜𝑚

13, … , 𝑜𝑚
20 

• 𝑂𝑚
2 = 𝑜𝑚

21, … , 𝑜𝑚
35  

• 𝑂𝑚
3 = 𝑜𝑚

36, … , 𝑜𝑚
49.  

The initial robot battery charge are set as follows: 

• 𝐸0
0 = 25% (robot 0) 

• 𝐸1
0 = 26% (robot 1) 

• 𝐸2
0 = 11% (robot 2) 

• 𝐸3
0 = 18% (robot 3) 

The charging times for a full battery charge is 𝑇𝑐ℎ𝑎𝑟𝑔𝑒(0, 𝐸𝑚𝑎𝑥) = 1350 second. The 
red lines on the Gantt chart indicate the deadlines for each order, which must be 
met according to: 

• 𝑡0
𝑑 = 550 seconds 

• 𝑡1
𝑑 = 850 seconds 

• 𝑡2
𝑑 = 1200 seconds 

• 𝑡3
𝑑 = 1700 seconds 

These deadlines are based on the predicted schedule, and in the case of the 
predicted schedule, they are fully met by the optimization algorithm. Table 1 

shows the performance validation metrics for the model. In total, 50 experiments 
were conducted to compare the model in four different situations with random 
numbers of tasks (𝑀) and robots (𝑁 ∈ [0,3]).  

As illustrated in Table 1, the average error observed grows with the number of 
robots. This error between the predicted schedule and the simulation output can 
arise for several reasons. One major source of error is that the power consumption 
estimator relies on route information provided by the robot’s global path planner. 
However, potential changes in the robot’s path due to moving obstacles (e.g., other 
robots) can lead to deviations in power consumption. Additionally, improper tuning 
of robot parameters (e.g., PID controller) can cause excessive oscillations around 
set points, consuming extra energy. Communication and computation delays 
between ROS nodes may also introduce time gaps between tasks. 

In general, the results from the Gantt chart demonstrate a high level of accuracy 
between the predicted model and the Gazebo simulations. The error metrics 
presented in Table 1 offer a comprehensive assessment. These metrics can be 
used to account for worst-case planning, and adding them to the scheduling can 
improve the performance of the system by coordinating the model with real-world 
conditions to mitigate deadline violations. 



 

 

 

Figure 13. Gantt chart illustrating the details of task scheduling and its corresponding Gazebo results 

for four robots, 50 tasks, and 4 orders using the EA algorithm. 

 

Table 1: Error and standard deviation metrics for comparison of predicted scheduling model and 

Gazebo simulation. 

Metrics 

1 

Robot 

2 

Robots 

3 

Robots 

4 

Robots 

Task Completion Time Average Error (%) 6.28 7.58 9.58 11.81 

Task Completion Time Standard Deviation 

(%) 

1.18 1.86 2.11 2.48 

Task Energy Consumption Average Error (%) 7.43 7.47 10.38 11.63 

Task Energy Consumption Standard 

Deviation (%) 

1.61 1.78 2.22 2.32 

 

 

 

6.3.3. Large-scale simulation results 
In this section, we sought to demonstrate our proposed EA model compared to 
the EU approach in terms of completion time performance. Additionally, a 
comprehensive comparison between the different optimization methods - APSO, 



 

 

PSO, and GA – is provided, highlighting their optimization performance and 
computation time. 

 

 

Some assumptions were made for this section. First, the stopping criterion for all 
algorithms was set to terminate after 15 consecutive identical best answers, 
meaning that if the best solution is repeated over 15 continuous iterations, the 
algorithm stops. Secondly, the main distinction between the EA and EU 
approaches lies in energy awareness. The EA approach considers energy 
consumption, task timing estimation, and energy harvesting prediction, while the 
EU approach uses a traditional SDST model without considering energy 
harvesting. In both approaches, robots are ambiently powered, but the EU 
approach only accounts for battery recharging when the battery level drops below 
10% of total capacity 𝐸𝑚𝑎𝑥 . 

For analyzing the optimality and simulation time, two scenarios are planned. Both 
scenarios are simulated using a computer with a 12th Gen Intel core i7-1270P, and 
16 gigabytes of RAM. Every simulation for each point is done 25 times and the 
graphs show the average amounts. 

The Relative Error metrics are provided in Table 2 and Table 3 for scenario A. The 
Optimal Relative Error (ORE) in these tables refers to the relative error between the 
optimal value obtained from 25 runs 𝑥̂optimal and the reference optimal value 
𝑥̂reference. The ORE can be calculated as: 

ORE = |
𝑥̂optimal−𝑥̂reference

|𝑥̂reference|
| × 100% (32) 

The average relative error (ARE) is the relative error between the average value 𝑥⃐ 
and the reference optimal value 𝑥̂reference. 

ARE = |
𝑥⃐−𝑥̂reference

|𝑥̂reference|
| × 100% (33) 

The worst relative error (WRE) is the relative error between the worst value 𝑥̂worst 
obtained in each run and the reference optimal value. 

WRE = |
𝑥̂worst−𝑥̂reference

|𝑥̂reference|
| × 100% (34) 

Due to GA’s best performance, its optimal solution is considered as the 𝑥̂reference. 

Scenario A: Increasing the Number of Tasks 

In Scenario A, we evaluated the effects of increasing the number of tasks on task 
completion time and simulation time. The number of robots was fixed to 𝑁 = 6, 
while the number of tasks 𝑀 varied between 10 and 80. The initial battery charges 



 

 

of the robots are set to a given percent of nominal battery charge 𝐸𝑚𝑎𝑥 = 20𝑊ℎ as 
follows: 

• 𝐸0
0 = 42.9% (robot 0) 

• 𝐸1
0 = 27.6% (robot 1) 

• 𝐸2
0 = 16.7% (robot 2) 

• 𝐸3
0 = 48.1% (robot 3) 

• 𝐸4
0 = 57.3% (robot 4) 

• 𝐸5
0 = 16.9% (robot 5) 

 

To compare the different optimization approaches, we evaluated six 
configurations: APSOEA, PSOEA, and GAEA (for the energy-aware approach - solid 
lines), and APSOEU, PSOEU, and GAEU (for the energy-unaware approach – 
dashed lines). 

Figure 14 illustrates that the EA approach outperforms the EU approach in terms 
of total task completion time for the same input. As the number of tasks exceeds 
20, at least one robot in the EU approach requires recharging, while this threshold 
rises to 50 tasks in the EA approach. After this point, the gap between the two 
approaches begins to close, reflecting the benefits of energy-aware scheduling, 
especially with energy harvesting considered. Additionally, Figure 17 confirms that 
the EA approach better manages energy durability, particularly when robots 
require recharging. Experimental results demonstrate an average 15% reduction in 
task completion time for the EA approach over 50 experiments with random task 
and robot configurations. 

To compare the optimization algorithms, two metrics are considered: the 
completion time objective function, which measures the algorithm’s optimization 
performance, and the simulation time, which evaluates the algorithm’s speed. As 
shown in Figures 15 and 16, GA consistently provides the best optimization results 
but is much slower than APSO, particularly in large-scale simulations. Table 2 and 
Table 3 provide relative error metrics for various task sizes, showing that as the 
number of tasks increases, the relative error decreases, especially when the 
population size is increased from 100 to 1000. This indicates that both APSO and 
PSO solutions converge toward GA's optimal results as the task size grows. 

 

In terms of simulation time, however, GA is significantly more time-consuming 
compared to APSO, especially when the population size increases. In contrast, 
APSO demonstrates superior simulation efficiency, maintaining a reasonable 
simulation time even with larger populations. 

   
   



 

 

   

  Figure 14. Completion time (the unit is second) analysis of different algorithms with 𝑆 = 100. The 

dashed lines are the EU approach and solid lines show the EA approach. In this scenario (A) the 

total number of tasks 𝑀 varies and the number of robots 𝑁 is fixed. 

 

   

  Figure 15. Simulation time (the unit is second) analysis of different algorithms for a population 

size of 𝑆 = 100. The dashed lines are the EU approach and solid lines show the EA approach. In 

this scenario (A) the total number of tasks 𝑀 varies and the number of robots 𝑁 is fixed. 

   

   



 

 

   

  Figure 16. Simulation time analysis of different algorithms for a population size 𝑆 = 1000. The 

dashed lines are the EU approach and solid lines show the EA approach. In this scenario (A) the 

total number of tasks 𝑀 varies and the number of robots 𝑁 is fixed. 

   

Scenario B: Increasing the Number of Robots 

In Scenario B, we analyzed the effect of increasing the number of robots on task 
scheduling. Here, the number of tasks was fixed to 𝑀 = 100, and the number of 
robots 𝑁 increased from 6 to 20. Figure 17 shows that the EA approach 
outperforms the EU in completion time, particularly when robots require 
recharging. As the number of robots increases, the total amount of energy 
harvested increases, reducing the overall charger usage. This confirms the 
advantage of EA scheduling in managing energy resources in ambiently powered 
robot swarms. 

Figure 18 shows that, for APSO and PSO, the number of robots does not 
significantly affect simulation time. However, for GA, there is a slight increase in 
simulation time as the number of robots increases. This scenario reaffirms the 
superior optimization performance of GA and the better simulation time of APSO. 



 

 

 

Figure 17. Completion time (the unit is second) analysis of different algorithms with 𝑆 = 100. The 

dashed lines are the EU approach and solid lines show the EA approach. In this scenario (B) the total 

number of tasks 𝑀 is fixed and the number of robots 𝑁 varies. 

 

 

Figure 18. Simulation time (the unit is second) analysis of different algorithms with 𝑆 = 100. The 

dashed lines are the EU approach and solid lines show the EA approach. In this scenario (B) the total 

number of tasks 𝑀 is fixed and the number of robots 𝑁 varies. 

 

 

 

 

 



 

 

Table 2. Relative error metrics which show the difference between the total task completion time of 

different EA optimization algorithms with a population size S = 100 in scenario A. 

Number 

of 

Tasks 

GAEA 

ORE 

GAEA 

ARE 

GAEA 

WRE 

PSOEA 

ORE 

PSOEA 

ARE 

PSOEA 

WRE 

APSOEA 

ORE 

APSOEA 

ARE 

APSOEA 

WRE 

10 0.0 1.1 4.0 2.8 17.8 31.6 1.9 29.6 33.0 

15 0.0 11.5 18.7 22.4 24.8 28.4 13.6 17.9 31.8 

20 0.0 0.3 1.9 8.9 13.8 21.3 4.5 13.1 18.4 

25 0.0 0.6 2.1 10.0 17.7 24.7 8.4 14.6 21.5 

30 0.0 4.9 8.1 11.1 13.2 19.5 10.6 13.2 21.3 

35 0.0 3.7 6.1 8.2 11.1 13.0 5.6 10.7 16.5 

40 0.0 3.7 6.9 6.1 10.9 13.1 6.8 9.6 14.2 

45 0.0 2.9 6.7 4.0 8.1 15.9 7.1 10.1 14.1 

50 0.0 2.3 3.4 7.2 12.5 15.1 6.7 9.3 12.7 

55 0.0 2.3 3.6 6.0 9.5 13.6 10.2 10.8 13.6 

60 0.0 3.4 4.4 8.9 12.2 16.5 5.2 8.7 16.6 

65 0.0 4.8 6.9 7.3 11.9 14.5 8.8 13.8 15.5 

70 0.0 2.3 3.6 5.4 8.3 11.5 3.9 9.5 11.8 

75 0.0 1.0 1.9 3.5 6.4 12.1 1.1 3.3 5.8 

  80     0.0  0.7          2.1 4.4 5.7 8.5 1.5 4.7 8.8 

 

Table 3.  Relative error metrics which show the difference between the total task completion time of 

different EA optimization algorithms with a population size S = 1000 in scenario A. 

Number 

of Tasks 

GAEA 

ORE 

GAEA 

ARE 

GAEA 

WRE 

PSOEA 

ORE 

PSOEA 

ARE 

PSOEA 

WRE 

APSOEA 

ORE 

APSOEA 

ARE 

APSOEA 

WRE 

10 0.0 1.1 2.9 1.8 9.2 12.9 6.2 8.1 12.9 

15 0.0 2.3 5.8 10.7 15.8 20.5 8.7 12.2 19.3 

20 0.0 3.1 8.4 14.5 16.1 19.6 11.4 12.7 14.4 

25 0.0 0.9 3.3 8.1 10.3 10.8 4.1 6.7 14.9 

30 0.0 0.8 1.8 0.7 4.0 12.2 3.6 8.9 11.7 

35 0.0 2.1 5.3 8.5 9.8 11.8 7.1 9.5 12.2 

40 0.0 1.3 3.1 3.9 6.5 9.5 5.8 8.1 11.2 

45 0.0 0.4 1.2 5.7 8.0 10.1 4.6 5.6 6.9 



 

 

50 0.0 5.5 6.9 5.5 10.1 12.3 7.8 9.8 13.4 

55 0.0 2.9 4.4 5.0 6.5 8.3 0.9 4.1 8.1 

60 0.0 0.7 1.1 4.7 7.5 8.8 4.6 6.7 8.2 

65 0.0 0.9 1.5 4.1 5.7 6.9 3.5 4.4 5.0 

70 0.0 1.3 1.9 4.9 6.6 7.6 0.7 2.4 3.0 

75 0.0 1.1 2.1 0.7 4.7 7.9 3.2 6.7 8.0 



 

 

7. AI-based Energy Harvesting Aware Path Planning 

Swarm Robotics is a field within AI that focuses on designing, building, and 
deploying large groups of relatively simple robots. These robots coordinate in a 
distributed and decentralized manner to cooperatively complete complex tasks 
[35, 72, 26]. Inspired by the collective behavior of natural self-organizing systems, 
such as the movements of fish schools or bird flocks, swarm robotics leverages 
local interactions to achieve coordinated actions [69, 72]. Each robot within the 
swarm possesses local processing, communication, and sensing capabilities, 
enabling it to interact with its surroundings and adapt autonomously to 
environmental changes. These features grant swarms their core advantages: 
adaptability, robustness, and scalability [39]. Although bridging the gap between 
theoretical models and real-world implementations remains challenging, swarm 
robotics continues to attract significant research interest [69, 72, 82].  

Swarm robots can exhibit various collective behaviors, which can serve as building 
blocks for different applications. Brambilla et al. [64] categorized these behaviors 
into four main groups: spatially organizing behaviors, navigation behaviors, 
collective decision-making and other collective behaviors. Figure 19 shows a 
classification of research in swarm robotics based on Brambilla et al. [64]. The 
herein proposed approach focuses on navigation behaviors, which involve 
coordinating the path planning of a swarm. Swarm navigation is a critical area of 
research due to its potential for real-world applications, such as environmental 
monitoring, search and rescue, precision farming, and transportation [47]. Efficient 
navigation is essential for optimizing the performance of swarm missions. 

One of the persistent challenges in swarm robotics is energy management. 
Traditional swarm navigation algorithms tend to optimize for path efficiency and 
task completion without factoring in the energy levels of individual robots. This 
oversight is problematic, as many autonomous robots operate in environments 
where recharging infrastructure is either limited or unavailable. As a consequence, 
robots risk depleting their energy reserves, leading to mission failure or the need 
for frequent manual intervention to recharge or replace batteries. 



 

 

 
Figure 19. Classification of research in swarm robotics into two taxonomies (proposed by Brambilla 

et al. [64]) 

Incorporating energy harvesting capabilities into the navigation strategy of swarm 
robots offers a sustainable solution to this energy management challenge. Energy 
harvesting allows robots to collect energy from their environment through various 
means, such as solar panels, kinetic energy harvesters, or thermoelectric 
generators [81]. Since ambient energy availability often varies depending on 
location, integrating energy harvesting into the navigation process enables robots 
to adjust their paths to areas with higher energy potential. This not only extends 
the operational time of the robots, but also reduces dependency on human-
operated charging systems, improving the efficiency of swarm missions. 

Given the stochastic and dynamic nature of energy harvesting and navigation 
tasks, machine learning, and more specifically reinforcement learning (RL), is a 
promising approach to developing intelligent navigation algorithms. RL is a type of 
machine learning in which agents learn optimal behaviors through trial-and-error 
interactions with their environment [61, 48]. By receiving feedback in the form of 
rewards, RL agents can develop strategies that maximize cumulative rewards over 
time. This makes RL particularly effective for swarm navigation, where the robots 
must balance reaching their target destinations, avoiding collisions, and 
maximizing energy harvesting opportunities [80]. 

 

7.1. Problem statement 
One of the primary challenges in the field of robotics is limited battery life, a 
significant issue for robotic swarms that need to operate autonomously over 
extended periods. Efficient energy management is essential to enhance the 
autonomy and operational longevity of these swarms, especially in environments 
where energy resources are limited or unevenly distributed. 



 

 

The challenge is compounded by the fact that the availability of harvestable 
energy can vary significantly across different locations. Factors such as shadows 
cast by obstacles, terrain features, and time-dependent changes in sunlight 
exposure can affect energy harvesting potential within a given area. This spatial 
variability directly impacts the robots’ ability to sustain themselves over time. 

Incorporating these spatial dependencies into the swarms’ navigation behavior 
offers a path to more efficient energy utilization. RL presents a promising approach 
for developing an intelligent navigation algorithm that not only considers the 
shortest path but also optimizes for areas with higher energy availability. This 
solution could significantly extend the swarm’s operational time and improve 
overall mission effectiveness. 

Our goal is to develop an intelligent navigation algorithm that integrates energy 
harvesting capabilities within a swarm of robots. To achieve this, we conduct a 
proof-of-concept in a simulation environment and evaluate the performance 
under various scenarios. This problem is broken down into several sub-problems, 
leading to the following research questions: 

• RQ1 How can a RL-based algorithm be designed to integrate energy 
harvesting and multi-objective navigation, balancing both the shortest path 
and optimal energy harvesting for robotic swarms? 

  RQ1.1 What RL algorithms would be more effective for this task? 
• RQ2 How does the performance of robots that incorporate energy 

harvesting in their navigation compares to those that do not? 
• RQ3 How do environmental and system factors influence the algorithm’s 

performance? 
• RQ4 How do different RL techniques compare in terms of performance and 

effectiveness for finding optimal paths while considering energy 
harvesting? 
 

Energy management has drawn substantial research attention in robotics, 
particularly in developing energy-efficient autonomous systems. While recent 
work has started incorporating energy considerations into navigation strategies, 
energy harvesting-aware navigation in robotic swarms using RL remains relatively 
underexplored. There is little related research that directly addresses our specific 
problem. The relevant literature can be categorized into three areas:  

• RL in robot navigation 
• Energy harvesting in robotic swarms 
• RL in energy-aware navigation 

 

Each of these categories provides foundational insights for our approach, which 
combines RL-based navigation with energy harvesting.  

For instance, Na et al. [34] propose a Federated Learning (FL) based Deep 
Reinforcement Learning (DRL) training strategy (FLDDPG) for swarm robotics, 



 

 

focusing on environments with limited communication bandwidth (e.g. high-
radiation, underwater, or subterranean environments). They demonstrate that the 
FLDDPG method exhibits greater robustness and generalization compared to 
baseline strategies which are limited by communication bandwidth. 

Zhu et al. [59] introduce a rule-based RL (RuRL) algorithm for efficient robot 
navigation in complex spaces, combining rule-based and RL methods to reduce 
sample complexity and time cost. RuRL uses wall-following to create closed-loop 
trajectories, a reduction rule to minimize redundant exploration, and the Pledge 
rule to guide navigation within this optimized space, achieving scalable results in 
single and multi-room tests with SLAM-mapped robots.  

Wei et al. [53] review energy harvesting techniques, particularly solar and 
mechanical methods, to power self-sustaining UAVs. They discuss combining 
these techniques with MEMS and flexible electronics to enhance UAV 
performance, highlighting dynamic soaring as a promising mechanical energy 
strategy and noting future challenges in UAV energy harvesting. Dolev et al. [71] 
explore caterpillar swarm-inspired nano-robots for energy-efficient movement in 
biological systems. Their design emphasizes coordinated movement, weight 
adaptation to blood flow, and effective in-vivo energy use, supporting advanced 
nano-robotic applications in medical contexts. 

Visca et al. [51] propose an adaptive energy-aware planning framework for 
unmanned ground vehicles in unknown terrains, using a deep meta-learning 
model to develop an energy-efficient path planner that adapts to local terrain 
conditions, showing strong results in 3D simulations. Bouhamed et al. [63] develop 
a Deep Deterministic Policy Gradient (DDPG)-based UAV navigation system for 
obstacle-dense environments, optimizing for energy awareness with a dynamic 
threshold to return UAVs to charging stations, reducing collision risk and power 
loss. Niaraki et al. [36] design a Q-learning path planning framework for UAVs 
navigating in windy conditions, optimizing power use and goal detection in large 
search domains and demonstrating adaptability to various wind patterns. 

These studies reflect advances in RL for navigation, energy harvesting, and 
energy-aware navigation, yet the combined focus on energy-aware navigation in 
robotic swarms remains underexplored. Although the literature provides valuable 
insights, it is important to distinguish between "energy-aware" navigation 
and ”energy harvesting-aware” navigation. Energy-aware navigation typically 
involves optimizing paths or behaviors based on current energy levels, aiming to 
minimize consumption without considering dynamic replenishment. In contrast, 
energy harvesting-aware navigation actively plans routes to maximize 
opportunities for energy harvesting, extending mission duration and reducing 
reliance on external charging infrastructure. Literature, although not directly 
addressing our specific problem, still provides valuable insights and methods that 
can inspire our approach. This way we can obtain a general idea of how to divide 
the process for our research and verify the questions to be relevant. 



 

 

RQ1 is a rather obvious question since this is the main goal of our work. In our 
research, we found a lot of overlapping approaches, thus we decided to only use 
two different RL techniques. Since energy harvesting is the focus in this research, 
we naturally started by looking at which RL techniques are used in our different 
research topics. In context of energy-aware path finding we found an interesting 
approach using Q-learning. 

In the context of other research in RL, most studies have focused on deep 
reinforcement learning and policy gradient methods. Given this trend, we decided 
for our first RL algorithm to be Q-learning. We wanted to start with a simple RL 
basic RL and deep RL in our problem. For our second RL algorithm we chose PPO. 
In particular this selection for deep RL, is informed by its widespread use in 
complex environments and its robust performance in policy gradient methods, 
making it a better fit than alternatives like DDPG for the adaptive and dynamic 
requirements of our robotic swarm system. 

The performance comparison posed in RQ2 is critical, as it examines the practical 
impact of energy harvesting on the efficiency of robotic swarms, a topic that has 
been insufficiently addressed in current research since we barely found anything 
matching this specific subject. 

Additionally, RQ3 and RQ4 delve into the influence of environmental factors and 
the comparative effectiveness of different RL techniques, respectively. These 
questions are based on observed variations in performance across different 
settings and algorithms, highlighting the importance of adapting our methods to 
diverse operational conditions. 

In summary, our research addresses key gaps in the literature. By focusing on RL-
based energy harvesting navigation in robotic swarms, we aim to make meaningful 
contributions to this emerging field. 



 

 

7.2. Methodology 
In this section, we describe the design and development of the proposed solution 
for AI-based energy harvesting-aware path planning in swarm robotics. The goal 
is to develop an intelligent navigation algorithm that accounts for energy 
harvesting capabilities in a swarm of robots.  

The full implementation of this solution is available in our GitHub repository1. The 
repository includes all the source code and supplementary materials for 
replicating and extending our work. 

Our approach follows three main steps:  

1. Building the environment: Designing a simulation environment to model 
swarm behavior and interactions between robotic agents. 

2. Training the environment using RL: Implementing RL techniques to 
optimize energy-aware path planning. 

3. Design and execution of tests: Testing the performance of the trained 
algorithms in various scenarios. 

The overview of these steps is presented In Figure 20. The following sections 
provide detailed explanation of each step. 

 

 
Figure 20. Design of the Solution 

 

1 https://github.com/openswarm-eu/AI-based-Energy-harvesting-Navigation  

https://github.com/openswarm-eu/AI-based-Energy-harvesting-Navigation


 

 

7.2.1. Step 1: Building the Environment 
The first step involves creating a simulation environment to model the swarm 
behavior and environmental interactions of robotic agents. Initially, we 
implemented a Q-learning environment tailored to our specific context. Later, to 
validate our approach and compare it with other learning tools, we developed a 
second environment using the Gymnasium library for the PPO algorithm. An 
important note is that we must ensure both environments are model-free, 
meaning they do not require an explicit model of the environment’s dynamics. This 
feature is crucial for RL-based training, which relies on learning optimal policies 
through trial and error. 

The main goal remains to implement a navigation algorithm for a swarm of robots 
inside an environment that considers energy harvesting. Because the energy 
harvesting part of this is of much importance and different from other research 
done so far, we wanted to highlight how we implemented this part in each of the 
environments. This is why we will first explain the implementation of the navigation 
algorithm, and afterwards focus on how we integrated energy harvesting. 

We implemented our own environment by simply using Python classes. Since the 
objective was to incorporate swarm behavior, we separated the logic between the 
environment and robots. 

Environment Class:  

The environment is structured as a 2D grid where robots can navigate and interact. 
Each robot operates autonomously and makes decisions based on local 
observations, such as the position of obstacles, light sources, and other robots. The 
class is initialized with several key attributes: 

• Grid Size: The environment is modeled as a 2D grid where each robot ri in 
the robot set R, can navigate within a bounded area. The environment’s 
dimensions (width and height) are adjustable, allowing flexibility to simulate 
various scenarios. 
• Obstacles: Static obstacles are introduced in the environment to simulate 
real-world physical barriers that the robots must avoid. 
• Robots: A list of active robots (R) is maintained, each of which interacts with 
the environment and makes decisions autonomously. 
• Light sources: Light sources represent energy sources for energy 
harvesting. Robots are rewarded for moving towards and harvesting energy 
from these sources (detailed in the Energy Harvesting section).  
• Energy Harvesting : Covered in energy harvesting section. 
 

We allow robots to be added and ’connected’ to our environment. This connection 
enables robots to access necessary observation information for decision-making. 
Specifically, we assume that robots have access to certain environmental data 
such as the locations of obstacles, energy sources, and other robots within the 
environment. This setup allows the environment to serve as a shared context in 



 

 

which robots can sense, move, and interact with both the environment and each 
other, mimicking the behavior of a swarm retrieving information from its 
surroundings. 

The class includes a method to reset the environment, ensuring that each robot 
starts from a random valid position. This randomization is important for training RL 
algorithms, as it exposes the RL to a variety of scenarios and challenges, meaning 
it provides more learning data. 

The step function is the core of the environment’s navigational interaction with each 
robot individually. It processes a given action and evaluates the outcome of it. An 
individual robot will try to take the given action which represents a movement in a 
particular direction. The environment determines whether the move is valid, 
meaning whether it is in between the bounds of the grid, and whether it causes a 
collision with either an obstacle or another robot. These factors are then used to 
compute a reward, which guides the learning process for the RL algorithm later. 
We define our reward function as follows: we do multiple checks and depending 
on which check clears, it will return a certain reward based on the following criteria: 

1. Done: A positive reward for reaching the destination. 
2. Out of Bounds: A penalty if the robot moves outside the grid. 
3. Collision: A penalty for colliding with obstacles or other robots. 
4. Otherwise: If none of the checks clear, a small penalty to incentivize finding 

the shortest path. 
The episode ends when all robots reach their respective goals, signaling that the 
navigation task is complete. 

 

Robot Class:  

The Robot class encapsulates the behavior of each robot within the swarm. The 
primary objective of each robot is to navigate in to reach a specific goal. Key 
attributes include: 

• Id: Unique identified of each robot ri, enabling the system to manage 
multiple robots simultaneously without confusion. 
• Position: Robot ri position pri in the grid. 
• Goal: Navigation task ti  for robot ri consisting of reaching a specific goal 
position gri within the environment in the grid. 
• Env: The environment which robot operates in is considered as a grid map 
containing obstacles and other robot position. The connection between the 
robot and the environment is essential for the robot to interact with other 
robots and avoid obstacles. 
• Q-learn Agent: Each robot has a Q-learning agent responsible for learning the 
optimal actions during navigation. 
• Harvested Energy: Tracks the energy harvested by the robot during its 
operation (detailed later). 

 



 

 

The robot class has a reset functionality that assigns a given starting position as 
the current position. Remember that these starting positions were initialized in the 
reset function of the environment class. Since the environment and the robot are 
connected, the method represents purely one of the communications taking place 
between those two classes. Other critical information that robot accesses from 
communicating with the environment are the layout of obstacles and the positions 
of other robots. This connection is thus vital as it enables the robot to make 
informed decisions about its movements. 

The movement logic allows robots to move in four possible directions (up, down, 
left, or right), with each potential move evaluated for validity (bounds and collision 
checks). The robot’s done method checks whether it has reached its goal, at which 
point the robot is considered to have completed its task. 

 

Swarm Behavior:  

As previously addressed, we separated the logic into two classes to incorporate 
swarm behavior. Here, we will explain in detail the specific mechanisms 
implemented to achieve swarm intelligence within our system. 

Swarm behavior typically refers to the collective behavior of decentralized, self-
organized systems, often involving multiple autonomous agents that interact with 
each other and their environment. We implemented the following swarm 
characteristics: 

Decentralization, meaning swarm systems have multiple control centers rather 
than a single central control mechanism, with individual agents making decisions 
based on local information. In our implementation we ensured that each robot 
operates autonomously, making decisions based on its local environment, goals, 
and interactions with other robots. There is also no central controller directing the 
robots’ actions. Each robot has its own Q-learning agent that is trained so that it 
can decide those actions. 

Self-organization, this refers to the fact that agents adjust their behavior based on 
local interactions and environmental feedback, leading to a globally coordinated 
behavior without centralized control. We can find local interaction in multiple parts 
of our classes. Robots not only avoid collisions with each other and with obstacles 
based on local sensing. But also, each robot has its own goal and moves towards 
it independently. As for the self-organizing part, our agents adjust their behavior 
based on rewards and Q-values learned through interactions with the 
environment. However, there’s no explicit mechanism for self-organization 
beyond the Q-learning algorithm. 

Emergent behavior, this means that the group as a whole should exhibit complex 
collective behavior that emerges from the interactions of the individual agents. 
While the implementation provides the mechanisms for robots to avoid collisions 
and move towards goals, it doesn’t explicitly program complex group behaviors. 
However, emergent behavior could potentially arise from the combination of 



 

 

these individual behaviors, especially as they interact in the environment. But keep 
in mind that that behavior is driven by the Q-learning algorithm and predefined 
rules rather than emergent properties arising from local interactions. 

Coordination and cooperation, is a feature relating to robots working together 
towards a common goal, sometimes without explicit communication. In our 
environment we can find this characteristic in two cases. First our robots have 
mechanisms to avoid collisions, which is a form of implicit coordination. The 
environment checks if all robots have reached their goals. This reflects the idea 
that the task is only complete when the entire swarm has successfully achieved 
its objectives, highlighting a collective goal rather than individual success. We also 
want to note that each robot is aware of the goals of other robots. And while this 
awareness isn’t directly utilized in the provided code, it could be used to influence 
movement decisions, ensuring that the swarm collectively optimizes its path to 
achieve all goals without interference. 

Robustness and scalability, Swarm systems are often robust to individual agent 
failures and scalable to large numbers of agents. Our implementation doesn’t 
explicitly address robustness to individual failures but does allow scalability to not 
only more robots but also scalability regarding the dimension of the grid 
environment itself. 

In conclusion, our classes have multiple characteristics of swarm behavior, 
particularly in terms of decentralization, local interaction, and the potential for 
emergent behavior. While the system demonstrates these aspects effectively, it 
lacks explicit mechanisms for robustness and advanced self-organization. 
However, the elements that do exhibit swarm behaviour work together to create 
a system where robots, though operating independently, contribute to the 
swarm’s overall success. 

Energy harvesting:  

Energy harvesting has been integrated into the navigation system, wherein light 
sources have been added to the environment class. This level of configurability 
allows comparing the results when we train the RL algorithms with and without 
considering energy harvesting. 

• Light sources: These represent the energy sources within the environment 
that robots can utilize for energy harvesting. The positions of these light 
sources are fixed, and their locations are critical for the energy management 
of the robots. 
• use EH: This Boolean flag determines whether energy harvesting is enabled 
in the environment. If set to True, the environment integrates energy 
harvesting into the reward structure, influencing the robots’ navigation 
decisions. 

Inside the step function of the environment class, we now not only let the robot 
make a move but also have the robot calculate how much energy can be 
harvested during that step. 



 

 

Next, the amount of harvested energy is also integrated into the reward 
calculation. The total reward is now a weighted sum of the previous movement 
reward with the new energy harvesting reward (which is equal to the total amount 
of harvested energy to keep everything simple). 

Moving to the robot class, we also add a critical new attribute: 

• Harvested Energy: This attribute tracks the cumulative energy harvested by 
the robot which is a crucial aspect of the robot’s operation. 

 

Inside the reset function, we ensure that not only the position is reset to the new 
given start position. But the amount of harvested energy is reinitialized at zero, 
since there is no energy harvested at the beginning. 

We also add the ability to harvest energy in a new method to our robot class. This 
method estimates the energy a robot can collect based on its proximity to the light 
sources. The closer a robot is to a light source, the more energy it can harvest, with 
maximum energy being collected when the robot is directly on a light source. The 
robot also needs to be in a certain proximity to be able to do energy harvesting. 
However, the amount of energy that can be harvested will become smaller at a 
linear rate when moving further away while still being inside the proximity range. 
The function thus works as follows: 

1. Calculate the distances to each light source: We first calculate the distance 
of the position of the robot to each of the light sources. This calculation is 
simply the Euclidian distance: 

 (5) 

We also have a range to which robots are able to harvest energy. If they are 
more steps away from the light source than the range, they will not be able 
to harvest any energy. This range is initially set to three. 

2. Calculate the amount of energy: After we have calculated the relevant 
distances in which a robot is able to harvest energy, we can now calculate 
the amount of energy it will harvest based on this distance. In a real-life 
scenario a robot would have sensors for which the findings can be used to 
calculate the amount of energy is present in a location. In our simplistic grid 
environment, we took the following approach. When the robot has the same 
position as a light source, the amount of energy harvested is equal to the 
maximum energy emitted by the light source. The farther away we move, 
the lesser amount of energy should be present.  

 

(6) 

 



 

 

where rEH represents the maximum energy harvesting constant. This 
functionality supports the broader goal of optimizing energy usage within 
the swarm, as robots must balance their navigation tasks with the need to 
gather energy. 

PPO Environment Model:  

This second environment was developed using the Gymnasium library. Both the 
logic from the environment class and the robot class has been adopted to model 
the Gymnasium environment keeping the same methods. That way makes it easier 
to compare the outcome when using Q-learning in our own environment and PPO 
in the Gymnasium Environment. 

A custom Gymnasium environment inherits from the abstract class 
gymnasium.Env, which serves as the foundation for creating reinforcement 
learning environments. This inheritance mandates the implementation of certain 
attributes and methods to ensure the environment can interact seamlessly with 
Gymnasium’s reinforcement learning algorithms. Specifically, custom 
environments must define the action space and observation space attributes and 
implement the reset and step methods. Optionally, the environment can also 
include render and close methods for visualization and cleanup, respectively. 

Navigation:  

We created a custom Gymnasium environment tailored for simulating multiple 
robotic agents navigating a grid-based world. At initialization, the environment is 
configured with several parameters. Most of them you will recognize having the 
same purpose as in our own environment implementation. 

• Grid size: Instead of having a width and height, we have a combined 
parameter which defines the dimensions of the grid. It remains flexible only 
now we limited ourselves to square grids. 
• Obstacles: As before in the environment class we represent possible 
barriers as static obstacles within the grid. 
• Robots: Now instead of keeping tabs on a list of robot class objects, we 
simply just save the position of the robots in an array. The indexes of the array 
will serve as the id of each robot. 
• Goals: Again, we don’t have a separate robot class anymore, so we keep the 
target positions in another array. In this case the index of the robot’s position 
array will match with the index of the robot’s goal array. 
• Light sources: Covered in energy harvesting section. 
• Harvested Energy: Covered in energy harvesting. 

 

The following new attributes have been introduced for the Gymnasium 
environment: 

• Action Space: This attribute specifies the set of all possible actions that 
agents can take in the environment. In our implementation we define this as 
a Multi Discrete space, where each robot can take four possible actions: 



 

 

move up, down, left, or right. This allows for simultaneous action selection by 
multiple agents. 
• Observation Space: The observation space represents the state of the 
environment as seen by the (RL) agents. In our environment it is implemented 
as a dictionary, containing the positions of robots, goals, and obstacles. This 
comprehensive representation provides all necessary information for the 
agents to make informed decisions. 
• Rendering Attributes: Optionally, a custom environment could include 
rendering to have a better visualization. We chose to implement a render 
method (and close method for cleanup afterwards) using the Pygame library. 
This required some additional attributes used for rendering purposes. 
However, we won’t be explaining this in detail since this is not of relevance 
for this research. 

 

The class includes a reset method which initializes the environment to a starting 
state at the beginning of each episode. This method randomly places the robots 
on the grid, avoiding overlaps with obstacles, other robots, and goals. 

The core functionality of the custom environment’s dynamics remains to be 
described in the step function. The main difference is that we now consider all 
robots inside a single step, instead of considering them individually. This means 
that instead of one action, we receive an array of actions with the indices 
corresponding to the right robots. The method processes each robot’s movement, 
checks for collisions and validity, and calculates rewards, while also checking if all 
robots have reached their goals. Each of these operations is implemented in 
smaller functions which match the functions in our previous own environment and 
robot classes like e.g. the move method inside the robot class. The reward 
calculation also takes place as before, using the same reward values. This way we 
can easily compare the outcomes of both environments. 

Lastly, we added the (optional) methods render and close. The render method was 
especially useful for visualizing the environment during development and 
debugging. While the close method ensured that resources used for rendering are 
properly released when the environment is no longer in use, preventing memory 
leaks and other issues. However, as said before, we won’t go into further detail 
since this is irrelevant to the subject of this work. Figure 21 is an example of what 
the rendering looks like. 

After the implementation of the navigation algorithm, we can proceed with the 
integration of energy harvesting into the custom Gymnasium environment. Again, 
you will see a lot of resemblance with our previous own environment. 

We start by adding the essential new attributes. This will be a combination of the 
additional attributes to both the environment and robot classes from before. 



 

 

 
Figure 21. An Example of how we render the Grid Environment 

• Light sources: As before, we need energy sources within the environment 
that robots can utilize for energy harvesting. Important to note is that this is 
also added to the observation space attribute, just like goals and obstacles. 
• use EH: We still want to be able to compare the results with and without the 
use of energy harvesting. So, we again introduce a Boolean flag which 
determines whether energy harvesting is enabled. 
• Harvested Energy: Because we don’t have a separate robot class anymore, 
we keep track of the harvested energy in another array just like the positions 
and goals. 
 

The reset method is adapted so that after resetting the robot’s positions, we also 
rest the harvested energy to zeroes for all robots. 

We added the same functionality to calculate the amount of energy that can be 
harvested as in the robot class. We estimate the energy a robot can collect based 
on its proximity to the light sources. This process is then added to the step method 
and utilized when calculating the weighted sum as the total reward instead of just 
calculating the moving reward. 

7.2.2. Step 2: Training the Environment Using RL 
RL Training: After completion of the first step, we can proceed to the second step 
in which we will implement and train our reinforcement learning algorithms. 
However, first a decision has to be made on which RL algorithms are chosen for 
training our complex environment. Based on prior analysis of widely used RL 
algorithms, we decided to use Q-learning and PPO as our chosen RL algorithms. 
We also need to define the state and action space, which is the same for both RL 
techniques. The action space consists of four actions since we can only move in 
four different directions inside a grid: up, down, left and right. For the state space 
we only consider the position of the robot. When training these RL techniques, we 
try to retrieve the optimal action for each state-action pair. If we were to also 
consider the amount of energy harvested in our state space, this would lead to an 



 

 

exponential rise in number of state-action pair. This would make the execution 
time for training much larger, thus we decided it is better to only have the position 
of the robot as the state. 

Q-Learning Algorithm:  

In this section we will discuss the Q-learning algorithm we implemented for our 
own environment. The logic of the Q-learning agent was designed as a class. In 
general, the algorithm learns the value of actions taken in various states, guiding 
the agent to make better decisions over time. In Figure 22 a flow chart is provided, 
which offers a schematic overview of the iterative learning process of the Q-
learning algorithm. 

 
Figure 22. Flowchart of the Learning Process of Q-learning [76] 

 

The implementation involves several key attributes that are essential for the 
agent’s functioning: 

• Action Size: This specifies the number of possible actions the agent can take. 
In our grid environment this means a robot can take actions up, down, left 
and right. 
• Epsilon ϵ: This constant controls the exploration rate for the epsilon-greedy 
policy. 
• Gamma γ: This constant is the discount factor. It represents the importance 
of future rewards compared to immediate rewards. It is used to calculate the 
value of future states. 
• Learning Rate α: A constant which determines the rate at which Q-values are 
updated based on new information. 
• Q-Table: A dictionary storing Q-values for every possible state-action pair. 

 



 

 

Epsilon, gamma and learning rate are constants for which we predefined the value. 
An overview of these constant values can be found in Table 4. 

Table 4. Values of Q-Learning Constants 

Parameter Value 

Q Epsilon ϵ 0.4 

Q Gama γ 0.9 

Q Learning Rate α 0.1 

 

The RL algorithm consists of two core methods: act and learn. 

The act method chooses an action based on the epsilon-greedy policy. With 
probability epsilon ϵ, the agent selects a random action to explore new 
possibilities. Otherwise, meaning probability 1 − ϵ, it selects the action with the 
highest Q-value for the given state. If the state does not yet exist in the Q-table, it 
means that that state has never been visited before and it initializes that state with 
−∞ values for each possible action to represent unknown Q-values. 

The learn function updates the Q-values based on the observed transition from the 
current state to the next state. First, it ensures that both the current state and the 
next state are present in the Q-table, initializing them if necessary. Next, the Q-
value for the state-action pair is then updated using the Q-learning update rule: 

 

(7) 

 

where s is the current state, a is the action taken, r is the reward received, s′ is the 
next state, and a′ represents possible actions in the next state. 

Now we use this Q-learning agent class to train our own environment. Training 
involves repeatedly interacting with an environment to learn the best actions to 
take in various states to maximize cumulative rewards. 

Thus, we will loop over a numerous number of episodes. In each episode we start 
by resetting the environment, making the robots start from new random positions. 
This ensures varied experiences across episodes. 

Next, we loop over a maximum number of steps. This represents the maximum 
number of steps robots can take before reaching their destination. If they exceed 
that number, it means the algorithm didn’t find the right q-values yet for all state-
action pairs. Otherwise, at the end of this loop we will check whether all robots 
have reached their destinations, skipping to the next episode if that is the case. 



 

 

Now, since we have a swarm of robots, a robot works in a decentralized way. This 
means every robot has such a Q-learning agent class attribute of its own. This 
means every robot trains their own agent separately. Thus, the next step will be to 
loop over all robots, ensuring each robot will get the chance to let their Q-learning 
agent learn. 

For each robot we first check if the robot has already reached its destination. If so, 
we can move on to the next robot since the current one is done. Then we chose 
an action with the use of the act function from the Q-learning agent of the robot. 
After that we take that action by taking a step in our own environment. And lastly, 
we update the Q-values of the agent by learning from the next state and reward 
we obtained after taking that step. 

PPO Algorithm:  

We implemented a custom Gymnasium environment for modeling PPO. In the 
Gymnasium library, different RL algorithms are already implemented and updated 
to the newest advances. This means we no longer need our own implementation 
of PPO. We could simply use the PPO implementation of stable baselines3. This is 
another library in Python that provides a set of reliable and well-tested 
implementations of popular RL algorithms. It is built on top of PyTorch and is a 
successor to Stable Baselines, which was built on TensorFlow. As a reminder of 
how the internal flow of the training process of PPO words, we provide a PPO 
flowchart in Figure 23. 

 
Figure 23. Flowchart of the Learning Process of PPO [44] 

Now we use stable baselines3’s PPO to train our custom Gymnasium environment. 
We start by creating the PPO model. This model had most parameters already 
correctly initialized, except for the policy which in our case is called ’Multi Input 

Policy’ and the environment itself of course. The model can then use it learn 
method to properly train the PPO with the environment. The total timesteps we 
need for learning depends on the complexity of the environment, meaning it 
depends on the number of robots are present in our environment. Note that this 



 

 

parameter becomes exponentially larger the more robots we use which 
unfortunately also means training takes more time. 

7.2.3. Step 3: Design and Execution of Tests 
Lastly, we can save the trained model so when testing we do not need to waste 
time on retraining it every time. This third and final step involves the design and 
execution of test cases, which we refer to as “environment instances” trained using 
specific RL techniques. After executing the tests, a test report will be generated 
containing performance information about each environment instance, as well as 
specific path information based on initial robot positions. 

Test Framework: 

Testing an environment instance involves three main steps: 

• Building the environment: This step requires defining the size of the grid, 
the positions of robot goals, obstacles, light sources, and whether energy 
harvesting is enabled. 

• Training the environment: This is done using the selected RL algorithm (Q-
learning for our custom environment or PPO for the Gymnasium 
environment). Each algorithm is trained over a specified number of episodes 
or timesteps. 

• Navigating the environment: After training, the environment is navigated 
based on the RL model predictions to evaluate performance. 

 

For both our custom environment and the Gymnasium-based PPO environment, 
the process starts by building the environment instance. In our custom 
environment, we also separately construct the robots based on their given goals, 
before connecting them to the environment. 

For Q-learning, training is conducted over several episodes, with a maximum 
number of timesteps per episode. Setting a maximum timestep helps prevent the 
agent from getting stuck in infinite loops and ensures efficient exploration. 
Conversely, in PPO, the total number of timesteps is set across all episodes, and 
episodes end dynamically based on the environment's characteristics. 

The final step is navigation, where we start from fixed initial positions for each robot 
and use the RL model's predictions to navigate through the environment. During 
this process, we track the path length, total reward, and total energy harvested. If 
a robot fails to reach its goal within the maximum number of steps, we consider 
the attempt a failure. 

Notably, in our custom environment, each robot trains its own Q-learning agent. In 
contrast, in the PPO model, all robots are trained collectively, which improves 
collision avoidance. During navigation, we introduce an additional check in the 
custom environment to prevent collisions: if the best predicted action leads to a 
collision, the robot reverses its step and selects the next best action. 

Finally, the result are saved in the following types of files: 



 

 

• Q-tables: For each robot in our custom environment, we save Q-tables that 
visualize the states as a grid, showing the Q-values and the optimal action 
for each state. 

• Path comparison files: These files showcase four paths for environments 
trained with and without energy harvesting, illustrating the difference in 
behavior. 

• Results tables: These tables summarize the average results, including path 
lengths, total rewards, energy harvested, and success/failure rates for each 
RL technique. 

 

Parameter Test 

When training an RL model, choosing the right parameter values is critical. Since 
these values cannot be known beforehand, we conducted an extensive parameter 
test using a trial-and-error approach. This test investigates which parameter 
values yield the best performance for each environment instance. 

We identified several key parameters that influence performance: 

• Number of episodes/timesteps: Training the RL model for too few 
episodes results in underfitting, while training for too many episodes leads 
to overfitting. 

• Reward function values: We varied several aspects of the reward function, 
including: 

o Reward Done: When a robot has reached it’s individual goal in the 
environment, we assign a positive reward to teach the robot to 
navigate and end up here. 

o Penalty Invalid Move: When a robot tries to go out of the bounds of 
the grid, we assign a negative reward to learn the robot to stay 
inbound. 

o Penalty Collision: When a robot collides with either an obstacle or 
another robot in the environment, we assign a negative reward to 
ensure the robot learns to not cause collisions. 

o Penalty Move: When a robot takes a step, without making an invalid 
move or causing a collision, we assign a small negative reward to 
ensure the robot tries to find the goal in a minimum number of steps. 

o Reward EH & EH Power: A positive reward is given for energy 
harvested based on proximity to light sources, with two possible 
formulas: 

1. A linear function that reduces the reward as the robot moves 

further from the light source 1

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
.  

2. An exponential function that penalizes distance more 
sharply, potentially offering better learning outcomes for 

energy harvesting behavior 1

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒2. 

 



 

 

We assigned several possible values to each parameter and tested the resulting 
environment instances. Since the number of parameter combinations grows 
exponentially, we limited our tests to two basic cases: 

1. Basic Case 1: One robot, three obstacles, and three light sources in a 10x10 grid. 
2. Basic Case 2: Two robots, the same obstacles, and light sources, also in a 10x10 

grid. 
 

Testing with two basic cases allowed us to explore how the presence of multiple 
robots affects training, reward values, and overall performance. For each case, we 
trained both the custom Q-learning environment and the Gymnasium PPO 
environment. 

Finally, we used the results of the PPO parameter test (which is more sensitive to 
parameter variations) to inform the optimal reward values for the Q-learning 
environment. This ensured that the reward function was consistent between the 
two environments, allowing us to make meaningful comparisons between their 
performances. 

 

7.3. Results 
After running the extensive parameter test, we analyzed the results to determine 
the optimal parameter values that maximize performance. Since we varied several 
different values for each parameter, we generated 864 different environment 
instances from a single basic case. An overview of all tested parameters is 
provided in Table 5. We analyzed the results separately for the two basic cases 
(one robot and two robots).  

The process of selecting the best parameter-values is the same for both base 
cases so we will focus only on the first base case with one robot. We run the 
parameter test several times, each time considering a different number of starting 
points when executing the navigation of the test. It is important to note is we chose 
to run the navigation with deterministic predictions from PPO. This resulted in three 
CSV files: one containing the results of 864 different environment instances when 
executing the navigation with 10 starting points, one with all results when 
executing the navigation with 20 starting points and the last one with 50 starting 
points. 

Table 5. Overview of Tested Values for Each Parameter 

Parameter Base Scenario 1 Base Scenario 2 Both Scenarios 

Training Timesteps 20000, 50000 50000, 100000 - 

Reward Done 100, 500 500, 1000 - 

Penalty Invalid Move - - -1, -2, -5 

Penalty Collision - - -2, -5, -10 



 

 

Penalty Move - - -0.1, -0.2, -0.5 

Reward EH - - 2, 5 

Reward EH Power - - 1, 2 

 

Each of these resulting csv-files were analyzed so that we could generate the top 
10 best choices for each set. For the analysis, we added an Anomaly column to the 
data. This column checks whether the average energy harvesting enabled is 
greater than the average harvested energy when training without energy 
harvesting. This is crucial, as we expect the algorithm to prioritize energy 
harvesting even if it takes a longer path. 

Once anomalies were filtered out, we computed the ratios of average harvested 
energy and average path length for both cases (with and without energy 
harvesting). These ratios reveal how much energy harvesting is considered. To 
evaluate the efficiency of the trade-off between energy harvesting and path 
length, we created a trade-off column that calculates the ratio of the energy 
harvesting gain to the path length increase. This trade-off measures how well the 
algorithm balances energy harvesting with the cost of potentially longer paths. 

After filtering out failure cases, we sorted the results by this trade-off value in 
descending order, generating a list of the top 10 best parameter sets for each 
results set. 

 

Table 6. Overview of Optimal Parameter-Values for Base Case 1 values that will optimize the results. 

Parameter Value 

reward done 100 

penalty invalid move -2 

penalty collision -5 

penalty move -0.2 

reward EH 5 

EH power 2 

total timesteps 50000 

 

 

 

 

Table 7. Overview of Optimal Parameter-Values for Base Case 2 

Parameter Value 



 

 

reward done 1000 

penalty invalid move -5 

penalty collision -2 

penalty move -0.2 

reward EH 5 

EH power 2 

total timesteps 100000 

 

This process is then repeated for our second basic instance that contains two 
robots. Remember, we varied over different values since the testing and training 
with two robots becomes more complex. Table 7 shows the resulting optimal 
parameter as mentioned in Section Parameter Test, we used the custom 
gymnasium environment trained with PPO for our original parameter test. Now we 
have a small parameter test testing our own environment trained with Q-learning, 
to discover the optimal episode and maximum timesteps. Again, both base cases 
are considered, and we will use the optimal reward parameter-values from each 
case in our environment instances as well. The process of selection is again 
repeated with filtering out anomalies and failures, calculating the energy 
harvesting ratio and path length ratio, using this to calculate the trade-off and 
ordering that trade-off in a descending way. This results in the optimal values for 
our first base case shown in Table 8. And these optimal values for the second base 
case are found in Table 9. 

 

Table 8. Additional Optimal Parameter-Values for Base Case 1 

Parameter Value 

Episodes 1000 

Maximum timesteps 100 

 

Table 9. Additional Optimal Parameter-Values for Base Case 2 

Parameter Value 

Episodes 10000 

Maximum timesteps 200 

7.4. Evaluation 
In this section, we define the evaluation criteria used to validate our algorithm and 
then describe the different scenarios tested to assess the implementation. Finally, 
we examine the results for each test scenario based on these criteria. 



 

 

Evaluation Criteria: 

To validate our algorithm against the test scenarios, we use the following three 
evaluation criteria: 

• Navigation performance: We evaluate the average path length and the 
amount of energy harvested, both with and without energy harvesting. 

• Comparison of RL techniques: We compare the two RL techniques (Q-
learning and PPO) based on execution time and the quality of results. 

• Impact of environmental and system factors: We analyze how varying 
environmental affect algorithm’s performance and efficiency. 

• systematic factors: The system parameters impact on algorithm’s 
performance is investigated through different examination. 

 

These criteria were chosen to directly address the research questions outlined in 
our work. The first criterion, focused on path length and energy harvesting, is 
aligned with RQ1 and RQ2, which investigate the balance between efficient 
navigation and energy harvesting. The second criterion evaluates the efficiency 
and effectiveness of each RL technique (RQ1.1 and RQ4). The third criterion 
assesses the robustness and adaptability of the algorithm to different conditions 
(RQ3).  

 
Test Scenarios: 

We designed two types of test scenarios: environmental changes and system 
changes. Table 10 provides an overview of the parameters and values used to 
generate each scenario. 

 

Table 10. Overview of All Different Parameter-Values of All Scenarios 

  Parameter Values 

Environmental Scenarios     

Multi Robot 1 2 - - 

Grid size 5x5 10x10 20x20 - 

Light source 1 3 7 7 (clustered) 

System Scenarios     

Reward Weight 40/60 50/50 60/40 80/20 

EH Range 2 3 5 - 

 



 

 

These scenarios modify the physical environment, such as the number of robots 
or obstacles, or make systematic changes to the implementation, such as the 
range for energy harvesting or the reward weight. 

To ensure consistency, we use basic cases introduced earlier as starting points 
when generating different scenarios, modifying one variable per test. This 
approach allows us to make meaningful comparisons across different scenarios 
while keeping most factors constant. The basic cases are derived from the 
parameter tests described earlier, which identified the most optimal parameter 
values for performance. 

 

Environmental Test Scenarios: 

We designed the following three types of environmental test scenarios: 

• Multi Robot Scenarios: These scenarios vary the number of robots in the 
environment. Training an environment with multiple robots is significantly 
more complex than with a single robot, so we examine both the single-robot 
base case and the two-robot base case to observe differences in training 
difficulty and results. Although it would be ideal to test with more than two 
robots, the exponential increase in computation time makes this impractical 
within the scope of this work. 

• Grid Size Scenarios: These scenarios vary the size of the grid, examining 
environments with a 5x5 grid and a 20x20 grid. Larger grids present more 
possible states and increase the complexity of training. We created two 
smaller base scenarios for the 5x5 grid, ensuring that all positions (goals, 
obstacles, light sources) fit within the smaller grid. 

• Light Source Scenarios: We also vary the number of light sources, a critical 
aspect of energy harvesting. In addition to the three light sources in the base 
cases, we examine environments with one light source, seven scattered 
light sources, and seven clustered light sources. These scenarios allow us 
to observe how the number and distribution of light sources affect energy 
harvesting efficiency. 

 

System Test Scenarios:  

Systematic test scenarios modify internal system parameters, such as the reward 
weights and energy harvesting range: 

• Reward Weight Scenarios: These scenarios adjust the weights in the 
reward function, which balances movement and energy harvesting 
rewards. While the base cases use a 50/50 weighting, we also test with 
40/60, 60/40, and 80/20 weightings to observe the impact of emphasizing 
one reward over the other. 

• Energy Harvesting Range Scenarios: Here, we vary the range within which 
robots can detect and harvest energy. The base cases use a range of three 



 

 

steps, but we also test with a smaller range (two steps) and a larger range 
(five steps). This allows us to investigate how the distance from light sources 
affects energy harvesting behavior. 

 

Results Overview: 

After running all the test scenarios, the results are analyzed according to the 
defined evaluation criteria. These results are stored in a test report, which includes 
general performance data as well as detailed information like Q-tables and 
specific navigation paths. The evaluation of these results will help us determine 
how well the algorithm performs under different conditions and whether it meets 
the expected outcomes. 

 

7.4.1. EC1: Navigation Performance 
For the first criterion, we review navigation performance in terms of the average 
path length and the amount of energy harvested, both with and without 
considering energy harvesting. An overview of the results for the basic scenarios 
can be found in Table 11. 

Table 11. Overview of the Results of the Base Scenarios 

 

In Basic Case 1, we observe that the average path length increases slightly when 
the algorithm incorporates energy harvesting, while the average energy harvested 
rises more significantly. In the Q-learning environment, the path length increases 
by 126%, while the energy harvested increases by 280%, resulting in a trade-off 
percentage of 222%. This trade-off percentage measures the algorithm’s ability to 
increase energy harvesting with minimal impact on path length. The PPO 
environment model shows even better performance, with the path length 
increasing by 155% and energy harvesting rising by 425%, leading to a higher 
overall trade-off of 273%. 

In Base Case 2, the results are similar, although there are a few anomalies. In Q-
learning, the average path length remains unchanged, which is unexpected but 
not necessarily problematic, as energy harvesting still improves. In PPO, the path 
length is slightly longer when energy harvesting is not considered, which 



 

 

contradicts our expectations that path lengths would increase with energy 
harvesting. This discrepancy is likely due to non-deterministic action predictions 
during training, which occasionally lead to suboptimal paths. 

Figure 24 shows an example of robot navigation after training with Q-learning 
while considering energy harvesting. The timestamps on the paths illustrate that 
although the robots cross paths, they do so at different times, demonstrating that 
the algorithm has effectively learned to avoid collisions. 

 
Figure 24. A single path example after training with Q-learning considering Energy Harvesting 

In summary, these results align with our expectations. Training with energy 
harvesting capabilities leads to a significant rise in the amount of energy that is 
harvested, while the difference in average path length stays at a minimum. This 
means that our algorithm can successfully balance the trade-off between these 
ratios. When comparing the results of our two algorithms we can state that the 
overall performance of the PPO algorithm exceeds the performance of Q-learning. 

7.4.2. EC2: Effectiveness of RL techniques 
The second criterion compares the effectiveness of the two RL techniques (Q-
learning and PPO) in terms of execution time and results. Since we already 
discussed the results in the previous section, we now focus on the execution times. 

Our process includes three main steps, with Tables 12 and 13 presenting the 
execution times for each step: 

1. Build Time: In Q-learning, the build time is negligible, even in more complex 
environments. In PPO, the build time is slightly longer, especially in the first 
test (Basic Case 1 without energy harvesting), but this can be attributed to 
loading the necessary libraries. This delay only affects the initial build and is 
not a concern for subsequent tests. 

2. Training Time: Training times increase significantly in the second base case 
(multi-robot environment), as expected. PPO, being a deep reinforcement 
learning technique, has longer training times compared to Q-learning, 



 

 

which uses a simpler learning formula. Training with energy harvesting also 
takes longer due to the more complex reward function that considers both 
movement and energy harvesting. 

3. Test Time: Test times for both Q-learning and PPO are negligible, similar to 
build times. 

 

Table 12. Execution times for Q-learning 

  Base case 1  

Build Time Train Time Test Time 

No EH 5.48e-05 0.6817 0.0008869 

EH 0.0006337 2.1972 0.0028450 

  Base case 2  

Build Time Train Time Test Time 

No EH 0.0002930 17.8919 0.0049081 

EH 0.0002639 19.6207 0.0047820 

 

Table 13. Execution times for PPO 

  Base case 1  

Build Time Train Time Test Time 

No EH 1.3543 188.6143 0.6185 

EH 0.2887 195.3210 0.2676 

  Base case 2  

Build Time Train Time Test Time 

No EH 0.2553 444.4896 0.5017 

EH 0.2047 473.9146 0.5313 

 

We start by focusing on the execution times to build the environment. As you will 
notice for our Q-learning technique this costs us less than a millisecond of time, 
even when the environment becomes more complex. We can safely say that these 
timings are negligible. 

Figures 25 and 26 show examples of navigation paths after training with Q-learning 
and PPO, respectively. We used the same starting points for both algorithms to 
allow for direct visual comparison. 

 



 

 

 
Figure 25. Path examples after training with Q-learning 

 



 

 

 
Figure 26. Path examples after training with PPO 

 

7.4.3. EC3: Environmental Test Results 
This scenario considers the multi-robot case, which essentially retests the basic 
cases. Since these results were already discussed, we move on to the grid size 
and light source scenarios. 



 

 

• Grid Size Scenarios: In the grid size tests, we initially used the optimal 
parameters from the base cases. However, these resulted in suboptimal 
outcomes, particularly in the smallest grid (5x5), where over-training likely 
occurred. We ran a smaller parameter test (Table 15) to adjust the 
parameters for the grid size. The results (Table 16) indicate that smaller grids 
lead to shorter paths and less energy harvesting, while larger grids increase 
both path length and energy harvested. The only anomaly occurred with 
PPO in the 20x20 grid, where non-deterministic predictions likely caused 
suboptimal performance. 

• Light Source Scenarios: As expected, reducing the number of light sources 
decreases the amount of energy harvested, while increasing the number of 
light sources boosts energy collection, particularly when the sources are 
clustered. These results highlight the importance of light source distribution 
in energy harvesting.  

 

Table 14. Overview of the results of the grid size scenarios after execution with base case optimal 
parameter-values 

 
 

 

 

 

Table 15. Overview of values in the parameter test for the grid size scenarios 

Grid Size Base Case 
Parameter Values  

Total Timesteps Episodes Max Timesteps 



 

 

5 
Base Case 1 10000, 20000, 50000 500, 1000, 2000 50, 100 

Base Case 2 20000, 50000 1000, 2000, 3000 100, 200 

20 
Base Case 1 20000, 50000, 100000 1000, 5000, 10000 100, 200 

Base Case 2 50000, 100000 5000, 10000, 20000 200, 400 

 

As in our parameter test, in the process of selecting the optimal parameter values, 
the results need to hold the following properties: 

1. We do not want our results to have failure cases when testing the navigation 
after training. 

2. We do not want the results to contain anomalies, meaning the average 
amount of harvested energy when training without energy harvesting 
properties should not be greater than the average amount when training 
with energy harvesting considered. 

3. We do not want the path length when training only without energy 
harvesting, to be larger than the path length of training while considering 
energy harvesting. 

 

Afterwards, we sort the trade-off between the average energy harvesting ratio and 
the average path length ratio in a descending way. Remember that this trade-off 
represents how well the results balance energy harvesting against the cost of a 
potentially longer path. This will reveal the best options for our parameter values 
in descending order. Table 16 provides an overview of the new optimal parameter-
values for the grid size scenarios. 

 

Table 16. Overview of new optimal parameter-values for the grid size scenarios 

Grid Size Base Case 
Parameters 

Total Timesteps Episodes Max Timesteps 

5 
Base Case 1 20000 2000 100 

Base Case 2 50000 3000 100 

20 
Base Case 1 20000 1000 100 

Base Case 2 100000 5000 200 

 

Now that we have the optimal parameter values, we can execute the tests to 
obtain the results. In Table 17, we constructed an overview of all the results. 

 

Table 17. Overview of the Results of the Grid size Scenarios 



 

 

 

When operating in smaller grids, we expect to find the path faster but also harvest 
only little amounts of energy. This is natural since we reach the destination faster 
and thus have less opportunity to harvest. These characteristics are clearly found 
in the results of the 5x5 grid when training with both RL techniques. Note that 
although PPO has an anomaly, it still performs better than our Q-learning 
algorithm. When operating in larger grids, we expect both the average path length 
and average energy harvesting to be larger. This is also found in the 20x20 grid 
scenario results. The average energy harvesting increases for both techniques as 
well as the average path length. Note that the only situation where this is not the 
case is when training our PPO with 2 robots in a 20x20 grid. The overall 
performance here is also worse than that of Q-learning this time. We can explain 
this because our navigate execution in PPO predicts the actions non-
deterministically. So there is a (small) chance we won’t receive the best action 
when we predict, but instead get a random action. 

When we compare the results of the different grid sizes to assess the impact of 
this type of environmental changes, we observe that the increase in grid size leads 
to longer path lengths and lower rewards across all conditions. The effect is more 
noticeable when we train with energy harvesting, where the average harvesting 
and path ratios are significantly impacted in the larger grid. The results matched 
our overall expectations but were not as originally thought. 



 

 

The last scenario regarding environmental changes revolves around the light 
source scenario. Here we not only differ in the number of light sources but also 
consider the way they are distributed over the grid. Again, we mentioned we might 
have to research some alternative optimal parameter values. However, after 
executing the scenarios with the optimal parameter values of the basic cases, we 
found the results to be good, so we deemed running yet another computation-
intensive parameter test to be unnecessary. 

The overview of these results is found in Table 18. Originally, we expected that the 
average amount of energy harvesting will dramatically decrease when we limit 
the number of light sources in our environment. Especially for the scenarios that 
do not consider energy harvesting. 

The results of only one light source in the environment match our expectations 
fully. In comparison to our base cases that have 3 light sources, the average 
amount energy harvesting is significantly lower. Unlike, the average path length 
stays the same overall. 

When a larger number of light sources are present, our expectations are that there 
will be an increase in the amount of energy harvesting for energy harvesting based 
navigation strategies as well as navigation strategies without energy harvesting. 
However, depending on their distribution this increase will be dramatic. Imagine 
an environment in which the light sources are clustered together. Your path can 
only adjust a little so that we can pass through the cluster enabling us to harvest 
the energy of all those light sources at once. When the same number of light 
sources are distributed sparsely all over the grid, we would have to increase our 
path length drastically to be able to go past all of the light sources before reaching 
the goal. These expectations are only partially evident in our results. Unfortunately, 
not all results show these characteristics due to insufficient parameter-tuning. This 
proves that our algorithm works but is very sensitive to these parameter-values. 
However, the process of searching for these optimal parameters is very time-
consuming. 

7.4.4. EC4: Systematic Changes Test Results 
The first systematic change we tested was the reward weight. As expected, 
increasing the weight of energy harvesting led to higher energy collection but also 
caused failures in PPO, as the algorithm prioritized energy harvesting over 
navigation. Conversely, increasing the importance of navigation reduced energy 
harvesting without significantly affecting path length. Next, we tested the energy 
harvesting range. Reducing the range had little impact on energy harvesting, likely 
because the change (from three to two steps) was too small. Increasing the range 
to five steps, however, resulted in a noticeable improvement in energy harvesting, 
with a slight increase in path length, especially in PPO. 

Table 19 holds the overview of the results of the reward weight scenarios. For this 
type of scenarios, we expect to see longer path lengths when we make the energy 
harvesting reward more significant. While on the other hand we expect to see 



 

 

declining values for energy harvesting the more importance we give to finding the 
optimal path. 

 

Table 18.: Overview of the Results of the Light source Scenarios 

 

In the results you can see that in case we make energy harvesting slightly more 
important, the average amount increases by a lot. However, we don’t really notice 
a lot of difference in the average path length. However, after training PPO for one 
robot, all navigation executions fail. This means that the impact of the weights is 
far greater for this RL technique. The failures indicate that we failed to reach our 
terminal state within 50 steps. Since we reduced the importance of movement and 
increased the significance of energy harvesting, the model is stuck to keep 
harvesting energy instead of trying to navigate to the goal. 



 

 

When considering navigation to be more important, the results show the more 
importance is given, the further the amount of energy harvesting decreases. The 
average path length stays overall the same for this which is also expected. One 
exception to this observation in the average energy harvesting, using two robots 
with PPO when the weights are divided in a 80% movement and 20% energy 
harvest significance. There is also a small increase in average path length for that 
same PPO trained environment. This can only be declared due to the combination 
of predicting our actions deterministically and the vulnerability of our algorithm to 
fine-tuning the parameter values. 

Table 19. Overview of the Results of the Reward Weight Scenarios 

 

The other type of test scenarios we consider in these sorts of changes, is the 
energy harvesting range scenarios. Here, we vary the range in which robots are 
able to detect and harvest energy. These test cases will have an effect on training 
our RL techniques with and without energy harvesting. We will thus again execute 
the tests on both kinds for each base case. 

Our expectation for these test cases is when the range is smaller, the overall 
average amount of energy harvesting decreases. Although, another logical 
expectation would be that the average path length increases in this case as well, 
we believe the algorithm will not do this since up until now the average path length 
stayed rather consistent. The other scenario is that the range will increase. Here 
we expect to see an increase in energy harvesting and maybe slightly in average 
path length as well. 

These expectations are only somewhat evident in our results in table 20. When our 
range to detect and harvest energy becomes smaller, it barely affects the average 
amount of energy harvesting. We had expected a larger difference, but this was 



 

 

probably a bit unrealistic since we only change the range from three to two when 
comparing it to the base cases. It does however have no effect on the average 
path length as we did predict. When we increased the range to five, the difference 
in results is more visible. We notice a slight increasing effect on the average path 
length when taking energy harvesting in consideration, specifically in the PPO 
algorithm. And also, a much more present difference in the amount of energy 
harvested. 

 

Table 20. Overview of the Results of the Energy Harvesting Range Scenarios 

 

In conclusion, the evaluation of the algorithm under varying environmental and 
systematic factors revealed several key insights into its performance and 
adaptability. Environmental tests showed that the algorithm adapts to different 
grid sizes and number of light sources. The results frequently matched our 
expectations. Like how in smaller grids, this leads to shorter paths and less energy 
harvesting. However, in larger grids, the results were rather substandard, probably 
because we wanted to try and keep the same overall structure without changing 
too much in one scenario. The light source scenarios confirmed that more sources, 
especially when clustered, significantly boost energy harvesting, highlighting the 
algorithm’s ability to capitalize on favorable conditions. 



 

 

Systematic changes, like adjusting reward weights and energy harvesting range, 
demonstrated that while the algorithm can balance navigation and energy 
collection, it is sensitive to parameter tuning—unexpected failures in PPO 
underscore this point. 

Overall, the algorithm shows promising adaptability to a range of environmental 
and systematic variations, though its performance is not without limitations. Future 
work could focus on further optimizing parameter selection and enhancing the 
algorithm’s robustness to cope with even more diverse and unpredictable 
scenarios.
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8. Conclusion 

In conclusion, our novel energy-aware scheduling algorithm, implemented and 
evaluated in the ROS/Gazebo environment, has demonstrated superior performance 
compared to traditional energy-unaware approach. The algorithm effectively predicts 
the energy data of robots and optimizes intelligent swarm task scheduling in a 
heterogeneous pick, drop, and delivery scenario using real data. The proposed ROS-
based autonomous architecture further validates the practical applicability of our 
approach.  

The comparative analysis of the APSO, GA, and PSO algorithms provides valuable 
insights. While the GA algorithm yields more accurate and optimal solutions, the APSO 
algorithm excels in faster simulation times. These findings contribute to the growing 
body of knowledge on energy-aware robotic swarm scheduling, offering researchers 
practical insights into how different AI-based algorithms can be utilized depending on 
the specific optimization goals. 

Furthermore, in our exploration of reinforcement learning techniques (RQ4), we found 
notable performance differences. While PPO required significantly longer execution 
times compared to Q-learning, this was only critical during the training phase. PPO's 
training time ranged from 200 seconds for a single robot to 500 seconds for two robots, 
whereas Q-learning trained in just 2 seconds for a single robot and 20 seconds for two 
robots. This difference becomes important when dealing with larger state spaces or 
real-time applications. 

In terms of overall effectiveness across different test scenarios, Q-learning often 
outperformed PPO in terms of execution speed and efficiency. This can be attributed to 
Q-learning’s simpler approach, which was well-suited to the relatively straightforward 
state spaces and reward structures used in our scenarios. While PPO holds potential for 
handling larger action spaces and more complex environments, Q-learning proved to 
be the more efficient solution for the contexts examined here. These comparative 
findings provide valuable insights for future work, particularly in selecting appropriate 
RL techniques based on energy constraints and real-time application needs. 

Looking ahead, there are several avenues for future research. One promising direction 
involves exploring the integration of human-robot collaboration (HRC) frameworks with 
AI-based algorithms to further enhance the capabilities of robotic swarms in dynamic 
and uncertain environments. Another area of interest could involve examining other AI-
based algorithms, such as those incorporating deep learning or hybrid approaches, to 
improve decision-making in more complex and large-scale scenarios. 
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