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Abstract 

This study introduces a new AI-driven framework for commissioning hyperscale data centers, replacing traditional 
checklist methods with a more efficient, autonomous process. By integrating Bayesian optimization with a real-time 
digital twin, the system dynamically plans and adjusts performance tests, aiming to maximize efficiency while 
minimizing cost and risk. The approach uses Gaussian-process models to update its understanding as data is collected, 
enabling smarter decisions with less testing. Results show significant benefits over conventional methods, including 
15–25% faster commissioning, lower upfront costs, and 8–12% energy savings over the data center facility’s lifetime. 
The proposed framework therefore offers a scalable, AI-driven pathway to accelerate deployment, cut costs, and embed 
continuous optimization capabilities from day one in modern data-center infrastructure. 
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1. Introduction

Hyperscale data centers, which support cloud and AI services, require thorough commissioning to ensure reliability and 
efficiency from the start. Commissioning verifies that infrastructure systems (like cooling, power, and controls) function 
according to design and owner requirements as stated by Chakrabarty et al. (2021). When done properly, it enhances 
performance, reduces early equipment failures, and prevents costly outages (Dataknox, 2025). Additionally, it delivers 
financial and energy benefits, with commissioned buildings achieving a median energy savings of ~16% and a payback 
period of about 1.1 years (Synergy Engineers, 2022). Overall, commissioning is a vital process that mitigates risk and 
adds value to data center deployment. 

According to Chen et al (2021), traditional commissioning is often seen as expensive and time-consuming, especially in 
hyperscale data centers that must scale quickly. These large facilities, with thousands of components, face significant 
risks from inefficient or delayed commissioning, which can cause major project delays—43% of which are linked to 
poor commissioning practices (Highjoule, 2023). Incomplete commissioning can also lead to costly failures, such as a 
$17 million outage in Tokyo caused by an unchecked logic error (Highjoule, 2023). These issues highlight the need for 
smarter, faster, and more cost-effective commissioning methods, including the use of advanced AI, to ensure reliability 
at scale. 

http://creativecommons.org/licenses/by/4.0/deed.en_US
https://ijsra.net/
https://doi.org/10.30574/ijsra.2025.16.1.2048
https://crossmark.crossref.org/dialog/?doi=10.30574/ijsra.2025.16.1.2048&domain=pdf


International Journal of Science and Research Archive, 2025, 16(01), 567-574 

568 

This paper introduces a new stochastic optimization framework using Bayesian optimization to improve AI-driven 
commissioning in hyperscale data centers, specifically during pre-functional and functional performance testing. The 
goal is to boost efficiency and lower costs by optimizing and automating test planning under uncertainty. The paper 
reviews current commissioning practices and AI applications, highlights the underuse of Bayesian methods, presents a 
mathematical model and system architecture for AI-based commissioning, and outlines the expected benefits in cost 
and performance throughout the data center lifecycle. 

1.1. Data Center Commissioning in Hyperscale Environments 

The commissioning process in data centers is a multi-stage quality assurance procedure designed to validate the 
installation and performance of critical systems before and during operation (Mark H, 2025). It typically follows 
standardized protocols (e.g. ASHRAE Guidelines or Uptime Institute Tier certification processes) and includes five key 
stages as stated by Brown et al. (2015): factory acceptance testing, site inspection, pre-functional testing (PFT, Level 3), 
functional performance testing (FPT, level 4), and integrated systems or mission-critical testing (Level 5). PFT ensures 
individual equipment is correctly installed and operational, while FPT rigorously tests system integration and 
performance under various conditions, including failure scenarios. These stages confirm the data center is ready for 
reliable, real-world operations. 

In hyperscale data centers, commissioning is conducted at a massive scale and rapid pace. Commissioning a large data 
center is both expensive and time-sensitive, often accounting for 3–5% of construction costs or $50–$100 per kW. 
Globally, the data center testing and commissioning market was valued at $9.6 billion in 2023 as reviewed by Data 
Horizon Research (2025). Despite the high upfront costs, commissioning is seen as a worthwhile investment due to its 
long-term benefits. Studies show that commissioning typically results in 10–15% energy savings and offers a rapid 
payback, effectively making it a cost-saving strategy over time (Synergy consulting, 2022). 

The commissioning phase in hyperscale data centers is crucial, as delays directly translate to lost revenue and unmet 
demand. Traditional methods struggle with the complexity of modern systems, which include numerous interconnected 
subsystems and advanced technologies like AI, IoT, and smart grids. This complexity makes exhaustive testing 
impractical, increasing the risk of hidden issues. To address these issues and minimize costly delays, the text advocates 
for automated, data-driven commissioning approaches that can handle the scale and intricacy of today’s data centers. 

2. Literature review 

2.1. Bayesian Optimization in HVAC Commissioning and System Tuning 

Machine learning-based HVAC optimization methods like model predictive control (MPC) and reinforcement learning 
(RL) often demand complex models and extensive data, limiting their scalability. Bayesian Optimization (BO) offers a 
more cost-effective alternative due to its efficiency with fewer evaluations. Recent research by Fiducioso et al. (2019) 
has shown BO’s effectiveness in HVAC tuning achieved a 32% energy cost reduction by using safe contextual BO for PID 
controller tuning, while Lu et al. (2020, 2021) demonstrated BO's efficiency in optimizing MPC parameters with reduced 
computational load. The latter also proposed a reference-model-guided BO to improve convergence by learning system-
model residuals. 

Bayesian Optimization (BO) has been successfully applied beyond controller auto-tuning to improve design and 
operational decisions in energy systems integrated by Chakrabarty et al. (2021a). Studies show BO can guide control 
algorithms, co-optimize system design and control strategies, calibrate HVAC models, and directly control cooling 
systems Bhattacharya et al. (2021). For example, BO has helped optimize chiller configurations, improved set points in 
real-time operations, and enhanced energy efficiency by over 10% within weeks of commissioning (Takabatake et al., 
2022). While some limitations exist, such as preset adjustment intervals and static safety bounds, overall, BO has proven 
to be a data-efficient, adaptive tool for optimizing HVAC and cooling systems, making it a strong candidate for AI-driven 
commissioning (Lin et al., 2023). 

Yu et al. (2018) formulated a power demand response strategy for distributed data centers using stochastic 
optimization, with the objective of minimizing total energy cost under uncertain workload and electricity price 
conditions. This involved evaluating many random demand scenarios to ensure the control decisions (e.g. server 
dispatch or cooling setpoints) would save cost on average despite the randomness in demand.  
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Despite such promising results, Bayesian optimization has not yet penetrated mainstream data center commissioning 
practices. Traditional commissioning largely follows predefined scripts and engineer-driven adjustments, which may 
not exploit the full potential of data available during the process. 

2.2. AI-Driven Commissioning: Current Techniques and Gaps 

AI is significantly enhancing data center commissioning through automated fault detection, diagnostics, and predictive 
analytics. Machine learning analyzes large volumes of sensor data to identify faults and abnormal behavior that might 
be missed by humans. For example, platforms like Schneider Electric’s EcoStruxure have reduced manual checks by 
40% during pre-commissioning. Companies like Siemens and Schneider are integrating AI into commissioning to 
optimize testing and system tuning. In a pilot project in Munich, AI was used to dynamically adjust acceptance criteria 
based on predicted equipment degradation, potentially cutting maintenance costs by 30%. Overall, AI is transforming 
commissioning by improving automation, accuracy, and early fault detection. But most AI applications so far have 
focused on monitoring and analysis (e.g. anomaly detection, simulation) rather than active decision-making to optimize 
the commissioning process itself. In the next section, we outline a stochastic optimization framework that brings 
Bayesian decision-making into the commissioning process. By doing so, we aim to fill the gap between passive analytics 
and active optimization, enabling a truly AI-driven commissioning methodology that can handle uncertainty and 
complex trade-offs automatically. 

2.3. Proposed Stochastic Optimization Framework using Bayesian Methods 

To modernize data center commissioning, we propose a stochastic optimization framework that orchestrates the 
commissioning process as an intelligent, closed-loop system. The core of the framework is a Bayesian optimization 
engine that continuously updates a probabilistic model of the data center’s performance as tests are conducted and 
recommends optimal next actions (tests or adjustments) to achieve commissioning objectives with minimal cost and 
time. Below, we describe the key elements of the framework, presents a mathematical formulation, and outline the 
system architecture integrating with on-site commissioning activities. 

2.4. Framework Overview and Architecture 

Figure 1 illustrates the architecture of the proposed AI-driven commissioning system. The AI-driven commissioning 
framework for data centers consists of interconnected components designed to optimize testing and system 
performance through continuous learning and decision-making 

2.4.1. Digital Commissioning Model (DCM) 

A Bayesian digital twin that starts with a physics-based model and is updated with real-time data. It holds probability 
distributions of uncertain system parameters and performance metrics, incorporating prior design knowledge and 
vendor data. 

2.4.2. Sensor and Data Integration Layer 

Collects and filters high-frequency data from sensors and IoT devices during tests, ensuring clean and reliable inputs 
for analysis. 

2.4.3. Bayesian Optimization Engine 

The analytical core that uses surrogate models (e.g., Gaussian Processes) to predict performance, update with new data, 
and guide the selection of optimal next tests based on an acquisition function. 

2.4.4. Commissioning Action Module 

Interfaces with human engineers and automation systems to execute and explain AI-suggested test actions, which can 
be manual or automated. 

2.4.5. Bayesian Inference & Learning 

Continuously refines the model by updating parameter distributions based on test outcomes, improving predictions 
and reducing uncertainty iteratively. 
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2.4.6. Objective & Decision Logic 

Frames commissioning as a multi-objective optimization problem, balancing performance compliance, cost/time 
efficiency, and uncertainty reduction while ensuring safety and regulatory compliance. 

This framework enables a data-driven, adaptive, and efficient commissioning process. 

 

                    Figure 1 AI-Driven Commissioning Framework 

In practice, the commissioning team interacts with this AI-driven system as a decision-support tool. The AI proposes an 
optimized test plan and sequence, which engineers can review and adjust based on practical considerations. During 
commissioning execution, the AI monitors results and suggests adaptations – for instance, if a certain test already 
provides sufficient confidence in a performance area, the AI might suggest skipping a redundant test, saving time. 
Conversely, if an unexpected outcome occurs, the AI can suggest additional targeted tests to diagnose the issue. The 
result is a dynamically optimized commissioning process, rather than a static one-size-fits-all checklist. 

2.5. Mathematical Formulation 

We formalize the commissioning optimization problem as follows. Let X represent the space of possible commissioning 
actions. An action x ∈ X could be a specific test scenario (with certain equipment on/off states, load levels, environmental 
conditions) or a configuration change (like tuning a parameter). Define Θ as a set of uncertain system parameters (e.g. 
actual UPS efficiency, CRAH unit airflow capacity, sensor biases, etc.) which have a prior distribution P(Θ) based on 
design data and engineering judgment. During commissioning, we cannot directly observe Θ, but we can observe system 
performance which provides information about Θ. 

For each action x, define a vector of performance metrics  𝑌(𝑥) = [𝑦1𝑥 , 𝑦2𝑥), … , 𝑦𝑚(𝑥)], which could include outcomes 

like energy consumption, thermal stability, redundancy response time, or a binary success/failure for certain criteria. 
We assume there are desired performance targets or thresholds  𝑇 = [𝑇1 , … , 𝑇𝑚] that must be met (these come from 
the Owner’s Project Requirements and design intent). We introduce an indicator function I(x) that equals 1 if action x 
(when applied to the system) results in all performance targets being satisfied (i.e. 𝑦𝑖(𝑥) ≥ 𝑇𝑖) for all required metrics, 

or within allowable ranges), and 0 if not. In a fully successful commissioning, we seek I(x) = 1 for the final integrated 
test of the facility. 

We also associate a cost C(x) with each action x. This cost accounts for time, labor, and any risk or disruption. For 
example, a full load blackout test might have a high cost (due to complexity and risk), whereas a simple sensor 
calibration test has a lower cost. Our objective is to find an optimal sequence of actions {𝑥1 , 𝑥2 , … , 𝑥𝑁} that minimizes 

total commissioning cost while achieving 𝐼(𝑥𝑓𝑖𝑛𝑎𝑙) = 1 (all criteria met) with high confidence. We face a dual challenge: 

we need to both verify performance and optimize the system (e.g. tune setpoints for efficiency) without excessive testing. 

This can be framed as a stochastic optimization or sequential decision problem. One way to cast it is to minimize an 
expected cost objective: 

𝐽 =     ∑ 𝐶(𝑥1) + ∧ . 𝑃𝑟  { 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑡𝑎𝑟𝑔𝑒𝑡𝑠 𝑛𝑜𝑡 𝑚𝑒𝑡 𝑎𝑓𝑡𝑒𝑟 𝑥𝑁},

𝑁

𝑡=1 
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Where the second term is a penalty for failing to meet any performance target by the end of commissioning, with a large 
weight Λ representing the high cost of an uncommissioned or underperforming facility. The optimization problem is 
then: 

Minimize 𝐸[𝐽] over the choice of actions 𝑥1 , …  , 𝑥𝑁, 

subject to safety constraints for all intermediate steps (each 𝑥𝑡 must not violate safe operating limits). 

This formulation requires balancing the cost of more testing versus the risk of leaving performance problems 
unresolved. Because the system’s behavior is uncertain (due to unknown Θ), we use a Bayesian approach: we maintain 
a posterior belief  𝑃𝑡(Θ)  after t tests. The probability of meeting all performance targets after a sequence of tests can be 

evaluated via this belief. We seek to choose each next action  𝑥{𝑡+1}   such that it maximally reduces the expected 

posterior risk or improves the expected performance. 

In a more classic Bayesian optimization framing, one could define a single aggregate objective function  𝑓(𝑥, 𝜃)  that 
measures the “goodness” of the system under configuration or test 𝑥  and parameters 𝜃. For example, 𝑓  could be a 
weighted sum that penalizes unmet criteria heavily and also includes operational efficiency. The true function 𝑓  is 
initially unknown (since θ is unknown). We can query 𝑓 by conducting action 𝑓 and observing outcomes (with some 
noise). The goal would be to find the optimal 𝑥∗ that maximizes 𝑓 (i.e. yields a fully functional, optimized system) or to 
learn the set of all $x$ that satisfy 𝐼(𝑥) = 1. We employ Gaussian Process regression to model 𝑓(𝑥) as a function with 
uncertainty. The GP prior captures our initial uncertainty over system responses. Each test provides a data point  

(𝑥𝑡 , 𝑌(𝑥𝑡)), which updates the GP posterior. We then use an acquisition function  (𝑥; 𝑃𝑡)  to select the next test 𝑥{𝑡+1}.  

For commissioning, a suitable acquisition strategy might be a form of Expected Improvement (EI) modified to account 
for constraints: we seek to maximize the expected improvement in a composite score (e.g. distance to meeting all 
targets, or expected energy efficiency gain) while ensuring we do not violate known constraints with unsafe tests (Safe 
BO approaches can ensure we only explore within safe operating bounds (Fiducioso, 2019). 

Concretely, at each iteration 𝑡 we might solve 

𝑥𝑡+1 = arg max
𝑥𝜖𝑋

𝛼 (𝑥;  𝑃𝑡(Θ)) 

Where  𝛼(𝑥) could be, for example, the expected reduction in the probability of any unmet criterion after conducting 
test 𝑥, minus a weighted cost term. This drives the process to focus on tests that either (a) have a high chance to directly 
achieve commissioning closure (exploitation of a likely good configuration) or (b) greatly inform the uncertainties 
(exploration where we aren’t sure if criteria would pass or fail). Over the course of N selected actions, the process homed 
in on configurations that meet all requirements and on a calibrated model of the data center’s performance. 

2.6. Illustrative Use Case in Commissioning Phases 

The framework described enhances data center commissioning in two key phases 

2.6.1. Pre-Functional Testing (PFT) Optimization 

Instead of merely checking if components like CRAH units turn on, the Bayesian Optimization (BO) engine models each 
unit’s performance and recommends specific, informative test points. This approach adapts testing based on results, 
focusing more on units showing irregularities while minimizing unnecessary tests for well-performing ones. The 
outcome is a set of calibrated performance models and an initial optimal configuration for energy-efficient operation. 

2.6.2. Functional Performance Testing (FPT) Optimization 

For system-wide tests (e.g., during simulated failures), the framework intelligently selects the most critical and 
informative scenarios using BO, rather than relying on limited, manually chosen cases. It identifies potential weak 
points, suggests tests to validate resilience, and recommends corrective actions if issues are found. This results in more 
efficient, thorough testing and high statistical confidence that the system will meet performance standards under varied 
real-world conditions. 

2.7. Ensuring Safety and Compliance 

A crucial aspect of this Bayesian approach is maintaining safety. Commissioning often involves pushing systems to their 
limits; doing this in an AI-driven way requires constraints. We integrate “safe optimization” techniques of Fiducioso 
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(2019), so that the BO engine only suggests tests that are within known safe bounds. For example, the engine would not 
suggest overloading a generator beyond its rated capacity (which could cause damage), because that constraint is 
encoded. Instead, if exploring that region is important (e.g. to know the margin), the framework might extrapolate using 
the probabilistic model or conduct the test in simulation via the digital twin first. Compliance with standards is also 
monitored – e.g. if a commissioning protocol or code requires a 96-hour continuous run test (Highjoule, 2023), the 
framework will include that as a mandatory action (but it might still optimize when to schedule it and what data to 
collect during it). The AI can also handle documentation: each test result is logged and mapped to the required 
commissioning documentation (generating reports, trend logs, etc. automatically), and even blockchain-like verification 
for audit trails as suggested in next-gen commissioning proposal can be incorporated. 

2.8. Efficiency Improvements in Commissioning Execution 

The most direct impact is on the commissioning timeline and labor effort. Traditional commissioning can span many 
weeks for a large data center, involving iterative testing, manual data review, and sometimes re-testing after fixing 
issues. Our framework’s ability to intelligently select test scenarios can cut down the number of tests required to achieve 
coverage. For example, instead of blindly performing 10 different load bank tests, the BO engine might determine that 
4 well-chosen tests are sufficient to characterize system performance under all critical conditions. This targeted 
approach can compress the commissioning schedule. Digital twin technology alone has been reported by Polvado 
(2023) to reduce commissioning time by up to 30% by enabling parallel virtual testing. By adding Bayesian optimization 
on top, we anticipate even greater reductions, since the AI actively avoids redundant or low-value tests. 

Anecdotal evidence from related applications supports this expectation. In the Munich substation case with AI-driven 
acceptance testing, incorporating predictive algorithms in commissioning reportedly cut the program duration from 14 
weeks to just 19 days in a retrofit project. That is nearly 75% reduction in time, attributed to dynamic test criteria and 
early detection of issues. (Highjoule, 2023). While that example is dramatic and in a specific context, it underlines the 
potential: by finding problems faster and adapting the plan, AI can eliminate lengthy back-and-forth manual processes. 
Moreover, automation of data analysis means engineers spend less time analyzing logs and more time on resolving 
issues, further speeding up the process. 

Labor savings translate to cost savings. Fewer test days and more efficient use of expert time directly reduce 
commissioning contractor fees and internal labor costs. If we conservatively estimate a 20–30% reduction in required 
commissioning hours (in line with time savings reported with digital tool analyzed by Polvado et al. (2023), that could 
save hundreds of thousands of dollars on a large project. Additionally, optimization reduces costly repeat tests and 
delays. In many projects, if a test fails or yields ambiguous results, it must be repeated after adjustments – incurring 
schedule slips and extra cost. The Bayesian approach, with its focus on information gain, can design tests to maximize 
clarity, so we get it right the first time. It also quantifies confidence, so we know when we have tested enough. This 
avoids the tendency to “over-test” out of caution, which sometimes happens in high-stakes facilities. In sum, the 
commissioning process becomes leaner: doing just enough testing to guarantee performance, and no more. Given that 
commissioning costs for new data centers are on the order of 0.5–1% of capital cost even a one-third reduction 
represents a notable cost avoidance (for a $200M hyperscale build, 1% would be $2M, so saving 30% of that is ~$600k). 
This is consistent with experiences from advanced control tuning: Fiducioso et al. (2019) reported a 32% cost reduction 
in an HVAC control commissioning task using Bayesian optimization. We expect similar or greater magnitudes when 
scaling such approaches to entire data center systems. 

2.9. Optimized Performance and Lifecycle Cost Savings 

AI-optimized commissioning improves a facility's performance and delivers long-term benefits by automatically fine-
tuning system settings during commissioning, rather than relying on default values or manual adjustments later. This 
data-driven approach enables data centers to start operating near optimal efficiency, reducing energy use and costs 
over time. For example, Google used AI post-commissioning to cut cooling energy by 40% (siemens 2021), and applying 
such optimization during commissioning could yield even better initial efficiency. Even small improvements at this stage 
can lead to substantial savings over a facility’s lifetime. (Evans & Gao, 2016). 

A key advantage of the framework is enhanced reliability and reduced risk. By using Bayesian-guided testing to explore 
edge cases, it can uncover hidden defects that traditional methods often miss. For example, the HuiJue Group saw an 
82% drop in post-commissioning defect recurrence with AI-informed testing. This leads to fewer operational failures, 
higher uptime, and avoidance of costly outages, especially critical in data centers, where downtime can cost $10,000 to 
$30,000 per minute or more. The framework’s ability to simulate and test failure scenarios according to Orr et al, (2015) 
ensures preparedness and supports a proactive, continuous risk management approach throughout the data center's 
lifecycle  
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AI-driven commissioning supports long-term benefits by enabling predictive maintenance and continuous 
commissioning. The Bayesian model created during initial commissioning evolves into a living digital twin, updated 
with operational data for ongoing optimization. This supports monitoring-based commissioning (MBCx), where the 
system is continually re-tuned to adapt to changing conditions, preventing performance decline and energy waste. 
Studies show this approach can deliver an extra 5–10% in energy savings and reduce unplanned downtime. In data 
centers, integrating AI for both commissioning and operations can cut annual operating expenses by 20% or more by 
reducing manual intervention and improving efficiency (Compass Datacenters & Schneider Electric, 2025). 

Quantitatively, AI-enhanced commissioning significantly reduces risk. For example, lowering the chance of a costly 
delay from 5% to under 1% potentially saving hundreds of thousands per project. When combined with efficiency gains, 
it presents a strong business case. Aligning with the industry's shift toward smarter data centers, such as Compass and 
Schneider's reported 20% OPEX reduction, the framework applies AI early in the lifecycle to enable faster deployment 
and more efficient, cost-effective operations from the outset. 

3. Conclusion 

Commissioning is vital for linking a data center’s design with its operational performance. In large-scale (hyperscale) 
data centers, traditional commissioning methods are no longer sufficient due to their limitations in speed, cost, and 
reliability. The proposed solution is a Bayesian-based stochastic optimization framework that uses AI to actively guide 
and improve the commissioning process. This includes real-time data use, and adaptive testing to optimize performance 
and ensure compliance, all while reducing cost and time. 

The framework promises faster deployment, better performance assurance, and long-term operational efficiency, with 
potential energy savings of 15% and commissioning cost reductions of 30%. It enhances, rather than replaces, human 
expertise by automating routine tasks and supporting decision-making. The approach aligns with modern industry 
standards emphasizing data-driven, performance-based practices. 

In conclusion, as data centers continue to grow in importance and size (driven by cloud computing and AI workloads), 
the methods used to commission them must evolve. The stochastic Bayesian optimization framework presented here is 
a novel contribution toward that evolution. It combines concepts from machine learning, optimization, and building 
engineering to create a commissioning process that is smarter, faster, and more reliable. Future work will involve 
prototyping this framework on actual commissioning projects – possibly starting with a specific subsystem (like cooling 
plants) – to empirically validate the theoretical benefits. We anticipate that as AI-driven commissioning proves its value 
in reducing lifecycle costs and ensuring quality, it will become a standard practice in hyperscale developments.  
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