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Introduction
The purpose of this report is to apply Design of Experiments methodology to analyse the performance of a catapult system and identify the factors that most significantly influence projectile range. Within systems engineering, DoE provides a structured and efficient approach to exploring the relationship between multiple input variables and system outputs, enabling informed design decisions.
The experiment uses a Taguchi orthogonal array to investigate how independent variables affect the dependent variable [1], which in this case is projectile range. The objective is not only to identify the optimal configuration for maximum range, but also to understand how variation in system parameters impacts performance and reliability. This aligns with the ACDA5021 requirement to demonstrate how analytical tools contribute to engineering decision making rather than simply producing results.

Experimental Methodology
Design Approach
A Taguchi method was selected to minimise the number of experimental runs while still allowing for meaningful analysis of multiple variables [2] like the launch angle or the elastic band tension. The orthogonal array ensures that each factor is tested across different levels allowing the isolation of individual effects on system performance.
The experiment considered several independent variables, each assigned levels. From the spreadsheet, these included factors such as:
· Factor A: Stop position
· Factor B:  Pull back
· Factor C: Operator 
Each factor was tested at defined levels, as shown in the experimental array.

Experimental Setup
For each experiment, the catapult was arranged according to the Taguchi array. The procedure followed was:
1. Set the catapult to the specified factor levels
2. Launch the projectile under controlled conditions
3. Measure and record the range
The recorded ranges for each experiment were:
· Experiment 1: 84cm 
· Experiment 2: 261 cm
· Experiment 3: 72 cm
· Experiment 4: 179 cm
· Experiment 5: 90 cm
· Experiment 6: 35 cm
· Experiment 7: 70 cm
· Experiment 8: 46 cm
These values form the basis for further study.

Data Processing
The experimental data was analysed by calculating the average performance at each level of each factor. This allows identification of which level of each variable produces the greatest range.
Additionally, a signal-to-noise (S/N) ratio approach was used with a “larger-is-better” objective, as the goal of the system is to maximise projectile range.

Results and Analysis
Overall Performance
The experimental results show variation in projectile range across the eight test conditions. The minimum recorded range was approximately 35, while the maximum range achieved was 179.
This variation demonstrates that the system can change with changes in the input variables, confirming the need for analysis.

Effect of Individual Factors
Factor A
The average range increased from Level 1 to Level 2. This suggests that there is an optimal setting for this factor rather than a linear relationship.
Factor B
Factor B showed a strong positive influence on range, with higher levels producing consistent greater distances. This shows that this variable directly contributes to the energy transferred to the projectile.
Factor C
Factor C had a more average effect, with changes in levels resulting in smaller differences in range. This suggests that while it influences performance, it is less critical than Factors A and B.


Interaction Effects
Although Taguchi methods primarily analyse main effects, the results suggest interactions between variables. For example:
· Experiments combining high levels of Factor A and Factor B produced the greatest ranges
· Lower levels of Factor B limited performance regardless of other settings
This shows that system performance is dependent on combinations of variables rather than individual factors alone, reinforcing systems engineering principles.

Discussion
The Design of Experiments (DoE) analysis provides several key insights into the factors influencing overall system performance [3]. One of the most significant findings is that not all variables contribute equally, some have a far greater impact on outcomes than others, allowing designers to prioritise the most influential parameters. The analysis shows that certain variables do not follow simple linear trends but instead display optimal points, where performance is maximised within a specific range. This highlights the importance of precise parameter tuning rather than assuming “more is better.” Interactions between variables play a critical role, as the combined effect of two or more factors can differ significantly from their individual contributions. These findings show the value of DoE in systematically identifying critical design parameters while avoiding inefficient and time-consuming trial-and-error approaches.
From a systems engineering perspective, the use of DoE strongly supports informed and structured design decision making. It ensures alignment with key requirements, like maximising system range by quantitatively linking input variables to performance outcomes [4]. The method also enables effective trade-off analysis; this allows competing variables to be balanced in a controlled and measurable way. DoE contributes to risk reduction by improving understanding of variability and its effects on system reliability. Its efficiency is another major advantage, as it reduces the number of experiments required compared to full testing. The output of DoE extends beyond raw data, providing actionable insights that guide how the system should be arranged and looked at [5].











Human Factors
Human factors played a significant role in the experiment and may have influenced the results collected. These included inconsistent positioning of the catapult between trials, variation in the release method and potential measurement inaccuracies when recording the projectile range. These kind of inconsistencies introduce variability into the data, reducing the overall reliability and repeatability of the experiment. This highlights the importance of standardisation in experimental procedures to ensure consistent conditions across all trials. In a real engineering system, these human factors would need to be reduced through the implementation of strict procedural controls, improved training or the use of automated systems in order to minimise variability and enhance the accuracy and reliability of results [6].
Limitations
The experiment has several limitations that may affect the reliability and depth of the results. Environmental conditions were not fully controlled, which could introduce external variability into the projectile range. The number of trials conducted was limited, reducing the ability to fully validate trends and increasing the impact of random error. While the Taguchi method is efficient, it may not fully capture complex interactions between variables within the system [7]. Despite these limitations, the methodology still provides a strong foundation for understanding overall system behaviour and identifying key factors influencing performance.

Conclusion
This report has demonstrated how a structured systems engineering approach, supported by a range of analytical tools, enables the effective development of a solution to the given OME design problem. By applying methods such as requirements analysis, functional decomposition, concept selection, and Design of Experiments, the design process was guided in a logical and evidence-based manner. These tools ensured that key customer requirements were clearly identified and translated into measurable system objectives, while also allowing critical system functions and interactions to be understood in detail. As a result, design decisions were not based on assumptions but on systematic evaluation and analysis.
Furthermore, the use of tools such as FMEA and process control techniques helped identify potential failure modes and mitigate associated risks early in the design process. This contributed to improved safety, reliability, and overall system performance. Consideration of manufacturing processes and critical process steps ensured that the proposed solution is not only functional but also practical and feasible to produce. In addition, the inclusion of waste management and end-of-life considerations reflects a broader lifecycle perspective, aligning the design with sustainability principles.
Overall, the integration of systems engineering tools has proven essential in reducing uncertainty, improving efficiency, and supporting well-informed decision-making. The approach taken highlights the importance of viewing the system holistically, ensuring that all aspects—from design and performance to production and disposal—are effectively addressed.
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