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I. INTRODUCTION 
Experimental mechanics is being reshaped by a wave of new 

technologies—from advanced sensors to automated data 

collection systems—resulting in richer, faster, and more 
complex experiments than ever before. This transformation 

introduces both new opportunities and new challenges: while 

the richness of data opens doors to deeper understanding, it also 

overwhelms traditional methods of experimental design and 
analysis. The challenge lies not only in the complexity of the 

data but also in its sheer volume—driven by more sensors, more 

measurement channels, and increasingly data-intensive 

techniques such as high-resolution imaging, high-speed video, 
ultrasonic monitoring, and acoustic emission analysis. 

Artificial Intelligence (AI) offers a promising set of tools to 

assist experimentalists in navigating this complexity—helping 
to design more effective experiments, extract meaningful 

insights, and support data-driven decision-making across a wide 

range of engineering domains. This talk will discuss how AI can 

be used throughout the experimental process to support the 
design of experiments and to manage, process, and interpret 

large and complex datasets. 
 

II. GROWING DATA ABUNDANCE IN EXPERIMENTAL MECHANICS 

Across many areas of experimental mechanics, the volume, 

resolution, and frequency of collected data are increasing 

rapidly. This shift is driven by improvements in sensor 
technology, multi-channel measurement systems, and the 

adoption of advanced diagnostic tools. Common areas 

experiencing this trend include: 

 Structural health monitoring and damage detection, where 

ultrasonic, acoustic emission, and vibration-based 

methods produce high-frequency, multi-channel data. 

 Energy systems and materials testing, where thermal 
imaging, electrochemical measurements, and high-

resolution imaging generate large, multi-scale datasets. 

 
Advanced imaging-based techniques are a major contributor 

to the growing data abundance in experimental mechanics. For 

example, high-speed cameras and Digital Image Correlation 

(DIC) systems are increasingly used in structural and material 
testing to capture detailed deformation fields and failure 

processes. These tools enable researchers to study the behaviour 

of materials, components, and products with great precision, but 
they also generate large datasets that are difficult to process 
manually. 

While this data richness offers great potential, data alone is 

not the goal. More is not always better. The true value lies in 

extracting insight. We want it as quickly and accurately as 

possible so that it can support better understanding and more 
informed engineering decisions. Traditional manual workflows 

are no longer sufficient to handle this scale and complexity, 

creating a growing need for intelligent, scalable approaches. 
 
III. INTEGRATING AI INTO THE EXPERIMENTAL 
WORKFLOW 

Artificial Intelligence offers a range of tools to help 

researchers and engineers address these challenges. Rather than 
replacing experimental work, AI is best understood as a way to 

augment it—enhancing the speed, depth, and quality of 

insight.AI can support the full experimental workflow: 

 Pre-experiment: assisting with test planning, parameter 
space optimisation, and identifying efficient coverage of 

experimental conditions. 

 During experiments: enabling real-time monitoring, 
anomaly detection, and adaptive control based on 

emerging signals. 

 Post-experiment: allowing for data cleaning, pattern 
discovery, high-dimensional clustering, and development 

of predictive models to guide future testing. 

 

Methods such as supervised learning (e.g. for fault 
classification), unsupervised clustering (for identifying 

behavioural patterns), and surrogate modelling (to reduce 

simulation cost) make it possible to extract value from large 

experimental datasets. These capabilities can be applied across 
diverse fields to support innovation and sustainable design. 
 
IV. CONCLUSION  

AI-enhanced experimentation represents a shift in how 
engineering data is approached, interpreted, and acted upon. As 

the complexity and volume of data continue to grow, so does 

the pressure to extract insight faster and more reliably. Time is 

critical, experiments are costly, funding is finite, and the 
competitive pace of research and innovation is accelerating. 

By integrating AI into experimental workflows, we can reduce 

trial-and-error, increase the return on every test run, and move 
more confidently toward results that matter. Whether the goal 
is advancing fundamental science or delivering practical 

solutions, these tools will be essential to staying ahead. 

For established researchers, AI offers a way to scale expertise 
and increase the impact of every experiment. For early-career 

researchers, it opens exciting new frontiers in how we design, 

conduct, and learn from physical tests. We are entering a new 

phase of experimental mechanics—one that is faster, smarter, 
and more responsive to the challenges of our time. 

 


