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In cognitive robotics basic algorithms, such as occupancy grid maps for mapping the environment, Monte Carlo Localization 

for self-localization of a robot, or A* for planning a path to a goal are a necessary foundation. This paper introduces a web-

based robotics lab for easy access for students to learn and implement these algorithms. This is accomplished by using 

ROS2, Gazebo and a JupyterHub as backend to ensure browser access, and the robot simulation. Therefore, this paper 

describes a novel approach of robotics education using state-of-the-art middleware together with an adequate simulation 

environment, all while being accessible remotely, without the necessity of installation or software discrepancies. This ap-

proach takes the tedious installation and maintenance task of setting up the lab environment from the students and helps to 

focus on the actual implementation and research tasks. 
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1 INTRODUCTION 

Lab experiments play a crucial role in bridging the gap between theoretical knowledge and real-world applica-

tions, especially in universities where much of the curriculum is centered around abstract concepts. While the-

oretical learning lays the foundation, hands-on lab experiments provide students with the opportunity to apply 

what they have learned and test hypotheses. These practical experiences not only enhance understanding but 

also foster innovation, teamwork, and a deeper appreciation for the complexities of the subject matter. In fields 

like natural science, engineering, and medicine, lab work is essential for students to gain the technical skills 

needed for future research or professional practice [1]. 
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In the case of cognitive and mobile robotics, fundamental concepts such as mapping, self-localization, and 

path planning are important basic, indispensable skills for many robots, especially mobile robots which need to 

maneuver in the world. The lab described in this work aims to help teach students these core skills and use 

them as a foundation for more advanced algorithms, like object search and path planning in unknown environ-

ments through exploration of unknown parts of the environment. However, past implementations of the lab 

encountered challenges unrelated to coding itself. Specifically, students struggled with the installation of virtual 

machines or the configuration of host systems with incompatible operating systems. Additionally, missing or 

incompatible software packages often led to frustration and a lack of interest in the lab experiments. Other labs 

require students to be physically present in laboratories, which has a variety of drawbacks compared to online 

courses. For example, the limited number of working places and the inflexible scheduling of lab time pose a 

problem. 

To tackle these problems, in this paper we propose a solely web-based lab that eliminates the need for 

specific operating systems or complex installation procedures. This allows students to focus mainly on realizing 

the theoretically learned algorithms in a practical manner. 

2 RELATED WORK 

This section provides an overview of the technologies constituting the educational lab environment described 

in this paper. Specifically, it introduces the Robotics Operating System (ROS2), the Gazebo simulator and Ju-

pyterHub. Their combined utility builds the groundwork for creating an accessible and effective platform for 

robotics education. 

2.1 E-Learning 

Electronic learning (E-Learning) includes a broad range of pedagogical approaches and technological applica-

tions, supporting lectures and class material. This offers significant advantages, including enhanced accessibil-

ity, flexibility for learners to study at their own pace, and potentially personalized learning experiences [2]. 

In the context of robotics and engineering, e-learning plays a crucial role in both helping understanding of 

theoretical concepts and, increasingly, providing practical experiences. However, this can cause a hurdle for 

students, especially in e-learning lab work, having to set up the workspace on their own system. Remote devel-

opment environments provide a solution for that problem. 

2.2 Remote development environments 

Local software installations and dependency management in software environments can be overwhelming to 

users not familiar with the process. Remote development environments significantly mitigate those problems, 

being accessible via web browsers. They provide a consistent user experience and streamline the setup pro-

cess. 

A popular example is JupyterHub, which in combination with JupyterLab, allows the deployment of a pre-

configured environment to multiple users. JupyterHub serves as a multi-user server, managing the access, 

while JupyterLab provides a browser-based development environment. This approach allows students to en-

gage with the software stack for lab work without extensive system setup [3].  
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2.3 Robot middleware 

The increasing complexity of robotic systems requires robust and flexible software architectures. A crucial ab-

straction layer is presented in robotic middleware, managing communication and coordination between different 

hardware components, software components and external systems. One of the most prominent ones is the 

Robotic Operating System 2 (ROS2), the successor of ROS1 due to its large number of libraries, features and 

tools [4]. An emerging alternative is dora-rs, focusing on minimal latency. Its lightweight architecture can out-

perform traditional robotics middleware systems in scenarios, e.g. having lower latency than ROS2 for their 

Python API [5]. However, ROS2 remains our choice for the lab, due to its extensive toolbox and it being more 

widely used in industrial and research applications.  

Despite the Name, ROS2 is not an operating system in the traditional sense, rather a flexible middleware 

framework. It's designed to define a standard between different robotics applications and simplify the process 

of writing complex robot software. At its core, it is built upon a modular design of smaller executable processes, 

known as nodes. This modularity is the backbone of ROS2, enabling the decomposition of complex tasks into 

manageable and independently deployable components. Nodes primarily communicate over topics which act 

as buses for data-exchange. The framework further offers a collection of tools, libraries, and conventions aiding 

in debugging, visualization and designing a working robotics software stack. This standardized and open-source 

approach has positioned ROS2 as an important platform in both industrial applications and therefore also aca-

demic research, streamlining the integration of hard- and software elements within robotic systems [6]. 

2.4 Robot Simulation 

Due to challenges of providing a practical robotics experience, such as high costs, limited availability, and limited 

access of robotic hardware in studies, robot simulators serve as important replacements for real-world robots. 

They enable safe and iterative testing and validation of robotic software. Gazebo is a prominent 3D robotics 

simulator widely used for this purpose. A key advantage is its seamless ROS2 Integration, achieved through 

plugins, facilitating direct communication between ROS2 nodes, and the spectrum of simulated robots. ROS2 

based algorithms can command the virtual robots and simultaneously receive immediate feedback from the 

sensors, accelerating software development and validation times significantly.  

 Gazebo provides a highly customizable virtual environment. Core Functionalities include a robust physics 

engine, accurately modelling robot dynamics, and advanced sensor simulation. This enables the realistic emu-

lation of real-world data from cameras, Inertial Measurement Units (IMUs), LiDAR sensors and more, effectively 

mimicking a real-world robot environment [7]. 

2.5 Robotic Curriculum 

The integration of robotics into educational contexts has been widely explored, particularly due to ROS2's grow-

ing role in industrial robotics applications. Its relevance in both academic and commercial robotics has led ed-

ucators to incorporate it into robotics curricula to better align student learning with engineering practices. How-

ever, the complexity of the ROS2 ecosystem can seem overwhelming at first, presenting a steep learning curve. 

Recent educational strategies focus on lowering entry barriers, through simplified environments, scaffolding, 

and easily accessible ROS-compatible platforms. 

The work of Wujciak et al. [8] introduces a framework curriculum designed for learning ROS2 fundamentals. 

Wujciak et al. method uses JupyterLab and the iRobot Create 3 platform, creating a series of increasingly 

Int. Conf. on Education and E-Learning (ICEEL 2025), Tokyo, Japan



complex activities being solved via browser-based notebooks. By encapsulating functionality into modular, 

black-boxed, small components, focusing on increasingly difficult tasks, the course allows students to focus on 

key concepts, without needing to set up a workspace or dealing with command-line workflows. The Jupyter 

notebook setup offers immediate feedback and a more modular, streamlined coding experience, enhancing 

student engagement and learning experience.  

Building upon these efforts, the work presented by Horvath et al. [9] further explores pedagogical strategies 

for teaching ROS2, specifically within the domain of autonomous vehicles. This paper highlights ROS2's crucial 

role in autonomous vehicle development due to its modularity, real-time communication, and robust ecosystem, 

again showing the importance of understanding basic concepts. Their curriculum emphasizes hands-on activi-

ties and project-driven modules to foster practical skills and deepen understanding. The authors utilize standard 

F1/10 robots and Wheeltec Ackermann robots, alongside Gazebo for simulation, to provide a comprehensive 

learning environment. Assessments through student feedback, performance evaluations, and project outcomes 

demonstrate significant improvements in student comprehension and proficiency, reinforcing the effectiveness 

of their instructional methods. The approach of [10] focuses on existing ROS2 workflows and tools, and how to 

combine and use them effectively. As described further in chapter 3, we are focusing more on algorithmic solu-

tions for robotic problems, implementing and leveraging the basics of ROS2’s tools to our advantage. 

3 GOAL OF THE PRESENTED WORK 

The lab introduced in this work aims to solidify the students' understanding of the fundamentals for autonomous 

robot navigation, with focus on the three core components: mapping, self-localization, and path planning. Addi-

tionally, it is aimed to improve the students’ programming skills with python, by introducing common packages 

like NumPy into the experiments. Lastly the students will learn basic skills using ROS2, to learn about that 

robotic middleware. The utilization of utilities, such as the JupyterHub, ROS2 backend, and remote desktop, is 

employed with the objective of reducing the students' preparation overhead for the laboratory and ensure the 

students focus on the experiments and coding itself. This central host also ensures that the students have the 

same prerequisites and can be accurately graded. The lab is the practical addition to the lecture of cognitive 

robotics where the theoretical and mathematical foundation for these algorithms is taught in detail, while the lab 

will help understand and visualize that knowledge. 

4 METHODS 

This section describes the approach implemented to create an effective learning environment for students. The 

core of the approach centers on leveraging JupyterHub, isolating students from the complexities of installing a 

large software overhead and maintaining it, while simultaneously utilizing shared computing resources in the 

background. The deployment of the environment is simplified through the use of a Docker image, an integral 

part of the lab setup [10]. In the image the JupyterLab and ROS2 environment are defined, in order to utilize 

their tools for implementation and visualization. With this, easy reproducibility and consistency of the setup is 

ensured, leaving the students with a clear environment to implement the code for basic mapping, localization 

and path planning algorithms and after that use these algorithms to implement a ROS2 Node to find objects in 

an environment. 
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4.1 Backend 

The lab backend is implemented via ROS2 nodes using Gazebo [8] as a simulation environment. Gazebo allows 

us to define a simple, TurtleBot [11] like, robot with all important sensors (RGB-D camera, laser scanner) and 

actuators (differential drives), as seen in figure 1 on the left the simulated robot and right the physical one. This 

allows us to simplify the real robot in simulation and only equip it with the needed sensors. Gazebo also allows 

us to freely simulate the world and environment, for the robot. For instance, a world view camera (see figure 4 

on the bottom left) is implemented, enabling the user to see a top view of the world. Also, this allows us to place 

an orange ball, the object for the object search task, in the scene (see figure 4).  For the mapping, localization, 

and path planning experiments ROS2 nodes were implemented which basically include the students’ code, but 

their implementation is not exposed to the students. With this the students can focus foremost on the algorithms 

itself.  

However, through these connected nodes in the backend, a set of individual experiments are prepared, 

which can be executed by students. These experiments comprise at first unit tests for the student’s code, fol-

lowed by application of the individual functions in a simple mapping scenario, self-localization with Monte-Carlo-

Localization, and path planning in static map. Later also combined applications are foreseen, for instance path 

planning in an unknown environment while mapping simultaneously. The code the students implemented stays 

the same and the students can analyze the results in the individual setups.  

The JupyterHub environment provides persistent storage space for the students’ code, while the Framework 

with the prepared ROS2 nodes and simulation is in a transient part of the Docker image, which is instantiated 

with each login of a user.  

 
 

Figure 1: Turtlebot4: Left side shows the simulated robot with all peripherals, the physical robot counterpart is on the right. 

This model is used through the whole lab procedure. Rockwell Automation [Public domain], via Clearpath Robotics. 

(https://clearpathrobotics.com/turtlebot-4) 

Since the ROS2 workspace is pre-built, and the student code is only linked into the docker image file system, 

we ensure that the students can run their algorithms immediately without having to rebuild in between experi-

ments.  

With a Visual Studio Code plugin installed in the JupyterLab, the students gain access to an online IDE for 

implementation. A task manager extension for the Visual Studio Code enables the opportunity to create easily 

accessible tasks which are customized to start the individual experiments without having to use terminal com-

mands. This can be seen in detail in figure 2. 
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Figure 2: Visual Studio Code plugin of JupyterLab 

4.2 Frontend 

For three out of the four experiments, the students must implement simple python files with the respective 

algorithms. The fourth experiment is more complex and requires the students to implement a ROS2 node (also 

a python file) and a Python-based ROS2 launch file. Therefore, the frontend was kept simple, while also making 

the experiments interactive. The initial JupyterLab page the students access, after logging into the JupyterHub 

server, gives them an overview of their editable files organized in folders representing the individual exercises. 

Furthermore, the Launcher offers buttons to open a remote desktop using VNC and the Visual Studio Code IDE 

as seen in figure 3. If the code was implemented correctly and a previously mentioned task button in the IDE 

was pressed, a RViz2 window opens in the remote desktop, showing the data of respective algorithms and the 

simulated robot. If the code is faulty, a respective error message will be prompted in the IDE terminal. 

  

Figure 3: students JupyterLab environment 

4.3 Content of the lab experiments 

The lab experiments start with the implementation of the mapping algorithm as described in [12]. This includes 

the implementation of an occupancy grid map, with a log odd occupancy calculation and cell-update, while the 
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simulated laser scan is the input. Students are provided with a stub of the algorithm and the necessary cell-

class. Instructive comments make it easy to find the parts that need to be filled in with the correct code. 

The implementation is executed in a static map first, while the robot follows a predefined path, planned in a 

way that the robot gets scans of the entire environment. Finally, dynamic obstacles are also introduced to allow 

studying the effects of certain parameters of the mapping algorithm. The top left of figure 4 shows the visuali-

zation of the mapping experiment. After that, the students implement the Monte-Carlo-localization in the map 

using a particle filter. This algorithm is further described in [13]. An efficient sensor model has been implemented, 

which was necessary to allow the high-level implementation with python to run in real time on the server CPU. 

The localization algorithm is implemented step by step with intermediate experiments to test and visualize (top 

right figure 4) the individual components of a particle filter. In the third experiment, path planning algorithms are 

to be implemented, in particular the Dijkstra [14] and its optimized version A* [15]. The bottom left of figure 4 

shows the path planning using A*. To demonstrate how these algorithms function together with the mapping 

algorithm, an experiment with simultaneous mapping and path planning is set up to enhance the students' 

understanding. 

      In a last experiment, visualized in the bottom right of figure 4, the students implement a ROS2 node to find 

an object in the simulated environment. This experiment also requires the previous mapping and path planning 

algorithms and visualizes how these work together. This latest experiment is focused on the setup of a ROS2 

application rather than implementing any complicated algorithm, students need to implement the object and 

robot goal pose calculation. For each experiment, the students write a report and ship it together with their code 

to the teacher. This allows teachers to rate the results and follow the students’ steps in case problems arise.  

Figure 4: Rviz visualization for all experiments, top left mapping, top right self-localization, bottom left path planning and 

bottom right the ROS2 object search 
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4.4 Performance issues and scalability 

The lab environment in our case is hosted on a single server, without GPU access for the JupyterLab, as of 

now. This, however, can be scaled by introducing a second or third server equipped with GPU, or add more 

CPUs, if needed. To ensure performance and ease the resource use of the server, two workarounds have been 

found for otherwise computationally excessive parts of the navigation algorithms. 

Firstly, for the self-localization, instead of calculation intensive ray tracing algorithms for computing the ex-

pected observations in the sensor model of the individual particles in the Monte-Carlo-Localization experiment, 

a distance transformed map is used to lookup distances of lidar ray endpoints to walls in the map. This is a 

common method used in robotics and computer graphics [16]. In this transformed map, the value of each pixel 

represents the distance to the closest obstacle in the map, as seen in figure 5. With this knowledge, the end 

point of the laser scans can be compared with the respective pixel in the transformed map to calculate a match-

ing score for a particle pose. This heavily reduces calculation overhead compared to ray tracing and allows for 

up to 250 particles to be computed with naive python code. 

A second workaround was needed for the advanced ROS2 object search experiment. Originally, it was 

planned to use a YOLO-detector [17] to find objects in the robot’s camera images. Unfortunately, the YOLO-

detector did not work in real time on CPU instances on the virtual server. However, in the backend the ground 

truth position of the object is known, the YOLO bounding box can be simulated and calculated in the camera 

frame. This enables the possibility to overlay a pre-calculated bounding box into the simulated camera image, 

which effectively resembles the actual YOLO-detection. 

Figure 5: Distance Transformation [16] is shown on the left, ground truth map on the right 

With said simplifications, we are able to host at least 16 instances of the running simulations on a small 16 

core 256GB server, with easy scalability. With over 16 concurrent instances performance issues were noticea-

ble. 

5 FUTURE EXTENSIONS OF THE LAB ENVIRONMENT 

Since we use the ROS2 infrastructure in the background of the lab experiments, it is easy to exchange the 

simulated robot with a physical robot interface. It is planned to allow successful implementation to be tested on 

real TurtleBot [18] robots in the future. To realize this in an autonomous way without the need of an operator in 

place, we work on a remote operation framework for the physical robots, which has to handle recovery from 

collisions and other fail states, so that damages to the robot or people are prevented. Furthermore, autonomous 

recharging and the time-sharing for the distributed access are possible extensions. 
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A further point under investigation is the automatic evaluation of student’s work. On the one hand, the free-

text protocols have to be rated for correctness and on the other hand, the code needs to be verified for copy-

paste and use of AI-tools, which is not as easy. 

6 STUDENT EVALUATION 

Qualitative evaluation of the lab is still in progress. Through interviews with a small student group, who already 

accomplished the lab experiments, positive resonance was stated throughout. Reported benefits were: 

The ease of accomplishing the lab in a browser, the improved visualization of the experiments, as well as 

the connection of the algorithms to accomplish a subsequent goal. Also, the possibility of running the algorithms 

on a physical robot was received positively. Although, this option is only a vision for the future. 

However negative aspects, stated in the interview, were the artificially limited resources in memory and RAM 

for the students, this could lead to to full memory usage by inefficient coding, leaving the students unable to 

continue. Another negative point was the lack of immediate feedback for written python code. This could pos-

sibly be resolved by using Jupyter-notebooks making it even more modular and providing more accurate feed-

back. 

7 DISCUSSION 

This approach to a web-based lab has many promising advantages. It removes the installation overhead for 

users, operating system requirements, and package incompatibilities, while also giving the students the option 

of working on it remotely so they are independent in location and time. Through the use of the ROS2 node 

system built in the lab it is also possible to use the algorithms on physical robots in the lab.  

However, one drawback is, that the number of students to simultaneously work in the lab is limited by the 

server’s hardware resources. If the number of students to use the lab increases, either a time slot system has 

to be introduced, or more computational resources, in form of e.g., servers or CPU, have to be acquired. 

This approach of constructing lab experiments is not limited to our use case. The basic navigation algorithms 

we teach in our practical course can easily be replaced with drone control or industrial robot control, by adjusting 

the Gazebo simulation. Even more complex behaviours, such as autonomous door opening or elevator riding 

[19] can be realized.  Also, since all requirements are defined in a Docker file a local installation is easily imple-

mented as well. Also, through little changes the ROS2 middleware can be replaced with dora-rs [6] to introduce 

different robotic middleware or change the visualisation. With the modular design of ROS2 nodes, the lab focus 

can easily be changed to other algorithms, for example the implementation of a SLAM algorithm. For evaluation 

a competence system, described in [20] could have potential. 

8 CONCLUSION 

All in all, the lab environment introduced in this paper integrates complex robotic workflows into a browser-

based, multi-user environment while concentrating on the didactic teaching and application of basic algorithms. 

Most existing robotics labs are either local setups or limited in scope when hosted online. This system allows 

students to perform robotics tasks (mapping, localization, path planning) via JupyterHub without installing ROS2 

or Gazebo locally. Therefore, access to robotic tools is democratized, making complex simulation accessible 

from a web browser. Additionally, with the modular and scalable architecture of the lab, robotic education can 
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be streamlined easier. The JupyterHub enables multi-user, isolated environments (e.g., via Docker), this makes 

it scalable for university-level courses, or remote learning where each student has their own simulation space 

— something that is difficult for robotics teaching systems to achieve at scale. The lab also offers end-to-end 

workflow for experimentation, coding, and reporting, in one interface. Students run the simulations, modify robot 

code, visualize it and potentially document their results from within a single JupyterLab interface. Reducing 

cognitive and technical overhead, aligning with modern pedagogical best practices. While further student eval-

uation is necessary, these novelties describe an accessible and big step forward in robotic education. 
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