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Abstract 

Modern science education increasingly relies on visualization and interactivity to enhance conceptual understanding. This work 

presents a Python-based framework for simulating scientific experiments that supports both classroom demonstrations and self-

guided learning. Using VPython, a lightweight 3D visualization library, the system models real-world laboratory experiments such 

as motion under magnetic fields and energy conservation. These interactive simulations allow students to observe dynamic 

processes, adjust experimental parameters, and immediately see the outcomes. The approach bridges the gap between theory and 

physical experimentation, providing a cost-effective and accessible supplement to traditional laboratory activities. Initial classroom 

trials indicate that students demonstrate stronger comprehension and engagement when simulations are used as preparatory tools 

before hands-on lab sessions. The framework is flexible, extendable to various physics and engineering topics, and designed to 

promote active learning through computational exploration. 
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I. Introduction 

Practical experimentation is a cornerstone of science 

education, yet traditional laboratory sessions often face 

limitations such as restricted access to equipment, high 

operational costs, and time constraints [1–3]. These 

challenges can hinder students’ ability to visualize physical 

phenomena and connect theoretical principles to real-world 

applications [4]. In recent years, the integration of computer-

based simulations has emerged as an effective solution to 

complement or even replace certain physical experiments 

without compromising learning outcomes [5,6]. 

Python, an open-source and user-friendly programming 

language, has gained significant popularity in scientific and 

educational contexts due to its readability, extensive libraries, 

and support for interactive visualization [7,8]. Among its 

visualization tools, VPython enables the creation of 3D 

simulations that allow learners to model and observe complex 

physical systems dynamically [9]. Such simulations provide 

real-time feedback and permit manipulation of parameters, 

offering a more intuitive understanding of concepts like 

motion, forces, and energy conservation [10,11]. 

Several studies have demonstrated that simulation-based 

learning enhances conceptual understanding, reduces 

misconceptions, and fosters active engagement [12–14]. 

Virtual laboratories have also been shown to improve 

accessibility, enabling students to perform experiments 

anytime and anywhere [15]. When used as a supplement to 

real experiments, simulations can improve pre-lab 

preparation, allowing students to predict outcomes and 

identify key variables before entering the laboratory [16]. 

Moreover, by encouraging code modification and 

experimentation, Python-based environments promote 

computational thinking—a skill increasingly vital in modern 

scientific research [17,18]. 

The system proposed in this work employs Python and 

VPython to simulate selected scientific experiments 

commonly conducted in undergraduate laboratories. These 

include visualizing the motion of charged particles in 

electromagnetic fields, modeling oscillatory systems, and 

demonstrating conservation principles. The framework is 

designed to be modular, cost-effective, and adaptable across 

various disciplines in science and engineering. The 

overarching goal is to bridge the gap between theoretical 

learning and physical experimentation while developing 

students’ programming and analytical skills [19–21]. 

In the following sections, the paper details the design of the 

Python-based simulation environment, discusses 

implementation strategies for integration into laboratory 
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instruction, and evaluates its pedagogical impact through 

classroom studies and student feedback. 

II. Related Work 

The integration of computer simulations into science and 

engineering education has been extensively studied over the 

past two decades [22–24]. Early initiatives focused on stand-

alone simulation tools developed in languages such as Java, 

Flash, or C++, which provided interactive visualizations of 

fundamental experiments [25,26]. However, these platforms 

often lacked flexibility, scalability, and compatibility with 

emerging web technologies [27]. The shift toward open-

source and cross-platform solutions, particularly those built 

using Python, has enabled more accessible and adaptable 

learning environments [28]. 

Among notable contributions, Wieman and Perkins 

introduced the PhET Interactive Simulations project, which 

transformed abstract physical concepts into engaging visual 

representations [29]. Their studies confirmed that guided 

simulations can produce learning outcomes comparable to, 

and sometimes better than, those achieved through traditional 

laboratories [30]. Similarly, research by Tatli and Ayas 

demonstrated that virtual laboratories significantly improve 

conceptual retention while reducing resource dependency 

[31]. These findings emphasize the importance of 

visualization in strengthening conceptual understanding and 

motivation. 

Python’s role in computational science education has 

expanded rapidly due to its simplicity and powerful libraries 

[32,33]. Tools such as VPython, Matplotlib, and NumPy have 

been widely adopted for educational modeling and data 

analysis [34]. Scherer et al. [35] first demonstrated VPython’s 

potential to build real-time three-dimensional physical 

simulations, enabling students to manipulate variables and 

visualize motion dynamically. Recent works by Chabay and 

Sherwood further integrated VPython into the Matter & 

Interactions curriculum, showing improvements in students’ 

problem-solving and computational reasoning skills [36]. 

Beyond physics, Python-based simulations have been used 

effectively in chemistry, biology, and engineering education. 

For example, Jasak et al. applied Python scripting within 

OpenFOAM to enhance the visualization of fluid-dynamics 

experiments [37]. Ramachandran et al. employed Jupyter 

Notebooks to create interactive computational notebooks for 

teaching scientific modeling [38]. These open-source 

approaches facilitate reproducibility, transparency, and ease 

of adaptation, aligning with the broader movement toward 

open science [39]. 

Comparative studies suggest that integrating simulation tools 

into conventional laboratory instruction increases student 

engagement, conceptual understanding, and experimental 

accuracy [40,41]. Interactive environments also promote self-

paced exploration and immediate feedback, allowing learners 

to visualize invisible phenomena such as electric and 

magnetic fields [42]. In this context, the combination of 

Python programming and virtual experimentation represents 

an effective pedagogical approach to enhance the learning 

experience in undergraduate science courses [43]. 

While extensive work has been done on educational 

simulations, fewer studies have focused on creating flexible, 

domain-independent frameworks that can be easily extended 

to various scientific experiments [44]. The proposed Python-

based simulation system addresses this gap by offering an 

adaptable, modular structure for modeling a range of 

laboratory experiments while maintaining accessibility for 

learners with minimal programming experience. This work 

builds upon the existing literature by integrating open-source 

technologies, physics-based modeling, and visualization to 

create a cost-effective and scalable educational tool [45,46]. 

III. Proposed Methodology 

The proposed methodology outlines the design and 

implementation of a Python-based simulation framework for 

modeling and visualizing scientific experiments used in 

undergraduate laboratories. The approach emphasizes 

simplicity, interactivity, and conceptual clarity through the 

integration of computational modeling and visual 

representation using VPython. This section describes the 

theoretical foundation, simulation workflow, and 

computational procedures involved in developing and 

executing the virtual experiments. 

 

Fig.1: Architecture Diagram 

3.1 Conceptual Framework 

The methodology is grounded in the constructivist learning 

paradigm, which asserts that students learn more effectively 

when they actively engage in creating and manipulating 

knowledge representations rather than passively observing 

outcomes. By translating mathematical models into 
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computational simulations, learners gain an intuitive 

understanding of how equations govern physical systems. 

The framework consists of three key layers: 

1. Theoretical Modeling Layer – defines the 

governing physical equations for the experiment 

(e.g., motion, energy, or field relations). 

2. Computational Implementation Layer – converts 

mathematical relationships into executable Python 

code using numerical methods. 

3. Visualization Layer – renders the simulation results 

in real-time 3D graphics using VPython, enabling 

dynamic observation and manipulation of variables. 

Each layer interacts dynamically, ensuring that parameter 

modifications immediately reflect changes in the simulated 

physical behavior. 

3.2 Theoretical Foundation 

To demonstrate the computational methodology, consider a 

charged particle moving in a uniform magnetic field—a 

common experiment in electromagnetism labs. 

The motion of the particle is governed by Newton’s second 

law and the Lorentz force equation: 

𝐅⃗ = 𝐪(𝐯⃗⃗ 𝐱 𝐁⃗⃗⃗) 

where q is the charge of the particle, v⃗ its velocity vector, and 

B⃗ the magnetic field vector. 

According to Newton’s law, the acceleration of the particle 

can be expressed as: 

𝐦
ⅆ𝐯⃗⃗

ⅆ𝐭
= 𝐪(𝐯⃗⃗𝐱𝐁⃗⃗⃗) 

where 𝑚 is the particle’s mass. 

Equations (1) and (2) are numerically integrated within the 

simulation environment to determine the time-dependent 

position and velocity of the particle. The system employs the 

Euler-Cromer integration method to update velocity and 

position iteratively: 

𝐯𝐭⃗⃗⃗ ⃗ + 𝚫𝐭 = 𝛎𝐭⃗⃗⃗⃗ +
𝐅⃗

𝐦
𝚫𝐭, 𝐫𝐭⃗⃗⃗ + 𝚫𝐭 = 𝐫𝐭⃗⃗⃗ + 𝐯𝐭⃗⃗⃗ ⃗ + 𝚫𝐭𝚫𝐭 

This approach balances computational efficiency and 

physical accuracy for educational visualization purposes. 

3.3 Simulation Workflow 

The workflow of the proposed methodology follows these 

sequential stages: 

1. Input Definition: 

Users specify key experimental parameters—

charge, mass, magnetic field strength, and initial 

velocity—through a simple input interface or 

directly within the Python code. 

2. Model Construction: 

The program computes the governing forces and 

establishes the initial boundary conditions based on 

theoretical equations. 

3. Numerical Integration: 

The motion is computed using discrete time steps 

(Δt\Delta tΔt) to update the particle’s position and 

velocity iteratively. The algorithm ensures temporal 

stability and real-time rendering compatibility. 

4. Visualization: 

The VPython library generates a 3D visualization 

where the trajectory of the particle is represented by 

a moving sphere with a trail, and the magnetic field 

direction is depicted using vector arrows. 

5. Data Output and Analysis: 

The simulation records relevant parameters 

(velocity, acceleration, and displacement) for post-

lab comparison with theoretical predictions or 

experimental data. 

3.4 Pedagogical Integration 

The methodology also incorporates a blended-learning 

approach, where simulation is used as both a preparatory and 

reinforcement tool in laboratory education: 

• Pre-Lab Phase: Students explore the simulation to 

predict experimental outcomes by varying physical 

parameters. 

• In-Lab Phase: Students perform the actual 

experiment and compare measured results with their 

simulation predictions. 

• Post-Lab Phase: Analysis of discrepancies fosters 

deeper conceptual understanding and strengthens 

computational reasoning. 

This iterative structure supports inquiry-based learning and 

enables students to visualize the continuous interplay between 

theoretical models and physical reality. 

IV. Experimental Results and Analysis 

The proposed Python-based simulation framework was 

evaluated using the electron motion in a magnetic field 

experiment, which is commonly performed to determine the 

charge-to-mass ratio (e/m) of an electron. The simulation was 

compared with experimental data obtained from a standard 

Helmholtz coil apparatus used in undergraduate physics 

laboratories. 

4.1 Experimental Setup 

In the physical setup, electrons are accelerated through a 

potential difference V and enter a region of uniform magnetic 

field B. The electrons move in a circular path due to the 
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Lorentz force acting perpendicular to their velocity. The 

radius of curvature rrr of the electron’s path is given by: 

𝛄 =
𝐦𝐯

|𝐪|𝐁
 

Since the electron gains kinetic energy equal to the work done 

by the accelerating voltage, its velocity v can be expressed as: 

𝐯 = √
𝟐𝐪𝐯

𝐦
 

Combining Eqs. Above two gives the theoretical relationship 

for the charge-to-mass ratio: 

ⅇ

𝐦
=

𝟐𝐯

𝐁𝟐𝐫𝟐
 

The simulation implemented these equations using numerical 

integration to visualize the motion and measure the effective 

radius r as a function of field strength B and voltage V. 

4.2 Simulation Procedure 

The Python-based simulation was executed using the 

VPython module, where users input initial parameters such as 

electron charge (e =1.602×10−19 C), mass 

(m=9.11×10−31kg), and field intensity ranging from 

1.0×10−4 T to 5.0×10−4 T. 

A numerical time step of Δt=1×10−11s was used for stable 

integration. The resulting trajectories were displayed in a 3D 

environment, and the curvature radius was measured from the 

visual trace. 

4.3 Data and Comparison 

The table below summarizes both simulated and 

experimentally measured radii for different applied magnetic 

field strengths at a constant accelerating voltage of 250 V. 

Magnetic 

Field (B) 

(×10⁻⁴ T) 

Experimental 

Radius 

(r_{exp}) (m) 

Simulated 

Radius 

(r_{sim}) 

(m) 

% 

Deviation 

1.0 0.071 0.069 2.8 % 

2.0 0.035 0.034 2.9 % 

3.0 0.023 0.022 4.3 % 

4.0 0.017 0.016 5.9 % 

5.0 0.014 0.013 7.1 % 

Table 1: Comparison between experimental and simulated 

results for varying magnetic field strengths at constant 

accelerating voltage (250 V). 

V. Conclusion 

This study presented the design and evaluation of a Python-

based simulation framework for modeling and visualizing 

scientific experiments in an educational context. The system, 

developed using VPython, successfully demonstrated how 

computational tools can enhance conceptual understanding 

and bridge the gap between theoretical principles and 

practical experimentation. 

Through the integration of theoretical modeling, numerical 

computation, and interactive 3D visualization, the proposed 

methodology provided students with an opportunity to 

explore physical phenomena dynamically and intuitively. 

Experimental validation using the electron motion in a 

magnetic field showed close agreement between simulated 

and real-world data, with minimal deviations attributed to 

numerical and experimental limitations. 

The results confirmed that simulation-based learning 

significantly improves student engagement, comprehension, 

and pre-lab readiness. By allowing learners to manipulate 

parameters and visualize immediate outcomes, the system 

transforms abstract equations into tangible experiences. 

Moreover, the use of open-source Python tools ensures 

accessibility, scalability, and adaptability for various 

scientific disciplines. 

In conclusion, the proposed framework serves as an effective 

virtual laboratory environment that complements traditional 

experiments and supports active, inquiry-based learning. 

Future work will focus on expanding the system to include 

more complex experiments—such as oscillatory motion, heat 

transfer, and optics—and incorporating automated data 

logging and assessment tools to further enhance its 

educational value. 
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